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Abstract

Kurzfassung

Eine der Anwendungen von drahtlosen Kommunikationssystemen stellt die Or-
tung mobiler Nutzer dar. Die Herausforderung besteht darin, die Nutzerposition
mit einer ungenauen Kenntnis des Pfadverlustexponenten (PLE), hervorgerufen
durch die zum Einsatz kommenden Schitzverfahren, zu bestimmen.

In dieser Arbeit werden Lokalisierungsverfahren basierend auf der Ankunfts-
zeit (ToA) der Signale und deren Signalstédrke (SS) mit Hilfe einer hybriden SS-ToA-
Methode untersucht. Das Ziel besteht darin, das Verfahren um verschiedene Sig-
nalformen wie die zweite Ableitung des gaufsformigen Monocycle-Impulses oder
ein Minimum-Shift-Keying-Signal zu erweitern und die Performance des Maximum-
Likelihood-Schétzers (ML) unter der imperfekten Annahme des Pfadverlustexpo-
nenten zu untersuchen. Es wurde die ToA-Schitzungsleistung des ML-Schétzers
(ML) auf Basis der SS-ToA-Methode unter dem imperfekten PLE mit den asympto-
tischen Auswertungsmethoden evaluiert. Es zeigte sich, dass die Taylor-Entwicklung
basierend auf der Berechnung der Erwartungswerte der partiellen Ableitung die
besten Ergebnisse fiir die analytische Erfassung der asymptotischen Leistung des
ML-Schitzers lieferte.

In der Schwellenregion lieferte der ML-Schétzer gegeniiber dem Maximum-
Korrelation-Schétzer (MC) fiir einen kleinen Wert des PLE-Fehlers, z.B. 6, = 0,5,
in den Indoor-Anwendungen und einen mittleren PLE-Fehler, z.B. 4, = 1, in den

Outdoor-Anwendungen bessere Performance. In der asymptotischen Region tibertreffen
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der MC- und der ML-Schétzer mit perfektem PLE den ML-Schétzer mit imperfek-
tem PLE.

Stichworter: Ankunftszeit-Schitzung, Maximum-Likelihood-Schitzung, Pfad-

verlustexponent.

Resumen

Uno de los principales requerimientos en las comunicaciones moéviles consiste
en la localizaciéon del terminal mévil. A pesar del incompleto conocimiento de
la radio-propagacion causada, por ejemplo, por la estimacion del exponente de
pérdidas (PLE), y las posibles fluctuaciones de dicho exponente, los sistemas inaldm-
bricos de localizacién deben determinar la posicién del mévil con la mayor pre-
cisién posible.

En este proyecto, se ha estudiado la localizacién inaldmbrica a través del tiempo
de llegada (ToA) desde la estaciéon mévil hasta la estacion base. El objetivo de este
estudio es extender la aplicacién del método hibrido del ancho de sefial y el tiempo
de llegada (SS-ToA) a sefiales con diferentes formas de onda, por ejemplo, la se-
gunda derivada del pulso Gaussiano y una sefial MSK (“minimum-shift keying”),
y la investigacion del estimador de méaxima verosimilitud (ML) en la estimacién
del ToA en presencia del conocimiento imperfecto del PLE. Se ha evaluado la esti-
macién del ToA basada en el método SS-ToA bajo el conocimiento imperfecto del
PLE utilizando técnicas asintéticas de andlisis. Entre los cuatro métodos tedricos
de estimacion obtenidos, la expansion de la serie de Taylor con el calculo del valor
esperado de la derivada cruzada proporciona los resultados més precisos para el
analisis tedrico del estimador ML.

Ademéds, se obtiene que en la region de umbral, el estimador ML supera al
estimador MC para valores pequefios del PLE, como 4, = 0.5, en el caso de inte-

riores, y para valores moderado, por ejemplo 6, = 1, en el caso de exteriores. Sin
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embargo, en la regién asintética, los estimadores MC y ML bajo el conocimiento
perfecto del PLE proporcionan mayor precision que el estimador ML teniendo en

cuenta el error en el PLE.

Indice de términos: Estimacién del tiempo de llegada, Estimacién por maxmima

verosimilitud, Exponente de pérdidas.

Abstract

One of the requirements in wireless communications is the knowledge of the mo-
bile location. Despite the uncertain knowledge of the radio propagation caused by,
e.g., the estimation of the path loss exponent (PLE), and the possible fluctuation
of the PLE, wireless localization systems have to determine the mobile position as
accurately as possible.

In this thesis, we consider the wireless geolocation or localization using the ra-
dio signals based on their time of arrival (ToA). The objective of this work is to
extend the application of the hybrid mix of the signal strength and the time of
arrival (S5-ToA) to several signal waveforms, e.g., a second-derivative Gaussian
monocycle pulse and a minimum-shift keying signal, and to investigate the per-
formance of the maximum likelihood (ML) estimator in the ToA estimation under
the imperfect PLE. We evaluate the ToA estimation performance of the ML esti-
mator based on the SS-ToA method under the imperfect PLE by using asymptotic
analysis techniques. It appears that among four derivations, the Taylor expansion
with the expectation of the cross-derivative provides the most accurate results for
analytically capturing the asymptotic performance of the ML estimator.

In the threshold region, the ML estimator outperforms the maximum correla-
tion (MC) estimator for the small PLE error, e.g., 6, = 0.5 in the indoor case, and
the moderate PLE error, e.g., 6, = 1 in the outdoor case. However, in the asymp-

totic region the MC and ML estimators under the perfect PLE outperform the ML
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estimator with the imperfect PLE.

Index Terms: Time-of-arrival estimation, Maximum likelihood estimation, Path

loss exponent.



Resumen

Uno de los principales requerimientos en las comunicaciones méviles, ademas de
la transmision de datos, consiste en la localizacion del terminal movil. Los sis-
temas de localizacién deben determinar la posicion del mévil con la mayor pre-
cisién posible.

La estimacién por tiempo de llegada (ToA) es una técnica apropiada para estas
aplicaciones, donde la precision depende del ancho de banda de la sefial, de tal
manera que permite al disefador ajustar la sefial transmitida para obtener la pre-
cisiéon deseada. Sin embargo, la propagacién multicamino, el oxigeno y el vapor
de agua pueden provocar significantes pérdidas a alta frecuencia.

En este proyecto, se han investigado fundamentalmente los efectos del expo-
nente de pérdidas (PLE) en la técnica hibrida ancho de sefial-tiempo de llegada
(SS-ToA) en la geolocalizacion inaldmbrica, es decir, en la localizacién del terminal
movil utilizando los ToAs de las sefiales radio transmitidas.

Al inicio del proyecto de fijaron dos objetivos principales. El primero es un
andlisis comparativo de los estimadores de maxima verosimilitud (ML) basado en
el método hibrido SS-ToA y el de maxima correlacién (MC) basado en el concepto
del ToA, bajo la imperfeccién en el conocimiento del PLE con el fin de facilitar al
disefiador del sistema de localizacién inaldambrico la eleccion del estimador mas
apropiado para su sistema. El segundo de los objetivos de esta investigaciéon con-
siste en la extension del andlisis del método hibrido SS-ToA a otras formas de onda
utilizadas en sistemas moviles de comunicaciones. Para la obtencién de estos ob-

jetivos, se ha organizado la estructura de este proyecto en seis capitulos cuyos

XX1ii
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contenidos se explican a continuacion.

En el primer capitulo, se ha introducido el sistema de comunicaciones méviles
considerado. Se ha considerado la estaciéon mévil transmitiendo a varias estaciones
base existentes de la red, donde se puede obtener, la posiciéon del mévil a partir de
la distancia entre el mévil y tres o més de las estaciones base del sistema.

En el segundo capitulo, se ha obtenido la expresién del ToA utilizando el método
de méxima verosimilitud. El ToA estimado puede utilizarse para obtener la dis-
tancia entre el moévil y la estacion base utilizando la relacion d, = cr,., donde 7, es
el retardo que sufre la seal transmitida desde la estacién mévil al la estacion base b.
De este modo, se pueden obtener las coordenadas de la estacién moévil utilizando

la relacién

dy = /(2 — 2 + (y — ), (0.0.1)
para varias (minimo tres) de las estaciones base del sistema, cuyas coordenadas
son (xp, Yp)-

Para poder obtener la expresiéon del ToA estimado ha sido necesario aplicar
los conocimientos sobre sistemas de comunicaciones méviles y de estadistica. De
este modo, la expresién del valor estimado del retardo desde la estaciéon mévil a la

estacion base b, viene dada por [2]
7, = arg min aj By — 2a,p(7y). (0.0.2)
Th

donde E; es la energia de la sefial transmitida, p(7,) es la correlacién entre la sefal
recibida y una réplica de la sefal transmitida retardada 7, sec., y a; es la ganan-
cia de pérdidas cuya expresion depende del PLE, pardmetro bajo estudio en este
proyecto.

Las sefiales transmitidas han sido estudiadas en el tercer capitulo, en el que
se ha cosiderado la segunda derivada del pulso Gausiano como sefial transmitida
para entornos interiores, y una sefial digital con modulacién MSK (“minimum-
shift keying”) para exteriores.

En IR-UWB (“impulse radio ultrawideband”), la tecnologia en introducida en
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el dominio del tiempo, donde se utiliza el pulso Gausiano como sefial transmi-
tida. Ademas, los efectos de la antena son modelados a través de la operacién
de diferenzaciéon. Por lo tanto, la segunda derivada del pulso Gausiano es una
sefial apropiada para comunicaciones inaldmbricas en interiores. La expresion de

la segunda derivada del pulso gausiano puede escribirse como [3]

p(t) = (1 — 47 (%) ) e72ﬂ<%>2;t > 0, (0.0.3)

donde 7, es el factor de forma del pulso, que determina el ancho del pulso 7},. Por

tanto, para entornos interiores la sefial transmitida ha sido considerada como

s(t)y=p (t — %Tp) it > 0. (0.0.4)

Se han calculado algunas de las caracteristicas mas importantes de la sefial
transmitida necesarias para la estimacion del ToA. Estas caracteristicas son el an-
cho de banda efectivo y, debido a que en este caso estamos trabajando en un sis-
tema sin frecuencia portadora, la frecuencia central absoluta efectiva. Las expre-

siones obtenidas de estos pardmetros son

B = l i, (0.0.5a)
T V 27
- 11
abs — __6 (005b)
Tp 3T

Para entornos exteriores, se ha utilizado una sefial digital con modulacién MSK,
la cual es una modulacién FM cuya expresion matemdtica puede escribirse como
(ver [4] y [5, pp. 118-128])

s(t) = v; cos (i%) cos (27 fot) + g; sin (i%) sin (27 fot), (0.0.6)

donde el par (v;, ¢;) representa dos bit de informacién transmitidos consecutiva-
mente, es decir, v; representa a los bits impares y ¢; representa a los bit pares den-
tro de la trama transmitida. Al igual que se hizo para los entornos interiores, se ha

calculado en ancho de banda efectivo de una sefial MSK. Sin embargo, en este caso
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el ancho de banda efectivo depende de los bits transmitidos, los cuales son aleato-
rios, porque el ancho de banda efectivo también es aleatorio. De esta manera, se
ha obtenido el valor esperado del cuadrado del ancho de banda efectivo, el cual

puede escribirse como

Bva{d} = 15+ 1572 (0.0.7)

La raiz cuadrada del error cuadratico medio (RMSE) de la estimacion del re-
tardo de la sefial desde la estaciéon movil a la estacién base depende, tanto para
el estimador por méxima verosimilitud (ML) como para el estimador por maxima
correlacion (MC), del ancho de banda efectivo de la senal transmitida. Por tanto,
para el caso de la sefial MSK, el RMSE es también aleatorio. Por este motivo, ha
sido necesario obtener el valor esperado del RMSE con repecto a los bits transmi-
tidos, que viene dado por el CRB (Cramér-Rao bound) para los estimadores ML y
MC. Se ha obtenido el valor del CRB para el estimador MC como

163 + 7
ACRBroa = 4 , 0.0.8
%7 872SNRa? (16 ff + 1o — 222) (0.08)
y para el estimador ML como
1 1 1
ACRBsg.10a = — + (0.0.9)

28NRap \ 9 (wy — )7 + 2 2(w0+%>2+i

2 2
2Tb’0 2Tb’0

Las expresiones anteriores se corresponden con el valor real del CRB, es decir, con
el CRB asintético (ACRB), cuyas expresiones son tediosas de conseguir. Debido a
la complejidad de célculo del ACRB, se ha obtenido también la expresion del CRB
modificado (MCRB), que es mucho mads simple de calcular y que proporciona un
limite inferior del CRB, es decir, el verdadero valor del CRB no puede estar nunca
por debajo de ete limite. La expresion de MCRB para el estimador MC puede
escribirse como

1
SNRaZ872 (f3 + 1or2)

MCRBgop = (0.0.10)
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y para el estimador ML como

1
SNRa? (872f3 + 2 + 524 )

2
2Tb’0

MCRBss.toa =

(0.0.11)

Una vez obtenidos los pardmetros mdas importantes de las sefiales transmiti-
das y la expresion del RMSE de la estimacion del ToA entre la estacion mévil y la
base, se han implementado en el cuarto capitulo los estimadores ML y MC asum-
iendo el conocimiento del valor del PLE. De esta manera se ha comprobado que
las expresiones tedricas del RMSE son correctas y se ha podido observar el com-
portamiento de cada estimador en funcién del ratio sefial a ruido (SNR), del PLE
y de la distancia entre las estaciones base y mévil. Como conclusiones de las sim-
ulaciones realizadas en MATLAB®, se han obtenido tres regiones diferenciadas
para el RMSE como funcién del SNR. La primera region viene dada para valores
pequetios del parametro SNR y es denominada en la bibliografia como regién no
informativa. En dicha regioén, se ha obtenido que el estimador MC proporciona
un error menor que el ML. Sin embargo, en la segunda regién (regién limite o
“threshold”), donde los errores de los estimadores caen rdpidamente hasta sus er-
rores tedricos, el estimador ML es més preciso que el MC. Por tltimo, en la tercera
region, denominada regién asintética, los RMSEs de los estimadores MC y ML co-
inciden con sus aproximaciones tedricas obtenidas. Ademads, se ha observado que,
para las sefiales transmitidas consideradas, los estimadores ML y MC presentan el
mismo RMSE en la regién asintética. Un ejemplo ilustrativo de las simulaciones
realizadas puede observarse en Fig. 1.

El PLE es un parametro fundamental en los algoritmos de localizacién basa-
dos en la estimacion de la distancia, donde la distancia es estimada utilizando la
potencia de la sefal recibida (RSS). Sin embargo, en muchos de los anélisis de sis-
temas inaldmbricos de comunicaciones el pardmetro PLE se asume como conocido
a priori. Esta asuncién es normalmente demasiado idealista para un sistema real
debido a que, por ejemplo, el movimiento del terminal mévil o los cambios mete-

orolégicos, pueden provocar que el valor estimado del PLE entre una observacion
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RMSE as a function of the received SNR: Indoor scenario
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Figure 1: RMSE of the position estimate as a function of the SNRgy (dB) for v, = 2,
dp = 3m, § = 3.1007x 10 Hz, sampling time = 0.2 ps, and Ny = 1,000 independent
runs.

y la anterior no coincidan.

Por otro lado, es posible encontrar algunos estudios en los que se considera
el problema del PLE imperfecto. En estos estudios, se proporcionan algoritmos
de estimacion del PLE [6], se calibra el PLE a partir de medidas realizadas [7], o se
asume una distribucion de probabilidad determinada para el PLE [8], por ejemplo,
una distribucién normal.

En el quinto capitulo del proyecto, se ha consideraro el PLE como la suma del

valor real v, del PLE y un error aditivo 4., es decir,
v =" + 0. (0.0.12)

Como ya se vi6 previamente, el estimador ML contiene la ganancia de pérdidas,
la cual depende del PLE por lo se debe reescribir la funcién objetivo del estimador

ML como funcién del PLE, es decir,

S (ly) = az (1]7) Bs — 2as(75) p(75). (0.0.13)

En el articulo de B. Friedlander llamado “Sensitivity analysis of the maximum

likelihood directionfinding algorithm”, se define el error entre el ToA verdadero y
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el estimado como [9]

2
(v =) %JCML(%W)

Tv=Tb,0

2
Enb(t) { ﬁfML(Tb‘f}/) ‘Tb:Tb 0 }

ToMr(7) = Too = — (0.0.14)

Introduciendo la expresién de la funcién objetivo del estimador ML, dada por
(0.0.13), en la expresion del error anterior, se ha obtenido la expresiéon del error
entre los valores real y estimado del ToA para el estimador ML considerando la

imperfeccién en el conocimiento del PLE, como

1
(1 + B — 27 (14 57) Esanoano + 87232 Byl 00

Tomr(7) — Too = —

1 . -
(7 - 70) (_ab,O(Esab,O + Pns,0 — Esab,O)
Tb,0

1 do \ . N 1 1 do \ . .
-7 In{— ap,0 Esab,(] — 7 L5Qp0 — ZPns0 | — In{— @p,0Pns,0 | »
Tb,0 CTb0 2 2 CTb,0

(0.0.15)

A partir de la expresion del error obtenido, se han obtenido la esperanza y
la varianza del error, la cual ha sido obtenido considerando o no la expectacién
del término #{;n fun(ml7y) . Utilizando el método de Friedlander, se han

Tb=Tb,0

obtenido las expresiones del error de la esperanza del error

(v = v0)(abo — apo) — (v — ) In (Cfﬁ()) (ab0 — 3as0)

872 3212 gan0 — (Y(avo — no) + 7 (3060 — b))
(0.0.16)

la varianza del error sin incluir el valor medio del término que contiene las derivadas

En, ) {ToML(Y) — Too} = — b0,
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cruzadas
7'1)2,0(7 - 70)2
- _ 2
(%—’07(1 +7) =y (14+37) + 8w252r§0)

ap,0

a d 1 a 2
(-t () (2 22))
ap,0 CTh,0 2 app

11 o2 1 do \\> 1 o2 .- do
-~ “n 1 - 1 __Il2 202 2 1 2
+2 a; o Es < * o (CTbﬂ)) + a; o Fs ™0 Tl o) )’

(0.0.17)

En, ) { (Fomr(7) — 70)°} =

y la varianza del error incluyendo el valor medio del término que contiene las

derivadas cruzadas
Enb(t) {(f'b,ML(W) - Tb,0)2}
. - 2
2oy = 20)? (1 - 22 4 yIn (2) (4 - 22)) (0.0.18)

- ~ _ 2
<%—v°7(1 +7) =7 (1+37) + 87r2ﬁ27§0>

ap,0

Al analizar la expresion de la varianza del error entre los ToAs real y estimado
se observa que al considerar el PLE verdadero como conocido, es decir, v = 7,
las dos expresiones de la varianza obtenidas resultan iguales a cero. Este resul-
tado no se corresponde con el andlisis realizado en el cuarto capitulo, en el que
considerando el PLE como conocido el RMSE es mayor que cero. Esta falta de
precision se debe a que la expresion del error dada por Friedlander se basa en el
desarrollo en serie de Taylor, al que en la expresion (0.0.14) le falta un término.

Desarrollando la serie de Taylor de primer orden a% fur(m|7) en dos variables

alrededor de los valores verdaderos de 7, y 7o [10-12], el error entre el valor real

%=%p}

(0.0.19)

y estimado del ToA bajo el estimador ML puede escribirse como

2
2 fanh)| (= 20)Bu { 2 fun(nl)

Tb=Tb,0

2
E”b(t) { 37'(337'1» fML(Tbh/) "sz’rb 0 }

ToML(Y) — Tho = —
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Del mismo modo que para el error de Friedlander, se ha obtenido la expresion del

error a partir de (0.0.19)

%b,ML(V) — Tb,0

1
7(1 + ) Esayp — —7 (1+ 17) Esapo + 87232 Esap

1 .
(——7 (Esapo — Esabp — pPns0) — 2Pns0
Tb,0

1 1 d oo —
oy = 0) Bl — i)~~~ %m{—i)ﬁcm——%ﬁ)
Tb,0 b0 €Tb,0 2
(0.0.20)

la esperanza del error

(2 =) (abo = @) +7(7 = 70) In (225 ) (v — vo)

8723272 0ab0 — (V(abo — b0) + 72 (5060 — b))
(0.0.21)

y la varianza del error entre el valor real y el estimado del ToA sin y con la ex-

o ATMmL(Y) — oo} = — b0,

sz , N 2
pectacion del término ﬁ fun(mol7y) ’T o dadas por
b=Tb,0

nb(t { 7'bML —Tb,o)z}
abo dO abO 2
2y =) (1 ——=) +7(y—=7)In 1
apo o) \2  app
11 o2 do ’
+§a_Es <7 + (v =) (1 + 711(1 (ch))) (0.0.22)

1 o2 d 2
n222 ) 1 0
m%& Bty (24 - WHQ%J))

a 1 -2
o[ 2291 +7) =~ (1 + 7) +87r2527b0> ,
Qp,0 2
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Figure 2: Bias of the position estimate as a function of SNRg, for the imperfect
PLE, v = 2,6, = 0.6, d, = 3m, 3 = 3.1007 x 10° Hz, sampling time = 0.01 ps, and

Ng = 1,000 independent runs.

y

E.,) { Fomn(7) — 70)% }

a, a 2 o2
(@7 =0 (1= 5) +20—oim (&5) (3 - &) + ¥

(%72 + 871-2327—1)270)

(B0y(1+9) =7 (1+ ) + 872527,

ap0

respectivamente.

(0.0.23)

En las figuras 2 y 3 se puede observar la esperanza del error de la estimacién

del ToA como funcién del SNR recibido y, en las figuras 4 y 5, se observa el RMSE

como funcién del SNR recibido, para entornos interiores. En estas figuras se puede

observar que la aproximacion tedrica de la estimacion del ToA para el PLE imper-

fecto obtenido por el desarrollo de Taylor es més precisa que la obtenida utilizando

el método de Friedlander. Ademads, para el caso de la varianza ,

podemos obser-

var que la aproximacion tedrica mds precisa viene dada por el desarrollo de Taylor

. .2 2 . o2
considerando la expectacién del término 55— fur(7|7)

TH=T|

en su célculo.
b,0

7—b,Ov
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5 Bias as a function of SNR, : Indoor scenario
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Figure 3: Zoomed bias of the position estimate as a function of SNRgx for the im-
perfect PLE, vy = 2,6, = 0.6, d, = 3m, § = 3.1007 x 10° Hz, sampling time = 0.01
ps, and Ny = 1,000 independent runs.

RMSE as a function of SNR - Indoor scenario
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Figure 4: RMSE of the position _estimate as a function of SNRgy for the imperfect
PLE, v = 2,6, =0.6,d, = 3m, 8 = 3.1007 x 10° Hz, sampling time = 0.01 ps, and
Ng = 1,000 independent runs.
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Figure 5: Zoomed RMSE of the position esti@ate as a function of SNRg, for the
imperfect PLE, 79 = 2, 0, = 0.6, d, = 3 m, 8 = 3.1007 x 10° Hz, sampling time
= 0.01 ps, and Ny = 1,000 independent runs.

La expresion de la esperanza del error obtenido utilizando el desarrollo en se-

rie de Taylor depende del ancho de banda efectivo de la sefial transmitida, por lo

que para el caso de la sefial MSK es aleatoria. Debido al cardcter aleatorio de la

esperanza del error para el caso de los entornos exteriores, ha sido necesario cal-

cular la expectacion de la esperanza del error respecto a los bits tranmitidos. Se ha

obtenido el valor real del valor medio de la esperanza como

Enb(t),qu{%@ML(fY) - Tb,o}

1

. d 1
= 5710 21~ 20) (@0 = ng) + 205 =0} (2 (G

CTb0 2

1

2
QTb,gab,o (wo —

o)

— (Y(apo — ano) + 7 (2apo — ano))

1

2
27‘b70ab70 (WQ +

L)2 _
oT

(v(avo — n0) +7* (Fa0,0 — np))

b0 — db,o)

(0.0.24)

Ademds, se ha obtenido el limite inferior /superior de la esperanza del error, cuyo
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calculo es mucho mas sencillo y proporciona una buena aproximacién de la esper-

anza. El limite inferior de la esperanza puede escribirse como

(27 — 1) (apo — app) + (v — ) In (Cf20> (2apo — anp)
87212 0an0 (f3 + tam) — (V(avo — o) + 72 (Fa6,0 — o))

(0.0.25)

Eny)valfsmn(y) — Too} > — _—

cuando el término derecho en (0.0.25) es positivo. El limite superior de la esper-

anza puede escribirse como

(29 = 90) (a0 = @) +7(7 = 70) 0 () (Sano — o)
- ~ Tb,05
8W27§0ab,0 (f(? + 16%) - (V(Gb,o — apo) + 72 (%ab,o - ab,o))

(0.0.26)

Eny@valfsmn(y) — Too} < —

cuando el término derecho en (0.0.26) es negativo.

Las figuras 6 y 8 muestran la esperanza y la varianza del error en la estimacién
del ToA como funcién del SNR recibido para exteriores. Para el caso de la varianza
tedrica se ha implementado la expresién obtenida por el método de Taylor con la
expectacion del término que contiene las derivadas cruzadas, el cual es el més pre-
ciso, seglin se obtuvo para el caso de interiores. En la figura 7, se muestra la media
de la esperanza respecto a los bits transmitidos y su limite, en este caso, superior
debido a que la esperanza es negativa. Al igual que para el caso de interiores, se
puede observar como los valores simulados del error caen en sus aproximaciones
tedricas.

En las figuras obtenidas para los escenarios interiores y exteriores, se puede
observar que en la region “threshold” el estimador ML proporciona un error menor
que el estimador MC, incluso en presencia de error en el PLE. Sin embargo, en la
region asintética del error, los estimadores MC y ML conocido el valor real del
PLE proporcionan mayor precision en la localizacién de la estacion mévil que el
estimador ML teniendo en cuenta el error de PLE.

En el dltimo capitulo del proyecto, se presentan las conclusiones obtenidas a lo

largo del estudio llevado a cabo y algunas posibles lineas futuras de investigacion.
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Bias as a function of SNR : Outdoor scenario
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Figure 6: Bias of the position estimate as a function of SNRg, for the imperfect PLE,
Y = 5,0, =1,d, = 500 m, Rg = 15 Mbps, f, = 900 MHz, sampling time = 1.6420
ps, 20 independent runs for the frame realization, and 50 independent runs for the
noise realization.

6 Bias as a function of SNR, : Outdoor scenario
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Figure 7: Zoomed portion of the AB and the LUBB of the position estimate as a
function of SNRgy for the imperfect PLE, v = 5, 6, = 1, d, = 500 m, Rg = 15
Mbps, fo = 900 MHz, sampling time = 1.6420 ps, 20 independent runs for the
frame realization, and 50 independent runs for the noise realization.
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RMSE as a function of SNR_ : Outdoor scenario
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Figure 8: RMSE of the position estimate as a function of SNRgy for the imperfect
PLE, v = 5,6, = 1, d, = 500 m, Rg = 15 Mbps, f; = 900 MHz, sampling time
= 1.6420 ps, 20 independent runs for the frame realization, and 50 independent
runs for the noise realization.

Como conclusiones fundamentales podemos resaltar la obtencién de los objetivos
tijados al inicio del proyecto, es decir, el analisis de los estimadores MC y ML bajo
la imperfeccién en el conocimiento del PLE, y el andlisis de la estimaciéon por ML
del ToA para la segunda derivada del pulso Gausiano y la sefial MSK como sefiales
transmitidas.

En la comparativa entre ambos estimadores del ToA, se puede concluir que
para la region “threshold” el estimador ML proporciona mayor precisiéon en la
localizacién del movil que el estimador MC, incluso en presencia de error en el
conocimiento del PLE. No es asi para la region asintética del error, donde los esti-
madores MC y ML bajo el conocimiento perfecto del PLE superan en precisién al
estimador ML bajo el conocimiento imperfecto del PLE.

Por otro lado, se han obtenido las expresiones de la esperanza y la varianza del
error de la estimaciéon ML del ToA considerando el PLE imperfecto. En este caso
hemos obtenido que la aproximacién tedrica mds precisa del error viene dada por
el método basado en el desarrollo en serie de Taylor. Para el caso de la varianza del

error, se ha obtenido ademds que la aproximacion teérica més precisa viene dada



XXXV1ii

por el desarrollo de Taylor con la expectacion del término de derivadas cruzadas.
Finalmente, se han planteado posibles lineas futuras de investigacion para con-
tinuar el anédlisis desarrollado en este proyecto. La primera de ellas consite en la
utilizacién del método de la convolucién por partes [13,14], planteada en algunos
articulos, para la implementacion de la correlaciéon contenida en los estimadores
ML y MC, con el fin de solventar los problemas que se han encontrado en la sim-
ulaciéon de sistemas reales debido a las limitaciones del hardware. Se propone
como segunda posible linea de investigacion, el analisis tedrico de la regién no
asintética del error [15,16], ya que en este proyecto se han obtenido tinicamente las
aproximaciones tedricas del error de los estimadores para la regién asintética. Por
altimo, se plantea el anélisis del estimador ML considerando el PLE aleatorio con

una distribucién Gausiana truncada [17,18].
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Nomenclature

The nomenclature in this thesis can be arranged in the following tables.

x1



Abbreviations

Meanings

NLoS
ToA
MS
BS
ML
MC
SNR
PSD
CRB
PDF
MSK
GMSK
GSM
M
MSE
RMSE
ACRB
MCRB
SS
RSS
PLE
FFT
TE
AB
LUBB
DoA
CDF

Non-line-of-sight
Time-of-arrival

Mobile station

Base station

Maximum likelihood

Maximum correlation
Signal-to-noise ratio

power spectral density
Cramér-Rao bound

Probability density function
Minimume-shift keying
Gaussian minimum-shift keying
Global System for Mobile communications
Frequency modulation

Mean square error

Root mean square error
Asymptotic Cramér-Rao bound
Modified Cramér-Rao bound
Signal strength

Received signal strength

Path loss exponent

Fast Fourier transform

Taylor expansion

Average bias

Lower/upper bound of bias
Direction-of-arrival

Cumulative distribution function

xli
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Notations Meanings

T Time delay

rp(t) Received signal at the b-th base station at the time ¢

b Index of the base station

B Number of the base stations

(@b, Yp) Coordinate of the b-th base station

(x,y) Coordinate of the mobile station

dy, Distance between the mobile station and the b-th base station

c Speed of the light

Tp Time delay from the mobile station to the b-th base station

ap Loss gain from the mobile station to the b-th base station

s(t) Transmitted signal at the time ¢

1y (t) Additive noise at the b-th base station at the time ¢

K Unitless constant depending on antenna characteristics and
average channel attenuation

fo Center frequency of the wireless system

do Close-in distance in the far field region

o Path loss exponent at the b-th BS

E, Energy of the received signal at the b-th

Eq Energy of the transmitted signal

o2 Variance of the noise

T, Observation time

p(t) Second-derivative Gaussian pulse at the time ¢

Tp Pulse-shaping factor of the second-derivative Gaussian pulse

T, Pulse width of the second-derivative Gaussian pulse

E, Energy of the received signal

SNR Transmitted signal-to-noise ratio

SNRR« Received signal-to-noise ratio

S(w) Fourier transforms in angular frequency of the transmitted signal

G(w) Fourier transforms in angular frequency of the function g(¢)

w Angular frequency

S(f) Fourier transforms in ordinary frequency of the transmitted signal

3 Effective bandwidth of the transmitted signal

j Imaginary unit

W Square of the bandwidth of the transmitted signal

5(t) Derivative of the transmitted signal with respect to the time ¢ at the time ¢

m Modulation index

z(t) Modulating signal

Af Deviation of frequency

T Period of bit

Ry Information bit rate

N Number of the bits in transmitted frame
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Notations Meanings

(vi, qi) Pair of successive information bits

6 Phase in MSK signal

Aw Deviation of angular frequency

R Set of all real numbers

wo Center angular frequency of the wireless system

Ng Number of the independent runs

nR Index of the independent run

R(w) Fourier transforms in angular frequency of the received signal

Th,0 True value of the ToA

MSEgss_Toa Mean square error for the ML estimator

RMSEgs_1,a Root mean square error for the ML estimator

ThML Estimated value of the ToA for the ML estimator

MSET,a Mean square error for the MC estimator

RMSEr,a Root mean square error for the MC estimator

T, MC Estimated value of the ToA for the MC estimator

ACRBgss_moa  Asymptotic Cramér-Rao bound for the ML estimator

MCRBgs_1oa Modified Cramér-Rao bound for the ML estimator

ACRBoa Asymptotic Cramér-Rao bound for the MC estimator

MCRBtoA Modified Cramér-Rao bound for the MC estimator

p(Tp) Correlation between the transmitted and the received signal

0 Imperfect PLE

Yo True value of the PLE

dy Additional error of the PLE model

fur Objective function of the ML estimator

Pns,b Correlation between the transmitted signal and the noise

Pss.b Correlation between the transmitted signal and the conjugated
transmitted signal

ap,o True value of the gain loss

Pns,0 Correlation between the transmitted and the noise for the true value
of the ToA

Prs,b First derivative of p,s; with respect to 7,

Prs,b Second derivative of p,s; with respect to 7,

ap,0 Value of the gain loss for the true value of the ToA and the imperfect
value of the PLE

Ve Mean of the doubly truncated Gaussian distribution of the PLE

o2 Variance of the doubly truncated Gaussian distribution of the PLE

t




xliv

Notations Meanings

log() Logarithm function

~ Is distributed as

N(u,0?)  Normal distribution with mean ;. and variance o2 for the
real Gaussian random variable

Ne(p,0?)  Normal distribution with mean i and variance o for the
complex Gaussian random variable

[(-) Likelihood function
In(-) The Napierian logarithm function

= Is approximately
argmax(-) The argument 7, which maximizes the function (-)

argmin(-) The argument 7,, which minimizes the function (-)

F{-} Fourier transform
F Y} Inverse Fourier transform
|- Absolute value
R(+) Real part
3(4) Imaginary part
INQ) Gamma function
(+)! Factorial
a(+) Dirac delta function
()7t Transpose
Po() Probability density function of the variable v
Dog(,+) Joint probability density function of the variables v and ¢
* Convolution
() Conjugate
E.{-} Expectation with respect to the random variable =
erf(-) Error function
lim Limit
O(+) Cumulative distribution function
i)

() Partial differentiation with respect to variable 7,




Introduction

Backgrounds

Literature Reviews

The wireless geolocation commercially emerges from the incentives of locating ve-
hicles, people and parcels (see, e.g., [19-25]) . In addition to data communication
in wireless networks, user geolocation is deemed viable due to the emergency re-
quirement by the Federal Communications Commission and the European Com-
mission [26].

The time-of-arrival (ToA) estimation is a favorable technique for those appli-
cations, since its accuracy depends on the signal bandwidth, which allows the
designer to adjust the signal according to desired precision. Despite multipath
propagation, oxygen and water vapor can cause the significant path attenuation at

a high frequency.

Relation

The estimation of certain waveform parameters in the system consisted of the sig-
nal perturbed by an additive noise has attracted much attention for several decades
(see, e.g., [27-29]). In [2], the use of the path loss information in the ToA estima-

tion can improve the estimation performance in term of smaller error variance.



For direction-of-arrival (DoA) estimation, the behavior of the maximum-likelihood
(ML) estimator has been investigated under a model mismatch in, e.g., [9,16,30,31].

The path loss exponent has been considered unknown and estimated in, e.g., [6,32].

Gap

The ToA estimation problem is different from the DoA estimation, since it involves
the continuous-time process rather than the discrete-time process as in the DoA
estimation. The different nature makes the analysis of the ToA estimation perfor-
mance rather different. The ToA estimation using the path attenuation has been
shown to provide the promising performance improvement. In fact, the estima-
tion of the path loss exponent (PLE) by any estimator cannot always achieve the
true value of the PLE. Moreover, the rapid changes in the environments, because
of, e.g., the movement of the mobile station (MS) or the changes in the weather,
provide that the knowledge of the PLE does not coincide with the PLE in the pre-
vious observation. Since it is difficult to obtain the true PLE, the research gap
emerges therefore as a vacant study on how the ML estimator behaves in the ToA

estimation, when the PLE is deterministic and subject to an error.

Objectives

The objective of this work is to investigate the performance of the ML estimator in
the ToA estimation under the imperfect PLE. Strictly speaking, when the perfect
knowledge of the PLE is unavailable, does the ML estimator based on a hybrid mix
of the signal strength and the time of arrival (SS-ToA) still outperform the maxi-

mum correlation (MC) estimator based on the traditional ToA approach? Another



objective is to extend the application of the hybrid SS-ToA concept to other signal

waveforms than the orthogonal frequency division multiplexing in [2].

Scope

In this work, we mainly study the effects of the PLE in the SS-ToA approach on
the wireless geolocation. The topic covered in this study is the wireless geoloca-
tion or localization using the radio signals based on their ToAs. We assume that i)
the single path is considered for the sake of minimal achievable accuracy investi-
gation, since the Cramér-Rao bound (CRB) of the multipath is lower bounded by
the CRB of the single path (see, e.g., [33]), ii) the unknown ToA is constant over
an observation period (0, 7], and iii) the large-scale fading can be considered as
a spatial average over the small-scale fluctuations of the signals [34, p. 847]. The
estimated ToAs can be further employed to estimate the mobile position even in
the presence of non-line-of-sight (NLoS) propagation by using several algorithms

(see, e.g., [35]).

Problem Statement

Problem

In this work, the problem is the evaluation of the ToA estimation performance

using the ML estimator based on the SS-ToA method under the imperfect PLE.
Significance

The above problem is important, because the investigation result will allow a sys-

tem designer to choose the most appropriate ToA estimator in the presence of the



PLE error.

Novelties, Contributions, and Merits

Novelties

Some new results are exemplified, such as the closed-form expressions of the bias
and the error variance of the ToA estimation using the ML estimator under the
imperfect PLE, the closed-form expression of the effective bandwidth of a trans-
mitted minimum-shift keying (MSK) signal, and the closed-form expressions of

the asymptotic CRB (ACRB) and the modified CRB (MCRB).

Contributions

Some results can be delivered to the research community in the aspects of the ex-
tension of the ML estimator based on the SS-ToA idea to a Gaussian monocycle
and the MSK signal, and the analysis of the error performance of the ToA estima-
tion using the ML estimator under the imperfect PLE, in which we point out that
the previous analysis method in [9] provides the inaccurate prediction ability and
we present an accurate analysis method based on a Taylor series expansion.

In addition, although our theoretical performance prediction is accurate in the
asymptotic region, it is still useful since the outlier technique or the method of
interval for the analysis in a threshold region (see, e.g., [15] and [16]) requires the

asymptotic performance as a fundamental term.



Merits

The investigation of the error behavior of the mis-modeled estimation will help
the system designer to make a decision on choosing whether the ML estimator
(hybrid method) or the MC estimator (classical method) in the PLE mismatch case.
The error analysis based on the presented Taylor expansion can be further applied

to other mismatch problems.

Organization

In Chapter 1, the wireless systems, which is considered as the main application, is
introduced.

In Chapter 2, we consider the estimation of the ToA the using the ML method.
The ToA estimate can be further used to determine the distance between the base
station (BS) and the MS based on the system geometry. In order to obtain the
estimated value of the ToA, wireless propagation and mathematical statistics are
regarded as the fundamental knowledge to examining the wireless system. As the
ToA estimator is designed in conjunction with the path loss, it appears as a hybrid
method between the ToA and the SS (see [2]).

The transmitted signals are studied in Chapter 3, where digital frequency mod-
ulation is considered to be a basic knowledge. The transmitted signals are assumed
to be the second-derivative Gaussian pulse for the indoor environments, and a dig-
ital signal with the MSK modulation for the outdoor environments. In this chap-
ter, we also evaluate the effective bandwidths for both the transmitted signals by
using the Fourier transform. As the MSK signal involves the bit information in

the transmission, an assumption of the data bits is required for this pilot interval.



Without loss of generality, the bit information is assumed therein to be random
with an equal probability for both bit zero and bit one. Due to the randomness of
the data bits, the effective bandwidth of the transmitted signal in this scenario ap-
pears as a random quantity, which gives rise to the fluctuated performance of the
ToA estimation. With the aim at involving all possible random cases, the theoret-
ical performance in term of root mean square error (RMSE) of the ToA estimation
is examined by means of the ACRB and the MCRB.

In Chapter 4, we implement the ML and the MC estimators of the ToA. The fast
Fourier transform (FFT) and the convolution are considered as the background
tools in this chapter. Then, the effects of different parameters, such as the PLE,
the signal-to-noise ratio (SNR), and the distance between the transmitter and the
receiver, on the wireless geolocation are investigated.

Chapter 5 studies the ToA estimation with the aim at investigating the effects of
the PLE error. The theoretical bias and the RMSE of the ToA estimation are derived
as a function of the PLE error. We also consider the Friedlander analysis method of
the ToA estimation. The biases and the RMSEs of the ToA estimation of both meth-
ods are compared to the numerical bias and RMSE of the estimated ToAs obtained
in the simulations. The theoretical performance is obtained by using the theory of

asymptotic analysis, which is fundamentally based on a Taylor expansion.






Chapter 1

Wireless Geolocation

One of the requirements in wireless communications is the knowledge of the mo-
bile location (see, e.g., [36,37]). Despite the NLoS propagation, wireless localiza-
tion systems have to determine the mobile position as accurately as possible. In
this work, we investigate the robustness of a method to find the mobile’s location
using only one parameter, the ToA of the received signal.

We consider the MS transmitting a signal to all BSs, which exists in the wireless
network. Each BS receives the transmitted signal with a loss gain and additive
noise in one ToA. The ToA is different for each BS and depends on the distance
between the MS and the BS.

We show a method to estimate the coordinate of the MS using only the time
delay, denoted by 7, of the signal from the MS to each BS. With the aim at ob-
taining the better performance of wireless geolocation, a path attenuation model is
incorporated into the time delay model.

An example of a wireless network with 7 cells is shown in Fig. 1.1, where the
MS sends the transmitted signal to every BS, and each of them receives a signal

ry(t), where b is the index of the BS (b = 1,2, ..., B; in this example B = 7). The
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Figure 1.1: Example of a cellular network with 7 cells.

received signal expression will be analyzed in the next chapter.



Chapter 2

ToA Estimation using Maximum
Likelihood

Detection and estimation of unknown parameters in the system consisted of a sig-
nal perturbed by an additive noise is widely considered (see, e.g., [27,28,38—45]).
This chapter introduces the relationship between the location of the MS and the
time delay of the received signal in each BS. Finally, an estimator of the ToA at any
BS is formulated.

The configuration of the wireless localization can be described as follows. The
MS transmits a radio signal through a wireless channel to B BSs, where B is the
number of the BSs considered in the system. Thereby we assume that the b-th BS
has a known location, whose coordinate can be written as (z3, ;). The received
signal at the b-th BS is 7,(¢), which includes the additive noise and the transmitted
signal from the MS, whose coordinate is unknown and can be expressed as (z, y).

Fig. 2.1 shows the MS and the b-th BS with their coordinates. The distance
between both stations, denoted by d;,, can be noted in this figure. The distance

between the MS and the b-th BS is written as

dy =\ (& — ) + (s — w)* 20.1)

10
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Figure 2.1: Locations of the MS and b-th BS

The signal from the MS to the b-th BS propagates through the wireless channel at
the speed of the light, ¢ = 3 x 10® (m/s), during certain time, which is denoted by

7. The relationship among these parameters can be expressed as
db = CTp. (202)

Consequently, if the estimated value of 7, is available, it is possible to obtain the
coordinate of the MS using the relationship among d,, 7, and the mobile location.
However, for the first step, the problem is the determination of 7,. Then, let us start

with the expression of the received signal (see, e.g., [37])
ro(t) = aps(t — 1) + np(t), (2.0.3)

where 7,(t) is the received signal in the b-th BS, a;, and 7, are the loss gain and
the time delay of the propagation to the b-th BS, and n,(t) is the additive noise at
the b-th BS, assumed n,(t) = R(ny(t)) + jS(ny(t)), where R(ny(t)) ~ N (0, 102) and

’7 27 n

S(ny(t)) ~ N(0,302) are the real and imaginary parts of the b-th BS noise each

’»2%n

assumed to be a Gaussian random process with the variance 302 as a unilateral
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power spectral density (PSD). Then, the noise is distributed as n,(t) ~ Nc(0,02),
i.e.,, a complex-valued zero-mean white Gaussian process with the double-sided
PSD o2 (Joule).

The multipath can be appended to (2.0.3). All the NLoS paths excluding the
tirst LoS path can be treated as an interference term, which can be handled by an
interference cancellation or joint estimation. The single path is considered herein
for the purpose of minimal achievable accuracy investigation, since the CRB of the
multipath is lower bounded by the CRB of the single path (see, e.g., [33]).

In (2.0.3), 7 is the parameter to be determined. In literature, the path gain q; is
modeled as a deterministic parameter (see, e.g., [27,28,39-45]). However, it can be
elaborated in a more precise way to include the propagation effect. The value of a;
can be determined from the expression of the energy of the received signal at the
b-th BS as (see, e.g., [46])

Ey,==k (@) 7bES, (2.0.4)

where d, is the close-in distance in the far field region, dj is the distance between
the MS and the b-th BS, +, is the exponent of the path loss propagation or PLE at
the b-th BS, E; is the energy of the transmitted signal s(t) over the period (0,7,
given by
To
E, = / |s(t)| dt, (2.0.5)
0

and & is the unitless constant depending on antenna characteristics and average

channel attenuation given by

02

with the center frequency of the wireless system f;. The channel is assumed static

in such a way that the unknown parameter 7, is invariant over the observation
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period (0, 7;). In addition, we assume that the large-scale fading can be considered
as a spatial average over the small-scale fluctuations of the signals [34, p. 847].
The energy of the received signal at the b-th BS can also be calculated by using

its definition given by

B, = /OTO lays(t — )| dt
_ a? /0 Y st — )P dt (207)
= a}F;.
The last equality in (2.0.7) holds from the condition in which the observation time
T, is much larger than the ToA 7,. Comparing (2.0.4) to (2.0.7) and taking into
account (2.0.2), the expression of a; can be written as

ap = vk (@) o (2.0.8)

CTy

In (2.0.8), it is possible to observe that a;, depends on 7,. Therefore, this has to
be taken into account for calculating 7,. To estimate 7,, which is the time delay
propagation from the MS to the b-th BS, we consider the ML estimation method.
This is because the ML can provide the error variance comparable to a theoretical
performance bound, e.g., CRB (see, e.g., [39,41,42]). First, we need to know the
distribution of the received signal given by (2.0.3), where the term a,s(t — 73,) is de-
terministic and the term n;(t) is a complex-valued zero-mean white Gaussian pro-
cess with the double-sided power spectral density o2 (Joule). Then, the probability

density function (PDF) of the received signal can be written as (see, e.g., [47-50])

1 e_é‘rb(t)_abS(t_Tb)F- (2.0.9)

2
ToS

Pry) (16(t)|73)) =
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The likelihood function! can be defined as

Unlrt); t € (0,T3)) = / 1 (pry o (mo(8): £ € (0, To)lm) . (2.0.10)

Thereby, I(7,|rs(t); t € (0,T,]) allows us to predict what values 7, would be, given
the observation data r,(t); ¢t € (0,7,]. Afterwards, the ML method is cast into find-

ing the most likely value of 7, i.e.,
7y = arg max [(1p|1p(t);t € (0, T5]). (2.0.11)

Substituting (2.0.9) into (2.0.10), the expression of I(7|r(t);t € (0,T,]) can be de-

rived from

T

° L —dryt)—aps(t—my)|?
l t):t e (0,T,]) = In( —e o7 dt
(Tb|rb( )7 e( ) ]) / n(ﬂ_o_lgle

0

L 1 1 )
:/ (= ) = —5h(t) — st — m) e
0 n n

If (2.0.12) is inserted into (2.0.11), the expression of 7, can be obtained as follows

(2.0.12)

To 1 1
Tp = arg max/ In ( ) — —|ro(t) — aps(t — )| dt. (2.0.13)
0

7 wo2 o2
In (2.0.13), the first term can be removed, because it does not depend on 7,. Fur-
thermore, arg max,, can be written as arg min,,, because the maximum of a negative

quantity is the minimum of this quantity changing the sign, thus yielding
i 1 2
Tp = argmin — [75(t) — aps(t — )| dt. (2.0.14)
Tb Un 0

The square in the integral can be expanded into

To
Ty = arg min Fj, — R(2aps*(t — 7)rp(t)) At + aj Es. (2.0.15)

Tb 0

LThis log-likelihood function is derived here in an intuitive manner (see, e.g., [51]). More details
of the derivation based on the Karhunen-Loéve expansion can be found in, e.g., [40, p. 279], [41,
p- 37], and [43, p. 298], or based on the sampling approach in [52, p. 54].
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Finally, the energy of the received signal, E}, can be removed, because it does not

depend on 7, hence yielding
Ts

7, = argmin a; B, — 2ay, R(s™(t — m)rp(t)) dt. (2.0.16)
Tb 0

In this way, we can determine the estimated value of 7, which depends on the
loss gain a, the energy of the transmitted signal, and the correlation between

the transmitted and received signals. The implementation of the ToA estimator

in MATLAB® is provided in Chapter 4.



Chapter 3

Transmitted Signals

The estimation of the propagation time in the previous chapter can be applied to
any transmitted signal, whose waveform must be known. In this chapter, let us
consider the transmitted signal. We choose a transmitted signal which will en-
able a more realistic analysis of the wireless communication systems. For this pur-
pose, we use two transmitted signals: the second-derivative Gaussian pulse and
the MSK signal for indoor and outdoor environments, respectively.

The second-derivative Gaussian pulse is employed for the indoor environments,
because it allows the characterization of antenna effects, which will be discussed
later. Moreover, this signal cannot be used in outdoor surroundings, because its ex-
tremely wide bandwidth will interfere with other systems. In an alternative way,
we shall consider the transmission of a digital signal with the MSK modulation for
these environments, because this kind of the modulation is related to the existing

systems, for example, GSM.

16
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3.1 Transmitted Signal for Indoor Environments

To analyze a more realistic communication system, let us use the transmitted sig-
nal, which includes also the antenna effects. In classical impulse radio ultrawide-
band (IR-UWB), the subnanosecond technology is introduced in time domain (see,
e.g., [53,54]). An example of time-domain signature is a Gaussian regularization of
an impulse. To include the realistic transceiver, the antenna effects can be modeled
as a differentiation operation. Since the pulse can be distorted as its first deriva-
tive in the channel and its second derivative at the receiver, the second-derivative
Gaussian pulse is employed in this section. The second-derivative Gaussian pulse

can be expressed as (see, e.g., [3])

p(t) = (1 — 47 (i) ) e‘Q’T(%)Q;t >0
4 (3.1.1)

(1—2a(t))e *®:t > 0.

where 7, is the pulse-shaping factor, a(t) = 27 (%) i is an even function of ¢, and
T, is the pulse-shaping factor, which can, for example, be chosen as 7, = 0.2877 ns
to yield the pulse width 7}, of 0.7 ns.

This pulse is shown using MATLAB® in Fig. 3.1. In this figure only the positive
time part of the pulse can be observed. Therefore, it is necessary to define the
transmitted signal as a delayed version of the second-derivative Gaussian pulse,
which possesses a complete cycle in the positive time axis. Asillustrated in Fig. 3.2,

the desired transmitted signal can be written as

s(t)=p (t - %Tp) 6> 0. (3.1.2)

The next step is the determination of the received signal. The transmitted signal,
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Figure 3.1: Second-derivative Gaussian pulse.
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Transmitted signal, which is delayed
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Figure 3.3: Transmitted signal, which is delayed.

which propagates through the medium between the MS and the BS, suffers a time

delay. In this section, the time delay is assumed to be 7 = 0.65 ns. Fig. 3.3 shows

the transmitted signal s(¢), which is delayed for 7, i.e., s(t — 7).
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Received signal
1.2 T \ T

0.6 _

0.4 7

r(t)

06 ! ! ! ! ! ! ! ! !
0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8

t(s) x 107

Figure 3.4: Received signal.

However, s(t—7) is not the received signal, because the antennas at the receiver
are not perfect and are subject to an additive noise. The received signal can be
expressed as 7,(t) = aps(t — 1) + ny(t), where a, and 7, are the loss gain and the
time delay of the propagation to the b-th BS, and the additive noise at the b-th BS
np(t).

The received signal is shown in Fig. 3.4, where 7 = 0.65 ns, a, = 1 and o2 =

0.0025 (Joule). In order to compare among them, all the signals are plotted in the
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Signal waveforms
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Figure 3.5: Signal waveforms.

same figure, being possible to see the time delay between the transmitted and re-
ceived signals, and the noise effect in the received signal.

In Fig. 3.5, a, is assumed to be one for simplicity. However, a;, usually depends
on the distance between the b-th BS and the MS and is less than one. Now, the
distance between both stations will be fixed as 6 m and the value of a; can be
obtained by using (2.0.8) and (2.0.6). For f, = 1.9 GHz, dy = 100 m and v, = 2.5,
the value of a; is 0.0042 which is much smaller than 1. Finally, the double-sided
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power spectral density of the noise can be derived from

a F

2 7
n

SNRp, = (3.1.3)

where SNRg, is the received signal-to-noise ratio and o2 is the noise variance given

by
— Sﬁ—i{. (3.1.4)
The received SNR has been fixed as 40 dB. Thus, by introducing this value in (3.1.4),
the double-sided power spectral density of the noise is 02 = 7.7255 x 107 Joule.
Fig. 3.6 and Fig. 3.7 show the transmitted and the received signals, respectively.
The received signal includes the noise, the time delay and a smaller amplitude

than the transmitted signal, because of the attenuation caused by the propagation

through the distance of 6 m between the transmitter and the receiver.

3.2 Effective Bandwidth of Second-Derivative Gaus-
sian Monocycle

The Fourier transforms in this work are performed without normalization, i.e.,

without the factor \% For notation simplicity, the Fourier transforms in angular
27

frequency, denoted by S(w), is equivalent to the Fourier transform in ordinary fre-

quency, denoted by S(f). Strictly speaking, we have S(w) = S(2nf) = S(f). The
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Figure 3.7: Signal waveforms for d, = 6 m.
effective bandwidth can be derived from (see, e.g., [41] and [55, p.43])
5 Jo S (f)Pdf
Joo I1S(H 1P f
s #@m%( DIRY (32.1)
- NIEGIRY

f w2|S )[2dw
w)|2dw

where S(w) is the Fourier transform of the transmitted signal s(¢).
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Proposition 3.2.1. The effective bandwidth calculated from the integrals assuming an
infinite duration pulse is given by

I /5
V21

Proof. See Appendix A.1. O

R
I
|
|

(3.2.2)

Note that the above effective bandwidth in angular frequency, i.e., without the
factor %, coincides with the result derived for any n-th derivative Gaussian pulse

in, e.g., [56, eq. (8)]. Moreover, the value of 3 in time domain is given by
_ > §2(t)dt
B = L —f;oms ) : (3.2.3)
2m \| [T s2(t)dt

where §(t) = 25(t) is the derivative of the signal. The theoretical effective band-
width obtained in the frequency domain is shown in Fig. 3.8, where the numerical
results for the effective bandwidth in the time domain are also shown. This figure

shows that the numerical results coincide with the theoretical computation.

3.3 Effective Absolute Central Frequency

In this case, we work with the carrierless system, and therefore we have to consider
the effective central frequency, which is given by (see, e.g., [57, eq. (7.18)])
f w|S(w)]?dw
T 218w )|2dw ‘
The integral [~ |S(w)|*dw is given by (A.1.16), and the integral [~ w|S(w)[*dw

f= (3.3.1)

can be written by using (A.1.10) as

o 400 7_6 Tg )
/ w|S(w)|2dw:/ 32—;2@056_@“’ dw

_0 ( 5 2 too g8 B 2
= / 32p2w5€75w dw —I—/ 32—p2w5e’ﬂ“’ dw (3.3.2)
oo 32T 0 T

8 0 ™ o +oo 2
= p2 (/ wie Y dw +/ woe A dw) .
327 oo 0
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Figure 3.8: The effective bandwidth of the second-derivative Gaussian pulse.
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Let u(w) = —w be a dummy variable. It can be shown that
o —+o0 7_6 Tg )
/_ W] S(w)[2dw = / ﬁwﬁe*w dw

3
2 oo 73 2
( —1)u’e —# dy +/ wPean dw)
0
+o0 sz)
( uSe 47r“ du +/ w5e_4w‘*’2dw) (3:3.3)
0

P 2 e 5 fﬁuﬂ
we i dy 4+ w’e” ¥ dw
0

327T2

Since the effective central frequency remains zero, we have to consider the effective

value of the absolute central frequency. The effective absolute central frequency is

defined by

i f wl1S(w) [Pdw
Jabs = 5~ T S@Pdw (3.34)
Proposition 3.3.1. The effective absolute central frequency is given by
Jabs = Tlp ;i (3.3.5)
Proof. See Appendix A.2. O

In [55, p. 44], another quantity of the signal is introduced as a mean frequency.

The mean frequency can be expressed in spatial frequency as [55, eq. (3.19)]

-1 [T wlS(w)Pdw
Jo=or [ 1S(W)Pdw

(3.3.6)

Note that the integrations are performed over the positive portion of the frequency,
ie, w € [0,00). Without difficulty, it can be shown that the mean frequency is
the same as the effective absolute center frequency, i.e., fo = fabs. Moreover, by
choosing 7, = 0.2877 ns, which has been used in the second-derivative Gaussian

monocycle, the effective absolute central frequency is fabs = 5.9008 GHz.
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3.4 Transmitted Signal for Outdoor Environments

With the purpose of obtaining a more realistic analysis, we use the digital trans-
mission modulated with the MSK, because this modulation scheme is really used
in the wireless system, for example, in GSM systems which use the Gaussian MSK
(GMSK) modulation. The GMSK involves filtering the digital signal with a Gaus-
sian filter and the filtered signal is modulated with the MSK. This modulation is a
scheme developed to reduce the maximum phase shift, and hence keep the ampli-
tude quasi-constant during the transmission over the band-limited wireless chan-
nel.

The MSK is a digital FM modulation with the modulation index m = 0.5. The
mathematical expression for an MSK modulated signal with z(t) as a modulating

signal is given by (see, e.g., [4])
t
s(t) = Acos (2r fot + 2n Af / () dt), (341)

where A is the amplitude of the signal, Af is the deviation of frequency and fj is
the carrier frequency of the modulation. The modulating signal z(t) is a digital

signal, which can present two values +1 or —1. Then, (3.4.1) can be written by

s(t) = Acos (wot £ 20A\ft + 0), (3.4.2)

where 0 is the phase, which depends on the values of the modulating signal, as we
will see below. If bit rate is Rp and the period of bitis T' = RLB, it is necessary to

choose Af in such a way that

mAfT = g (3.4.3)

which results in

NN = —. (3.4.4)
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The modulation index can be defined as the quotient between maximum frequency

deviation and the period of the bit, i.e., (see, e.g., [4])

% [\
3E

|l\’>|>~

_ (3.4.5)

S Sl

= 0.5.

Although the MSK is a frequency modulation, it can be expressed in term of

phase and quadrature components, i.e., (see, e.g., [4] and [5, pp. 118-128])

mt . i\ .
s(t) = v; cos (iﬁ> cos (27 fot) + ¢; sin <iﬁ> sin (27 fot), (3.4.6)

where the pair (v;, ¢;) again represents the mapping of two successive information

bits into one of four possible pairs, a case of which appeared in the following table.

]Successive binary pairs v; ¢ \

00 -1 -1
01 -1 +1
10 +1 -1
11 +1 +1

Table 3.1: The example of mapping the binary input sequence into the MSK pairs
(via QZ) :

The MSK signal is thus similar to the quadrature phase shift keying (QPSK) signal,

except that the shaping function sin (+2%) multiplying the quadrature carrier term

is in quadrature to the shaping function cos (£2%) used to multiply the inphase

carrier term. The term sin (+2%) arises simply, because of the delay T after the

low pass filter (LPF) shaping in the quadrature section of the modulator shown in
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Figure 3.9: MSK modulator.

Fig. 3.9. Note that the coefficients v; and ¢; change every T's (see, e.g., [5, pp. 118-
128]). By using a trigonometry identity, (3.4.6) may be rewritten in the following

equivalent form [5, pp. 118-128]

qimt 0 ;v =1,
s(t) = Acos (wgt S UL 0) 0= (3.4.7)
2T e —
N Ve —1.

Note from this form of the MSK signal s(¢) that the signal has the desired constant
amplitude. Because of the delay T" separating the influence of v; and ¢;, only one
of these coefficients can change at a time. The possible change of the maximum
phase is thus 7 rad.

In order to explain the MSK designation, we have to rewrite the expression for

the MSK signal in yet another form
s(t) = Acos (wot + Awt + 0); Aw = 21A\f, (3.4.8)

which corresponds to (3.4.2). This form is a representative of frequency-shift key-

ing (FSK) with the frequency deviation Af in Hz. As seen, the coefficients v; and
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¢; change every T' s, and the maximum phase change is 7, i.e., AwT = 7. The
previous equality is true only if the relationship between Af and T is Af = .
Consequently, we define Af = 7= as the MSK condition, i.e., the relationship that
we had supposed previously to obtain the modulation index. Therefore, the max-
imum phase change and the maximum frequency deviation possible in the MSK
signal are £7 and 2A\f, respectively.

This modulation presents high spectral efficiency, because it allows to transmit
two symbols with only one frequency. The transmitted bits can be distinguished by
the phase. The MSK presents also low ISI. However, the instantaneous changes in
phase may produce little changes in the amplitude, so more difficult is the demod-
ulation. To solve this problem, we can introduce a Gaussian filter before the MSK
modulation and we obtain the GMSK modulation used, for example, in the GSM.
After analyzing the mathematical expression of the MSK modulation, a MATLAB®
program has been implemented to be able to modulate the series of the bits for the
transmission. The function, which modulates a frame with a number of the bits in
the MSK, is called MSK mod and the MATLAB® code of this function is shown in
Appendix B.8. This function presents the following input and output parameters:

Function:

msk=(frame,BR,f0,tau,t,tsample)

Output parameters:

msk is a vector with the samples of the modulated MSK signals.

Input parameters:

frame is a vector with the series of the bits to be transmitted.

BR is the bit rate.
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Figure 3.10: Inphase component.

£0 is the carrier frequency for the MSK modulation.

tau is the time delay of the MSK signal.

t is a vector with the values of the time axis.

tsample is the sampling time.

The process to obtain the MSK signal from series of the bits, called frame, can
be explained as follows. We want to transmit, for example, the frame = [1100]
and let us use Rg = 400 kbps, fy = 2Rp Hz, sampling time = 100 nsand 7 = 0 s
for modeling the transmitted signal. The inphase and quadrature signals are
exhibited in Fig. 3.10 and Fig. 3.12. In Fig. 3.14, we have the MSK signal as the
transmitted signal.

The expression of the received signal is r;(t) = aps(t—7,)+n4(t), where s(t—7,) is

a delayed copy of the transmitted signal, a; is the loss gain, and n,(t) is the additive
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Figure 3.14: The transmitted signal.
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Transmitted signal
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Figure 3.15: The zoomed transmitted signal.

noise at the b-th BS. To model the received signal, it is necessary to introduce a time
delay into the transmitted signal, because of the transmission from the MS to the
b-th BS. We have chosen d, = 3 km for the distance between both stations. Then,
the time delay will be 7, = d;/c. In Fig. 3.16, the transmitted signal s(¢) can be
compared to the delayed transmitted signal s(t — 7). However, s(¢t — 7,) is not the
received signal, the loss gain and the additive noise have to be added to s(t — 7,)
to obtain the received signal. The received signal is shown in Fig. 3.17, where the

arameter SNRgy is 60 dB, 02 = 1.2010 x 1073 (Joule) and a;, = 1.7896 x 107°.
p n
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Figure 3.17: The received signal for d;, = 3 km, and SNRg, = 60 dB.
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3.5 Effective Bandwidth of MSK Signals

This section presents the effective bandwidth, which is defined by (3.2.1), for the
transmitted signal in the outdoor environments. In this case, the transmitted sig-
nal is the MSK signal defined by (3.4.7). Therefore, we need to obtain the Fourier
transform of the MSK modulation. The transmitted signal expression can be writ-

ten as

(0= 3 vacos (e — 22T) ), 651)

where (v, ¢,) is the n-th pair of the transmitted bits and NV is the number of the bits
in the transmitted frame. Only one of these bits changes each £ s, and g, is delayed
T s with respect to v,,. The pair of (v, q) includes the bit information vectors, where
v and q are defined by

v=lo e e u ' (35.2)
and

a=a @ - qN]T, (35.3)

The variables v,, and ¢, are assumed as independent variables, whose joint proba-

bility distribution can be written as

1

pv,q<vn7 qn) = pv(vn)pq<qn) = Z (354)

It is worth noting that the signal expressed in (3.5.1) lies in the general form of
digital communications signal (see, e.g., [58, eq. (1-4-1)]). Hence, this work can be

modified to other modulation schemes without difficulty.

Proposition 3.5.1. The mean of the square of the effective bandwidth of the MSK signal is
given by

1

o (3.5.5)

Ev,q{BQ} = f(? +
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Proof. See Appendix A.3. O

The expression of the effective bandwidth in the time domain is given in (3.2.3).
Therefore, to be capable of comparing the theoretical to the numerical results, it is
necessary to obtain $(t) for the MKS signal. Starting with the expression of the
transmitted signal given by (3.4.6), it is possible to derive the expression of 5(t)

from

§(t) = %s(t)

= (= gpsin (57 ) st -2 focos (57 ) sin@ei) ) 356

t t
+ g (% cos <i§—T> sin (27 fot) + 27 fo sin (j:;T—T) cos (27 fot)> .

The changes in the bandwidth of the MSK signal with the bit time is shown in
Fig. 3.18, where the theoretical value for the effective bandwidth of the MSK signal
in the frequency domain can be compared to the numerical effective bandwidth
defined in the time domain. We can see that the simulation presents some fluctua-
tions, because we cannot have infinite independent runs to obtain the exact value

of the expectation of 3 neither decrease more the sampling time.

3.6 Theoretical Estimation Error Performance

In this section, we study the theoretical performance of the ToA estimators. With
the aim at quantifying and comparing the ML estimator to the MC estimator, the

theoretical value of the RMSE for the ML and MC estimators are shown in this
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Figure 3.18: The square root of the expectation of the effective bandwidth square
for an MSK signal as a function of the information bit rate Rp for N = 2 bits, R =
[1,20] kbps, fo = 2GHz, T = RLB s, sampling time = [1,0.05] ns, and Ny = 1,000
independent runs.
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section. The theoretical RMSE for the ML estimator is given by [2]

RMSEss 1oa = \/ MSEss-toa (To,ML)

= \/Eﬁ,,ML{(%b,ML — Tb0)?}

3.6.1
B ) (3.6.1)

2 232 4 7

\/ SNRa? (8723 + 74 )

where SNR is the transmitted signal-to-noise ratio, which is given by

By

SNR = — (3.6.2)
0_1'1

Then, we have the relation between the transmitted and the received SNRs from

SNRpx = a2SNR. (3.6.3)

The RMSE for the MC estimator is (see, e.g., [2])

RMSETOA == \/MSETOA(%IJ,MC)

= \/Eﬁ,,Mc{(f'b,Mc — Th0)2} (3.6.4)
1

\/872SNRa2/3?’

where (3 is the effective bandwidth calculated previously. The error performances

shown above in the square root, i.e., the expressions of the MSEss 104 (75 m1,) and
MSEoa (7 mc), are equivalent to the CRB for the time delay estimation (see, e.g.,
[39-45]). Then, it is possible to see that the RMSE depends on the value of 3, which
is given by (A.1.26) and (A.3.21) for the indoor and the outdoor environments,
respectively. The value of /3 for the indoor environment, wich is given by (A.1.26),
is a deterministic value and therefore can be substituted directly into (3.6.1) and

(3.6.4). However, for the outdoor environment, the value of 3 is random, because
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it depends on the values of the transmitted series of the bits. Then, it cannot be
included directly into the RMSE expression.

For the outdoor surrounding, the presence of the random parameter 3 makes
the calculation of the RMSE more difficult, because we have to calculate the CRB
in the presence of a nuisance parameter, which is incurred by the MSK information
bits in this case. Then, it is necessary to consider the CRB.

The CRB is a fundamental lower bound on the variance of any unbiased esti-
mator. Therefore, the CRB serves as a benchmark for the performance of actual
estimators. Unfortunately, the evaluation of the CRB is mathematically quite dif-
ficult when the observed signal contains, besides the parameter to be estimated,
also some nuisance parameters that are unknown but whose value we are not in-
terested in. Moreover, in the case of the estimation in the presence of nuisance
parameters, the variance of any unbiased estimator is also bounded by MCRB,
which is much simpler to evaluate than the true CRB. The true CRB is never below
the MCRB, in other words, the MCRB is in general looser than the true CRB (see,
e.g., [59]).

In this section, we derive the expression of an average of the true CRB, i.e., the
expression of the ACRB, and the MCRB for the ML and MC estimators. Thereby,
if the RMSE of the ML and MC estimators fall into the lower bound given by the

square root of the CRB, they are regarded as efficient estimators.

3.6.1 Asymptotic Cramér-Rao Bound

In this section, we derive the ACRB for the ML and MC estimators for the outdoor
environment, which coincides with the MSE. Thereby, the RMSE of the ML and

MC estimators can be obtained from the square root of the ACRB of the ML and
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MC estimators.

Proposition 3.6.1. The expression of the ACRB of the MC estimator is given by

16 £ + 7
ACRBra = 8m2SNRa? (162‘ + 1% — 52f3) (3:6.5)
Proof. See Appendix A 4. O
Proposition 3.6.2. The expression of the ACRB of the ML estimator is given by
ACRBss.roa = QSNlRa2 ! 5 — + ! 5 3 (3.6.6)
P22+ 2t 5) o
Proof. See Appendix A.5. O

3.6.2 Modified Cramér-Rao Bound

In this section, we calculate the MCRB for the ML and MC estimators for the out-
door environment. In order to obtain the MCRB for the ML and MC estimators we
only have to introduce the expectation of the value of 3, which is given by (3.5.5),
into the expressions of the MSE for each estimator. Then, the MCRB is much sim-
pler to evaluate than the ACRB. Therefore, by including the value of E, {3},
which is given by (3.5.5), into (3.6.1), we obtain the value of the RMSE of the ML

estimator from the MCRB for the ML, i.e.,
1
SNRa;? <87T2Ev7q{62} + 2;@ )
b,0
_ 1
- 2
SNRa? (87 (/2 + o) + 52~
B 1
= . —.
SNRa? (8723 + F7 + 7~

MCRBss.1oa =

(3.6.7)
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RMSE as a function of the received SNRRX: Outdoor scenario

0.4 T T \
—— ToA: ACRB
* - ToA: MCRB
-O- SS-ToA: ACRB
0.35f 0 SS-ToA: MCRB [

0.25F

0.2

RMSE (m)

0.15

0.1F

0.05F

-20 -15 -10 -5 0 5 10 15 20
SNR, (dB)

Figure 3.19: Theoretical RMSE as a function of SNRg, for R = 12.2 kbps, f; = 900
MHz, T = RLB s, =3,d,=1km,and 3 = 0.9 GHz.

Similarly, by substituting the value of E, ({3} into (3.6.4), the RMSE of the ML

estimator from the MCRB is given by
1
SNRa?8m2E, {32}
1
~ SNRaZ872 (f3 + 152)

MCRBoa =

(3.6.8)

Fig. 3.19 shows the MCRB and the ACRB as a function of SNRgy for the ML

and MC estimators. However, in this figure we cannot appreciate the difference
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Figure 3.20: Zoomed theoretical RMSE as a func’Eion of SNRgy for Rg = 12.2 kbps,
fo =900 MHz, T = RLB s, % =3,d, =1km, and 3 = 0.9 GHz.
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Figure 3.21: Zoomed MCRBss 1, and ACRBssroa for R = 12.2 kbps, fo = 900
MHz, T = RLB s, =23,d, =1km, and 3 = 0.9 GHz.
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Figure 3.22: Zoomed MCRBy,4 apd ACRB1oa for R = 12.2 kbps, fo = 900 MHz,
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between the ML and the MC estimators. Therefore, Fig. 3.20 shows a zoom of
the difference between them. It is possible to observe that the ML estimator has
a smaller error than the MC estimator. The ML estimator has a better accuracy,
because it incorporates the path attenuation model into the time delay model in
the calculation of the ToA.

In Fig. 3.21 and Fig. 3.22, it is possible to see the difference between the MCRB
and the ACRB for the ML and MC estimators, respectively. As expected, the
MCRB is always below the ACRB for both estimators, because the MCRB is looser
than the ACRB.

Fig. 3.23 shows the RMSE as a function of the central frequency f, for the ML
and MC estimators. In this figure, it is possible to observe that the RMSE decreases
when the central frequency increases. However, for the values of f; between 100
MHz and 2 GHz, the difference between the MCRB and the ACRB cannot be ap-
preciated as in the previous figure. However, if we zoom in this figure, we can also

see that the MCRB is always below the ACRB.
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Theoretical RMSE as a function of the central frequency: Outdoor scenario
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Figure 3.23: Theoretical RMSE as a function of the central frequency f, for Rg =
12.2 kbps, SNRgx = 15dB, T' = 55,7, = 4, and d;, = 1 km.
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RMSE (mm) Theoretical RMSE as a function of the central frequency: Outdoor scenario
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Figure 3.24: Zoomed theoretical RMSE as a function of the central frequency f, for
Rp = 12.2 kbps, SNRg, = 15dB, T' = RLB s, = 4,and d, = 1 km.



Chapter 4

Basic Implementation of the ToA
Estimators

In this chapter, we discuss about the programming details, which will be imple-
mented to obtain the value of the ToA of the received signal for the indoor and
outdoor surroundings. The ML estimator will be implemented according to the
expression shown in (2.0.16). This estimator is compared to the MC estimator,
whose definition is addressed later. A lot of simulations will be run to illustrate
how the SNR, the path loss exponent 7, and the real value of the ToA affect the
estimation of the time delay from the transmitter to the receiver stations.

With the aim at reducing the computational load, the frequency domain has
been applied to resolve the expression obtained in (2.0.16). In this expression, we
want to resolve the correlation between the transmitted and received signals de-
fined by

To

p(m) = R(s™(t — 7)rp(t))dt. (4.0.1)

0

The convolution is defined by (f * g)(z) = [ f( — y)dy. Then, we can rewrite
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(4.0.1) as

To

p(m) = i R(ryp(8)s™(=(m — 1)))dt £02)

= R((r*57)(=m)).

The convolution theorem states that (see, e.g., [60])

f{gl * 92} = ]:{91} ’ f{gz}- (4.0.3)

By using the previous property, (4.0.2) can be resolved as (see, e.g., [44, p. 49])
p(r) =R (FH{F{r@®)} - F{s'(=(n - 1)}})
=R (FHR)-S"(N})

where R(f) and S*(f) are the Fourier transforms of the received and transmitted

(4.0.4)

signals, respectively. Therefore, the correlation is implemented in the frequency
domain, where the convolution becomes a multiplication, which can reduce the
computational load.

In this section, the ML and MC estimators are compared to each other. The

expression of the ML estimator is shown in (2.0.16) and the MC estimator is defined
by
To

TpMC = argmax R(s™(t — m)rp(t))dt
™oJo (4.0.5)

— arg max (1),
Tb
where p(7;) is the correlation computed from (4.0.4).
The RMSEs of the ML and MC estimators are calculated as a function of the

SNR, which is the signal-to-noise ratio at the transmitter, the path loss exponent

and the real value of the ToA. The expression of the RMSE is defined by

RMSE(%,) = /Ex, {(f — m0)2}. (4.0.6)
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where 7, is the estimated time delay by the ML or MC estimators and 7 is the real
value of the ToA. The expectation is performed with respect to 7,. However, we
cannot achieve the exact value of the expectation, because we can calculate it from

only a finite number of the estimations of 7;, i.e.,

Nr
. . 1 .
Eq {(75 — m0)°} = i o > (Bolnr] = 70)?
et (4.0.7)
1 Nr
= N_RnR—l (7o[nr] — 76,0)",

where Ny is a large number of independent runs, and 7;[ng] is the estimated value
of the ToA in the ny-th run.

In this chapter, the ML and MC estimators are implemented in the MATLAB®
in order to compare them to their theoretical results, whose expressions have been
obtained in the previous chapter. Moreover, different MATLAB® files are imple-
mented for the indoor and outdoor environments, because the transmitted signals
are different and they cannot be implemented by using the same MATLAB® code.

Then, each environment is studied in the next sections.

4.1 ToA Estimator Implementation for Indoor Environ-
ments

This section exhibits the investigation of the estimate of the time delay in the in-
door environment with the distance between the transmitter and the receiver from
5 cm to 6 m, and the second-derivative Gaussian pulse for the transmitted signal.
Moreover, the parameter dj is chosen to be 5 cm, which coincides with the mini-

mum distance to estimate for this environment.
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RMSE as a function of the received SNR: Indoor scenario
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Figure 4.1: RMSE of the position estimate as a function of the SNRg, (dB) for v, = 2,
dp = 3m, § = 3.1007x 10° Hz, sampling time = 0.2 ps, and Ny = 1,000 independent
runs.

Let us start studying the RMSE as a function of the SNR. In this case, the path
loss exponent is 2, because this value can model the indoor environments, e.g., the
office buildings (same or multiple floor) or the factories.

In Fig. 4.1, the RMSE of the estimate of the distance between the transmitter
and the receiver stations for the ML and MC estimators is shown as a function of

the received SNR. In this figure, the transmitted signal is considered as a signal

with the infinite duration, i.e.,

s(t)=p <t — %Tp) it >0, 4.1.1)
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RMSE as a function of the received SNR: Indoor scenario
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Figure 4.2: Zoomed RMSE of the position estimate as a function of the SNRg (dB)
for v = 2,d, = 3m, 3 = 3.1007 x 10° Hz, sampling time = 0.2 ps, and Ny = 1,000
independent runs.
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and with the finite duration, i.e.,

S(t) _ {p(t - §Tp> 0<t < Ts> (412)

0 .t € (—00,0] U (T4, 50),

where p(t) is given in (3.1.1), T is the pulse time, and 7}, is the the pulse width. The

exact value of the effective bandwidth of (4.1.2) is given from (see [61])

) |1t (L) + ( 30 (L) +28 (2 )3 — 82 (2)5) (%)

B(Ts) = 3 75\ ?
T. V2T Jorf <%ﬁ> 4 (2 (Z_p) 44 <f_p) ) o (%)

)

(4.1.3)

where erf(-) is the error function defined by (see, e.g., [62, p. 278])

erf(x - / s (4.1.4)

If we take the limit of 3 in (4.1.3) in which T} tends to the infinity, we have the same

result as that for the infinite duration, i.e.,

1
TSEIEOO B( ) \/%

15erf +

| 15exf (f—ﬁ> (4.1.5)

- Tp\/ 2

27r
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Thus, the result obtained in (4.1.5) coincides with the value of 3 for the infinite
duration pulse, which is given by (A.1.26).

In Fig. 4.1, we consider for the finite duration pulse with 7; = T,. In this figure,
it can be seen that the received SNR at which the ML and the MC estimates fall
into their asymptotic error, is approximately 14 dB. The use of the ToA estimation
can gain the accuracy of more than 2 mm for a positioning system. In the non-
asymptotic region, the MC estimator has a smaller error than the ML estimator for
the received SNR lower than —4 dB. Then, the ML estimator outperforms the MC
estimator for the values of the SNR larger than —4 dB. Fig. 4.2 shows the zoomed
area of the theoretical results for the ML and MC estimators, where the transmitted
signal is assumed to have the finite and the infinite durations. In this figure, it can
be observed that the ML estimator has a lower error variance than the MC esti-
mator, because in the calculation of the ToA the MC estimator uses only the time
delay model while the ML estimator uses both the path attenuation knowledge
and the time delay model. Moreover, by comparing the results for the infinite du-
ration pulse as the transmitted signal to the finite duration pulse as the transmitted
signal, it can be seen that the estimation for the infinite duration pulse presents a
lower error variance than the estimation for the finite duration pulse, because the
effective bandwidth of the transmitted signals with the infinite duration pulse is
larger than that of the transmitted signals with the finite duration pulse. Therefore,
if the value of (3 increases, the RMSE decreases.

In Tab. 4.1, the path loss exponent v, is shown for different environments.

The RMSE is represented in Fig. 4.3 as a function of 7,, whose value has been

selected from the range [1.6,3.5] according to the considered indoor surrounding.
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RMSE as a function of Yo Indoor scenario
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Figure 4.3: RMSE of the position estimate as a function of v, for the finite duration
pulse as the transmitted signal, transmitted SNR = 100 dB, d;, = 3 m, § = 3.1007 x
10? Hz, sampling time = 0.2 ps, and Ny = 1,000 independent runs.
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| Environment B |
Urban macrocells 3.7-6.5
Urban microcells 2.7-3.5

Oftfice building (same floor) 1.6-3.5
Office building (multiple floor) | 2.0-6.0

Store 1.8-2.2
Factory 1.6-3.3
Home 3.0

Table 4.1: The values of v, for different environments (see, e.g., [1, p. 47]).

In this figure, the transmitted signal is considered as a signal with the finite dura-
tion pulse in order to investigate the effect of finite integration in the calculation of
the effective bandwidth.

The Fig. 4.4 shows the RMSE as a function of the distance between the trans-
mitter and receiver stations, where the transmitted signal is a finite duration pulse.
We can observe in this figure that the RMSE grows up linearly with the real value

of the distance d;. However, the accuracy is high for the indoor environment.

4.2 ToA Estimator Implementation for Outdoor Envi-
ronments

As same as the indoor case, in this section let us study how the SNR affects the ML
estimation of the time delay from the transmitter to the receiver station. In Fig. 4.5,
it is possible to see that the sampling time is not sufficient for these parameters,
because the error of the simulations is the same for the SNR larger than 46 dB.
However, MATLAB® cannot compute the finer estimated ToA by using a smaller

sampling time, because the hardware memory is limited. Therefore we cannot
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Figure 4.4: RMSE of the position estimate as a function of the distance between the
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RMSE as a function of SNRRX: Outdoor scenario

10* T T T T T T T I I
+  ToA: Simulation
ToA: ACRB
10° L — — ToA: MCRB ]
0 SEIEs SRS SIS E i O SS-ToA: Simulation[3
¥ — — — SS-ToA: ACRB 9
SR + : SS-ToA: MCRB
1070 b0 $ : ¥
0O =
o : t i
1 Oy + :
100 SEEE OIEES ¥ E 4
©: +:
S
0 ?5 "t‘
— - t A
£ 10 i
s 2l & |
& 107k ; ; i 3
b ? ]
) \\\
10 " & B TR : H =
i HgE £
\\\‘
-3 T~
10 T 4
: : L : 3
\\\\ :
10k : éb\rP\\tE\\Hj\ jt
10*5 I I I ! I ! I ! ! !
0 5 10 15 20 25 30 35 40 45 50 55
SNR_, (dB)

Figure 4.5: RMSE as a function of SNRgy for d, = 500 m, v, = 4, fo = 0.9 GHz,
Rp = 140 kbps, sampling time = 8.8536 ps, 20 independent runs for the frame
realization, and 50 independent runs for the noise realization.



63

RMSE as a function of SNRRX: Outdoor scenario
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Figure 4.6: RMSE as a function of SNRgy for d, = 500 m, v, = 4, fo = 0.9 GHz,
Rp = 15 Mbps, sampling time = 1.7420 ps, 20 independent runs for the frame
realization, and 50 independent runs for the noise realization.
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simulate a real wireless GSM system.

In order to prove that the theoretical RMSEs are precise, we do the simulation
for an unrealistic high bit rate. Fig. 4.6 shows the RMSEs as a function of the SNR.
In this figure, it is possible to observe that the RMSEs of the ML and MC estimators
falls into their asymptotic theoretical RSMEs for values of the SNR larger than 30
dB. In Fig. 4.6, it is also possible to observe that for the received SNR smaller than
—10 dB, the MC estimator outperforms the ML estimator. However, for the SNRgy
larger than —10 dB, the ML estimator outperforms the MC estimator. It means that
the ML estimator outperforms the MC estimator in the threshold region and in the

asymptotic region.



Chapter 5

Imperfect Path Loss Exponent:
Mis-modeled Estimation and Error
Performance Analysis

The PLE is a key parameter in the localization algorithms based on the distance
estimation, where the distance is estimated from the received signal strength (RSS).
However, the analysis in many wireless networking problems assumes that the
value of the path PLE is known a priori. This assumption is often too ideal for the
real environment, and an accurate estimate is crucial for the study and design of
the wireless systems.

It is possible to find some related works where the problem of the unknown
PLE is taken into account in the wireless location. In [8] and [63], the PLEs are
assumed to be unknown. In [8], the PLEs are assumed different and random with
uniform and normal distributions, where based on the RSS, the consideration of
the different PLEs for each link increases the localization accuracy compared to
the identical PLE assumption. However, in [63], the wireless NLoS geolocation is

based on the path attenuation in which the PLEs are deterministic. This study also
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proposes the estimation of the different PLEs prior to the mobile position estima-
tion. In [7], the PLE is calibrated from the measurements and in [32] and [6], several
algorithm for the PLE estimation are studied. In [6], the algorithms for the estima-
tion of the path loss between any sensor and any arbitrary point inside the network
are designed using the path loss measurements between sensors. Moreover, [64]
shows a handover algorithm, which is based on the least squares estimate of path
loss parameters for each MS-BS link.

In this chapter, we assume that the PLE is known, but its value is however not
exactly the same as the true value. It means in this manner that the knowledge of
the PLE is imperfect and we can term it the imperfect PLE. We then consider the
imperfect PLE in the ToA estimation with the aim at investigating the effects of the

PLE error.

5.1 Introduction

Let us consider the imperfect PLE, because the real value of the PLE is often in-
completely available. The rapid changes in the environments, because of, e.g., the
movement of the MS or the changes in the weather, provide that the knowledge of
the PLE does not coincide with the PLE in a previous observation. The problem to
be studied in the sequel can be formulated as follows. We assume that the PLE is

subject to an additive error, i.e.,
v =Y + 0, (5.1.1)

where 7 is the real value of the PLE and J, is the additive error. Then, the theoret-

ical error performance of the ToA estimation will be explored.
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In Chapter 2, we have obtained the theoretical performance of the ToA estima-
tion using the ML estimator, which is given by (2.0.16), with the perfect knowledge
of the PLE. Only the ML function is considered herein, since the ML estimator re-
quires the knowledge of the PLE, whereas the MC estimator does not need the
knowledge of the PLE. Let us reconsider the objective function of the ML estima-

tor

fan(m) = @ (n) Bx — 2as(m ) / TR (= m)ro() 512

= ap(1o]7) Es — 2a5(1) p(m3).

The expression (5.1.2) lies in an ideal situation, where the PLE is assumed to be
perfectly known. However, in this chapter, we consider the imperfect PLE and
therefore the ML objective function should take into account the imperfect PLE

value, i.e.,

S (ml7) = ai(1]3) Es — 2a(1]7) p(7), (5.1.3)

where 7 is any value of the PLE to be inserted into the ML function. In the former
works, the sensitivity analysis of the ML estimator under model error is inves-
tigated for the application of direction-of-arrival estimation (see, e.g., [9,16,31]).
This idea can be applied to investigate the mis-modeled estimation' in (5.1.3).

Using the imperfect value « for the PLE, the ML estimate is given by

TpmL(y) = arg min ay (1o]7) Es — 2a5(70]7) p(73). (5.1.4)

Note that 7 mr(77) is introduced, since we want to mention that the mis-modeled
ML estimate in this chapter is different from, actually a generalized version of,

(2.0.16).

1The mis-modeled estimation is referred herein to as the estimation of 7, under the use of the
mis-specified value of 7o, i.e., 7.
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5.2 Friedlander Analysis Method

In [9] the theoretical expression of the error between the estimated and the real

ToAs is given by (see [9, eq. 20])

(v =) 357 Su () S
. L (5.2.1)
E”b(t) { 8T§8n fML(Tb|7) Tb:TbO}

A close idea to the above expansion is also considered in [16]. The previous ex-

7A-b,ML('7) — Tpo = —

pression shows the error between the estimated and the real values of the ToA. In
order to find the explicit form of (5.2.1), it is necessary to develop each term from
this expression. Basic results for the first and second derivatives of the ML function

under the imperfect PLE are provided in Appendix A.6.

Proposition 5.2.1. Using the Friedlander analysis method in (5.2.1), the error between
the estimated and the true values of the ToA is given by

1
%7(1 + ) Esap 0 — %7 (1+ 17) Esapo + 87232 Esang

,0

ToML(Y) — Too = —

1 _
(7 - 70) (_(Esab,(] + Pns,0 — Esab,O)
Tb,0

1 dyp . 1 1 do '\ .
-7 In | — Esab,O — 5 L%Ap,0 — SPns0 | — In|— Pns,0 | »
Tb0 CTh0 2 2 CTh,0
(5.2.2)
where ay, is the loss gain for the true value of the ToA and the imperfect PLE, pys is the

correlation between the noise and the transmitted signal at the true value of the ToA, and

Pns,o0 15 the first derivative of the correlation between the noise and the transmitted signal
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at the true value of the ToA, which are given by

a0 = ap(Tu0]7), (5.2.3a)

Pns,0 = pns,b|7-b:~rb’0 > (523b)

) 0

Pns,0 = a_pns,b s (523C)
Ty T6=Tp,0

with pngpy = [, ° R(n(t)s*(t — m))dt being the correlation between the delayed transmitted
signal and the noise.
Proof. Substituting (A.6.17) and (A.6.20) into (5.2.1), we obtain

1
%7(1 + ) By, — %7 (1+ %) Esapoano + 87232 Egtoan0

%b,ML('V) — Tp0 = —

L N
(,-)/ - 70) (_@b,O(Esab,O + pns,O - Esab,O)
Tb,0

1 do \ R 1 1 do \ . .
——In{ — | apo | Espo — zEsap0 — =pnso | —In| —— ) @p0Pns0 | -
Tb,0 CTp,0 2 2 CTp,0

(5.2.4)

Some algebraic manipulation yields the final expression (5.2.2). O

5.2.1 Bias of the Friedlander Analysis Method

Proposition 5.2.2. Using the Friedlander analysis method, the bias of the ML estimation

under the imperfect PLE is given by

(v = v0)(aso — @) — v(v —70) In (Cf§0> (avo — 3abp)

En, o147 —Tpof = — — — Th0-
o (oo (7) = 7o} 872327 b0 — (v(avo — apo) + 2 ($ab0 — v0)) »
(5.2.5)

Proof. See Appendix A.7. O

It is possible to observe that in (5.2.5) the bias depends on neither the energy of

the transmitted signal nor the noise variance.
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Perfect PLE

Remark 5.2.1. When the PLE is perfect, the bias reduces to

Eny ) {7oL(7) — T0}|_, =0. (5.2.6)

7="0

Large Effective Bandwidth

Remark 5.2.2. For a large effective bandwidth, the bias tends to

Bim Enb(t) {%b,ML('Y) - Tb70} = 0. (527)

The Bias as a Function of PLE Error

Remark 5.2.3. We can investigate the bias as a function of J, = v — v, from

Enb(t) {%b,ML(’V) - Tb,o}

57 (1 - <c:—lﬁ) 3% + (’)/0 + (57) In (Cfbo,o) (% - <C:—l20>§6ﬂ,))
N ! is Tb,0-
872027, — (70 + 0, (1 () 4 (0t 0) <% () ))
(5.2.8)

5.2.2 The Error Variance of the ML Estimator Using the Friedlan-
der Analysis Method without the Expectation of the Cross-

derivative

Proposition 5.2.3. Using the Friedlander analysis method without the expectation of the

cross-derivative, the error variance of the ML estimation under the imperfect PLE is given
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by
7'1)2,0(7 - 70)2

a _ 2
(%—’07(1 +7) =7 (1+37) + 87r2ﬁ2r,§o)

ap,0

7 d 1 a 2
)
Qp,0 CTh0 2 o

—— 14+ —~1 = Tng 2322 92 .
+2 aao Es < + 2,}/ " (Cpr)) + aio ES T B Tb,O n CTh0

Eny ) { (Fomr(7) — 70)°} =

5.2.9)

Proof. See Appendix A.8. O
Perfect PLE
Remark 5.2.4. When the PLE is perfect, the error variance reduces to

Ent) { (P (7) = 10)°}|,_, = 0. (5.2.10)
Large Effective Bandwidth
Remark 5.2.5. For a large effective bandwidth, the error variance tends to

Bim Enb(t) {(%b,ML(’)/) - Tb70)2} = 0. (5211)
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The Variance as a Function of PLE Error

Remark 5.2.6. We can investigate the error variance as a function of 6, = v— from

Eo, ) { Fomn(7) — 7,0)%}

2 2
Tb70(57

1

304 _ 2
<%+““+%+5NWJ '%%+%HH%%+¥»+%%%@

ls 2
do 1 do \ 27
1- S| —=)[=— (=2
<< CTbo +(%+ ") H<CTb,o) <2 <CTb,0) )>
11 o2 1 do \\> 1 o2 do
S ng 5)In [ —— 2723212 In? [ ——
+2a§0 ( +2<%+ ) n<07'b,0)> +a1§0Es " ﬁTbO CTb,0

2
T 05

w

2
( (0 + ) (149 +8,) = (30 +6,) (1 + 3% + 30,) + 87r2ﬁ2¢b‘{0)
dy \ 2" d 1 do O\ 2% 2
JR I N 0
( < (CTb,U) +(’70+5'y) n(ch,()) (2 (CTb,o) ))
1
2

1 1 do 2 1 27322 1.2 do
1+ = o) In [ — 2 — )
a%jOSNR ( + 2(70 +0y) In (cmo)) + aiOSNR ™p Tbo CTh 0

(5.2.12)

5.2.3 The Error Variance of the ML Estimator Using the Fried-
lander Analysis Method with the Expectation of the Cross-
derivative

In this section, we can formulate the error between the real and the estimated ToAs

by

82
(’y — VO)Enb(t) { 0T fML (Tb|7> ‘Tb:Tb,O }

Tb Tb()}

%b,ML('Y) —Tb0 = —

(5.2.13)

mM{%%Ammw
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Proposition 5.2.4. Using the Friedlander analysis method with the expectation of the

cross-derivative, the error variance of the ML estimation under the imperfect PLE is given

by

Eny { (Foan () — 10)°}
2
(v — )2 (LEsdb,O(abp — o) — %vln (;2()) E.din (no — %%,o))

Tb,0

- 2
<?107(1 + ) Esay oy — %7 (1+ 57) Esawoano + 87?252Esdb,oab,o> (5.2.14)
_ N2
o =0 (1= Gt i () (3 - 22))

= N - 2
<%37(1 +79)—7 (1 + %7) + 8725271)2,())

Remark 5.2.7. If we take the limit of Z; to the infinity in (5.2.9), the expression in
(5.2.9) is equal to (5.2.14). It can be implied that the result in (5.2.14) is the large
SNR approximation of that in (5.2.9), see Fig. 5.4 and Fig. 5.5.

Perfect PLE

Remark 5.2.8. When the PLE is perfect, the error variance reduces to
Ent) { (P (v) = m0)° ], = 0. (5.2.15)

Large Effective Bandwidth

Remark 5.2.9. For a large effective bandwidth, the error variance tends to

Bim Eny@) { (Fomn(y) — 70)*} = 0. (5.2.16)
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The Variance as a Function of PLE Error

Remark 5.2.10. We can investigate the error variance as a function of 6, = v — 7o

from

E., ) { (Fomn(v) — 7,0)% }

lgw l‘sw 2
002 (1 - (%) (ot dy)In (cfl?,()) (% N (c(TiTOo> 2 ))

2

Ls, - 5.
((ﬂ> (0 +05) (1 +70 +6,) = (30 +05) (1 + 370 + 36,) + 87r2527b%0)

(5.2.17)

In (5.2.17), we can see that the error variance depends on neither the energy of the

transmitted signal nor the noise variance for this method.

5.24 Comments on the Friedlander Analysis Method

However, when v = v, i.e., for the perfect PLE, we can see in (5.2.10) and in
(5.2.15) that the error variances of the ML estimation computed from the Fried-
lander method without the expectation of the cross-derivative and with the ex-
pectation of the cross-derivative become zero. This result is inconsistent with the
intuition, since the error variance should reduce to the square of (3.6.1). Therefore,
the error variance of the ML estimator calculated by the Friedlander method with-
out or with the expectation of the cross-derivative cannot well predict the error
performance.

The major reason of the inaccurate prediction ability by the Friedlander meth-
ods is that the Taylor expansion in [9, eq. (19)] has missed the derivative term at
the true values of vy and 7, . Next we correct the expansion based on the Taylor

series.
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5.3 Theoretical Error Performance Based on the First-
Order Taylor Series

The first-order Taylor series of the a% fur(m|%) in two variables around the true

values 7,y and v can be written as (see, e.g., [10-12])

0 N 0 - 0? -
a—beML(TbW) = 8—beML(Tb|7)'TE:Tb,o * 8TbabeML<TbW)‘Tg=n,o (76 — Tb0)
Y="0 Y="70
2
* Fon, nh) ’= (= 0) + o7 = 70)" + (3 = 30)) o=

=70

(5.3.1)

The estimated value 7, = 73, mp, () minimizes fyr,(7,|7) using a mis-modeled PLE.

Then, a% fun(m|y) )= 0, which results in

Tb:fb,ML(W
F=v
0= L hnl|  + 2L hamm| Gant) - )
= — T T T — T
ot MLATSIY TH=Tb,0 01,01 MLATSIY TH=Tb,0 b,MLLY 5,0
) ”‘” = (5.3.2)
by I — 2 N — =m0 .
* Frgn )| (= 0) + ol(m = m0)” + (5 = ) )| =m0
Y=

We assume that there is a point 7 in the line segment between 7, o and 7, yr, () such

that the term o((7ym1(Y) — 76.0)> + (5 — Y0)| = 0 vanishes, i.e., (see, e.g., [12])

Tb=7b,0

a2
* aTbaTb

0
0= a—nfML(Tb"Y)

2

8’)/67'1,

(TomL(7) — T0)

= (5.3.3)

SuL (7))

To=Tb,0

+

San (7)) (v =)

To=T

For a continuous derivative %;b fuL(m]y), the quantity #{;n fun(mly)]  con-

Tp=T

verges to E,, o) { #;Tb fun (7o) ‘Tb:n O} with probability one. Moreover, for a con-

. . . 2 . 2
tinuous derivative % fuL(m]), the quantity ﬁ (7))

also converges to
N

Tp=—
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52
En, @ {ﬁfML(TbW)‘

into (5.3.3), we can obtain (see, e.g., [65])

} with probability one. Then, including these results

T5=Tb,0 }

(5.3.4)

Tv=Tb,0

+ (v = 70)En, @) {%;nfML(TbW)

Tv=Tb,0 }

Proposition 5.3.1. Using the anlysis method derived from the Taylor expansion with the

o P (7))

T5=Tb,0

2
Eny0) {ﬁfw(nh)

7A'b,ML(fY> — Tp0 = —

expectation of the croos-derivative, the error between the estimated and the true values of

the ToA can be given by

7A'b,ML<'Y) — Tb,0

1
%7(1 + ) Estpo — %7 (14 37) Esapp + 87232 Esapg

0

1 . .
(__"Y (Esab,ﬂ - Esab,O - pns,O) - 2an,O
Tb,0

1 B 1 d B 1
+— (v — 70)Es(app — @po) — —y(v — %) In <—0) Eq (ab,o - —ab,o)) .
Tb,0 Tb,0 CTp,0 2

(5.3.5)

Proof. See Appendix A.9. O

5.3.1 The Bias of the ML Estimator under the Imperfect PLE

Proposition 5.3.2. Using the analysis method derived from the Taylor expansion, the bias

of the ML estimation under the imperfect PLE is given by

(27 — ) (a0 — @0) + (v — ) In (Cf£0> (2ap0 — o)

87232720 ab0 — (V(avo — b0) + 72 (3060 — b))
(5.3.6)

En, ) {7omL(7) — 7o} = — o,
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Proof. See Appendix A.10. O

It can be seen that the bias depends on neither the energy of the transmitted
signal nor the noise variance. This result corresponds to the fact that when the
channel parameter, i.e., the PLE, is not well identified, even though the transmitted

SNR is high we cannot obtain the consistent estimate of the ToA.
Perfect PLE

Remark 5.3.1. When the PLE is perfect, the bias reduces to

En, ) {Tomr(7) = 0}|._, =0 (5.3.7)

=70
Large Effective Bandwidth
Remark 5.3.2. For a large effective bandwidth, the bias tends to

Bim Enb(t) {%b,ML('Y) - Tb70} = 0. (538)

The Bias as a Function of ¢,

Remark 5.3.3. We can investigate the bias as function of d,, = v — 7, from

Enb(t) {%b,ML(’V) - Tb,o}
(27 =50) (1= 22) + (v = o)y In (22 (1 - 2
2222 ap,0 1 ap b0
sy = ((1-52) +0 (3 52))
20,) (11— )2 + 6, (0 4+ 6,)In (o) (1 — (o 3%
(70 + ’Y) cTh0 y\Y0 y) CTh 0 2 CTh,0
5

T T Tb0-
_ 504 2797 7
swzirgy — (o +87) (1= ()™ + 0 (3= (2)7))




3 Bias as a function of 6v: Indoor scenario
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Figure 5.1: Comparison of the theoretical bias of the position estimate as a function
of 0, for the Friedlander and the Taylor expansion methods for the imperfect PLE,

several values of vy, d, = 3 m, and /3 = 3.1007 x 10° Hz.
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” Bias as a function of & : Indoor scenario
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Figure 5.2: Zoomed comparison of the theoretical bias of the position estimate as
a function of 4, for the Friedlander and the Taylor expansion methods for several

values of 7, d, = 3 m, and 3 = 3.1007 x 10° Hz.
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5.3.2 The Error Variance of the ML Estimator for the Imperfect

PLE without the Expectation of the Cross-derivative

In this section, let us consider the error between the estimated and the real ToAs

defined by

2
abeML(TbW)’ nera T (7 =) ﬁfML(TbW)’

Tb=Tb,0

} = (5.3.10)

ToMmL(Y) — Tho = —

En) { S Pl

It can be observed that the bias obtained from (A.9.2) is the same as that from
(5.3.10). However, the error variance obtained from (A.9.2) is not the same as the

expression (5.3.10).

Proposition 5.3.3. Using the analysis method derived from the Taylor expansion without
the expectation of the cross-derivative, the error variance of the ML estimation under the

imperfect PLE is given by

nb(t { 7'bML —Tb,o)Q}
CLb() dO abO 2
2y =) (1 ——=) +7(y—=7)In 1w
ap,0 CTh0 2 app
11 02 do ’
+§a_ﬁs <7+ (v — ) (1 + vln (m‘bo))) (5.3.11)

1 o2 d 2
n2 272 ) 1 0
b (240 - wn()))

_ 1 ) 2
Tb2 (wv(l +7) — (1 + —7) + 87252T§0> )

p.0 2

Proof. See Appendix A.11. O
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Perfect PLE

Remark 5.3.4. For the perfect PLE the error variance reduces to
1
Eny ) { (Foa(7) = 70)°}| = - . (5.3.12)
b "Y—’YO a%OSNR (877'262 + 2@)
’ Tb,0

Proof. See Appendix A.12. O

Therefore, if we take the square root onto the last expression, we obtain the
RMSE, which is identical to the expression given by (3.6.1).
Large Effective Bandwidth

Remark 5.3.5. For the large effective bandwidth, the error variance remains zero,
ie.,
Bim En, ) { (Fopn(7) — 70)°} = 0. (5.3.13)

The Error Variance as a Function of PLE Error

Remark 5.3.6. We can investigate the error variance as a function of J,, = 7 —, from

Enyt) { (o () = 70)° }

_ (((70+257) (1_ (%O)%év) 46, (10 +6,)In (%) (%— (;_570);57))2

1 1 1 do 2
- - 14 = In [ ——
+2 O/iOSNR ((Pyo + 57) + 5'}’ ( + 2(70 + 5’7) n <C7—b’0)>)
1 _ d 2
o322 (246, In [ ——
+a§,OSNR ™5 760 ( +oyin <c7’b,0)> )

1
2 dO
Tb,0 —
CTj b,0

|
>
3

—2
1 _
(0 + )L+ +9,) = (30 +65) <1 +500+ 57)) + 87T25271)2,0> :

(5.3.14)
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The Error Variance for Infinite SNR
Remark 5.3.7. Then, for infinite SNR we have

o By { (P (v) = 7m0)7}

((70+257) < _ (%)%) +0, (7 +6,) In (ciio) (% - (%>16>>2 |
_ Tb,O‘
()

Oy

SIS

2
(o +8)(1 470+ 6,) — (10 + ) (1+ 130 + 8,)) + 8w262n‘%0)

(5.3.15)

5.3.3 The Error Variance of the ML Estimator under the Imperfect

PLE with the Expectation of the Cross-derivative

Proposition 5.3.4. Using the analysis method derived from the Taylor expansion with
the expectation of the cross-derivative, the error variance of the ML estimation under the

imperfect PLE is given by

Enb(t) {(%b,ML(IV) - Tb,0)2}

a a 2 o2 _
(e () o () (- 8)) i s
N ; N 2 b,0°
(“b—’(’v(l +7) = (1+ 37) + 82527,

ap,0

(5.3.16)
Proof. See Appendix A.13. O
Perfect PLE
Remark 5.3.8. For the perfect PLE the error variance reduces to
By { (Fopn(7) = m0)? . _ = ! - m— (5.3.17)
T SNRa, (8722 + )
) 0
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Proof. See Appendix A.14. O

Therefore, if we take the square root onto (5.3.17), we obtain the RMSE, which

is identical to the expression given by (3.6.1).

Large Effective Bandwidth

Remark 5.3.9. For the large effective bandwidth, the error variance remains zero,
i.e.,

Blm Enb(t) {(ﬁ),ML(V) - Tb,0)2} =0. (5318)

The Error Variance as a Function of PLE Error

Remark 5.3.10. We can investigate the error variance as a function of 6, = v — v

from

Enb(t) {(ﬁ;,ML(V) - Tb,O)z}

- ( ((’Yo +24,) (1 _ (%}0) z&) +0y(70 +9,) In (%) (% - (Ci_:())
1

167) > |
+ 1(% +6,)% + 812377
aaOSNR 2 K 5,0

1 —2
dy \ 2% 1 1 _
Tio <<—0> (Y0 +0,)(1+7 +0,) — (0 + ) <1 + 5% + 557) + 87?252%2,0) :

CTp,0 2

=
N

(5.3.19)



84

The Error Variance for Infinite SNR
Remark 5.3.11. Then, for infinite SNR we have

Sl\Ilg{rEoo Eny (0 { (Fon () — Tb’O)Q}

30 15, 2
(1m 200 (1 (2)™) st () (- (4)))
B s, - 2 7b,0°
((%) <%+5y><1+%+67>—<%+5y>(1+%%+§57)+8W2527,30)

(5.3.20)

According to (5.3.15), it is possible to observe in Fig. 5.3 that for a large SNR the
Taylor expansion methods with and without the expectation of the cross-derivative
for calculating the error variance give the same result. As in Remark 5.2.7, the
Friedlander analysis methods with and without the expectation of the cross-derivative
provide the same result in Fig. 5.3. For a large SNR, we can also observe that the
Friedlander method without the expectation of the cross-derivative does not coin-

cide with the Taylor expansion methods for a large SNR.

Fig. 5.4 and Fig. 5.5 show the theoretical error variances for the Friedlander
and the Taylor expansion methods with and without the expectation of the cross-
derivative for different values of the true PLE and the SNRg..

Fig. 5.6 and Fig. 5.7 show the Taylor expansion method with the expectation
of the cross-derivative for the RMSE of the position estimate as a function of J,
for several values of vy and the SNRgy. Note that in Fig. 5.6 the error variance
increases fast for the negatives values of the PLE error, and in Fig. 5.7 the RMSE
increases when the SNRy, decreases. Moreover, in Fig.5.8 and Fig. 5.9 we can
observe the Taylor expansion method with the expectation of the cross-derivative

for the RMSE of the position estimate as a function of J, for the infinite SNRgy,
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RMSE as a function of 5v: Indoor scenario
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Figure 5.3: Comparison of the theoretical RMSE of the position estimate as a
function of ¢, for the Friedlander with or without the expectation of the cross-
derivative and the Taylor expansion methods with or without the expectation of
the cross-derivative for the imperfect PLE, several values of v, d, = 3 m, transmit-
ted SNR = 200 dB, and /3 = 3.1007 x 10° Hz.
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RMSE as a function of 6y: Indoor scenario
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Figure 5.4: Comparison of the theoretical RMSE of the position estimate as a func-
tion of J, for the Friedlander and the Taylor expansion methods with or without
the expectation of the cross-derivative for the imperfect PLE, several values of v,
dy = 3 m, SNRgy = 20 dB, and 3 = 3.1007 x 10° Hz.
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RMSE as a function of 6y: Indoor scenario
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Figure 5.5: Comparison of the theoretical RMSE of the position estimate as a func-
tion of J, for the Friedlander and the Taylor expansion methods with or with-
out the expectation of the cross-derivative for the imperfect PLE, several values of
SNRgy, dy = 3m,y, = 2.5, and 3 = 3.1007 x 10° Hz.
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107 RMSE as a function of 5y: Indoor scenario
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Figure 5.6: Taylor expansion method with the expectation of the cross-derivative
for the RMSE of the position estimate as a function of 4, for the indoor scenario,
several values of 7y, SNRgx = 20 dB, d, = 3 m, and 3 = 3.1007 x 10° Hz.
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RMSE as a function of 6y: Indoor scenario
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Figure 5.7: Taylor expansion method with the expectation of the cross-derivative
for the RMSE of the position estimate as a function of 4, for the indoor scenario,
several values of SNRgy, 7 = 2.5, d, = 3m, and § = 3.1007 x 10° Hz.
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RMSE as a function of Bv: Indoor scenario
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Figure 5.8: Taylor expansion method with the expectation of the cross-derivative
for the RMSE of the position estimate as a function of ¢, for the indoor scenario for
infinite SNR, d;, = 3m, and 3 = 3.1007 x 10° Hz.
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4 RMSE as a function of 6y: Indoor scenario
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Figure 5.9: Taylor expansion method with the expectation of the cross-derivative
for the zoomed RMSE of the position estimate as a function of 4, for the indoor

scenario for infinite SNR, d, = 3 m, and # = 3.1007 x 10° Hz.
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Bias as a function of SNRRX: Indoor scenario
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Figure 5.10: Bias of the position estimate as a function of SNRg, for the imperfect
PLE, v = 2,6, = 0.5,d, = 3m, 3 = 3.1007 x 10° Hz, sampling time = 0.01 ps, and
Nr = 1,000 independent runs.

where we can see that the error variance is also higher for the negative values of

the PLE error than for the positives values of the PLE error.
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5 Bias as a function of SNR_ : Indoor scenario
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Figure 5.11: Zoomed bias of the position esti_mate as a function of SNRgy for the
imperfect PLE, 79 = 2, 6, = 0.5, d, = 3 m, 8 = 3.1007 x 10° Hz, sampling time
= 0.01 ps, and Ny = 1,000 independent runs.
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RMSE as a function of SNRRX: Indoor scenario
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Figure 5.12: RMSE of the position estimate as a function of SNRg, for the imperfect
PLE, v = 2,6, = 0.5, d, = 3m, 3 = 3.1007 x 10° Hz, sampling time = 0.01 ps, and
Nr = 1,000 independent runs.
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RMSE as a function of SNRRX: Indoor scenario
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Figure 5.13: Zoomed RMSE of the position estimate as a function of SNRg, for the
imperfect PLE, vy = 2, 6, = 0.5, d, = 3 m, 8 = 3.1007 x 10° Hz, sampling time
= 0.01 ps, and Ny = 1,000 independent runs.
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5.4 Numerical Discussions about the Simulations and
the Theoretical Analysis for Indoor Environments

Fig. 5.10 and Fig. 5.12 show the bias and the RMSE of the position estimate as
a function of SNRgy for the imperfect PLE and the indoor environment. In these
tigures, it is possible to observe that the ML and MC estimates fall into their asymp-
totic errors. In addition, Fig. 5.11 shows the zoomed asymptotic region of the bias,
where it is possible to observe that the empirical bias of the ML estimate with the
imperfect PLE presents higher error than the MC and ML estimates with the per-
tect PLE. Moreover, it can be seen that the Taylor expansion performance presents
higher accuracy than the Friendlander analysis method for the imperfect PLE.
The RMSE:s of the position estimate as a function of SNRg, for the perfect and
the imperfect PLEs, and the indoor environments are shown in Fig. 5.12. Note
that in the threshold region, the ML estimators with the perfect and the imperfect
PLEs present smaller error than the MC estimator. Then, for a small PLE error,
e.g., 6, = 0.5, we can conclude that in the threshold region, the ML estimator
presents higher accuracy than the MC estimator even in the presence of the imper-
fect PLE. In addition, Fig. 5.13 shows a zoomed portion of the asymptotic region
of the RMSE, where we can see that the MC and ML estimators with the perfect
PLE fall into their asymptotic theoretical RMSEs and they also present the smaller
error variance than the ML estimator with the imperfect PLE. Furthermore, it can
be observed that the Taylor expansion with the expectation of the cross-derivative

is the most accurate prediction of the RMSE for the imperfect PLE.
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Figure 5.14: Bias of the position estimate as a function of 4, for the imperfect PLE,
7 = 2, SNRg, = 20 dB, d, = 3 m, 3 = 3.1007 x 10° Hz, sampling time = 0.01 ps,

and Ny = 5,000 independent runs.



98

x 107 Bias as a function of dy: Indoor scenario
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Figure 5.15: Zoomed bias of the position estimate as a function of 4, for the imper-
fect PLE, 7o = 2, SNRg, = 20 dB, d, = 3 m, 3 = 3.1007 x 10° Hz, sampling time

= 0.01 ps, and Ny = 5,000 independent runs.
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Figure 5.16: RMSE of the position estimate as a function of ¢, for the imperfect
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RMSE as a function of dy: Indoor scenario
T I I I I T
+  MC Simulation :
— — — MC Analysis
O ML Simulation: Perfect PLE
— — ML Analysis: Perfect PLE
295 O ML Simulation: Imperfect PLE

1 _
0 ML Analysis: F without ECD
x - ML Analysis: F with ECD
¥ - ML Analysis: TE without ECD o
ML Analysis: TE with ECD Og o
E
L
n
=
[0 d
107281

Figure 5.17: Zoomed RMSE of the position estimate as a function of 4, for the
imperfect PLE, 79 = 2, SNRgx = 20dB, d, = 3 m, 8 = 3.1007 x 10° Hz, sampling
time = 0.01 ps, and Ny = 5,000 independent runs.
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The bias and the RMSE of the position estimate as a function of ¢, for the imper-
fect PLE and the indoor environments are shown in figures 5.14 and 5.16. Observe
that the MC and the ML estimates with the perfect PLE coincide with their asymp-
totic theoretical performance and they do not depend on the value of §,. However,
the ML estimate with the imperfect PLE depend on the PLE error and therefore
we can see that the ML estimate falls into the Taylor expansion performance for
small values of d,. Moreover, we can observe that the most accurate prediction
of the RMSE for the ML estimator with the imperfect PLE error is the Taylor ex-
pansion with the expectation of the cross-derivative, as seen in Fig. 5.13. The
zoomed asymptotic regions of the bias and the RMSE are exhibited in Fig. 5.15
and Fig. 5.17, respectively, where we can seen that the errors from the real esti-
mation present some fluctuation because of the inadequate sampling time and the
finite number of independent runs, which are limited by the hardware simulation.
Furthermore, Fig. 5.15 verifies that the MC and the ML estimators with the per-
fect PLE are asymptotically unbiased. Unfortunately, the ML estimator under the

imperfect PLE is asymptotically biased.

5.5 Theoretical Error Performance for Outdoor Envi-
ronments

In the last two sections, we mentioned that the Taylor expansion method gives
the highest theoretical performance accuracy of the error between the estimated
and true values of the ToA. For this reason, in this section we consider only the

expression of the bias by using the Taylor expansion method for the outdoor case,
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i.e., for the digital signal with the MSK modulation.

The bias of the Taylor expansion method is given by (5.3.6), which depends on
the effective bandwidth. As seen in Chapter 3, the effective bandwidth of the MSK
signal is random, because it depends on the transmitted bit information vectors,
which are random. Similarly as done in Chapter 3, we shall derive the expression

of the averaged bias (AB), and the lower/upper bound of bias (LUBB).

5.5.1 Averaged Bias

In order to obtain the AB by using the Taylor expansion method for the outdoor
case, we should take the expectation of the bias, which is given by (5.3.6), with

respect to the random variables v and q.

Proposition 5.5.1. Using the analysis method derived from the Taylor expansion, the

averaged bias of the ML estimation under the imperfect PLE in the outdoor is given by

Enb(t)qu{%b,ML(’Y) - Tb,O}

) ) o\ (1
= —5Tho <(27 — %) (@b — Gpo) + (v — ) In (F&) <§ab’0 B ab’o) )
1 (5.5.1)

<2sz,0@va (wo — %)2 — (v(ano — o) + 72 (3000 — @0))

1
+ .
270 (wo + %)2 — (Y(abo — av0) + 72 (Fan0 — @b,o)))

Proof. See Appendix A.15. O



103

5.5.2 Lower/Upper Bound of Bias

In this section, we calculate the LUBB of the bias by using the Taylor expansion
method for the outdoor environment. In order to obtain the LUBB we only have

to evaluate the expectation of the value of 3.

Proposition 5.5.2. By including the value of E, {3%}, which is given by (3.5.5), into
(5.3.6), we obtain the LUBB of the bias of the ML estimator with the imperfect PLE for the

outdoor case from

(29— 0) (an0 — o) + (7 = 70) n (225 ) (Sano — dno)
- ~ Tb,05
8m21i a0 (3 + 1572) — (V(avo — @vo) +2 (3000 — @v0))

(5.5.2)

Eny@valfomn(y) — Too} = —

when the right-hand side in (5.5.2) is positive. The upper bound can be expressed as

(29 = 90) (a0 — @) +7(7 = 70) 0 () (Sano — o)
8m2120ab0 (f3 + 1572) — (V(avo — ano) + 72 (3060 — b))

(5.5.3)

Enyvalfomn(y) — Too} < — o,

when the right-hand side in (5.5.3) is negative.

5.5.3 Numerical Discussions about the Simulations and the The-

oretical Analysis for Outdoor Environments

The figures 5.18 and 5.20 exhibit the bias and the RMSE of the position estimate as
a function of SNRg,, where it can be observed that when the SNRy, increases, the
MC and ML estimates with and without the PLE error fall into their asymptotic er-
rors. Fig. 5.19 shows a zoomed region, which contains the AB and the LUBB for the

outdoor case. Note that the LUBB becomes the upper bound of the bias, which is
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Figure 5.18: Bias of the position estimate as a function of SNRgy for the imperfect
PLE, 7o = 5,6, = 1,d, = 500 m, Rg = 15 Mbps, f; = 900 MHz, sampling time
= 1.7420 ps, 20 independent runs for the frame realization, and 50 independent

runs for the noise realization.
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6 Bias as a function of SNR_ : Outdoor scenario
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Figure 5.19: Zoomed portion of the AB and the LUBB of the position estimate as
a function of SNRgy for the imperfect PLE, vy = 5,0, = 1, d, = 500 m, Rg = 15
Mbps, fo = 900 MHz, sampling time = 1.7420 ps, 20 independent runs for the
frame realization, and 50 independent runs for the noise realization.
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RMSE as a function of SNRRX: Outdoor scenario
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Figure 5.20: RMSE of the position estimate as a function of SNRgy for the imperfect
PLE, 7o = 5,4, = 1,d, = 500 m, Rg = 15 Mbps, f; = 900 MHz, sampling time
= 1.7420 ps, 20 independent runs for the frame realization, and 50 independent
runs for the noise realization.



107

RMSE as a function of SNRRX: Outdoor scenario
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Figure 5.21: Zoomed RMSE of the position estimate as a function of SNRgy for
the imperfect PLE, 7y = 5,6, = 1, d, = 500 m, Rg = 15 Mbps, f; = 900 MHz,
sampling time = 1.7420 ps, 20 independent runs for the frame realization, and 50
independent runs for the noise realization.
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RMSE as a function of SNRRX: Outdoor scenario
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Figure 5.22: Zoomed RMSE for the imperfect PLE, v = 5, 6, = 1, d, = 500 m,
Rp = 15 Mbps, fo = 900 MHz, sampling time = 1.7420 ps, 20 independent runs for
the frame realization, and 50 independent runs for the noise realization.
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Figure 5.23: Bias of the position estimate as a function of ¢, for the imperfect PLE,
Y = 5, SNRgx = 32 dB, d, = 500 m, Ry = 15 Mbps, f; = 900 MHz, sampling time
= (.3484 ps, 20 independent runs for the frame realization, and 50 independent
runs for the noise realization.

above the AB, as the bias is negative. Moreover, in figures 5.21 and 5.22, a zoomed
portion of the asymptotic region of the RMSE is shown. In the zoomed zone of
the RMSE in Fig. 5.21, we can observe that the MC estimate and the ML estimate
with the perfect PLE are identical, and they also present a lower error than the
ML estimate with the imperfect PLE. However, the MC estimate provides a worse
accuracy than the ML estimates with or without the PLE error in the threshold
region, as seen in Fig. 5.12 in the indoor.

In figures 5.23 and 5.24, we can observe the bias and the RMSE of the position
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Figure 5.24: RMSE of the position estimate as a function of ¢, for the imperfect PLE,
Y = 5, SNRgx = 32 dB, d, = 500 m, Ry = 15 Mbps, f; = 900 MHz, sampling time
= (.3484 ps, 20 independent runs for the frame realization, and 50 independent
runs for the noise realization.
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estimate as a function of J, for the imperfect PLE and for the outdoor environ-
ments. Note that the numerical errors present some fluctuations because of the
insufficient sampling time and the finite number of the independent runs. Unfor-
tunately, the sampling time cannot be decreased neither the number of the inde-
pendent runs can be increased, because they are limited by the hardware simula-
tion. Moreover, we can see in Fig. 5.23 and Fig. 5.24 that the bias and the RMSE
present very small values because of the high received SNR. However, a lower

SNR does not guarantee the simulation results to be in the asymptotic region.



Chapter 6

Conclusions and Prospective
Directions

6.1 Conclusions

In this thesis, we have extended the application of the hybrid SS-ToA concept to
the second-derivative Gaussian pulse and the MSK signal waveforms.

Moreover, the PLE is a key parameter in the localization algorithms based on
the distance estimation. However, the true value of the PLE is unknown and there-
fore we should take into account the mis-modeled PLE into the ToA estimation. In
order at including the PLE error into the ToA estimation, we have analyzed the ML
estimation under the imperfect PLE by using the Friedlander and the Taylor expan-
sion analysis methods. As observed in the previous chapter, we have found that
the analysis method using the Taylor expansion with the cross-derivative expecta-
tion provides the highest theoretical performance accuracy of the error between the
estimated and true values of the ToA. In addition, in the Taylor expansion analysis
method, the theoretical performance of the error variance with the highest accu-
racy is given by the Taylor expansion analysis method with the expectation of the

cross-derivative.

112
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As seen in the numerical discussions about the simulations and the theoretical
analysis for the indoor and outdoor environments, the ML estimators with the
perfect and the imperfect PLEs present the smaller error than the MC estimator in
the threshold region. Then, in the threshold region and for a small PLE error, the
ML estimator presents higher accuracy than the MC estimator even in the presence
of the imperfect PLE. However, in the asymptotic region the MC and ML with
perfect PLE estimators outperform the ML estimator with imperfect PLE.

Then, in the presence of the PLE error, we could finally summarize that in the
threshold region, the ML estimator outperforms the the MC estimator for the small
PLE error, e.g., 6, = 0.5 in the indoor case, and the moderate PLE error, e.g., §, = 1
in the outdoor case. However, in the asymptotic region the MC and ML estimators

under the perfect PLE outperform the ML estimator with the imperfect PLE.

6.2 Prospective Directions

Three promising studies can be cast into the future works, such as partitioned con-
volution, non-asymptotic analysis and random path loss exponent error. Since the
wireless communication systems often work with a very high central frequency,
which leads to a large effective bandwidth, the time resolution for computing the
convolution should be very fine and therefore a very long memory is required. To
support this demand, the partitioned convolution might be a solution. The moti-
vation to observe the non-asymptotic region analytically is that Fig. 5.12 and Fig.
5.20 illustrate that in a low SNR, even though the PLE is subject to the error, the ML
estimator can still outperform the MC estimator. Alternatively, the consideration

of the random PLE will be more solid, since it will cover the conducted results and
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treat this thesis as a special case.

6.2.1 Partitioned Convolution

In this thesis, we have used the convolution to compute the ML and MC estimates.
However, we have found some computational problems in the simulation of the
real wireless systems, because of the hardware limitations. In [66, p. 313], a parti-
tioned convolution is discussed by convoluting the partitioned input signal by the
filter and then summing all output segments. In [13] and [14], the algorithm of the
real-time partitioned convolution is studied and implemented on a digital signal
processor platform. In this manner, an efficient convolution is attained with the ad-
vantage of low input/output delay. Then, the convolution required by the MC and
ML estimators can be handled in a personal computer by means of the partitioned

convolution and therefore it allows to simulate the real wireless systems.

6.2.2 Non-asymptotic Analysis

In this thesis, we have studied the bias and the RMSEs of the MC and ML estima-
tors of the ToA and the effects of the imperfect PLE in the mis-modeled estimation
of the ToA by using the ML estimator. However, we only analyze the asymptotic
region of the estimation and therefore the next step in the research could be the
analysis of the non-asymptotic region, i.e., threshold region and non-informative
region.

Some related works provide the analysis of the threshold region, see, e.g., [16]
and [15]. In [15], the threshold effects are studied in the estimation of the parame-
ters of single-frequency tones from a finite number of noisy discrete-time observa-

tions. The study in [15] concentrated on the presence of the threshold in the RMSE
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of a non-linear estimation caused by a low SNRgy, and in the frequency estimation
because of the occurrence of the outliers. The study [16] extends the analysis of
the asymptotic and threshold region of the MSE performance of the ML estimator
for the DoA estimation. The performance of the MSE prediction in the presence of

signal model mismatch is provided in [16].

6.2.3 Random Path Loss Exponent Error

In this thesis, the effect of the imperfect PLE are studied by assuming a deter-
ministic PLE error. Therefore, the analysis of the random imperfect PLE is another
possible future line of the research. In this section, we postulate a PLE error model,
where the PLE is assumed to have a doubly truncated Gaussian distribution.

We assume 0, as a variable with Gaussian distribution with mean 0 and vari-
ance 03, ie., 0, ~ N(0, a?/). Thereby, the PLE has also a Gaussian distribution with
mean 7y, and variance 03, ie., v~ N(v, 03). However, the PLE cannot be less than
zero and be infinite. Therefore, the PLE has to present a doubly truncated Gaussian
distribution given by (see, e.g., [17,18])

1 1 —ﬁ(v—voﬁ

() = 52 — € . 6.2.1
1 Ymax —7Y _ﬁ vy 277-0' ( o= )
Veroy Jymin—y e ddy !

For a convenient form, we have

1 1 — 52z (v=0)?
vy

@(%(Vmax —7)) — q)(g—{/('Ymin —7)) \/%Uwe |

py(7) = (6.2.2)

where ®(u) = P(U < u) is the cumulative distribution function (CDF) of the stan-

dard random variable written by (see, e.g., [17])

1 “ /
O(u) = —%/ e 2" du. (6.2.3)
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It can also be written as ®(u) = 3 <1 + erf (ﬁ) ) , where erf(-) is the error function.

Then, (6.2.2) can be written as (see, e.g., [18])

p (7) _ 2 ]- efﬁ(7770)2
’ erf (ﬁ%(’ymax — 7)) — erf (ﬁ%(vmm — 7)) V2mo,
’ ) ’ L (6.2.4)

27y
20‘,Y .

= e
erf (7 (mex = 7)) = e1f (7= (min — 7)) V270
The mean and the variance ¥ and o2, of the doubly truncated Gaussian distribu-

tion are given by (see, e.g., [17, p.33])

Le—ﬁ(%mn—%ﬁ o Le_ﬁ(’Ymax_’YO)Z
/Vt =" + ml var 1 O-'y
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= e
=% + ﬂl . ) Ty
erf <\/§0’Y (7max - 7)) — erf (\/‘Q_my(f}/min - 7))
R _L('Ymin_’YO)Q _ _i('}/max_'yo)2
Ymin —70 202 Ymax —70 202
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of, =03 | 1+ . ) T — (% — )’
® (& O =) = @ (2272
L ) ) ) (6.2.6)
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—o? |1+ f - f — — (% — %)
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The error expressions of the ML estimator, such as the bias in (5.3.6) and the error
variance in (5.3.16), are valid for a deterministic PLE. A possible way is the inves-
tigation of the error performance for (5.3.6) and (5.3.16) in the case of the random

PLE.



Appendix A

Lengthy Algebraic Derivations

A.1 Proof of Proposition 3.2.1

Consider the Fourier transform of the second-derivative monocycle with finite du-

ration pulse from

(A.1.1)

%Tp )2 ) %Tp 2 02 .
S(w) :/ e_Qﬂ(ﬁ) e_J“’tdt—/ A (i) 6—27’(;) oWt gy

2 ) 2
() in L\’ ( ) (A12)
=F{e \vom - —F e \Vvem
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The second equality in (A.1.2) is actually an approximation, since the pulse has a
tinite duration. However, the derivation in (A.1.2) provides a simple but accurate
approximation. The effect of finite and infinite duration signals for the effective
bandwidth is investigated in the next section (see (4.1.3)). Using the time-scaling

property of the Fourier transform (see, e.g., [60, pp. 252-253 ]), i.e.,

1 w
F HN=—aG(=), A.l13
{g(nt)} m ( n) (A.13)
(A.1.2) can be rewritten as

]—“{e’tQ} |w=T—Pw -2

Ven

Tp Tp
\ 2T \ 2T

The frequency derivative property of the Fourier transform is given by (see, e.g.,

S(w) = F{Pe ) | (A14)

[60, pp. 252-253])

Fltg(t)) = jﬂ%. (A.15)

Using the previous property in (A.1.4), we obtain

_ | v —t2 _ 92| Tp 8_2 —12
S(w) = Nor f{e } ’w:%w 2j Nors 8w2]:{e } |w:%w' (A.1.6)

The solution of this Fourier transform is F {e_”t2 } = \/ge_%" (see, e.g., [60, pp. 252-

253]), where R(n) > 0. For the case n = 1, we have

T, w2 T 0% .2
S - P T4 T 2 P —e 4 T
(w) ﬁ —27'( € |w:\/%w -+ ﬁ —27'(' awz |w:\/§?w
Tp 2 T | O 2w _w?
== e 4 T +2 - ——€ 4 T
i v R P e by ﬁw( TRy | P
Tp 7“,2 Tp < 7& 2w2 w2)
— e - e d — (ALY
/27'(' |w— > w \/_ /271' 4 }w:mw
T w? Cw?
— s —€ 4 _ T
A2l 2 W=
Tp o e
w'e 4
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Finally, substituting the value of w into (A.1.7), the expression of the Fourier trans-

form of the transmitted signal s(¢) can be rewritten as
S(w) = 2 2emst, (A.1.8)

The Fourier transform of s(t) can be also expressed as a function of the frequency.

By changing w = 27 f, S(f) can be obtained from

S(w) = S@2rf) = S(f) = %TS 2075/, (A.1.9)

In order to obtain the effective bandwidth of the transmitted signal defined by

(3.2.1), the value of |S(w)|* can be derived as

75 B o
|S(w)|* = 32—1;2w4e*w : (A.1.10)

The value of [*_|S(w)[*dw can be written as

= 2 Ty 4 .
/ |S(w)] dw:/ wie Y dw
T

o0 —00

7-6 ee B 9
- 2 / e By (A1.11)
7T — 0o

6 0o 2

T, T 2

=P 5 wie = dw.
167= J,

In (A.1.11), there is an integral whose form is [ 2"~ dz. In order to obtain the

solution, we ought to make the next variable change

Consequently, we have

2n(3)2 (A.1.13)
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Using (A.1.12) and (A.1.13), the integral fooo 2e " may be rewritten as a func-

tion of y in the following equivalent form

/ m"e”xde:/ (xQ)%e’m‘”de
0 0
0o B y 5 1
= e Y= dy

n

11T
T2 (_> / YT e vdy.
2\7 0

To resolve (A.1.14), by utilizing the Euler integral defined by I'(m) = [~ y™ e ¥dy

(see, e.g., [67]), where I'(m) is the Gamma function that provides I'(m) = (m — 1).

In this case, we have m — 1 = ”T’l, ie,m= "T“ The solution of the integral can be

obtained from

ntl
/ et g % (%) "o (” —; 1) | (A.1.15)
0

Thereby, by defining n = g and n = 4 and using (A.1.15), the solution of (A.1.11)

0 6 4 g
|15k - (1) F(§)
o0 167 \ 7, 2 (A.1.16)

Then, the energy of the transmitted signal in the frequency domain is

is given by

1 o
E,=— 1S (w)|*dw
2m J_ o
6 5

_ T (AT (5 (A.1.17)
1672 \ 72 2
3

= —Tp.
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%107 Energy of the transmitted signal
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Figure A.1: Energy of the transmitted signal.

The value obtained in (A.1.17) is the energy of the transmitted signal, which can

also be expressed in the time domain as

E, = /oo s%(t)dt. (A.1.18)

[e.e]

The result of [ w?|S(w)|*dw is derived as follows

oo oo 7.6 _rg )
/ w2|5(w)|2dw:/_oo 32—;2@(166’@‘" dw

6 00 2
T. _l) 2
= —p2/ wle T3 duw.
0

—00

(A.1.19)

3272
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Applying (A.1.15) in (A.1.19) and letting n = g and n = 6, we have

[e'e) 6 z
2 o0 T (AT (T A.1.20
/_ w|S(w)]dw—167T2<T§) r(2). (A120)

[e.9]

Then, the square of the bandwidth of the transmitted signal in frequency and time

domain are given, respectively, by

1 o
W = —/ w3 S (w)]Pdw
2 J_ o

157 (A.1.21)
dr,]
and
W = / §2(t)dt. (A.1.22)
where 5(t) = 2 s(t) can be solved as
, 0
$(t) = as(t)
=(1- 2a(t))e_a(t)%oz(t) - Qe_a(t)%a(t) (A.1.23)
0
=(-3+ 2a(t))e_a(t)§oz(t)
Then, we have
P 2
§2(t) = (=3 + 2a(t))%e 20 (aa(t)>
(A.1.24)

= (42(t) — 12a(t) + 9)e 2" (%a(t)) :

We calculate the square of the bandwidth of the transmitted signal s(¢), where

1 2
a(t) = 27 (=222 . Therefore, in (A.1.24), Za(t)is
S ot
1
—a(t) = =4n(t — §Tp). (A.1.25)

Finally, the effective bandwidth expression in the frequency domain is
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6 10% Square of the bandwidth
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Figure A.2: The square of the bandwidth of the transmitted signal.
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f w2|S )|2dw
w)|?dw

27 4
2)°r(3
<Tp >) (A.1.26)
1 a4\ T (3 +1)
27 72 r (g)
e
o7 2 ) 2T (%)
B )
N 2m72
1[5
B o V2T
A.2 Proof of Proposition 3.3.1
Next we have to evaluate
o 70 0 5 2 Hoo 5 2
/ |w]||S(w)[Pdw = 32p2 (/ |w|whe =" dw +/ |wlw'e™ 3= dw)
o0 T\ oo 0 (A.2.1)

0 0 s 2 oo h 2
= (/ |wdle” = dw +/ wie  an® dw) :
327 e 0



125

Let u(w) = —w be a dummy variable. It can be shown that

o T6 0 Tg 5 400 Tg )
[ tis@pas =g ([ coicare B [ o)
o0 u 0

- (—o0)

T6 o0 5 TIQ’ 2 +oo 5 TI2> 2
=2 —/ (—=1)u’e 2" du+/ w’e” = dw
3272 0 0

6 o) 2
T, 77'71;) 2
P 2/ we Y dw.
0

(A.2.2)

Thereby, by assigning n = g and n = 5 in (A.1.15), the solution of (A.2.1) is given

oo 6 g
9 To  [4m\? 6
= — R
| lsPas = 22 () (5)

by

6 3
1672 Tg
= 8.

Substituting (A.1.16) and (A.2.3) into (3.3.4), we obtain

1 8«
) 1‘% P (A.2.4)

Tp 3T

fabs =

A.3 Proof of Proposition 3.5.1

The Fourier transform of the transmitted signal can be calculated by

S(w) = F{s(t)}

N-1 . (A3.1)
- (- )9 |

The linearity property of the Fourier transform states for any complex numbers e

and o that F{eg(z) + Vg2(z)} = eF{g1(z)} + VF{g2(x)} (see, e.g., [60]). Therefore,
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(A.3.1) can be rewritten as

S(w) = Nzl v F {COS ((wo - U”;gf) t) } (A.3.2)

The Fourier transform shown in (A.3.2) has the form F{cos(nz)} = w(6(w — 1) +

d(w~+n)) (see, e.g., [60]), where n = wy — 2%, Then, we have

°T *
S(w) = ]:211 Uy T (5 (w —wo + UnquMT) +90 <w + wo — v,;anW» (A.3.3)

The expression of |S(w)|? can be obtained as follows

(D (5 o+ ) (- )

n=1
= U G T Uy @ T
» i n'4n’ 5( B n'4n’ ))
(;v w(é(w wo + 5T )—l— w 4+ wo 5T
N—-1N-1 T T
2 nYn n4n
- e (9 (- )6 (e —=577))
T 2 n/ZIU v ( w — wy + 5T +0 |w+ wy 5T
(5 ( N Un/qn/ﬂ') s ( N vn/qnm)) (A.3.4)
YT o 0T Tor
N—-1N-1 T oG T
2 n4n n'{n’
- e (0 (- )i (- )
T 2 n/ZIU v ( w—wy+ 5T w—wpy+ 5T
UnGnT Up/ Qpy T
5 (wren = S0 ) o (- )
+0 |w + wy 5T W — wo + 5T
UnqnT Un/Qn' T
+5<“’_”0+ 2qT >5<w+w0— Q?T )

B UnQn”) ( i Un’Qn’7T>>
+5<w—|—wo 5T 0w+ wy 5T )

The Dirac delta function (or the Dirac measure, or the Dirac distribution), denoted

by d(z) (see, e.g., [60] and [68, p. 292]), has the following properties:
1. 0(z) > 0 for —oo < x < 400,

2. §(x) =0forx #0,
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3. f(x)d(z — zo) = f(x0)d(x — x0) for any function f(x),
4. [7 6(x)dz =1.

For any continuous function f(z) defined in the interval x € (—o0, +00),

/OO f(x)d(z)dx = f(0). (A.3.5)

Furthermore, for any real or complex value z, and for any continuous function

f(x) on R, the Dirac delta provides

/_ T H@)0(x — 30) do = f(zo). (A3.6)

The expression (A.3.4) contents the terms with the form §(w —w,) - 6 (w —wy), which
can be developed by using the 3th property of the Dirac delta. By defining z =

w — w,, and therefore §(w — w,) as f(z) and §(w — wy) as 0(x — ), we can write

(w—wy) - 0w —wp) =0(x)d(x + wy — wp)
(A.3.7)
= 5((4)(, — wa)é(:c + w, — wb),

where by using the second property of the Dirac delta, the term 6(wy, — w,) = 0 if

wq # wp. Then, the multiplication yields

0 S We FE Wh,
Mw—wy) - 0w —wp) = { 7 (A.3.8)

(W — W) W = W
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We can analyze the different terms of (A.3.4) by using the previous result as

nYn n'/{4n’ 0 ; Undn 7£ Un/Qn/,
5(”_WO+UQQITW>5<”_”°+U 2qT7r> -
(52 (w — wo + _vnqnﬂ') y Undn = Un/Qp,
(A.3.9a)
0 s UnQn 3& Un/Qn',

(oo ) (s )
6 (w +wo — %) y Unln = Un/Qy/,

(A.3.9b)
ndn n' Qn! 0 ,2@0%M+ n’qn”r7
5<”+”0_ U2qTW>5<”_°"°+U 2qT7T> -
62 (UJ + W — vn2(?{:ﬂ') ,2&)0 ’Unqn7r + n/qn/ﬂ'7
(A.3.90)
0 2wy # M + n/qn/w
UnqnT Up/Qp' T ; 0 ,
(- ) (e = 557) =
w wo + 5T w ~+ Wy 2T

P (o~ + ) oy = a4 e

(A.3.9d)

Observe that the conditions in (A.3.9c) and (A.3.9d) are the same and require more

analysis. The condition 2wy = “4% + =T s true only when v,,¢g, = Vg = 1
and wy = 57. We can rewrite the condition wy = 57 as a function of the central
frequency and the bit rate as

1
2’/Tf0 = §7TRB. (A310)

Then, the previous condition yields 4 f, = Rg, i.e., the bit rate should be four times
much bigger that the central frequency. However, this condition is not realistic
because no real wireless systems operate with a bit rate higher than the central
frequency. For example, in the GSM systems, the typical values of the central fre-
quency are 900 MHz and 2 GHz, and the GSM systems provide the bit rates of up
to 140 kbps (see, e.g., [5, p. 12]).
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Moreover, if the bit rate is chosen such that wy, = %WRB holds, then under the

V1 gy T

2T 7

condition 2wy = “4* +- the expression |S(w)|? can be obtained from

|S(w)|]? = 27T2]:Zj (52 (w —wp + qujfﬂ) + 42 (w +wy — qujfﬂ)> (A.3.11)

Note that in the final calculation of 3, the factors of 2 appears at the nominator,
[ w?|S(w)|*dw, and at the denominator, [~ |S(w)|*dw. Then, both factors of 2
will cancel each other. Therefore, our analysis can support the condition wy =

%WRB with the same value of the effective bandwidth. In what follows, we will

assume wy # smRp for simplicity. Then, the final expression of |S(w)[* can be

written as
1S(w)|* = =2 ]:Z__;l (52 (w —wy + vn;?;ﬂ) + 62 (w +wy — vn;{;ﬁ>> (A.3.12)

Evaluating [ |S(w)|?dw, we can derive
oo oo N-1 VnGn T VT
2 _ 2 2 _ nin 2 _ Ynin
/_OO]S(w)] dw—/_ooﬂ 521 ((5 (w wo+ —5r >—|—5 <w+w0 5T ))dw

N-1 o0
2 2 UngnT 2 UnqnT
=7 ;/—ood <w—w0+—2T>+5 <w+wg— 5T >dw

N-1 s

= 2 5( _ U”qnﬂ>5< . ’UnQn']T>d
™ ;/OO w— wo + 5T w— wqy + 5T w
— [ VUn(nT VUn (T
+7T2Z/ (5(w+w0— "2; )5<w—i—w0— nQTn )dw.
n=1"Y ~>

(A.3.13)

The last property of the Dirac delta may be used to solve (A.3.13). Then, by defin-
ing 6(z) as 6 (w — wo + 227) and f(x) as § (w — wy + 227) in (A.3.5), we have

N-1

? /_OO 5 <w —wo+ ””q””) 5 (w —wo+ U"q"”) dw = 7 NZ 5(0).  (A3.14)

2T 2T

n=1 n=1
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Similarly, by taking d(z) as § (w +wp — *227) and f(z) as § (w +wp — 227T), we

have

W2Ni/m5<w+w0_ U’;an7T>6(w+wo— UnnTt )dw—w225 (A.3.15)
n=1"Y ~>®

Substituting (A.3.14) and (A.3.15) into (A.3.13) we obtain
0o N-1 N-1
/ |S(w)|*dw = 7 Z §(0) + 72 Z 5(0)
- n=1 n=1
N-1
= 27 Z 5(0)
n=1

= 27%(N — 1)6(0).

(A.3.16)

The next step to obtain j is the calculation of [~ w?|S(w)|*dw, which can be solved

from
o o = UnGnT VpQnT
2 2 2_2 2 nin 2 nYn
S(w)fde = (¢ (- )+ (oen = %577) )d
/Oow] (w)]*dw /Oowﬁ 2 w— woy + 5T + 0% (w+ wo 5T w
S Gn T UnQnT
2 2 UnQn 2 nQn
- (¢ (- )+ (wrun—57) ) d
T n:1/oow W — Wy + 5T + w + wo 5T w
N1 oo -
2 22 ndn
- W25 d )
anl/oo ww0w+ 5T
N-1 o0 -
2 2 ¢2 ndn
5 - >d
+7rzl/_oo w + Wy 5T w

(A.3.17)

By letting 6(z) be 0 (w — wp + 2227 and f(z) be w?§ (w — wp + *227) in (A.3.6), the

integral in the first term of (A.3.17) is

/C: Bah) (w —wy + UqunW> ) (w —wo + Un;;ﬂ> dw = (wo — qujfﬁ)z 5(0). (A.3.18)
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By letting 0(z) be 0 (w + wo — 2227 and f(z) be w?§ (w + wy — *227) in (A.3.6), the

integral in the second term of (A.3.17) can be resolved as

/Z w0 (w + wo — quT”W> b} <w + wo — U’;qT"7T> dw = (—wo T U’;qj’f)Q(s(o),
(A.3.19)

Consequently, the solution of (A.3.17) is

N-1 N—1
o 29, 2 _ UngnT\? 2 _ UnGnT 2
/_Oow |S(w)]"dw =7 ; (wg 5T ) 3(0)+m 2 ( wo + — 5 ) 5(0)
N—1 TN ?
o 2 _ Ynfn
=27 2 (WO oT > (5(0)
N-1 T
o 2 _ Unfin
— 2725(0) > (wo o )
(A.3.20)
Finally, we obtain the value of 3 from
_ 1 7w S (w)Pdw
7= I 1S (w)]2dw
1 [2m26(0) 3000 (wo — ) (A3.21)
27 2125(0)(N — 1)
SN (g
2m N -1

The PDF of v,, and ¢,, is given by the discrete value of —1 and +1. The PDF of v,
and ¢,, can be written as
1
Pele) = 5 (30 + 1)+ 8(0, — 1), (A3.22a)

alan) = 5(5(ga +1) + 5(g. — 1)) (A3.220)

The variables v,, and ¢,, are assumed as independent variables, whose joint prob-

ability distribution can be written as p, ,(vn, ¢n) = Pv(Vn)pe(gn). The transmitted
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information is random. Therefore, the value of 3 is also random. Then, we need to

determine the expectation of B, ie.,

Ey.q{6°}

o ()

zn ) (wo — tngem)”

47_(_2 vaqvnaqn N _1
N—-1 4
1 UnGn 2
T 2 2P (0= =)

1

i
_

=
=

) :
. (WO CICANN <WO ) <—1><—1>w>2>

3
Il

—
N | =

T 2T

=

87T2(1\17 —1) & (w0 - %)2 + (ot %)2
ﬁ(]\/ —1) <2w02 +2 (%)2)

i (e (57))

3
Il

1
_ £2
=Jot 57w
(A.3.23)
A.4 Proof of Proposition 3.6.1
The ACRB of the MC estimator can be developed as
ACRBroa = Ey g {MSEma(Fmc)}
VA agSNR87T2B2 (A4.1)

SRS S B
T @2SNR8r2 YU\ 2
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Then, we need the value of E, 4 {i} which can been derived from

S | e =

N -1
_47T Zpyq Un,Q’rL ZNil (wo— vnq_mr)Q

n=1 2T

4
= 47T2(N — 1) va(vn)pq(qn) N—1 2
k=1 Zn:l (u)() - nQC{{“L )

1

1

+_
4 N-1 D)\ 4 N1 (=D )2
o P I il (PR oy

2 2
_|_
SV (wo— )" N (wo + —))

= 1 247r2
wg + (27TT) — 2w§ (%)
YRS
16fO 16T4 o %Qfg
16f0

16fO 16T4 o %Qfg.
(A.42)
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Finally, by including the value of Ey 4 {%} into (A.4.1),we obtain (3.6.5).

A.5 Proof of Proposition 3.6.2

Similarly, the ACRB of the ML estimator can be developed as

ACRBss 1o = Ey g {MSEss-10a(751.) }

_E 1
- v,q — 2
aFSNR(87252 + 74-)
_ 1 E 1
2 va\ ~— - .2
N C (A5.1)
4
1 1
- a?SNR Z N—-1 Vngnm\2 2 9 pv(vn)pQ(q’n)
b k=1 87-‘-2 (l\/an (WO_T ) _i_’y_b
2 N-1 27'172,0
4
1 1
NN E——

P) N_1
a; SN S

N-1 - 21,
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The, the expression A.5.1 can be solved as

1

ACRBss.ton = ) N—1 EDEDr)2 | 2
N1 Zan—t (“O_ 2T ) T

1
aZSNR | 4

2 2
N-1 -+~
v T (o — SHEE) 4

B 1 1 2 A50
_a§SNR 4221\7*1 7w\ % (A-5.2)
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A.6 Basic Results for the First and Second Derivatives
of the ML Function under the Imperfect PLE

Then, we need to find a form of the derivative %ab(nh). The expression of the

loss gain is given by

dy\ 2"
ap(1p]y) = VK (—0) . (A.6.1)
CTy
Therefore, we have
0 1
el - . A.6.2
aTbab(TbW) 2Tb7ab(Tb|7) (A.6.2)

The first and the second derivatives of fy(7|7) with respect to 7, can be derived,
by using the result given by (A.6.2), as

0

0 0 0
a—beML(TbW) = QGb(TbW)Esa—Tbab(TbW) - QP(Tb)a—Tbab(TbW) - QGb(TbW)a—TbP(Tb)

1 1 )
= ——vEa; (n]y) + —yan(m|y)p(1) — Qab(fb\v)a—p(n)
Ty Ty Ty

=~ (Baulnh) = p(n)) (k) — 2a(m) o-plm),

(A.6.3)
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0? 1 1 0 1
8—TbngL(Tb”Y) = T—bg’YEs@z%(TbW) - ;b?’yEsab(Tb”Y)a—n&b(TbW) - T—bﬂab(TbW)P(Tb)

1 9, 1 9, 9, 0

+ Zaanh) zpm) + S -anh) -2 geamh)) (5o
82

- QGb(Tb”Y)a_%gP(TQ

1, 1 1 1
= S Eal(nl) - 2 Eanh) (~g-wlnh) ) - ool

1

1 ) 1
+ —vab(Tblv)—a p(16) + p(15) —7 (——vab(fblv))
Tb Ty Ty 2Tb

1 ) 0?
- —;b”ﬂlb(TbW) a_rbp(Tb)_Qab(Tbma_rfp(Tb)

1 72 1
= —QVEsag(TbW) + —2Esa§(7b|7) - —27ab(Tb|7)P(Tb)
Ty Ty Ty
1 0 1 1 0
+ —vap(1|7) =—p(15) — =572 a(T]7) (1) + —vas(T]y) =—p(75)
T o 27 T ony
82
) -
ab(Tbh/) aTbQ P(Tb)

1 1 1
_ 4 ECmh) - S (1 ; —7) av(7s/7)p(m)
Ty Ty 2

+ Lovayimin) 2 o) = 2ay(ml) L p(m)
T Yap\Ty|Y 8pr Th ap\Ty|7Y P\Tp).

or?
(A.6.4)
In (A.6.3) and (A.6.4), the expression of p(7,) is given by
To
p(mp) = / R(ry(t)s™(t — m))dt
0
To
= / R((ap(1p.0|70)s(t — T0) + n(t))s™ (t — 7))dt (A.6.5)
0
= ab(Tb,0|70)pss,b + Pns,bs
where we define
To
Pss,b — §R(S<t — Tb70)8*(t — Tb>)dt, (A66a)
0
To

Posp = R(n(t)s™(t — m))dt. (A.6.6b)
0
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For simplicity, we can rewrite

P(T5) = Ab0Pssp + Pusps (A.6.7)

where a,0 = ay(m0]70) is the true value of the loss gain. Moreover, the expression

of p(m,) for 7, = 1, is given by

P(760) = P(T6)lry=r,0 - (A.6.8)

The first derivative of (A.6.7) with respect to 7, for 7, = 7, can be written as

% pim) ’ + 2 (A69)
5 P\Tb = Ap0 7 Pss,b S Pns,b 5 0.
om, Tv=Tb,0 om, TH=Tb,0 om, TH=Tp,0
where ai Pss,b can be shown as
o8 T my=Tp 0
0 /TO < 0
A Pss,b = R(s(t—10)5-s(t—7)))|dt
o TH=Tp.0 0 on, Tb=Tp,0
/TOTb / a / /
=— R <s(t — (To0 — ™)) = 8™ (¢ )) dt
. ot =750 (A.6.10)
1 t'=To—T
—_ _5 |S(t/)|2 t/:_ThOb’O
=0.
Then, (A.6.9) can be written as
0 0
() = S Pusb (A.6.11)
o7y TH=Tb,0 o, TH=Tb,0
The second derivative of (A.6.7) with respect to 7, for 7, = 7, is given by
0? 0? 0?
_p(Tb) = Qb0 7 5 Pss,b + 5 5 Pns,b y (A612)
87—172 Tb=Tb,0 87_3 Tb=Tb,0 a b2 Tb=Tb,0
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where the first term can be obtained from

82 To 82
—5 Pss, :/ %(St—T, s (t—T )dt
87—1)2 ' Tb=Tb,0 0 ( bO)aTb2 ( b)) Tb=Tb,0
To*‘rb 82
__ / R (s(t’ (o — Tb)>—25*(t’>> ar
. or
/ P o t'=To—7p,0 too | 9 /
=R (s(t)@s (t )) o - /Oo @S(t)
+too | 9 2

By using the expression of the effective bandwidth in the time domain given by

To=Tb,0
2

dt’

(A.6.13)

(3.2.3), we have
0’ 2 72
A5 Pssb = —471° [ Es. (A.6.14)
aTbQ Tb=Tb,0
Therefore, (A.6.12) can be shown as
0 - .
WP(TIJ) = —47T252Esab,0 + Pns,05 (A.6.15)
Ty To=Tb,0

where pps0 = %pns,b and therefore E,, ) {fns0} = 0. Substituting (A.6.11)

Tv=Tb,0

and (A.6.15) into (A.6.4) for 7, = 7,9, we obtain

82
5 L (m]7)
87'1)2 ML\ /b

1 3 1 1\
= (1 +7)Eas, — = (1 + 57) 5,00 (Th,0)
Tb=Tb,0 7_b,O 7_b,O

(A.6.16)
1 ~ . ~ 2 52 ..

+ T—Q’Yab,oﬂns,o — 2ap,0 (—47T B Esapo + pns,(]) .
b,0

Therefore, the expected value of (A.6.16) with respect to the noise for 7, = 7, is

given by

1 . 1 1 _
} =51+ 'Y>Esaz%,o — =7 (1 + 57) Egayoap0
Tb=Tb,0 7_b,O Tb,o

82
En, @) { meL(Tbh/)

+ 87?262Esdb,0ab70.
(A.6.17)
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The derivative of the loss gain with respect to v is given by

0 1 d,

Samh) = 51 (2 ) atmh), (A619)

Then, we can derive

82
07877;

1 1 0 1
() = —T—bEsag(Tbh) - ;bQWEsab(TbW)a—vab(Tbh) + T—bab(Tbh)P(Tb)
1 0 0 0
+ T_b'Yp(Tb)%ab(Tb”y) —2 (a_ryab(Tbh/)) (8_77,p(7b>)
1 9 1 1 do
= —T—bEsab(TbW) - T—bVQEsab(TbW) <§ In <C—Tb> ab(Tb|7)>

+ leab(nlv)p(n) + le’}/p(Tb) (% n <C_Tb> ab(TbW))

1 dy 9]
~2 (5 (2) i) min)
do

1 1
= ——FEa;(n]y) — —vIn (—) Esap(1o|7)
Ty Ty CTy

1 1 do
- n [ 20
+ Tbab(TbW)P(Tb) + 5, I (CTb) ap(7o|y) p(75)

do 0
I (—) () ()

_ leamw (p(m) = Esay(m]))

+2om (2 ) (3o - Bt )

Th

—In (;‘l—g) ab(TbW)C%P(Tb)-
(A.6.19)
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Then, the result of %;Tb fuL(m|y) for 7, = 7, is given by

0? 1
— — B
8’}/87'1) fML(Tb‘FY) Ty=Tb,0 Tb,O ab’0<p<7_b’0) b’O)
1 d, . . 1
— —vln (—O) Qp,0 (Esab,o - _P(Tb,0)>
Tb,0 CTh0 2
do \ . .
—In{— ap,0Pns,0
CTb’O
1

- T_db,O(ab,OEs + Pns,0 — Es&b,())
b,0

1 d - - 1 1
- 7 In (_O> Qp,0 (Esab,o - éab,OEs - §pns,0)

CTp0

do \ . .
—In| — ap,0Pns,0-
CTp,0

(A.6.20)
A.7 Proof of Proposition 5.2.2
The bias can be written as
Buo { s a6 =)
Enb(t) {%b,ML(’V) - Tb,o} = - :
Eny0) {ﬁfm(%m Tb_m}
’ (A.7.1)

82
(’V - VO)E'nb(t) { meL(Tbh) ‘TbTb,O}

Tv=Tb,0 }

En 1 { g P (1))
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Then, we need the expression of E,, ;) { %;Tb fML(Tb|’7)‘ }, which can be writ-
Tb=Tb,0

ten as

0? 1
E, — —Gyo(Esapo — Esi
o(t) { 8vabeML(Tb|7) Tb:Tb’O} ap,0(Esap,o ap0)

Tb,0
1 d 1
— —ln (—0) ap,0 (Eﬁb,O ) Sab’o)
Tb,0 CTp0 2
1 ~ -
= —Esab,o(ab,o - ab,O)
Tb,0
1 d 1
— —~ln (—0) Esap (db,o - —ab,o) .
Tb,0 CTp0 2
(A.7.2)

Substituting (A.7.2) into (A.7.1), we obtain the final expression of the bias from

Enb(t) {%b,ML(’Y) - Tb,o}

%(7 - ,YO)Esab,O(a/b,O - ELb,O) — L’y('y — ’7/0) In <cf£0> Esdb,() (de0 — %ab,o)

Tb,0

—(1+7)Esag, — %7 (1+ 2v) Esavpano + 87232 Estyoan0

Tb,0

%(7 — o) Es(ap0 — ) — %7(7 — %) In (ci:o) E (db,o - %CLb,O)
%7(1 + ) Esno — %7 (1+ 37) Esano + 875 Ea

(v = 0)(ano — apo) — (v — 7) In (%) (ap0 — an0)

= — — = Tb,0
YL+ 7)aso — v (1+ 57) aso + 872327 an0

(v = 0)(abo — a@b0) = ¥(v — ) In (cf,io> (@0 — 3av0)
- = 2 ~ = Tb,0-
8m2 212 0ab0 — (V(abo — bo) + 72 (3060 — b))

(A.7.3)
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A.8 Proof of Proposition 5.2.3

The error variance can be written as
En, ) { (oM () — 10)° }

=E (t){ o=
= ny - 2
(7 + ) Budno — =7 (1+ 1) Buany + 8725 Euan)

1 -
( (ab OE + pns 0 — Esab,O)
Tb,0

1 d 1 1 d ?
-7 In — Esdb,O - _ab,OEs — ZPns,0 | — In — pns,O
Tb,0 CTp,0 2 2 CTp0

(v — )
2
Ay (149 Eing — 27 (1+ 37) Euan + 8728 Euang )

{ ab OE + Pns,0 — Esab,O)

1 1 do 2
——7111 — Esapo — zapols — =pnso | —In{ —— | puspo
Tb,0 CTb,0 2 2 CTh0

(v — 70)2
1 1 2 2
7 (14 7) Esapo — 2 (1+17) Esapo + 8#252Esab,o>

1 d 1
Clb OE FE.a sAp 0) - In (' 0 ) (Esdb,o - _ab,OES)
Tb 0 Tb,0 CTp,0 2

1 d d 2
+ (_ + _”Y hl (_0>) pns,O - hl <_0> an,O) }
2Tpp CTh0 CTh,0

(v — 70)? Eny0) { (k1 + kapnso — kSpns,o)Q}
_ 2>
(F-A(1+ ) Eadno — 7 (14 37) Buaso + 8723 Euano)
Th,0 75,0 2

(A.8.1)

where we have

1 1 d . 1
/{Zl = (CLb OE E.a sap 0) - —’7 In <_0) (Esab,o - éab,OES>

Tb,0 Tb,0 CTy,0

1 d a
Tan( (S8
ax @p,0 CTh0 2 o

(A.8.2)
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1 1 d
ky = — 4+ —~In (—0) , (A.8.3)
oo  2Tho CTp0
ks =In (ﬂ) . (A.8.4)
CT(,}O

The expression E,,, ) { (k1 + k2pnso — kgpns,0)2} can be solved as
Enb(t) {(kl + kans,O - kSpns,0)2}
- Enb(t) {k% + k;ﬂis,o + kgp?ls,o + 2k1k2pns,0 - leki’)pns,o - 2k2k3pns,0pns,0} (A85)
= Enb(t) {k% + kgpisp + kgpis,o - 2k1k3pns,0 - 2k2k3pns70pns,0} .

We have to consider the results

Epy ) {fns0} = 0, (A.8.62)
En {Pso} = %EUQ (A.8.6b)
Euy) {fhso} = 2° B0y, (A.8.6¢)
Eny () {Pns0Pns 0} = 0. (A.8.6d)

Substituting (A.8.6a), (A.8.6b), (A.8.6c) and (A.8.6d) into (A.8.5), we have

. 1 _
Eoy ) { (k1 + k2puso — apuso)’} = kf + 3 02k + 2m B BP0kl (A.8.7)
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Therefore, we obtain
(v — 70)2
2
(14 7)Esino — = (1 + 37) Esapo + 87232 Esas 0>

Tb,0 75,0

1 ébo do abo 2
E2 2 1 o s 1 -
(sz,o ho ( b0 o <CTbo) (2 abo))
1 d d
(1+—71n<—0)> + 2% B, 3%0%1n? < 0 ))
2 CTh0 CTh0

E.,) {(FomL(v) — Tb,O)Q} = (

11 0'2 1 d() 1 d(]
—— 21 In ——n2 232 —_— .
+2aiOES < +27 <c7'b0>) +ab0E ﬁTbO (CTb’()))

(A.8.8)

A.9 Proof of Proposition 5.3.1

In order to obtain the expression of the error between the estimated and the true
values of the ToA for the analysis method derived from the Taylor expansion, we

should additionally calculate the first derivative of fy,(7|Y) for 7, = 7,0, i.€.,

15) 1 N .
— fun(m]7) = ——7 (Estp0 — Esap0 — Pns,0) Ab,0 — 26,0 ns,0- (A9.1)

87—1) Tb=Tb,0 7— 0
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Substituting (A.9.1), (A.6.17) and (A.7.2) into (5.3.4), we obtain the final value of

the error between the estimated and the true values of the ToA from

%b,ML('V) — Tb,0

1
?107(1 + ) Esag o — %O’Y (1+ 17) Esapoano + 87232 Egipoano

1 5 - ..
<——T v (Eslpo — Es@po — Pns0) @0 — 20,0 ns0
b,0

1 B 5 1 d B B 1
+—(v — 70) Estvo(apo — o) — T—’Y(’Y — %) In <—0) Esapp (ab,o - —ab,O))
b,0

Tb,0 CTp0 2

1
?107(1 + V)Esdb,o - %’7 (1 + %7) ESab,O + 877262Esab,0

0

1 - .
(__’)/ (Esab,O - Esab,O - pns,O) - 2pns,O
Tb,0

1 5 1 d 5 1
+—Tb (7 - VO)Es(ab,o - ab,o) - —7(7 - 70) In <—0 ) Eq (ab,o - —ab,o)) .
,0

Tb,0 CTp0 2

(A.9.2)
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A.10 Proof of Proposition 5.3.2

The bias can be written as

Enb(t) {%b,ML('Y) - Tb,o}
1
+7(1 + V)Esab,o - %7 (1 + %'7) Esab,o + 87T252Esab,0

Tb,0
1 - 1
(——VES (abo — apo) + —
Tb,0 Tbh

1 1
——7(y =) In (ﬂ) Eq (&b,o - —ab,o)> (A10.1)
Tb,0 CTp,0 2

v (apo — app) + (v — Y0) (ab,o — apo +vIn (CfTOO) (%ab,o — flb,o)>
- _ — = Tb,0
V(1 + y)apo — (1 + %7) apo + 8%25271)270%0

(v = 70) Es(apo — anp)

(27 — ) (apo — app) +v(y — ) In (Cf£0> (Rapo — dnp)

8m2 321 gas0 — (v(avo — ano) + 2 (5460 — Gs0))

Tb,O-
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A.11 Proof of Proposition 5.3.3

Then, we can obtain the error variance by taking the expectation of the square of

(5.3.10) from

E., ) { Fomn(7) — 70)% }
—2

1 . 1 1 _
=Enm{ | =71 +7)Esavo — = <1 + 57) Egapo + 873> Eyan
Th,0 Tb,0

1 N , 1 .
(__7 (Esab,() - Esab,O - pns,O) - 2pns,O + _(7 - ’YO)(Esab,O + Pns,0 — Esab,())
Tb,0 Tb,0

1 do 1 1 do 2
N ] E.G “ Bty — —puso | — (v — ) In [ —2 ) poe
7(7 %) In (Cm) ( sno — 5 Esano = 5p ,0) (v =) In (CTI),O) p ,0) }

-2
1 N 1 1 _
=Enw | =71 +7)Esaro — = (1 + 57) Eyayg + 8723 Esay
Tb,0 Tb,0

1 1 -
(7_ —YE (apo — app) + _(’Y Y0) Es(apo — app)
b,0

1 do 1
- 1 B zapo —a
+- ’Y(’Y %) In ( cn,o) (2%,0 %0)

1 1 11 d
+ (—w—(v 70)+——’y(7 70)111( : ))pns,o

Tb0 Tb0 2T CTh0

(2 + (7= %) (;:0)) pns,o)2 }

Enb(t) {<k4 + k5pns,0 - kﬁan,O)Q}

—_= 27

-Elay, (E”’—’“’y(l +7) =y (1+3) + 8n252r,§0)

ap,0

(A.11.1)
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where £y, k5 and kg are given by

1 1 -
ky = - YE; (apo — apo) + _(’Y Y0) Es(apo — app)
b,0

1 d 1 )
+ —’Y(’Y %) In ( 0 ) E <—ab,0 — ab,o)
CTp,0 2

1 i d i
= —Ea ((% ) (1 - —) +7(7 =) In ( - ) (— - ﬁ)) ,
5,0 ap,0 o) \2  ano

(A11.2)
1 1 11 d,
ks = —v+ —(v =)+ ——7(7 %) In (—0)
Tb,0 Tb,0 2T CTh0 (A113)
1 1 ) dy _
=7+ ——(r—%) |1+ :
Tb,0 Tb,0 CTh0
do
CTb,O

As obtained, the solution of E,,, ) { (ks + kspnso — k6pns70)2} is given by

. 1 _
Enb(t) {(k’4 + k5pns,0 - kﬁpns,(])Q} - k’i + éESO'ﬁkZ?) + 27T2Es/620'§]€g. (A115)
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Therefore, the error variance can be written as

En, ) { (Fomr(7) = 70)° }
k3 + LB, 02k? + 21 E 202 k3

_ 2
F B2}, (2291 +7) = (1+ 49) + 872827, )

ab,0

1 7 d i ?
= | 5 Flaio | (2 122 In (20 ) (= %0
(Tb%o oo (( 1w ( ab,0> Fab ok (CTb0> (2 p0
1 d ?
+-—E0; (7+(7 Yo) (l—l— 7111( 0 )))
27,)70 CTh0
21 32,2 do ’
2B o 2+ (v — o) In | —
CTp,0

- . .
Tool g (@vu +7) =7 (1 + —7) + 87r2ﬁ27bo)
"\ Qb0 2
ap d ap 2
0 0 0
= (((27—70) (1——>+7(7 fyo)ln( > <___>)
b0 CTh0 2 app
11 02 1 dy 2
5 1 1
+2 bOE (74—(7 70)( * ’yn<crbo)>>

1 d 2
__n2 22 2 1 0
i vrﬁno( s wn())>

(A.11.6)



151

A.12 Proof of Remark 5.3.4

o2 0121 1 T
{(A ( ) )2}‘ = 5“210 EI;”Y?) + _‘lglo_ES 2ﬂ2 1)2’04 7—2
n b,ML /-y b}o Y 7 7 —|— T 7 ,
E b(t) T T =0 (70(] 70) Yo (] + %/70) 8 252 17270)2 b,0

1 1.2 27322
aZ ;SNR (570 + 8m°f Tb,O)

= = 2 7Tb0
(%73 + 87?25275,270)
_ Tho
aaOSNR (%73 + 872527120)
1

2 2732 1 % )
abyosNR (87r 6% + 27172!0>
(A.12.1)
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A.13 Proof of Proposition 5.3.4

The error variance can be written as

Eny) { (o (v) = 70)°}

2
1 1 1 _
= En, ) ’Y(l + ) Esa apo — —5y( 1+ 57 Egapo + 87?252Esab,0
Tb 0 Th0 2

1 . .
(__7 (Esab,o - Esab,() - pns,0> - 2)Ons,O
Tb,0

1 . 1 do 3 1 2
+——(v — %) Es(apo — apo) — —(v —v0) In | —— ) Es | G — a0
Tb,0 Tb,0 CTh0 2

—2
1 1 1 _
= Enb(t){ (T ’7(1 + ’Y)E apo — (1 + ’7) Esapo + 87T2ﬁ2ESab,0>
b,0

bO 2

1 - 1 -
(_—7 (Esapo — Esapo) + — (v —0) Es(apo — apo)
Tb,0 Tb,0

1 d 1 1 )
__/7(/7 70) In < 0 ) Es (ab,o - _ab,0> + ——VPns,0 — 2pns,0> }
CTh0 2 Tb,0

Enb(t) {(k7 + kSpns,O - k9pns70)2}
~ _ 2
oy (L 7) =y (1+ §0) + 872573 )

ap,0

)

(A.13.1)

where k7, kg and kg are given by

1 1 )
kr = —T—VE (b0 — apo) + —(7 Yo) Es(apo — ano)
b,0

1 d ~ 1
- —7(7 7o) £ In ( . ) (a@0 —~ —abp)
CTp,0 2
1 a a
= —Esapg (7 (1——’0) + (v =) (1_ﬁ)
Tb,0 Qp.0 app
do ap,0
] - _ o
+7(v =) In (cm) (2 %O))
1 a d 1 a
= —FEsapg ((27 = %) (1 = ﬂ) +7(y =) In (—0 > <— - ﬁ)) :
Tb,0 ap,0 CTho 9 b0

(A.13.2)
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ks = —, (A.13.3)
ko = 2. (A.13.4)

As seen in (A.8.6b)-(A.8.7), E,,, ) { (k7 + Kspuso — kopuso)’ } is given by

. 1 _
En, ) {(lf7 + kgpnso — k’gpns,o)2} = kI + 3 02k: + 21 BB olks. (A.13.5)

Therefore, we obtain
En, 1) {(%b,ML(IV) - Tb,O)Q}
k% + L Eso2ki + 2n? B30k

a _ 2
L B2a3, (2291 +7) =7 (1+19) + 8723272, )

ap,0

1 ano do 1 ao)\”
— [ =—F2%2, [ (2 — L ) In [ 2 ) (= = =22
(TbQ’O sab,(] (( Y 70) ( ab,O) + /7(”7 70) n (CT[LO 5 o

1 _
+-—7°E0} + 81 EyFo
27‘b,0

2

a a 2 o2 _
(21 =0 (1-38) +0 -0 () (- 83)) + 35 Gr* +senly)

a 1 _ —2
oo B ay g (ﬁv(l +9)— 7 (1 + —7) + 87725271)2,0)

ap,0
- a _ 20 Tb,O'
(ﬁy(l +9)—7 (1 + %7) + 8726271)270

ap,0

(A.13.6)
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A.14 Proof of Remark 5.3.8

A 2 FE(rasein)
Bt {Foan 1) = 70"}, = (0(1+70) — 70 (1 + L7o) + 8m23272,)* "

2
Tp,0
Es 2 (1.2 2322
o2 Qb0 (270 +8mf Tb,o)
1

— — 3 .
SNRa?,, (8#252 + %)
B} 0

(A.14.1)

A.15 Proof of Proposition 5.5.1

Then, the AB of the ML estimator can be developed as

Enh(t),v,q{%b,ML (7) - Tb,o}

{ (27 = 0) (ap0 — @bp0) + (v —7) In (ci?,a) (30 — o) }
= Lvqy — Tb,0

8723212 0ab0 — (V(abo — b0) + 72 (3060 — b))

(A.15.1)
= —Tpo ((27 — ) (apo — o) + 7(v — %) In (ﬂ) (%ab,o — fib,o) )

CTp,0

1
E, _ = . :
i {87T 23273 0an0 = (Y(ano = @vo) + 92 (3ab0 — @vo)) }
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The expression E,, 4 { } can be solved by includ-

1
8723272 gab,0— (1(a,0—a,0)+7* (3 ab,0—a5,0) )

ing the expression of the effective bandwidth given by (A.3.21). Then, we have

1
Ey, = . .
4 {87T2527520ab0 - (V(Gb,o - ab,o) + 72 (%ab,o - ab,o)) }
n q n N—-1 wo— YndnT 2
k=1 87?2750(11,70#2”:1 (NO—l 27 (’y(abo - ab0> + ’7 ( apo — abo))
! 1
T4 - )2 N _
ripmo D (w0 = ) = (ano = o) +97 (fano = o))
1 1
+Z N-1 (D)2
T TE00b0 D nei (wo — W) — (Y(abp — ano) + 7 (Rapo — ano))
1 1
+_

4 - - )2
ﬁﬁioab,o 25211 (WO - %) (’Y(abo — Qpp) +7* ( ab,0 —abo))

1 1
+- 2

4 9 N—1 )
~N_175,00b,0 Zn:l WO_

Y(avo — avo) + 72 (3a00 — b))

1
- (4 %%2,0%0 25;11 (WO - ) (7 apo — Gpo) + 72 (%ab,o - &b,o))

2
. : )
4N 1Tbo@b02n 1 (W0+2T) (’Y apo — Gpo) + 72 ( abo—abo)) .
(A.15.2)
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By developing the summations, we can rewrite

1
E¢ =
a {877-2627-132,00@0 — (’Y(abo — ab 0) + "}/ ( apo0 — ab 0)) }

1 1
2 <ﬁ(N — )720ab0 (wo — %)2 — (Y(abo — avo) + 72 (3a0 — @vy))
1
+ (A.15.3)
1 _1Tboab0(w0+2T)2 (v(avo — ano) + 2 (5 Gbo—abo))>
1 ( !
2 277 o (W %)2 — (Y(abo — avo) + 72 (3a0 — vp))

1
+ :
2730 (wo + %)2 — (Y(apo — avo) + 7 (3060 — 51b,o))>
By substituting (A.15.3) into (A.15.1), we obtain the final expression of the AB for

the outdoor case

Enb () ,v,q{%b,ML (7) - 7-b,()}

1 d, 1 -
= 75T ((27 — ) (avo0 — a@np) + (v — ) In (CT:o) (Eab,o - ab,0> )

1 (A.15.4)

<27b?,0“b:0 (wo — 2)* = (Y(abo — dno) + 72 (San0 — dno))

1
271,2706%,0 (wo + %)2 — (V(Gb,o — Qp) + 72 (%ab,o - db,o))) '



Appendix B
MATLAB® Files

B.1 MATLAB® File for the Second-derivative Gaus-
sian Pulse (Fig. 3.1)

tau_p = 0.2877e-9;

Tp = 0.7e-9;

t = linspace(0,2e-9,10000);

%$%%%second-derivative Gaussian pulse

alpha = 2*pix (t/tau_p)."2;

P = (l1-2xalpha) .*xexp(-alpha);

plot (t,p, "k’),title(’ Second-derivate Gaussian Pulse’),
xlabel ('t (s)’),ylabel('p(t)’)

B.2 MATLAB® File for the Transmitted Signal (Fig. 3.2)

0 0 O

%$%%%%Transmitted signal

alpha_1 = 2#pix ((t-0.5+«Tp)/tau_p)."2;

S = (1-2xalpha_1) .xexp(—-alpha_1);

Es = sum((abs(s))."2);
figure,plot(t,s,’'r-"),title (' Transmitted signal’),
xlabel ('t (s)’),ylabel ("s(t)")

157
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B.3 MATLAB® File for the Transmitted Signal Delayed
(Fig. 3.3)

200

%$%%%%Transmitted signal, which is delayed
tau = 0.65e-9;

alpha_2 = 2#+pix ((t-0.5+«Tp-tau)/tau_p)." 2;

s_tau = (1-2xalpha_2) .xexp(-alpha_2);

figure,

plot (t,s_tau),

title (! Transmitted signal, which is delayed '),

xlabel ("t (s)’),ylabel(’s(t-\tau)’)

B.4 MATLAB® File for the Received Signal (Fig. 3.4)

$received signal

a_b = 1;

sigma = 0.05;

noise = (1/sgrt(2)) = sigma=* (randn(l,length(t))
+ jxrandn(l, length(t)));

r = a_b*s_tautnoise;

figure,

plot(t,r,’c’),title('Received signal’),
xlabel ('t (s)’),ylabel('r(t)’)

B.5 MATLAB® File for the Signal Waveforms (Fig. 3.5)

o)

% Program for the signal waveforms

plot(t, r,’'c’,t,s_tau,’'b-.",t,s,'r—-"),
legend('r(t)’,’'s(t-\tau)’,’s(t)’),title(’ Signal waveforms’),
xlabel ('t (s)’),ylabel("f(t)’), grid on

B.6 MATLAB® File for the Signal Waveforms for d, =
6 m. (Fig. 3.7)

tau_p = 0.2877e-9;
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Tp = 0.7e-9;

t = linspace (0,2.5e-8,10000);
f0 = 1.9e9;

do = 0.05;

db = 6;

gamma = 2.5;

c = 3e8;

tau = db/c;

k = c 2/ (1l6*xpi~2xd0"2+x£072)

%$transmit signal
alpha_1 = 2xpix ((t-0.5+Tp) /tau_p)."2;

] = (l-2xalpha_1) .*xexp(-alpha_1);
Es = sum((abs(s))."2);

alpha_2 = 2xpix ((t-0.5+xTp-tau) /tau_p) . 2;
%$transmit signal, which is delayed

s_tau = (1-2xalpha_2) .xexp (-alpha_2);
ab = sqgrt (kx (d0/db) “gamma)

SNR = 40;

sigma = sgrt(a_b"2+Es/10" (SNR/10))

(1/sgrt (2)) = sigma* (randn(l,length(t))

+ j*xrandn(l, length(t)));

%received signal

r = a_pb*s_tau+noise;

plot(t, r,’'c’,t,a_b*s_tau,’'b——'),legend('r(t)’,’a_bs(t-\tau)’),
title (' Signal waveforms for d_b= 6 m’),

xlabel ("t (s)’),ylabel("f(t)’), grid on

noise

B.7 MATLAB® File for the Effective Bandwidth for
the Second-derivative Gaussian Pulse (Fig. 3.8)

%$%%Indoor beta

tau_p_range = [0.2:0.01:0.4]1+1e-9;

Tp = 0.7e-9;

tau = 0.65e-9

do = 0.05; dmax = 6;

o} = 3e8;

tau_min = d0/c; tau_max = dmax/c;

t0 1.005+«tau_max;
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d_t = tau/le5;
t = (1le-100:d_t:t0);
n_tau_p = 0;
for tau_p = tau_p_range

n_tau__ = n_tau_p +1;
%$%%%%%%Transmit signal
alpha_1 = 2xpix ((t-Tp/2-tau) /tau_p) . 2;
5] = (l-2xalpha_1) .*xexp (-alpha_1);
S = fft(s);
%$%%%%%%Theorical RMSE
betal (n_tau_p) = (1/tau_p)*sgrt(5/(2*pi));
$%%%%%%Simlation
alpha = 2+pix ((t-Tp/2-tau) /tau_p) . 2;
alpha_der = 4+pix (t-Tp/2-tau) ./tau_p~2;

p_derivative?2 (9-12xalphat+4+alpha.”2)
.xexp (—-2+alpha) .ralpha_der." 2;
beta2 (n_tau_p) = 1/(2xpi)+*sqgrt (sum(p_derivative?l2)/sum(s.” 2));
Es_sim(n_tau_p) = sum(s.x*xs)x*d_t;
Es_theo(n_tau_p)= 3xtau_p/8;

bandwith_theo (n_tau_p)= 15*pi/ (4xtau_p);

bandwith_sim(n_tau_p) = sum(p_derivative2) »d_t;
end
plot (tau_p_range,betal,’'x-',tau_p_range,beta?, ' ro-."),

legend ('’ Simulation’, " Theory’),

title ("Effective Bandwidth’),

xlabel ("\tau_p (s)’),ylabel ('\beta (Hz)’)

figure,

plot (tau_p_range,Es_sim,’x-',tau_p_range,Es_theo,’ro-."),
legend (' Simulation’, " Theory’),

title (' Energy of the transmitted signal’),

xlabel ("\tau_p (s)’),ylabel ('E_s (Joule)’)

figure,

plot (tau_p_range,bandwith_theo,'x-'",
tau_p_range,bandwith_sim, " ro-.")

legend (' Simulation’,’ Theory’),title(’ Square of the Bandwidth’),
xlabel ("\tau_p (s)’),ylabel (YW (Hz"2)")
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B.8 MATLAB® File for the MSK Modulation

function msk = MSK_mod(frame,R_B, fc,tau,t, t_sample)
T = 1/R_B;
N = ceil (T/t_sample);
delay = round(tau/t_sample);
A = frame (1l:2:1length (frame));
q = frame (2:2:1ength (frame));
v_aux = v (1l)+*ones(1l,N);
g_aux = [];
for i=2:length (v)
v_aux = [v_aux v (i) *ones(1l,2%N)];
end
for i=1l:length(qg) -
g _aux = [g_aux g(i)+ones(l,2xN)];
end
g _aux = [g_aux g(end)*ones (1,N)];
v_t = [v aux zeros(l, length(t)-length (v_aux))];
q_t [g_aux zeros(l, length(t)-length(g_aux))];
It = v_t.xcos(pi*t/ (2+T)) .*cos (2+pirfc*t);
Q_t = g _t.xsin(pi*t/ (2+T)) .*sin (2+pirfc*t);
msk = I_t+Q_¢t;
msk = [zeros (l,delay) msk(1l: (end-delay))];

B.9 MATLAB® File for the MSK Signals (Fig. 3.17)

frame = (11 -1 -1 71;
R_B = 400e3;

fc = 2*R_B;

f0 = 1.9e9;

do = 100;

dmax = 3e3;

gamma = 2.5;

o} = 3e8;

k = c"2/(lexpi~2+xd0"2+£072);
tau_max = dmax/c;

t0 = 2+«tau_max;
tau = 3000/c;

t_sample = tau/leb;
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t = (le—100:t_sample:t0);

$%%%%%%%% transmit signal

] = MSK_mod (frame,R_B, fc,0,t, t_sample);

%$%%%%%%%% transmit signal delayed

s_tau = MSK_mod (frame, R_B, fc, tau, t, t_sample);

Es = sum(s.*xconj(s));

a_b = sqgrt (k* (d0/ (tau*c) ) “gamma) ;

$%%%%%%%% let us fix SNR

SNR = 60;

SNR_1in = 10" (SNR/10);

sigma_n = sqrt(a_b"2+Es/SNR_1in);

$%%%%%%% noise

noise = (1/sgrt(2)) =*sigma_n=* (randn(l,length(t))
+ j*xrandn(l,length(t)));

$%%%%%%%% received signal

r = a_b+*s_tautnoise;

plot (t,s,t,s_tau,’'r—-"),

legend (s (t)’,’'s(t-\tau_b)’),title (' Waveforms for d_b=3km’),
xlabel ('t (s)’),ylabel ('waveforms’),

figure, plot(t,r,’c’),

legend('r(t)’),title (' Received signal for d_b=3km’),

xlabel ('t (s)’),ylabel ("r(t)")

B.10 MATLAB® File for the Square Root of the Ex-
pectation of the Effective Bandwidth Square for
a MSK Signal (Fig. 3.18)

$%%%%%% Outdoor %$%%%%%%%
%$%%Transmitted signal is a MSK signal
f0 = 2e9; %pag 140 wireless communication systems
R_B_range = linspace (1le3,20e3,20)
N_R = 1000;
N_bits = 2
n R B = 0;
for R B = R_B_range
n_R_B = nRB + 1;

T = 1./R_B;
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Ts = (N_bits-1) * T;
TO = 1.005 = Ts;
t_sample= Ts/le6;
t = (1le-100:t_sample:TO);
for n R = 1:N_R
frame = sign(2 x rand(l,N_bits) - 1);
$transmitted signal
] = MSK_mod (frame,R_B,f0,0,t, t_sample);
%derivative of the transmitted signal
d_s = s_derivative (frame,R_B, f0,t, t_sample);
b2 (n_R) = 1/ (2*pi)*sgrt (sum(d_s."2)/sum(s.”2));
end
R_B
%$Theorical beta
betal (n_R_B) = sqgrt(f072 + 1/(16%xT"2));
$simulated beta
beta2 (n_R_B) = mean (b2);
end
figure

plot (R_B_range,betal,’—-+',R_B_range,beta2,’r-o’),
legend ('’ Theory’,’ Simulation’),

title("Effective Bandwidth’),

xlabel ("R_B (bps)’),ylabel (' \beta (Hz)')

B.11 MATLAB® File for Theoretical RMSE as a Func-
tion of SNRgy (Fig. 3.19)

%$%%%%%% Outdoor %%%%%%%%

%$%%Transmitted signal is a MSK signal

f0 = 0.9e9;

do = 100;

dmax = 3e3;

gamma = 4;

c = 3e8;

k = Cc"2./(1l6xpi”2+%d0"2%f0."2);
tau = 1000/c;

SNR_range = [-20:5:207;

R_B = 12.2e3;
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T = 1/R_B;

$Theorical RMSE

beta2 = £f0.72 + 1/(16%xT"2);
MCRB_MC = 1./sqgrt (10." (SNR_range./10)+x8xpi~2+beta2);
MCRB_ML = 1./sqgrt(10." (SNR_range./10)

* (8*xpl~2xbeta2 + gamma’2/ (2«tau”2)));

beta3 = (1l6xf0.72 + 1/T"2)
L/ (1l6xf0.74 + 1/(16xT"4)-2x£f0."2x(1/T"2));
ACRB_MC = sqgrt((1./(10." (SNR_range./10)*8%pi~2))+betal);
ACRB_ML = sqgrt((1./(10." (SNR_range/10)*2))
x (1./ (2% (2%pi*f0-pi/ (2xT)) . 2
+ gamma”~2/ (2«tau”2))
+ 1./ (2% (2+«pixf0+pi/ (2+T))." 2
+ gamma”2/ (2+xtau”2))));
figure

plot (SNR_range, ACRB_MC+*c,’ -+’ , SNR_range, MCRB_MC*c,’'-.x’,

SNR_range, ACRB_MLx*c, " —-0’", SNR_range, MCRB_MLx*c,’ :s’)
legend (" ToA: ACRB’,’ToA: MCRB’,’SS-ToA: ACRB’,’SS-ToA: MCRB’),
title ('RMSE as a function of the SNR_{Rx}:0utdoor scenario’),
xlabel (" SNR_{Rx} (dB)’),ylabel ('RMSE (m)"’)

B.12 MATLAB® File for the Theoretical RMSE as a
Function of the Central Frequency (Fig. 3.23)

$%%%%%% Outdoor %$%%%%%%%
$%%Transmitted signal is a MSK signal

f0 = linspace(100e6,2e9,20);

do = 100;

dmax = 3e3;

gamma = 4;

c = 3e8;

k = c"2./(l6xpi”2+d0"2%£0.72);
tau = 1000/c;

SNR_range = 15;

R_B = 12.2e3;

T = 1/R_B;
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%$Theorical RMSE
beta2 = £f0.72 + 1/(16%xT"2);
MCRB_MC = 1./sgrt (10." (SNR_range./10) *8xpi~2+beta?l);
MCRB_ML = 1./sqrt (10." (SNR_range./10)
* (8*xpi~2+beta2 + gamma“2/ (2xtau”2)));

beta3 = (l6xf0.72 4+ 1/T72)
L/ (1l6xf0.74 + 1/(16xT"4)-2x£f0."2x(1/T"2));
ACRB_MC = sqgrt((1./(10." (SNR_range./10)+x8%pi~2)) xbetal);
ACRB_ML = sqgrt((1./(10." (SNR_range/10)*2))
* (L./ (2% (2%pixf0-pi/ (2*T))." 2
+ gamma”~2/ (2«xtau”2))
+ 1./ (2% (24pixf0+pi/ (2+T)) . 24+ gamma”2/ (2« tau”2))));
figure

plot (£0, ACRB_MCxc,’—-+",£0,MCRB_MCx*c, ' -.x", SNRfO,
ACRB_ML+*c,’——0o’,SNR_f0,MCRB_ML=*c, "’ :s’)

legend (' ToA: ACRB’,’ToA: MCRB’,’SS-ToA: ACRB’,’SS-ToA: MCRB’),

title ('RMSE as a function of the f_0: Outdoor scenario’),

xlabel ("f_0 (Hz)’),ylabel ("RMSE (m)’)

B.13 MATLAB® File for the RMSE of the Position Es-
timate as a Function of SNRy,: Indoor Scenario

(Fig. 4.1)
%$%%%%%% Indoor %%%%%%%%
%$%%Transmit signal is a second derivative Gaussian pulse
tau_p = 0.2877e-9;
Tp = 0.7e-9;
f£0 = 16/ (3*xpi*xtau_p);
do = 0.1;
dmax = 6;
gamma = 2;
c = 3e8;
k = c"2/(1l6*pi~2+«d0"2+x£072);
tau = 3/c;
tau_min = d0/c;

tau_max = dmax/c;
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t0 = 1.2 (tau + Tp);
SNR_range = [-20:2:507;

n_SNR = 0;

N_R = 1000;

t_sample = tau/5e4;

t = (le—-100:t_sample:t0);
d_t = t(2)-t(l);

D . o
$%%%%%%%%%% Infinite duration %%%%%%%%%%%%%%%3%%%

$tansmit signal
alpha_inf = 2xpix ((t-0.5+Tp) /tau_p) . 2;
s_inf = (1-2xalpha_inf) .xexp(-alpha_inf);

S inf
Es_inf

fft (s_inf);
sum( (abs(s_inf)) . 2);

%$receive signal

alpha_inf_2 = 2xpi* ((t-0.5*xTp-tau)/tau_p
s_tau_inf = (1-2xalpha_inf 2) .xexp(-al

¢ ¢ 4 4 . 0. 0 O
$%5%%%%%%%%%%%% Finite duration%%%%%%%%%%%%%%%%%%%%%%

$tansmit signal

tl = (1le-100:t_sample:Tp);

alpha_fin = 2xpi* ((t1l-0.5+Tp)/tau_p)." 2;

s_fin_p = (1-2xalpha_fin) .xexp(-alpha_fin);

s_fin = [s_fin_p zeros(l,length(t)-length(s_fin_p))]1;
S fin = fft (s_£fin);

Es_fin = sum((abs(s_fin))."2);

%¥receive signal
s_tau_fin = [zeros(l,length(1le-100:t_sample:tau)) s_fin_p];

s_tau_fin = [s_tau_fin zeros(l,length(t)- length(s_tau_fin))];
a_b = sqgrt (k* (d0/ (tau*c)) "gamma) ;

ab_range = sqgrt(kx(d0./(t*c)) . gamma) ;

for SNR = SNR_range

n_SNR = n_SNR+1;
for n R = 1:N_R
%let us fix SNR
SNR_1lin = 10" (SNR/10);
andn (1, length(t)) + jxrandn(l,length(t)));
$%%%5%%%%%%%%%%% Infinite duration %%%%%%%%%%%%%%%%%%%
sigma_n_inf sgrt (Es_inf+xa_b"2/SNR_1in) ;
noise_inf (1/sgrt (2)) *sigma_n_infxnoise;
r _inf = a_b x s_tau_inf + noise_inf;
R_inf = fft(r_inf);

o]
O
'_l.
0
()
Il
° =
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rho = real (ifft (R_inf.xconj(S_inf)));

[C I] = max (rho);

hat_tau_b_MC_inf = t(I);

error_MC_inf (n_R)= tau - hat_tau_b_MC_inf;

corr_inf = ab_range. 2% Es_inf-2+ab_range.* rho;
[C I] = min (corr_inf);
hat_tau_b_ML_inf = t(I);

error_ML_inf (n_R)= tau - hat_tau_b_MIL_inf

$%%%5%%%%%%%%%% Finite duration%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
sigma_n_fin = sqgrt (Es_finxa_b"2/SNR_1lin);
noise_fin = (1/sgrt(2))+* sigma_n_fin*noise;
r fin = a_b xs_tau_fin + noise_fin;
R_fin = fft(r_£fin);
rho_fin = real (ifft(R_fin.*conj(S_fin)));
[C I] = max (rho_fin);

hat_tau_b MC_fin = t(I);
error_MC_fin(n_R)= tau - hat_tau b _MC_fin;
corr_fin = ab_range. " 2xEs_fin
—2%ab_range.*rho_fin;
[C I] = min (corr_fin);
hat_tau_b ML _fin = t(I);
error_ML_fin(n_R)= tau - hat_tau b MIL_fin;

end
SNR
RMS_MIL_inf (n_SNR) = sqgrt (mean (error_ML_inf."2));
RMS_MC_inf (n_SNR) = sqgrt (mean (error_MC_inf."2));
RMS_MIL_fin(n_SNR) = sqgrt (mean (error_ML_fin."2));
RMS_MC_fin(n_SNR) = sqgrt (mean (error_MC_fin."2));
end
%$%% Theorical RMSE for Infinite duration
beta_inf = (1/tau_p) *sgrt (5/ (2*pi) ) ;
En_MC_inf = 1./sgrt (10." (SNR_range./10) +x8xpi~“2«beta_inf"2);
En ML _inf = 1./sqrt (10." (SNR_range./10)

(8xpi~2+beta_inf"2 + gamma“2/ (2xtau”2)));
%$%% Theorical RMSE for Finite duration
beta_fin =(1/tau_p)*sqgrt(1l/ (2+pi))
*sqrt ((15*erf (Tp/tau_p*sqgrt (pi))
+ (=30* (Tp/tau_p+*sqgrt (pi))
+ 28« (Tp/tau_p+*sqgrt (pi)) "3
— 8% (Tp/tau_p+rsqgrt (pi)) "5) xexp (-pi* (Tp/tau_p) "2))



168

/ (3xerf (Tp/tau_prsqgrt (pi))

+ (2% (Tp/tau_p)

— 4dxpix (Tp/tau_p) "3) xrexp (-pix* (Tp/tau_p) "2)));
En_ MC_fin = 1./sgrt (10." (SNR_range./10) *8xpi~“2+beta_£fin"2);
En_MI_fin = 1./sqrt(10." (SNR_range./10)

* (8xpl~2«beta_fin"2 + gamma”2/ (2+xtau”2)))
plot (SNR_range,RMS_MC_fin*c,’+’, SNR_range, RMS_MC_infxc,’
SNR_range,En_MC_finx*c,’:’,SNR_range,En_MC_infxc,’'-.",
SNR_range,RMS_MI,_finxc,’x’,SNR_range,RMS_MIL_infx*c,’s’,
SNR_range,En_MIL_fin*c,’—--’, SNR_range,En_MIL_infxc,’'-"),
legend ('MC: Simulation for Finite Duration Pulse’,

"MC: Simulation for Infinite Duration Pulse’,

"MC: Theory for Finite Duration Pulse’,

"MC: Theory for Infinite Duration Pulse’,

"ML: Simulation for Finite Duration Pulse’,

"ML: Simulation for Infinite Duration Pulse’,

"ML: Theory for Finite Duration Pulse’,

"ML: Theory for Infinite Duration Pulse’),

title ('RMSE as a function of the received SNR: Indoor scenario’),
xlabel ("SNR (dB)’),ylabel ("RMSE (m)')

4
4
o7y

B.14 MATLAB® File for the RMSE of the Position Esti-
mate as a Function of v;: Indoor Scenario (Fig. 4.3)

$%%%%%% Indoor %%%%%%%%

tau_p = 0.2877e-9; Tp = 0.7e-9;
f0 = 16/ (3xpi*tau_p); c = 3e8;

do = 0.05; dmax = 6;

k = c 2/ (16*xpi~2+xd0"2+x£072);

SNR = 100; tau = 3/c;
tau_min = d0/c; tau_max = dmax/c;
t0 = 2xtau_max;

gamma_range = [1.6:0.05:3.5];

n_gamma = 0; N_R = 1000;
t_sample = tau/5e4;

t = (le—-100:t_sample:t0);

$tansmit signal
alpha_1 = 2#pix ((t-0.5+«Tp) /tau_p)."2;
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IS = (l-2xalpha_1) .*xexp(-alpha_1);
S = fft(s);
Es = sum((abs(s))."2);

%$receive signal
alpha_2 = 2#pix ((t-0.5+«Tp-tau)/tau_p)." 2;

s_tau = (l-2xalpha_2) .*xexp(-alpha_2);
for gamma = gamma_range
n_gamma = n_gamma+tl;
for n R = 1:N_R
a_b = sqgrt (k+ (d0/ (tau*c)) "gamma) ;

SNR_1in = 10" (SNR/10);
sigma_n = sqgrt (Es/SNR_1lin);

noise = (1/sqgrt (2))+*sigma_n=* (randn(l, length(t))
+ jxrandn(l, length(t)));

r = a_bxs_tau+noise;

R = fft(r);

rho = real (ifft (conj(S).*R));

[C I] = max (rho) ;

hat_tau_b_MC = t (I);

error_MC (n_R)= tau—-hat_tau_b_MC;
corr = a_ b "2xEs-2xa_bxrho;
[C I] = min (corr);
hat_tau_b_ML = t (I);

error_ML (n_R)= tau-hat_tau_b_ML;

end
RMS_ML (n_gamma) = sqgrt (mean (error_ML. 2));
RMS_MC (n_gamma) = sqgrt (mean(error_MC."2));

end

$Theorical RMSE

beta = sqrt (5/ (2+xpi*xtau_p~2));
ab_range = sqgrt (kx (d0./ (tau*c)) . gamma_range) ;
En_MC = sqgrt(1./ (10" (SNR/10) xab_range. " 2x8+pi~2+«beta”2));
En_ML = sqrt(1./(10" (SNR/10) rab_range. 2
.x (8*pi~2«beta”2+gamma_range. 2/ (2«xtau”2))));

plot (gamma_range, RMS_MCxc, '+’ ,gamma_range, En_MCxc, ' —-",
gamma_range, RMS_ML«*c,’ "’ ,gamma_range, En_MLx*c,’:"),

legend ('MC: Simulation’,’MC: Theory’,

"ML: Simulation’,’ML: Theory’),

title ("RMSE as a function of \gamma_b: Indoor scenario’),
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(m) ")

B.15 MATLAB® File for the RMSE of the Position Es-
timate as a Function of the Distance between the
Transmitter and the Receiver: Indoor Scenario (Fig. 4.4)

$%%%%%% Indoor %$%%%%%%%

tau_p = 0.2877e-9; Tp = 0.7e-9;

f0 = 16/ (3xpi*tau_p); c = 3e8;

do = 0.05; dmax = 6;

gamma = 2; SNR=100;

k = Cc 2/ (1l6%pi~2+xd0"2+x£072);

tau_min = d0/c; tau_max = dmax/c;

t0 = 2+xtau_max;

tau_range = linspace (tau_min,tau_max, 30);

n_tau = 0; N_R = 1000;

t_sample
t

tau_min/5e3;
= (1le-100:t_sample:t0);

%$tansmit signal

alpha_1 = 2+pix ((t-0.5+«Tp)/tau_p)."2;

S = (l-2xalpha_1) .*xexp(-alpha_1);
S = fft(s);

Es = sum((abs(s))."2);

ab_range= sqrt (k*(d0./ (t*c)) . gamma) ;
for tau = tau_range

n_tau = n_tau+l;
for n R = 1:N_R
%¥receive signal

alpha_2 =

s_tau
a_b
SNR_1lin
sigma_n
noise

rho

2+pi*x ((£t-0.5+Tp-tau) /tau_p) . 2;
(1-2xalpha_2) .*exp (-alpha_2);

sgrt (k* (d0/ (tauxc) ) "gamma) ;

10" (SNR/10) ;

sgrt (Es/SNR_1in) ;

(1/sgrt (2)) xsigma_n * (randn(l,length(t))
+ Jjxrandn(l,length(t)));

a_b#*s_tau+tnoise;

= fft(r);

real (1fft (conj(S) .*R));
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[C I] = max (rho);
hat_tau_b_MC = t(I);
error_MC (n_R) = tau-hat_tau_b_MC;
corr = ab_range. 2+xEs-2*ab_range.*rho;
[C I] = min (corr);
hat_tau_b_ML = t(I);
error_ML (n_R) = tau-hat_tau_b_ML;
end
tau
RMS_ML (n_tau) = sgrt (mean(error_ML. 2));
RMS_MC (n_tau) = sqgrt (mean(error_MC." 2));
end
%$Theorical RMSE
beta = sqgrt (5/ (2xpixtau_p~2));
ab_range= sqgrt (kx (d0./ (tau_range=*c)) . gamma) ;
En_MC = sqgrt(1./ (107 (SNR/10) xab_range. " 2+x8xpi~2+xbeta”2));
En_ML = sqgrt(1./(10" (SNR/10) xab_range. "2

.x (8xpi~2+xbeta”2+gamma. 2./ (2+tau_range. " 2))));
plot (tau_rangex*c, RMS_MCxc, '+’ ,tau_rangexc,En_MCxc,’ —-",
tau_rangexc,RMS_ML«*c,’ "’ ,tau_rangex*c,En_ML*c,’':"),
legend ('MC: Simulation’,’MC: Theorical’,
"ML: Simulaton’,’ML: Theorical’),
title (' Indoor Tau estimation — RMSE as a function of \tau_b’),
xlabel (" \tau_b’),ylabel ('RMSE (m)’)

B.16 MATLAB® File for the RMSE of the Position Es-
timate as a Function of SNRg,: Outdoor Scenario
(Fig. 4.5)

$%%%% Outdoor %%%%%%%%

£0 = 0.9e9; dO0 = 100; dmax =3e3;

gamma = 4; c = 3e8;

k = c 2/ (1l6*%p1i~2+xd0"2+x£072);

tau = 500/c; SNR_range = (0:2:55);

n_SNR = 0; N_R frame = 20; N_R _noise = 50;

N_bits= 2; R_B = 140e3; %wireless communication p.12
T = 1/R_B; Ts = T+ (N_bits-1); t0 = 1.005% (Ts+tau);

t_sample = t0/1leb6; t = 1le-100:t_sample:t0;
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a_b sgrt (k* (d0/ (tauxc) ) “gamma) ;
ab_range sgrt (k* (d0./ (t*c)) . gamma) ;
for SNR = SNR_range

n_SNR = n_SNR+1;

SNR_1in = 10" (SNR/10) ;
for n_R_frame = 1:N_R_frame
frame = sign(2 % rand(l,N_bits) - 1);
] = MSK_mod (frame,R_B, f0,0,t, t_sample);
S = fft(s);
Es = sum( (abs(s))."2);

delay = round(tau/t_sample);

s_tau = [zeros(l,delay) s (l:(end- delay))];
sigma_n = sgrt (Es*a_b"2/SNR_1in) ;
for n_R noise = 1:N_R_noise
n_R noise
noise = (1/sgrt(2))*sigma_n+* (randn (1, length(t))

+ jxrandn(l, length(t)));
$received signal

r = a_bxs_tau+noise;

R = fft(r);

rho = real(ifft(conj(S).=*R));

[C I] = max(rho);

hat_tau_b _MC = t(I);

error_noise_MC(n_R_noise) = hat_tau_b_MC-tau;

corr = ab_range. 2«Es - 2*ab_range.x*rho;

[C I] = min(corr);

hat_tau_b_ ML = t (I);

error_noise_ML(n_R_noise) = hat_tau_b_ML-tau;
end
error_MC(n_R_ frame)= mean (error_noise MC."2);
error_ML (n_R frame)= mean (error_noise ML."2);

end
RMS_ML (n_SNR)
RMS_MC (n_SNR)

sgrt (mean (error_ML) ) ;
sqgrt (mean (error_MC)) ;

end

%$%%Theorical RMSE

beta? = f0"2 + 1/(16%T"2);

MCRB_MC = 1./sqgrt (10." (SNR_range./10) x8+xpi~2+beta2);
MCRB_ML = 1./sgrt (10." (SNR_range./10)

* (8xpli~2+beta2 + gamma“™2/ (2+xtau”2)));
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beta3

(16xf0"2 + 1/T"2)
/(16xf07°4 + 1/(16xT"4)— 2+x£0°2 *x(1/T"2));
ACRB_MC = sqrt ((1./(10." (SNR_range./10) *8%pi~2)) rbeta3l);

ACRB_ML = sqgrt ((1./(10." (SNR_range./10) *2))

* (1/ (2% (2+xpi*«f0—-pi/ (2+T)) "2+ gamma 2/ (2+xtau”2))

+ 1/ (2x (2xpi*xf0+pi/ (2%T)) "2+ gamma 2/ (2+xtau”2))));
figure,

plot (SNR_range, RMS_MCx*c,’+’, SNR_range, ACRB_MCxc,’"-",
SNR_range, MCRB_MC=xc, "——", SNR_range, RMS_MLx*c, " o’,

SNR_range, ACRB_MLxc,’"—-.",SNR_range, MCRB_MLxc, " :")

legend ('MC: Simulation’,’MC: ACRB’,’MC Analysis: MCRB’,

"ML Simulation’,’ML Analysis: ACRB’,’ML Analysis: MCRB'),
title ("RMSE as a function of the SNR_{Rx}: Outdoor scenario’),
xlabel (" SNR (dB)’),ylabel ("RMSE (m)’)

B.17 MATLAB® File for the Comparison of the Theo-
retical Bias of the Position Estimate as a Function
of 4, for the Friedlander and the Taylor Expan-
sion Methods for Several Values of v, (Fig. 5.1)

tau_p = 0.2877e-9;
do = 0.05;
c = 3e8;
tau = 3/¢c;

[1.6:0.5:3.5];
[-1.5:0.1:1.5];

gamma_0_range
delta_gamma

n_gamma = 0;
beta = sqgrt (5/ (2+xpixtau_p~2));
g = d0/ (cxtau) ;
for gamma_0 = gamma_0_range
n_gamma = n_gamma+l;
temp= g. " (delta_gamma/2) ;
numl = (gamma_0 + 2xdelta_gamma) .* (1-temp)

+ delta_gamma.* (gamma_0O+delta_gamma)
.xlog(g) .x(1/2-temp) ;
denl = 8+pi“2x+xbeta”2xtau”2
- (gamma_0O+delta_gamma)
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.* (1-temp+ (gamma_0O+delta_gamma) .* (1/2-temp) ) ;
T_Bias_ML(n_gamma, :) = —tau*numl./denl;
numF = delta_gamma.x (1-temp+ (gamma_0O+delta_gamma)
.xlog(g) .x(1/2-temp));

T_Bias_ML_F (n_gamma, :) = —-tau*xnumF./denl;
end
hold on,
plot (delta_gamma,T_Bias_ML_F (1, :)*xc,’ :+’,
delta_gamma, T_Bias_ML_F (2, :)*xc,’ :+',
delta_gamma, T_Bias_ML_F (3, :)*c,’ :+",
delta_gamma, T_Bias_ML_F (4, :)*c,’ :+',
delta_gamma, T_Bias_ML (5, :)*c,’ :+"),
plot (delta_gamma, T_Bias_ML (1, :)*c,’—--0o’,
delta_gamma, T_Bias_ML (2, :) *c,’'—-0o’,
delta_gamma, T_Bias_ML (3, :)*c,’—-0o’,
delta_gamma, T_Bias_ML (4, :)*c,’ —-—-0o’,
delta_gamma, T_Bias_ML (5, :)*c,’'—-—0"),
legend (' Friedlander (\gamma_0 = 1.6)’,’\gamma_0 = 2',
\gamma_0 = 2.5’ ,’\gamma_0 = 3’,’\gamma_0 = 3.5’,’TE’),
title(’Bias as a function of \delta_\gamma : Indoor scenario’),
xlabel (" \delta_\gamma’),ylabel ('Bias (m)’)

B.18 MATLAB® File for the Comparison of the Theo-
retical RMSE of the Position Estimate as a Func-
tion of o, for the Friedlander and the Taylor Ex-
pansion Methods for Several Values of 7 and Large
SNR (Fig. 5.3)

tau_p = 0.2877e-9; fO0 = 16/ (3*xpixtau_p); dO0O = 0.05;
c = 3e8; k = c"2/(1l6*xpi~2+«d0"2+«£0"2);

tau = 3/c; SNR = 200; SNR = 10" (SNR/10);
gamma_0_range = [1.6 3.5]; delta _gamma = [-1.5:0.1:1.5];

n_gamma = 0; beta = sqrt(5/(2+pixtau_p~2)); g = d0/(c*tau);
for gamma_0 gamma_0_range

n_gamma n_gamma+l; temp = g.” (delta_gamma/2);

ab_0 sqrt (k* (d0/ (tauxc)) “gamma_0) ;

den = (temp.x* (gamma_0O+delta_gamma)
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.* (l+gamma_0O+delta_gamma)
- (gamma_0O+delta_gamma)
.* (l+gamma_0/2+delta_gamma/2)
+ 8*pi~2«beta’2+tau”2)."2;
num2 = ((gamma_0 + 2xdelta_gamma) .* (1-temp)
+ delta_gamma.* (gamma_0O+delta_gamma)
.xlog(g) .+ (1/2-temp)) . 2
+ (1/2)x(1./(ab_0."2.%SNR))
.* ((gamma_0O+delta_gamma)
+ delta_gamma
.x (1+ (gamma_O+delta_gamma) /2.x1log(g)))." 2
+ (1./(ab_0."2xSNR)) .*2xpi~2+beta”2+tau”2
.*x(2+ delta_gamma.=*log(qg)) . 2;
T_RMSE_ML_without (n_gamma, :) = sgrt(tau”2+num2./den);
numl = ((gamma_0 + 2+delta_gamma) .* (l-temp)
+ delta_gamma.x (gamma_0O+delta_gamma)
.xlog(g) .x(1/2-temp)) . 2
+ (1/(ab_0"2xSNR) ) * ( (gamma_0O+delta_gamma) . 2/2
+ 8xpi~2+beta”2+xtau”2);
T_RMSE_ML_with (n_gamma, :) = sqgrt (tau”2*numl./den);
num_F_without = (l-temp+ (gamma_0O+delta_gamma)
.xlog(g) .*x(1/2-temp)) . 2
+ (1/2)x (1./(ab_0"2.%SNR))
.+ (1+1/2% (gamma_0O+delta_gamma) .*1log(g)) . 2
+ (1./(ab_0"2.%SNR))
.*x 2+xpi~2xbeta”2+xtau” 2+ (log(g)) "2;

T_RMSE_ML_F_without (n_gamma, :) = delta_gamma.xtau
.*sgrt (xnum_F_without./den) ;
num_F_with = (l-temp+ (gamma_0O+delta_gamma)
.*x1log(g) .x(1/2-temp)) . 2 ;
T_RMSE_ML_F_with (n_gamma, :) = delta_gamma.xtau.x*
sgrt (num_F_with./den) ;

end
hold on,

plot (delta_gamma, T_RMSE_MIL_F_without (1, :)*c,’'-.s’",
delta_gamma, T_RMSE_MIL_F_without (2, :)*c,’'-.s"),
plot (delta_gamma, T_RMSE_ML_F_ with(1l,:)x*c,’-.x’,
delta_gamma, T_RMSE_MIL_F_without (2, :)*c,’'-.x"),
plot (delta_gamma, T_RMSE_MIL_without (1, :)*c,’--0o',
delta_gamma, T_RMSE_ML_without (2, :) xc,’——0")
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plot (delta_gamma, T_RMSE_ML_with (1, :)xc,’ :+',
delta_gamma, T_RMSE_MIL_with (2, :)*xc,’ :+’),
legend ('F without ECD(\gamma_0 = 1.6)’,’ (\gamma_0 = 3.5)’,
"F with ECD(\gamma_0 = 1.6)’,’ (\gamma_0 = 3.5)',

'TE without ECD (\gamma_0 = 1.6)’,’ (\gamma_0 = 3.5)’,

'TE with ECD’),

title ('RMSE as a function of \delta_\gamma : Indoor scenario’),
xlabel (" \delta_\gamma’),ylabel ('RMSE (m)’)

B.19 MATLAB® File for the Comparison of the Theo-
retical RMSE of the Position Estimate as a Func-

tion of o, for the Friedlander and the Taylor Ex-
pansion Methods for Several Values of 7, (Fig. 5.4)

tau_p = 0.2877e-9;
do = 0.05; c = 3e8;
tau = 3/c;
SNR = 20; SNR = 10" (SNR/10) ;
gamma_0_range = [1.6 3.571;
delta_gamma = [-1.5:0.1:1.5]; n_gamma = 0;
beta = sqgrt (5/ (2*«pixtau_p~2)); g = d0/(c*tau);
for gamma_0 = gamma_0_range
n_gamma = n_gamma+l;
temp = g. " (delta_gamma/2) ;
den = (temp.x* (gamma_0O+delta_gamma) .* (1t+gamma_0O+delta_gamma)

- (gamma_0O+delta_gamma) .* (l1+gamma_0/2+delta_gamma/2)
+ 8*pi~2«beta’2+tau”2)."2;

num?2 = ((gamma_0 + 2xdelta_gamma) .* (l-temp)
+ delta_gamma.* (gamma_0O+delta_gamma)
.xlog(g) .*x(1/2-temp)) . 2

+ (1/2)*(1./SNR) .#* ((gamma_0O+delta_gamma)
+ delta_gamma.* (1+ (gamma_O+delta_gamma) /2

.xlog(g))) . 2
+ (1./SNR) .*x2xpi”2+beta”2+tau”?2
.*x(2+ delta_gamma.=*log(qg)) . 2;
T_RMSE_ML_without (n_gamma, :) = sqrt (tau”2+num2./den) ;
numl = ((gamma_0 + 2+delta_gamma) .* (l-temp)

+ delta_gamma.* (gamma_0O+delta_gamma)
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.xlog(g) .*x(1/2-temp)) . 2
+ (1/SNR) » ( (gamma_0O+delta_gamma) . 2/2
+ 8xpi~2+beta”2xtau”2);
T_RMSE_ML_with (n_gamma, :) = sqgqrt (tau”2+numl./den);
num_F_without = (l-temp+ (gamma_0O+delta_gamma)
.xlog(g) .+ (1/2-temp)) . 2
+ (1/2)* (1./SNR)
.+ (1+1/2% (gamma_0O+delta_gamma) .*1log(g)) . 2

+ (1./SNR)
.x 2%pi~2+«beta”2xtau”2* (log(g)) "2;
T_RMSE_ML_F_without (n_gamma, :) = delta_gamma.xtau
.*sqgrt (num_F_without./den);
num_F_with = (l-temp+ (gamma_0O+delta_gamma) .*1log(g)
.+ (1/2-temp)) . 2 ;
T_RMSE_ML_F_with (n_gamma, :) = delta_gamma.=*tau

.xsgrt (num_F_with./den);

end

figure,

hold on,

plot (delta_gamma, T_RMSE_MIL_F_without (1, :)*c,’ b-s’,
delta_gamma, T_RMSE_MIL_F_without (2, :)*c, " b-%x"),
plot (delta_gamma, T_RMSE_ML_F_with (1, :)*c,'m:"’,
delta_gamma, T_RMSE_ML_F_with (2, :)*c, 'm:p"),

plot (delta_gamma, T_RMSE_MIL_without (1, :) xc, " g-x',
delta_gamma, T_RMSE_MIL_without (2, :) xc, " g-0o'"),
plot (delta_gamma, T_RMSE_ML_with (1, :)*c,’'r:+",
delta_gamma, T_RMSE_MIL_with (2, :)*c,’r:d"),

legend ('F without ECD (\gamma_0 = 1.6)',

"F without ECD (\gamma_0 = 3.5)7,

'F with ECD (\gamma_0 = 1.6)',
'F with ECD (\gamma_0 = 3.5)',
"TE without ECD (\gamma_0 = 1.6)',
'TE without ECD (\gamma_0 .5)7,

"TE with ECD (\gamma_0 = 1.6)’,

"TE with ECD (\gamma_0 = 3.5)"),

title ('RMSE as a function of \delta_\gamma : Indoor scenario’),
xlabel (' \delta_\gamma’),ylabel ('RMSE (m)"’)

1
=3
)
)
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B.20 MATLAB® File for the Comparison of the Theo-
retical RMSE of the Position Estimate as a Func-
tion of o, for the Friedlander and the Taylor Ex-
pansion Methods for Several Values of SNRp (Fig. 5.5)

%$%%%% Indoor %%%%%%%%

tau_p = 0.2877e-9;

do = 0.05;

o} 3e8;

tau = 3/c;

SNR_range= [20 100]; SNR_range = 10." (SNR_range/10) ;
gamma_0 = 2.5; delta_gamma = [-1.5:0.1:1.5];
n_SNR = 0;

beta = sqgrt (5/ (2+pixtau_p~2)); g = d0/ (cxtau);

for SNR = SNR_range
n_SNR= n_SNR+1;
temp = g.” " (delta_gamma/2) ;
den (temp.* (gamma_0O+delta_gamma) . * (l1+gamma_0O+delta_gamma)
- (gamma_0O+delta_gamma) . * (1+gamma_0/2+delta_gamma/2)
+ 8xpi~2+beta”2xtau”2).72;
num = ((gamma_0 + 2xdelta_gamma) .* (l-temp)
+ delta_gamma.* (gamma_0O+delta_gamma)
.xlog(g) .+ (1/2-temp)) ."2
+ (1/2)*(1./SNR) .« ( (gamma_0O+delta_gamma)
+ delta_gamma.x (1+ (gamma_O+delta_gamma) /2
.xlog(g)))."2
+ (1./SNR) .*2+pi”2+beta”2+tau”2
.x(2+ delta_gamma.=*xlog(g)) . 2;
T_RMSE_ML_without (n_SNR, :) = sqgrt (tau”2+num./den) ;
numl = ((gamma_0 + 2*delta_gamma) .* (l-temp)
+ delta_gamma.* (gamma_0O+delta_gamma)
.*1log(g) .*(1/2-temp)) . 2
+ (1/SNR) » ( (gamma_0O+delta_gamma) . 2/2
+ 8xpi~2+beta”2xtau”2);
T_RMSE_ML_with(n_SNR, :) = sgrt (tau”2+numl./den);
num_F_without = (l-temp+ (gamma_0O+delta_gamma)
.*x1log(g) .*(1/2-temp)) . 2
+ (1/2) (1./SNR)
.x (1+1/2+ (gamma_0+delta_gamma) .+xlog(g)) . 2
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+ (1./SNR)
.x 2xpi”2+xbeta”2xtau”2x (log(qg)) "2;
T_RMSE_ML_F_without (n_SNR, :) = delta_gamma.x*tau
.*xsgrt (num_F_without./den);
num_F_with = (l-temp+ (gamma_O+delta_gamma)
.xlog(g) .+ (1/2-temp))."2 ;
T_RMSE_ML_F_with(n_SNR, :) = delta_gamma.x*tau
.xsgrt (num_F_with./den);
end
figure,
hold on,

plot (SNR_range, T_RMSE_ML_F_without (1, :)*c,’b-s’,
SNR_range, T_RMSE_ML_F_without (2, :) xc, "b—%"),
plot (SNR_range, T_RMSE_ML_F_with (1, :)*c,'m:"",
SNR_range, T_RMSE_MIL_F_with (2, :)xc, 'm:p’"),

plot (SNR_range, T_RMSE_ML_without (1, :) *xc, " g-x’,
SNR_range, T_RMSE_MI,_without (2, :) xc,’g-0o"),

plot (SNR_range, T_RMSE_ML_with (1, :)*c, ' r:+’,
SNR_range, T_RMSE_ML_with (2, :)*xc,’r:d"),

legend ('F without ECD (SNR_{Rx}=20)",

"F without ECD (SNR_{Rx}=100)",

"F with ECD (SNR_{Rx}=20)"',

"F with ECD (SNR_{Rx}=100)",

"TE without ECD (SNR_{Rx}=20)",

"TE without ECD (SNR_{Rx}=100)",

"TE with ECD (SNR_{Rx}=20)',

"TE with ECD (SNR_{Rx}=100)"),

title ('RMSE as a function of \delta_\gamma : Indoor scenario’),
xlabel (" \delta_\gamma’),ylabel ('RMSE (m)’)

B.21 MATLAB® File for the Taylor Expansion Method
With the Expectation of the Cross-derivative for
the RMSE of the Position Estimate as a Function
of 4, for the Indoor Scenario and Several Values
of ~ (Fig. 5.6)
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tau_p = 0.2877e-9;

do = 0.05;

c = 3e8;

tau = 3/c;

SNR = 0;

SNR = 10" (SNR/10) ;

gamma_0_range = [1.5:0.5:3.5];

gamma_0_range (1) = 1.6;

delta_gamma = [-1.5:0.1:1.57;

n_gamma = 0;

beta = sqrt (5/ (2+xpixtau_p~2));

g = d0/ (cxtau) ;

for gamma_0 = gamma_0_range
n_gamma = n_gamma+l;
temp = g.  (delta_gamma/2);
numl = ((gamma_0 + 2xdelta_gamma) .x* (1-temp)

+ delta_gamma.* (gamma_0O+delta_gamma)
.x1log(g) .x(1/2-temp)) . 2
+ (1/SNR) * ( (gamma_0O+delta_gamma) . 2/2
+ 8xpi~2xbeta’2xtau”2);
denl = (temp.x* (gamma_0O+delta_gamma)
.x (l+gamma_0O+delta_gamma)
- (gamma_0O+delta_gamma)
.*x (l+gamma_0/2+delta_gamma/2)
+ 8xpi”2«beta”2xtau”2).72;
T_RMSE_MLI1 (n_gamma, :) = sqgrt (tau”2+numl./denl);
end
hold on,
plot (delta_gamma, T_RMSE_ML1 (1, :)*c,’'b——0",
delta_gamma, T_RMSE_ML1 (2, :) xc, "b—-s’,
delta_gamma, T_RMSE_ML1 (3, :)*c,'b——"",
delta_gamma, T_RMSE_ML1 (4, :) xc, "b——p’,
delta_gamma, T_RMSE_ML1 (5, :) xc, "b——+")
legend (' \gamma_0 = 1.6’,’\gamma_0 = 2',
"\gamma_0 = 2.5’,’\gamma_0 = 3’,’\gamma_0 = 3.5"),

title ('RMSE as a function of \delta_\gamma : Indoor scenario’),
xlabel (' \delta_\gamma’),ylabel ('RMSE (m)"’)
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B.22 MATLAB® File for the Taylor Expansion Method
With the Expectation of the Cross-derivative for
the RMSE of the Position Estimate as a Function

of 4, for the Indoor Scenario and Several Values
of SNRRy (Fig. 5.7)

tau_p = 0.2877e-9;

do = 0.05;

c = 3e8;

tau = 3/c;

SNR_range = [10:20:907;

SNR_range = 10." (SNR_range/10) ;
gamma_ 0 = 2.5;

delta_gamma = [-1.5:0.1:1.5];

n_SNR = 0;

beta = sqgrt (5/ (2+pi*xtau_p~2));

g d0/ (cxtau) ;
for SNR = SNR_range
n_SNR= n_SNR+1;
temp = g.” (delta_gamma/2);

numl = ((gamma_0 + 2xdelta_gamma) .* (l-temp)
+ delta_gamma.* (gamma_0O+delta_gamma)
.*x1log(g) .*(1/2-temp)) . 2

+ (1/SNR) * ( (gamma_0O+delta_gamma) . 2/2
+ 8xpi~2«beta”2xtau”2);
denl = (temp.x* (gamma_0O+delta_gamma)
.x (1+gamma_0O+delta_gamma)
— (gamma_0O+delta_gamma)
.* (l+gamma_0/2+delta_gamma/2)
+ 8xpi~2+beta”2+tau”2).72;
T_RMSE_ML1 (n_SNR, :) = sgrt(tau”2+numl./denl);
end
hold on,
plot (delta_gamma, T_RMSE_ML1 (1, :)*c,’'b——0",
delta_gamma, T_RMSE_MLI1 (2, :) xc, "b—-s’,
delta_gamma, T_RMSE_ML1 (3, :)*c,'b——"",
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delta_gamma, T_RMSE_ML1 (4, :) xc, "b——p’,
delta_gamma, T_RMSE_ML1 (5, :) *xc, "b——+")

legend (' SNR_{Rx} = 10",’SNR_{Rx} = 30’,’SNR_{Rx} = 507/,
"SNR_{Rx} = 70’,"SNR_{Rx} = 90" ),

title ("RMSE as a function of \delta_\gamma : Indoor scenario’),
xlabel (" \delta_\gamma’),ylabel ('RMSE (m)"’)

B.23 MATLAB® File for the Simulation of the Bias and
the RMSEs as a Function of SNRrx for the Indoor
Scenario (Fig. 5.10-5.13)

$%%%%%% Indoor %%%%%%%%
$%5%%5Imperfect PLE $%$%%%%
tau_p = 0.2877e-9;

Tp = 0.7e-9;

fo = 16/ (3xpixtau_p);
do = 0.05;

dmax = 6;

c = 3e8;

k = c"2/(1l6xpi~2+«d0"2+«£f0"2);
SNR_range = [-10:5:50];
tau = 3/c;

tau_min = d0/c;
tau_max = dmax/c;

t0 = 1.5+«tau_max;
gamma_ 0 = 2;

imp_gamma = 2.5;

n_snr = 0;

N_R = 1000;
imp_gamma = 2.5;
t_sample = tau/leb6;

t = (1le-100:t_sample:t0);
tau_range = t;

%$tansmit signal
alpha_1 = 2xpix ((t-0.5+Tp) /tau_p)."2;

5] = (l-2xalpha_1) .*xexp(-alpha_1);
S = fft (s);
Es = sum((abs(s))."2);
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%receive signal

alpha_2 = 2%pix ((t-0.5+«Tp-tau) /tau_p)."2;

s_tau = (1-2xalpha_2) .xexp(—-alpha_2);

ab_0 = sqrt (k*(d0/ (tauxc)) "gamma_Q0) ;
ab_perfect = sqgrt (kx(d0./ (tau_rangex*c)) . gamma_0);
a_b = sqgrt (kx (d0./ (tauxc)) . imp_gamma) ;
a_b_range = sqgrt(kx(d0./(tau_range=*c)) . imp_gamma) ;
beta = sqgrt (5/ (2*pi*xtau_p~2));

for SNR = SNR_range
n_snr = n_snr+1;
SNR_1lin = 10" (SNR/10);
sigma_n = sqgrt (Esxab_0"2/SNR_1in) ;

for n R = 1:N_R
noise = (1/sgrt(2)) +* sigma_n
* (randn (1, length (t))+j*randn (1, length(t)));
r = ab_0Oxs_tau+noise;
R = fft(r);
rho = real (ifft (conj(S).*R));
[C I] = max (rho) ;
hat_tau_b_MC = t(I);
error_MC (n_R) = hat_tau_b_MC- tau;
corrl = a_b_range. 2xEs-2xa_b_range.xrho;
[C1 I1] = min (corrl);
hat_tau_b_ML1 = t (I1);
error_ML_TIPLE (n_R) = hat_tau_b_ML1- tau;
corr2 = ab_perfect.  2+xEs-2+ab_perfect.*rho;
[C2 I2] = min (corr2);
hat_tau_b_ML2 = t(I2);
error_ML_PLE (n_R) = hat_tau_b_ML2- tau;
end
S _Bias MIL_TIPLE(n_snr) = mean(error_ ML _ TIPLE);

S_Bias_MIL_PLE (n_snr)
S_Bias MC (n_snr) mean (error_MC) ;
num = (2ximp_gamma—-gamma_0) x (ab_0-a_Db)
+ imp_gammax (imp_gamma—gamma_0)
*1og (d0/ (cxtau) )+ (ab_0/2-a_b) ;

(
mean (error_ML_PLE) ;
(

den = 8xpi“2+beta”2xtau”2xab_0
— (imp_gammax (ab_0—-a_b)+imp_gamma 2+ (ab_0/2-a_b) ) ;
T Bias_ML(n_snr) = —tauxnum/den;

numF= (imp_gamma-gamma_0) x (ab_0-a_b)



end

- imp_gamma~* (imp_gamma—-gamma_0)

*1log (d0/ (c*tau) )« (a_b - ab_0/2);

T _Bias_MIL_F (n_snr) = —tauxnumF./den;
S_RMSE_MI_TIPLE (n_snr) = sgrt (mean(error_ML_IPLE. 2));
S_RMSE_MI_PLE (n_snr) = sqrt (mean (error_ML_PLE."2));
S_RMSE_MC (n_snr) = sqgrt (mean (error MC."2));

numl = ((2+ximp_gamma—-gamma_0)+ (1-a_b/ab_0)

denl

+ imp_gammax (imp_gamma-gamma_0)

*1og (d0/ (cxtau) )+ (1/2-a_b/ab_0) )"2
+ (sigma_n"2/ (Es*ab_072))

* (imp_gamma”~2/2+8*pi~2+xbeta”2xtau”2);
((a_b/ab_0) *imp_gammax* (1+imp_gamma)
—imp_gammax* (1+imp_gamma/2)

+ 8 xpi~2+beta”2xtau”2) "2;

T_RMSE_ML_with(n_snr) = sqgrt (tau”2+numl/denl);

num2 =

((2+ximp_gamma—-gamma_0) x (1-a_b/ab_0)
+ imp_gammax* (imp_gamma—-gamma_0)
*1log (d0/ (c*tau) )+ (1/2-a_b/ab_0) )~2
+ (1/2)*(sigma_n"2/ (Es*ab_072))
* (imp_gamma+ (imp_gamma-gamma_0)
* (1+imp_gamma/2+1log (d0/ (cxtau)))) "2
+ sigma_n"2/ (Esxab_072)*«2+pi~2+«beta”2+tau”2
* (2+ (imp_gamma—gamma_0) xlog (d0/ (cxtau))) "2;

T _RMSE_MIL_without (n_snr) = sqgrt (tau”2+num2/denl) ;

num3 =

(1-a_b/ab_0+imp_gammaxlog (d0/ (cxtau))
*(1/2-a_b/ab_0)) "2

+(1/2)* (sigma_n"2/ (Es*xab_0"2))
* (1+imp_gamma/2+1og (d0/ (cxtau))) "2

+ (sigma_n"2/(Es*ab_07"2))*2*pi~2+beta”2+xtau”2
* (log (d0/ (c*xtau))) "2;

T_RMSE_MIL_F_without (n_snr) = tau.*sqrt ((imp_gamma

numéd =

T_RMSE__

—gamma_0) . 2.xnum3/denl) ;
(1-a_b/ab_0+imp_gammaxlog (d0/ (cxtau))
*(1/2-a_b/ab_0))"2;

MI,_F_with(n_snr) = tau.xsqgrt ( (imp_gamma

—gamma_0) . " 2.+xnum4/denl) ;

T_MC_PLE(n_snr) = 1/sgrt (SNR_1in*8*pi~2+beta”2);

T_ML_PLE (n_snr)

1/sqrt (SNR_1in=* (8xpi~2+beta”2
+ gamma_0"2/ (2+xtau”2)));

184
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figure,plot (SNR_range,S_Bias_MCxc,’'p’,

SNR_range, S_Bias_ML_PLExc,’s’,

SNR_range, S_Bias_ML_IPLExc,’ ',

SNR_range, T_Bias_ML_Fxc,’'—+',

SNR_range, T_Bias_ML%c,’-0"),

legend ('MC Simulation’,’ML: Perfect PLE’,

"ML: Imperfect PLE’,’ML: Friedlander’,

"ML: Taylor Expansion’),

title('Bias as a function of SNR_{Rx}: Indoor scenario’),
xlabel (' SNR_{Rx} (dB)'),ylabel (’Bias (m)"')

figure,plot (SNR_range, S_RMSE_MCxc, ' +',

SNR_range, T_MC_PLExc, ' ——',

SNR_range, S_RMSE_MIL_PLExc, "o’ ,SNR_range, T_MC_PLExc,’'—-.",
SNR_range, S_RMSE_MI_TIPLE*xc,’s’,

SNR_range, T_RMSE_MIL_F_withoutxc,’ :v’,

SNR_range, T_RMSE_ML_F_with*c,’ :x’,

SNR_range, T_RMSE_ML_withoutxc,’ :p’,

SNR_range, T_RMSE_MIL_withxc,’-"),

legend ('MC Simulation’,’MC Analysis’,

"ML Simulation: Perfect PLE’,’ML Analysis: Perfect PLE’,
"ML Simulation: Imperfect PLE’,’ML Analysis: F without ECD’,
"ML Analysis: F with ECD’,’ML Analysis: TE without ECD’,
"ML Analysis: TE with ECD’),

title ("RMSE as a function of SNR_{Rx}: Indoor scenario’),
xlabel (' SNR_{Rx} (dB)'),ylabel ("RMSE (m)"')

B.24 MATLAB® File for the Simulation of the Bias and
the RMSEs as a Function of 4, for the Indoor Sce-
nario (Fig. 5.14-5.17)

%$%%%%%% Indoor %$%%%%%%%
$%%%Imperfect PLE $%%%%
tau_p = 0.2877e-9;

Tp = 0.7e-9;

f£0 = 16/ (3xpixtau_p);
do = 0.05;

dmax = 6;

= 3e8;

Q
|
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k = Cc"2/(1l6xpi~2+«d0"2+«f0"2);
SNR = 20;

tau = 3/c;

tau_min = d0/c;

tau_max = dmax/c;

t0 = 1.5+xtau_max;

gamma_0 = 2;

n_gamma = 0;

N_R = 5000;

t_sample tau/le6;

tau_range=t;

imperfect_gamma_range = [1.6:0.1:3.5];

t (1le-100:t_sample:t0);
$tansmit signal

alpha_1 = 2+pix ((t-0.5+«Tp)/tau_p)."2;

] = (1-2xalpha_1) .xexp (-alpha_1);
S = fft (s);
Es = sum((abs(s))."2);
%$receive signal
alpha_2 = 2#pix ((t-0.5+«Tp-tau)/tau_p)." 2;
s_tau = (l-2xalpha_2) .xexp(-alpha_2);
ab_0 = sqgrt (kx (d0/ (tau*c)) "gamma_Q0) ;
ab_perfect = sqgrt (kx(d0./ (tau_range=*c)) . gamma_0) ;
beta = sqgrt (5/ (2xpixtau_p~2));
SNR_1lin = 10" (SNR/10);
sigma_n = sqgrt (Esxab_0"2/SNR_1in);
for imp_gamma = imperfect_gamma_range
n_gamma = n_gammatl;
%let us fix SNR
a_b = sqgrt (kx (d0./ (tau*c)) . imp_gamma) ;
a_b_range sqrt (k* (d0./ (tau_rangexc)) . imp_gamma) ;

for n R = 1:N_R

noise = (1/sgrt(2)) * sigma_n
* (randn (1, length(t))+j*randn (1, length(t)));
r = ab_0O+*s_tau+noise;
R = fft(r);
rho = real (ifft (conj(S).*R));
[C I] = max (rho) ;
hat_tau_b_MC = t(I);

error_MC (n_R) = hat_tau_b_MC- tau;
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corrl = a_b_range. 2xEs-2%a_b_range.xrho;
[C1 I1] = min (corrl);
hat_tau_b_ML1 = t (I1);
error_ML_TIPLE (n_R) = hat_tau_b_ML1- tau;
corr2 = ab_perfect.  2+xEs-2+ab_perfect.*rho;
[C2 I2] = min (corr2);
hat_tau_b_ML2 = t(I2);
error_ML_PLE (n_R) = hat_tau_b_ML2- tau;
end
S_Bias_MIL_IPLE (n_gamma) = mean (error_ML_TIPLE);
S_Bias_ML_PLE (n_gamma) = mean (error_ML_PLE) ;
S_Bias_MC (n_gamma) = mean (error_MC) ;
num = (2ximp_gamma—-gamma_0) x (ab_0-a_Db)

+ imp_gammax (imp_gamma—gamma_0)
*1og (d0/ (cxtau) )+ (ab_0/2-a_b) ;
den = 8xpi~2+beta”2xtau”2+ab_0) - (imp_gammax (ab_0-a_b)
+imp_gamma 2% (ab_0/2-a_b)) ;
T_Bias_ML(n_gamma) = —-tau*num/den;
numF= (imp_gamma—-gamma_0) x (ab_0-a_b) -imp_gamma
* (imp_gamma—-gamma_0) *1log (d0/ (c*tau) )« (a_b - ab_0/2);
T_Bias_ML_F (n_gamma) = -tau*numF./den;
S_RMSE_MIL_TIPLE (n_gamma) = sqgrt (mean(error_ MIL_IPLE."2));
S_RMSE_ML_PLE (n_gamma) = sqgrt (mean (error_ML_PLE."2));
S_RMSE_MC (n_gamma) = sqgrt (mean (error_MC."2));
numl ((2*imp_gamma—gamma_0)  (1-a_b/ab_0)
+ imp_gammax (imp_gamma-gamma_0)
*1log (d0/ (c*tau) )« (1/2-a_b/ab_0) )~2
+(sigma_n"2/ (Es*ab_07"2))
* (imp_gamma”2/2+8+pi”~2+beta”2+xtau”2) ;

denl = ((a_b/ab_0)+imp_gamma=* (1+imp_gamma)

- imp_gamma=* (1+imp_gamma/2) + 8 *pi~2+xbeta”2xtau”2) "2;
T_RMSE_ML_with (n_gamma) = sqgrt (tau”2+numl/denl);
num2 = ((2+ximp_gamma—-gamma_0)+ (1-a_b/ab_0)

+ imp_gammax (imp_gamma—-gamma_0)
*1og (d0/ (cxtau) )+ (1l/2-a_b/ab_0) )"2
+ (1/2)*(sigma_n"2/ (Es*ab_072))
* (imp_gamma+ (imp_gamma—-gamma_0)
* (1+imp_gamma/2+1og (d0/ (c*tau)))) "2
+ sigma_n"2/ (Esxab_072)*«2+pi~2+beta”2+tau”2
* (2+ (imp_gamma-gamma_0) *1og(d0/ (c*xtau))) "2;
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T_RMSE_ML_without (n_gamma) = sqgrt (tau”2+num2/denl) ;
num3 = (l-a_b/ab_0+imp_gammaxlog (d0/ (cxtau))
*(1/2-a_b/ab_0)) "2
+(1/2)*(sigma_n"2/ (Es*ab_072))
* (1+imp_gamma/2+1log (d0/ (c*tau))) "2
+(sigma_n"2/ (Es*ab_072)) *2+pi~2+beta”2+xtau”2
* (log (d0/ (cxtau))) "2;
T_RMSE_ML_F_without (n_gamma) = tau.*sqrt ( (imp_gamma
—gamma_0) . " 2.+num3/denl) ;

num4 = (l-a_b/ab_0+imp_gammaxlog (d0/ (cxtau))
*(1/2-a_b/ab_0)) "2;
T_RMSE_ML_F_with (n_gamma) = tau.xsqrt ( (imp_gamma
—gamma_0) . 2.xnum4/denl) ;
end
T _MC_PLE = 1/sgrt (SNR_1in*8+*pi~“2«+beta”2)
xones (1, length (imperfect_gamma_range));

T_MIL_PLE = 1/sgrt (SNR_1lin=* (8*pi~2+beta”2

+ gamma_0"2/ (2+xtau”2)))
xones (1, length (imperfect_gamma_range)) ;
x= imperfect_gamma_range
— gamma_0O~*ones (1, length (imperfect_gamma_range));
4

figure,plot (x,S_Bias_MCx*c,’'p’,x,S_Bias_ML_PLExc,’s’,
X,S_Bias_ML_IPLExc,’*',x,T_Bias_ML_Fx*c,’'—-+’,

x,T_Bias ML=xc,’'-0’),

legend (MC Simulation’,’ML: Perfect PLE’,

"ML: Imperfect PLE’,’ML: Friedlander’,

"ML: Taylor epansion’),

title(’Bias as a function of (\gamma-\gamma_0): Indoor scenario’),

xlabel (! ( \gamma - \gamma_0 )’),ylabel ('Bias (m)’)
figure,plot (x, S_RMSE_MCxc,’+’,x,T_MC_PLExc,’'—--'",

X, S_RMSE_ML_PLExc,’o’,x,T_MC_PLEx*xc,’'-.",
X,S_RMSE_MIL_IPLExc,’s’,x,T_RMSE_ML_F_ withoutx*c,’ :v’,

x, T_RMSE_ML_F_with*c,’ :x’,x, T_RMSE_ML_withoutxc,’ :p’,

x, T_RMSE_ML_withxc, ' -'),

legend (MC Simulation’,’MC Analysis’,

"ML Simulation: Perfect PLE’,’ML Analysis: Perfect PLE’,

"ML Simulation: Imperfect PLE’,’ML Analysis: F without ECD’,
"ML Analysis: F with ECD’,’ML Analysis: TE without ECD’,

"ML Analysis: TE with ECD’),

title ('RMSE as a function of (\gamma-\gamma_0): Indoor scenario’),
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xlabel (! (\gamma —-\gamma_0)’),ylabel ('RMSE (m)’)

B.25 MATLAB® File for the Simulation of the RMSE
and the Bias as a Function of SNRrx for the Out-
door Scenario (Fig. 5.18-5.22)

%$%%%%%% Outdoor %$%%%%%%%
$3%Imperfect PLE3%%%%%%%
f0 = 0.9e9;

w0 = 2xpixf0;

do = 100,

dmax = 3e3;

c = 3e8;

k = c"2/(1l6xpi”2+«d0"2+«f0"2);
tau = 500/c;

gamma_ 0 = 5;

imp_gamma = 6;

N_R_frame = 20;

N_R noise = 50;
N_bits = 2;
R B = 15e6; %unrealistic bit rate
T = 1/R_B;
Ts = T+ (N_bits-1);
t0 = 1.005% (Ts+tau);
t_sample = t0/leb6;
t = 1le-100:t_sample:t0;
tau_range = t;
ab_0 = sqgrt (kx (d0./ (tau*c)) . gamma_0) ;
ab_range_perfect = sqgrt (k+(d0./ (tau_range*c)) . gamma_0) ;
a_b = sqgrt (kx (d0./ (tauxc)) . imp_gamma) ;
ab_range = sqgrt (kx (d0./ (tau_range=*c)) . imp_gamma) ;
SNR_range = [-10:5:45];
n_snr = 0;
for SNR = SNR_range
n_snr = n_snr+1;
SNR_1in = 10" (SNR/10);
for n_R_frame = 1:N_R_ frame

frame = sign(2 % rand(1l,N_bits) - 1);
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S = MSK_mod (frame,R_B,f0,0,t, t_sample);
S = fft(s);
Es = sum((abs(s))."2);
delay = round(tau/t_sample);
s_tau =[zeros(l,delay) s(l: (end- delay))];
sigma_n = sqrt(Es+ab_0"2/SNR_1in);
for n_R noise = 1:N_R noise
noise = (1/sqgrt(2))+* sigma_n

* (randn (1, length(t))+j*xrandn (1, length(t)));
%received signal

r = ab_0xs_tau+noise;

R = fft (r);

rho = real (ifft (conj(S).*R));

[C_MC TI_MC] = max (rho) ;
hat_tau_b_MC = t(I_MC);
error_noise_MC(n_R_noise) = hat_tau_b_MC-tau;

corr_MIL_PLE

= ab_range_perfect. 2«Es - 2xab_range_perfect.xrho;
[C_ML_PLE I_MI_PLE] = min (corr ML_PLE);
hat_tau_b_ML_PLE = t(I_ML_PLE);

error_noise MI_PLE (n_R noise)
= hat_tau b _MIL_PLE-tau;

corr ML_IPLE
= ab_range. 2xEs - 2%ab_range.*rho;

[C_ML_TIPLE I_MIL_ TIPLE] = min (corr_ML_IPLE);
hat_tau_b_ML_IPLE t (I_ML_IPLE);
error_noise_ ML _TPLE (n_R_noise)

= hat_tau b _MIL_IPLE-tau;

end

error_MC (n_R_frame) = mean (error_noise_MC) ;
error_ ML _PLE (n_R_ frame) = mean (error_noise MIL_PLE);
error_ML_IPLE (n_R_frame) = mean(error_noise_ML_IPLE);
MSE_MC (n_R_frame) = mean((error_noise_MC)."2);

MSE_ML_PLE (n_R_frame) = mean((error_noise ML_PLE)."2);
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MSE_MIL_TIPLE (n_R_frame) = mean((error_noise_ML_IPLE)."2);
w=[];
for i= 1:2:1length (frame)
w = [w wO—frame (1) xframe (i+1)/(2*T)1;
end
beta2 = (1/(4*pi~2))+sum(w. 2)/(N_bits-1);

numl = ((2+imp_gamma—-gamma_0)* (1-a_b/ab_0)
+ imp_gammax (imp_gamma—-gamma_0)

x*1log (d0/ (cxtau) )+ (1/2-a_b/ab_0) )"2
+ (sigma_n"2/ (Esxab_072))

* (imp_gamma”2/2+8+pi~2+beta2+tau”2);
((a_b/ab_0) ximp_gammax* (1+imp_gamma)
- imp_gammax (1+imp_gamma/2)

+ 8 xpi”~2+betal2+tau”2)"2;
T MSE ML with(n_R_frame) = tau”2+numl/denl;
n_R_ frame

denl

Bias_MC (n_snr) = mean (error_MC) ;

Bias MI._PLE (n_snr)
Bias_ML_IPLE (n_snr)

S_RMSE_MC (n_snr)

mean (error_ML_PLE) ;
mean (error_ML_TIPLE) ;

sgrt (mean (MSE_MC) ) ;

S_RMSE_MIL_PLE (n_snr) = sqgrt (mean (MSE_MI_PLE) )

S_RMSE_MI_IPLE (n_snr)

sgrt (mean (MSE_ML_TIPLE)) ;

Average_T_RMSE_ML_with (n_snr) = sqgrt (mean (T_MSE_MIL_with));

numl

num?2

= (2ximp_gamma—-gamma_0) » (ab_0-a_Db)
+imp_gammax (imp_gamma—gamma_0)
x*1og (d0/ (c*xtau)) * (ab_0/2-a_Db) ;
1/ (2+xtau”2+ab_0* (wO-pi/ (2+T)) "2
— (imp_gammax* (ab_0-a_Db)
+imp_gamma“ 2« (ab_0/2-a_b)))
+ 1/ (2«tau”2+«ab_0* (wO+pi/ (2%T)) "2
— (imp_gammax (ab_0-a_Db)
+imp_gamma”2* (ab_0/2-a_b)));

AB(n_snr) = - (1/2) *tau*numl+num?2;
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den3 = 8xpi~2+tau”2+ab_0* (f0"2+1/(16*xT"2))
— (imp_gammax (ab_0-a_Db)
+imp_gamma“ 2+ (ab_0/2-a_b));

LBB (n_snr) = —tauxnuml/den3;

ACRB_MC (n_snr) sgrt (((16«f0°2 + 1/T"2)

/(10.7 (SNR./10) *8*pi~2
*(16%£f07°4 + 1/(16%xT"4)

- (1/T72)x2x£072))));

sqrt ((1./(2+«10."7 (SNR./10)))

* (1/ (2% (2xpixf0-pi/ (2xT)) "2

+ gamma_0"2/ (2+xtau”2))

+ 1/ (2% (2xpi+xf0+pi/ (2+T)) "2

+ gamma_0"2/ (2xtau”2))));

ACRB_ML (n_snr)

end

figure,plot (SNR_range,Bias_MCxc,’+',
SNR_range,Bias_MIL_PLExc,’o’,
SNR_range,Bias_MIL_IPLEx*c,’s’,

SNR_range, ABxc,’"——'",SNR_range, LBB*c,’'-."),
legend ('MC Simulation’,

"ML Simulation: Perfect PLE’,

"ML Simulation: Imperfect PLE’,

"ML Theory: Taylor with ECD’,

"ML Theory: Lower/Upper Bound’),
title('Bias as a function of SNR_{Rx}: Outdoor scenario’),
xlabel (' SNR_{Rx} (dB)'),ylabel (’Bias (m)"')
figure,plot (SNR_range, S_RMSE_MCxc, " +',
SNR_range, ACRB_MCx*c, " ——",

SNR_range, S_RMSE_MI_PLExc, o',

SNR_range, ACRB_ML=*c,"-.",

SNR_range, S_RMSE_MIL_TIPLE*xc,’s’,

SNR_range, Average_T RMSE_ML_with*c,’:’),
legend ('MC Simulation’,

"ToA: ACRB’,

"ML Simulation: Perfect PLE',

’SS-ToA: ACRB’,

"ML Simulation: Imperfect PLE’,

"ML Theory: Averaged TE with ECD’),

title ('RMSE as a function of SNR_{Rx}: Outdoor scenario’),
xlabel (' SNR_{Rx} (dB)’'),ylabel ('RMSE (m)"')
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B.26 MATLAB® File for the Simulation of the RMSE
and the Bias as a Function of ¢, for the Outdoor
Scenario (Figures 5.23 and 5.24)

T 00000 OU.tdOO]f %/0/0/0/0666
$%%Transmitted signal is a MSK signal

f0 = 0.9e9;
w0 = 2%pixf0;
do = 100;
dmax = 3e3;
c = 3e8;
k = Cc"2/(1l6xpi~2+xd0"2%f0"2);
tau = 500/c;
gamma_0 = 5;
imperfect_gamma_range = [3.7:0.2:6.5];
n_gamma = 0;
N_R_frame = 20;
N_R_noise = 50;
N_bits = 2;
R_B = 15e6;
T = 1/R_B;
Ts = T+ (N_bits-1);
t0 = 1.005« (Ts+tau);
t_sample = t0/5e6;
t = 1le-100:t_sample:t0;
tau_range = t;
SNR = 32;
SNR_1in = 10" (SNR/10) ;
ab_0 = sqgrt (kx (d0./ (tau*c)) . gamma_Q0) ;
ab_range_perfect = sqgrt (k*(d0./ (tau_range*c)) . gamma_0) ;
for imp_gamma = imperfect_gamma_range
n_gamma = n_gamma+l;
a_b = sqgrt (kx (d0./ (tau*c)) . imp_gamma) ;
ab_range = sqgrt (kx(d0./ (tau_range*c)) . imp_gamma) ;
for n. R_frame = 1:N_R_frame
frame = sign(2 % rand(l,N_bits) - 1);
] = MSK_mod (frame,R_B,f0,0,t, t_sample);
S = fft(s);
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Es = sum((abs(s))."2);
delay = round(tau/t_sample) ;
S_tau = [zeros(l,delay) s (l:(end- delay))];
sigma_n = sqrt(Es*ab_0"2/SNR_1lin);
for n_.R noise = 1:N_R noise
noise = (1/sgrt(2))* sigma_n
* (randn (1, length(t)) + j*randn(l,length(t)));
%received signal
r = ab_0xs_tau+noise;
R = fft(r);
rho = real (ifft (conj(S).*R));
[C_MC I_MC] = max (rho) ;
hat_tau_b_MC = t (I_MC);
error_noise_ MC(n_R_noise) = hat_tau_b_ MC-tau;
corr_ML_PLE = ab_range_perfect. 2xEs
—-2xab_range_perfect.xrho;
[C_ML_PLE I_MIL_PLE] = min (corr_ML_PLE);
hat_tau_b_ML_PLE = t (I_ML_PLE);
error_noise MI_PLE (n_R noise)
= hat_tau_b_MIL_PLE-tau;
corr_ML_TIPLE = ab_range. 2xEs
—-2xab_range.*rho;
[C_ML_TIPLE I_ML IPLE] = min (corr_MIL_IPLE);
hat_tau_b_ML_IPLE = t (I_ML_TIPLE);
error_noise_ML_IPLE (n_R_noise)
= hat_tau_b_MIL_IPLE-tau;
end
error_MC (n_R_frame) = mean (error_noise MC);
error_MIL_PLE (n_R_frame) = mean (error_noise_MIL_PLE);
error_ML_IPLE (n_R_frame) = mean(error_noise_ML_IPLE);
MSE_MC (n_R_frame) = mean((error_noise_MC)." 2);
MSE_ML_PLE (n_R_frame) = mean((error_noise ML _PLE)."2);
MSE_MI_IPLE (n_R frame) = mean((error_noise_MIL_IPLE)."2);
w=[];
for i= 1:2:1length (frame)

end

w = [w 2+pi*xfO-frame (i) +frame (i+1)/(2+T)];
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beta?2 (1/ (4+pi”~2))«sum(w."2)/(N_bits-1);
numl = ((2*imp_gamma—-gamma_0)* (1l-a_b/ab_0)
+ imp_gammax (imp_gamma—gamma_0)
*1log(d0/ (cxtau) )+ (1/2-a_b/ab_0) )"2
+ (sigma_n"2/ (Es*ab_072))
* (imp_gamma”2/2+8xpi~2+betal2+tau”2);

denl = ((a_b/ab_0)*imp_gammax* (1+imp_gamma)
- imp_gammax (1+imp_gamma/2)
+ 8 xpi~2+betal2+tau”2) "2;
T MSE ML with(n_R_frame) = tau”2+numl/denl;
end
Bias_MC (n_gamma) = mean (error_MC) ;

Bias_ML_PLE (n_gamma)
Bias_MIL_TIPLE (n_gamma)

mean (error_ML_PLE) ;
mean (error_ ML_IPLE) ;

S_RMSE_MC (n_gamma) = sqgrt (mean (MSE_MC)) ;
S_RMSE_ML_PLE (n_gamma) = sqgrt (mean (MSE_ML_PLE) ) ;
S_RMSE_MI_TPLE (n_gamma) = sqgrt (mean (MSE_ML_TIPLE));
Average_T_RMSE_MIL_with (n_gamma) = sqgrt (mean (T_MSE_ML_with));
numl = (2ximp_gamma—-gamma_0) x (ab_0-a_Db)
+imp_gammax* (imp_gamma—gamma_0)
x*1log (d0/ (c*xtau)) * (ab_0/2-a_Db) ;

num2 = 1/ (2+xtau”2+ab_0* (wO0-pi/ (2+T)) "2
— (imp_gammax (ab_0-a_b)
+imp_gamma 2 (ab_0/2-a_b)))
+ 1/ (2«tau”2+xab_0* (wO+pi/ (2+T)) "2
— (imp_gammax (ab_0-a_b)
+imp_gamma”2+* (ab_0/2-a_b)));
AB (n_gamma) = —-(1/2) xtau*xnuml+num?2;
den3 = 8*pi~2+«tau”2*ab_0x (£072+1/(16%xT"2))
- (imp_gammax (ab_0-a_Db)
+imp_gamma” 2« (ab_0/2-a_b));
LBB (n_gamma) = —tauxnuml/den3;
end
ACRB_MC = sqgrt(((l6*xf0"2 + 1/T"2)

/(10.7 (SNR./10) *8xpi”~2

*(16xf0"4 + 1/ (16%T"4)

- (1/T"2)*2x£072)))

xones (1, length (imperfect_gamma_range)));
ACRB_ML = sqgrt((l1./(2+«10."7 (SNR./10)))
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*(1/ (2% (2+xpixf0-pi/ (2+T)) "2

+ gamma_0"2/ (2+xtau”2))

+ 1/ (2% (2«pi*f0+pi/ (2+T)) "2

+ gamma_0"2/ (2+xtau”2))))

*ones (1, length (imperfect_gamma_range)) ;
x= imperfect_gamma_range
— gamma_0O~xones (1, length (imperfect_gamma_range)) ;

figure,plot (x,Bias_MCxc,'+',
x,Bias_ML PLEx*c,’o’,
X,Bias_ML_IPLExc,’s’,
Xx,AB*xc,’——",x,LBB*xc,’'-."),
legend ('MC Simulation’,
"ML Simulation: Perfect PLE’,
"ML Simulation: Imperfect PLE’,
"ML Theory: Taylor with ECD’,
"ML Theory: Lower/Upper Bound’),
title(’Bias as a function of \delta_{\gamma) }: Outdoor scenario’),
xlabel (" \delta_{\gamma)’),ylabel ('Bias (m)’)
figure,plot (x, S_RMSE_MCx*c,"+',
x,ACRB_MCxc,’'——",
X, S_RMSE_MI_PLEx*xc,’o’,
%, ACRB_MLxc, ' —.',
x,S_RMSE_MIL_IPLExc,’s’,
x,Average_T_RMSE_MIL_withxc,’:’),
legend ('MC Simulation’,
"ToA: ACRB’,
"ML Simulation: Perfect PLE’,
"SS—-ToA: ACRB',
"ML Simulation: Imperfect PLE’,
"ML Theory: Averaged TE with ECD’),
title ("RMSE as a function of \delta_{\gamma) }: Outdoor scenario’),
xlabel (" \delta_{\gamma)} ’),ylabel ('RMSE (m)’)
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