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Zusammenfassung

In den vergangenen Jahren wurde zunehmend Forschung im Bereich drahtlose
Sensornetzwerk (engl. ,,Wireless Sensor Network®) betrieben. Lokalisierung im
Innenraum ist ein vielversprechendes Forschungsthema, das in den Literaturen
vielfiltig diskutiert wird. Jedoch beriicksichtigen die meisten Arbeiten einen
wichtigen Faktor nicht, ndmlich die Mehrwegeausbreitung, welche die Genauigkeit
der  Lokalisierung  beeinflusst. Diese  Arbeit  bezieht sich  auf
Lokalisierungsanwendungen in UWB (Ultra-Breitband-Technologie)- und WLAN
(drahtloses lokales Netzwerk)- Systemen im Fall von Mehrwegeausbreitung.

Zur Steigerung der Robustheit der Lokalisierungsanwendungen  bei
Mehrwegeausbreitung wurden neuartige Lokalisierungsalgorithmen, die auf der
Auswertung der Ankunftszeit (engl. ,,Time of Arrival®, ToA), der empfangenen
Signalstirke (engl. ,,Received Signal Strength®, RSS) und dem Einfallswinkel (engl.
»Angle of Arrival, AoA) basieren, vorgestellt und wuntersucht. Bei
Mehrwegeausbreitung ist die Fragen den direkten Pfad zu 16sen, da der direkte Pfad
(engl. ,,Direct Path®, DP) schwicher als anderer Pfad sein kann. In dieser Arbeit
werden daher neuartige Algorithmen zur Flankendetektion der empfangenen Signale
fiir UWB Systeme entwickelt, um die Positionsbestimmung zu verbessern: Es gibt die
kooperative Flankendetektion (engl. ,Joint Leading Edge Detection”, JLED), die
erweiterte maximalwahrscheinlichkeitbasierte Kanalschitzung (engl. ,Improved
Maximum Likelihood Channel Estimation®, IMLCE) und die Flankendetektion mit
untervektorraumbasiertem Verfahren (engl. ,,Subspace based Approaches®, SbA).

Bei der kooperativen Flankendetektion werden zwei Kriterien herangezogen néamlich
die minimale Fliche und das minimale mittlere Quadrat des Schitzfehlers (engl.
»2Minimum Mean Squared Error, MMSE). Weiterhin wird ein monopulsbasierter
Kanalschétzer (engl. ,,Monopulse based Channel Estimator*, MCE) entwickelt, um
die moglicherweise falsche Kombinationen der Flanken (engl. ,Leading Edge
Combination®, LEC) auszuschlieBen. Zudem wird in der Arbeit der erweiterte MLCE
vorgestellt, der aus einem groben und einem genauen Schitzungsschritt besteht.

Bei dem neuartigen untervektorraumbasierten Verfahren werden ein statischer und ein
Schwundkanal untersucht. Im ersten Fall wird die Kombination der
Riickwértssuchalgorithmus mit untervektorraumbasierten Verfahren untersucht.
Zudem wird im zweiten Fall ein untervektorraumbasierte Verfahren — im
Frequenzbereich vorgestellt.

Fir die RSS-basierte Lokalisierung wird ein Fingerabdruckverfahren (engl.
,Fingerprint Approach®) und ein neuartiger Entfernungsschitzer basierend auf der
Kanalenergie entwickelt und implementiert.

Schlieflich wird in der Arbeit ein Lokalisierungssystem mit Winkelschitzern
inklusive einer entsprechenden Kalibrierung auf einer 802.11a/g Hardwareplattform
vorgestellt. Dazu wird ein neuartiger Trigerschétzer und Kanalschétzer entwickelt.



Abstract

In the past several years there has been more growing research on Wireless Sensor
Network (WSN). The indoor localization is a promising research topic, which is
discussed variously in some literatures. However, the most work does not consider an
important factor, i.e. the multi-path propagation, which affects the accuracy of the
indoor localization. This work dealt with the indoor localization applied in UWB
(Ultra Wide Band) and WLAN (Wireless Local Area Network) systems in the case of
multi-path propagation.

To improve the robustness of the applications of localization in the case of multi-path
propagation, novel localization algorithms based on the evaluation of the Time of
Arrival (ToA), the Received Signal Strength (RSS) and the Angle of Arrival (AoA)
were proposed and investigated. In the ToA based localization systems, the detection
of shortest signal propagation time plays a critical role. In the case of multi-path
propagation, the Direct Path (DP) needs to be resolved because the DP may be weaker
than Multi Path Components (MPC). Thus the novel algorithms for leading edge
detection were developed in this work in order to improve the accuracy of localization,
namely Joint Leading Edge Detection (JLED), Improved Maximum Likelihood
Channel Estimation (IMLCE) and the leading edge detection with Subspace based
Approaches (SbA).

Two criteria were proposed and referenced for the JLED, namely Minimum Area
(MA) and Minimum Mean Squared Error (MMSE). Furthermore, a monocycle-based
channel estimator was developed to mitigate the fake LECs (Leading Edge
Combination). The estimation error of JLED was theoretically analyzed and simulated
for evaluation of the estimator. IMLCE consists of a coarse and a fine estimation step.
The coarse position of the first correlation peak shall be found with the Search Back
Algorithms (SBA), which is followed by MLCE-algorithms.

The novel SbA was investigated in a static and a fading channel. In the former case,
the iterative algorithm, which combines SbA with SBA, was investigated. In the latter
case, the FD-SbA (Frequency Domain - SbA) was proposed, which requires to
calculate the covariance matrix in the FD.

For the RSS based localization, fingerprint approach and the novel channel energy
based distance estimator were investigated and developed in this dissertation.

Finally, a localization system using AoA estimation and the initial calibration was
presented on an 802.11a/g hardware platform. A novel Carrier Frequency Offset
(CFO) estimator and channel estimator were investigated and developed. The
measurement campaigns were made for one, two and four fixed stations, respectively.
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1 Introduction
1.1 Motivation

Location Tracking (LT) applications and Quality of Service (QoS) parameter
optimization in networks have become a hot research issue in the recent years. The
most commonly available localization technology today is the Global Position System
(GPS), which consists of 24 satellites in six orbital planes with four satellites in each
plane [13]. The Standard Positioning Service (SPS) of GPS as a kind of real-time
positioning system in the outdoor environment can achieve an accuracy of
approximately 10m. However, the signals from GPS satellites are too weak to
penetrate the buildings which are constructed from metal, concrete, etc. [13]. Hence,
GPS is not an ideal candidate for the localization in the indoor environments. With the
increase of economy and technologies, more Location Based Services (LBS) in the
indoor environments such as objection positioning in warehouses, localization of
exhibition items in museums, patients and nurses localization in hospital, position
tracking of a robot’s pose, etc. have taken place and are paid great research efforts.
Indoor positioning technology can be roughly divided into two categories: radio
positioning, which includes Radio-Frequency IDentification (RFID), Wireless Local
Area Network (WLAN) and Ultra-Wideband (UWB), and non-radio positioning,
which includes video cameras (optical), infrared, ultrasound [17]. RFID devices are
attached to persons or to moveable objects so that the persons or objects can be
tracked using fixed readers at different locations [18]. The disadvantages of RFID
localization systems are the requirement of a large number of precoded RFID tags and
the low localization accuracy (3-5m) [18]. Ultrasonic localization systems use
ultrasonic waves to measure the distance between a fixed point station and the mobile
station whose position shall be determined [18]. In the ultrasonic localization systems,
the distance measurements can be disturbed by the multipath reception due to the
extremely narrow signal bandwidth [18]. Localization using pulse-width modulated
infrared signals in Non-line-of-sight (NLOS) and multipath environments has a low
performance because infrared cannot penetrate obstacles.

To achieve better localization accuracy with relative lower hardware and software
complexity in a multipath environment, UWB positioning systems have become a hot
research issue in recent years. UWB is an excellent signaling choice for relatively
high accuracy localization in short to medium distances due to its high time resolution
and inexpensive circuitry [4]. It can also be considered as a unique signaling choice
for short-range communication such as in WSNs [4]. The potential of UWB for high
precision ranging, its possible applications and implementation process were
extensively discussed and documented in IEEE 802.15.4a, on which the Low-Data-
Rate (LDR) UWB was standardized [4][22]. Some of the UWB applications,
localization range and their accuracy requirements are displayed in Table 1.1 to Table



1.4. From the four tables, it can be seen that UWB should be an excellent technology
that can achieve sub-meter accuracy with the localization range smaller than 300m [4].
Due to the transmission range of UWB signal, the larger localization range requires
the more UWB nodes in Wireless Sensor Networks (WSN).

Table 1.1: Key RTLS applications, ranges and accuracy requirements [6]

Core Real Time
Location System
(RTLS) applications

Range

Accuracy Requirements

High value inventory
items (warehouses,
ports, motor pools,

manufacturing plants)

100-300m

30-300cm

Sports tracking
(NASCAR, horse
races, soccer)

100-300m

10-30cm

Cargo tracking at
large depots including
port facilities

300m

300cm

Vehicles for large
automobile
dealerships and heavy
equipment rental
establishments

100-300m

300cm

Key personnel in
office/plant facility

100-300m

15cm

Children in large
amusement parks

300m

300cm

Pet/cattle/wild-life
tracking

300m

15-150cm




Table 1.2: Some non-commercial markets [6]

Non Commercial .
Market Range Accuracy Requirements
Roboti i d
obotic mqwmg an 300m 30em
farming
Supermarket carts 100-300m 30cm
Vehicle caravan 300m 30cm

Table 1.3: Some military applications [6]

Military
Applications

Range

Accuracy Requirements

Military training
facilities

300m

30cm

Military search &
rescue: lost pilot,
man-over-board,
Coast Guard rescue
operations

300m

300cm

Army small tactical
unit “friendly forces”
situational awareness-

rural and urban

300m

30cm

Table 1.4: Main safety applications [6]

Civil Government /
Safety Applications

Range

Accuracy

Tracking guards &
prisoners

300m

30cm

Tracking firefighters
and emergency
responders

300m

30cm

Anti-collision system:
aircraft / ground
vehicles

300m

30cm

Tracking miners

300m

30cm




Ai ft landi
ircraft landing 300m 30cm
systems

Detecti lanch
ctecting alanche 300m S0em
victims

Locating RF noise
and interference 300m 30cm
sources

Extension to LoJack
vehicle theft recover 300m 300cm
system

It has to be noted that the localization range of almost all applications has reached
100m, which requires the higher transmission power. During the development efforts
for the US Navy, Multispectral Solutions, Inc. (MSSI) developed a spectrally-
confined high power UWB transceiver which can achieve a communication range of
lkm [44]. To adapt to the requirements of market, a number of UWB positioning
products have been already developed. Some of the products and their available UWB
localization technologies are listed in Table 1.5.

Table 1.5: Current UWB localization products [109][110][111]

Companies and Localization Technologies Accuracy
Products
Ubisense TDoA and AoA 30cm
Zebra Technologies TDoA up to 30.5cm
(PAL650)
Zebra Technologies TDoA up to 30cm
(Sapphire DART
UWB)
Aetherwire ToA As low as centimeter
accuracy

The Ubisense product is a small tag worn by a person or attached to an asset allowing
it to be accurately located within an indoor environment. The PAL650 and Sapphire
DART UWB systems are from MSSI, which has belonged to Zebra Technologies
since 2007. Table 1.5 shows that the most UWB localization products utilize the ToA
(Time of Arrival) or TDoA (Time Difference of Arrival) based localization
techniques, which have the highest precision potential in comparison with RSS
(Received Signal Strength) and AoA (Angle of Arrival). The reason is that the UWB
signal has a very large bandwidth which can provide an extremely fine time resolution.
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The most of aforementioned application scenarios and the products are required to
work in harsh environments, which mean that the signal shall be transmitted through
dense multipath environments and Line of Sight (LoS) may suffer from blockage and
reflection. Meanwhile, the log-normal fading and multipath reception can negatively
influence the localization accuracy. Nowadays, high localization accuracy is still an
ambitious goal in such environments. Multipath propagation introduces challenges for
UWB ranging due to a large number of Multipath Components (MPC) and relatively
long excess delay compared to the transmitted pulse duration [4]. In practice,
reflections from scatters in an environment arrive at a receiver as replicas of the
transmitted signal with various attenuation levels and delays [4]. The maximum
excess delay of the received multipath signal can be on the order of a hundred
nanoseconds, and the strongest MPC may arrive much later than the first path [4]. For
such a signal, the ToA or TDoA is no longer given by the maximum correlation peak.
Hence, it is essential to investigate novel approaches featuring good performance in
harsh environments.

Sampling rate is another key factor to determine the localization performance. Due to
the extreme large bandwidth of UWB signal, the receiver sampling rate shall be large
enough to provide a good localization performance. However, extreme high sampling
rate is hardly realized due to the limitation of ADC (Analog Digital Converter). How
to achieve acceptable localization accuracy with nyquist sampling rate even sub-
nyquist sampling rate becomes a challenge issue.

Tracking as a real-time localization has become a hot research direction since there
are more and more needs for indoor real-time LT systems to track people with special
needs, e.g., the patients in hospital, the children who are away from the visual
supervision [1]. In public safety and military applications, LT systems are used to
track inmates in prisons and to guide policeman, firefighters, and soldiers in
accomplishing their missions inside buildings [1]. Theoretically, the Kalman Filter
can yield the optimal solution to the tracking problem for linear state and
measurement equations. However, non-linear relations between the position of the
target and the measurements let the Kalman filter not be implemented in many
practical situations. Target tracking via Doppler spread may be another solution.

Although RSS-based LT cannot provide high accuracy in Impulse Radio (IR) UWB
system in comparison with ToA/TDoA, it does not require clock synchronization
among UWB receivers, which can decrease complexity of system design. Hence, it is
clever idea to employ the RSS-based LT approaches to the LBS with low accuracy
requirements (see Table 1.1).
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Due to the wide deployment of WLAN equipment in indoor environment, there are
many indoor LBSs which can also use WLAN signal to localize the object. Although
Orthogonal Frequency Division Multiplexing (OFDM) exploited by WLAN systems
has the narrowband characteristic which leads to lower localization accuracy in
comparison with UWB, WLAN-based localizations have following advantages [19].

1. Ubiquitous coverage and scalability: The wireless network infrastructure
already exists in many public places such as universities, corporations, airports,
and shopping malls, providing a ubiquitous coverage.

2. No additional hardware required: Localization can be done by a software only
method, thereby eliminating the need of for additional hardware. Hence there
is no extra cost.

3. Extended range: Compared to other radio technologies, the range covered by
WLAN is larger.

4. No LoS restrictions: Unlike the infrared localization systems, WLAN is not
restricted to LoS.

However, there is little research about indoor localization using WLAN signal in the
harsh environments.

The unreliability of state-of-the-art UWB and WLAN localization methods in harsh
environments and the need for more accurate position location systems with low
complexity motivate the research in this thesis.

1.2 State-of-the-art Localization Techniques

This section is to review the state-of-the-art localization techniques with the emphasis
on their drawbacks in multipath environments. The current positioning techniques can
be mainly classified into two categories: geometric localization and location
fingerprinting. The former consists of two steps. First, signal metrics (ToA/TDoA,
RSS, AoA) depending on the relative positions of AP (Access Point) and the target
shall be extracted from the received signal via certain algorithms. For the next step,
the position of the target shall be determined by the signal metrics via multi-lateration
or multi-angulation [7][8]. One of the known multi-lateration is LS (Least Squares)
algorithms, which are well understood and easily implemented on the hardware. The
mathematical description of the multi-lateration via LS can be found in the section
2.3.2. In general, the accuracy of the geometric localization is determined by the
following factors: SNR (Signal-to-Noise-Ratio) at the receiver, sampling rate, the
propagation environment, number of APs, placement of array and estimation
algorithms. It is clear that higher SNR can provide a better estimation for signal
metrics. In a specific environment, the receiver SNR can only be improved via the
spread spectrum technique or matched filter. In [10] and [11], the authors discuss the

12



CRLB (Cramer Rao Lower Bound) for joint AoA and ToA estimation in DS-CDMA
(Direct-Sequence Code Division Multiple Access) systems. Despite higher sampling
rate can achieve a better performance, high sampling cannot be considered as an
appropriate strategy for the UWB localization because high sampling rate is not easily
be implemented on the hardware. [84] and [86] introduces sub-sampling mixer, which
can achieve a remarkable good performance with a reduced sampling rate. However,
such sub-sampling mixer utilizes a broadband balun structure, which requires extra
hardware infrastructure. The effects of number of APs and the placement of array on
localization performance are discussed in [12]. The first-order and second-order error
are analyzed for WLSE (Weight Least Squares Estimation) and MLE (Maximum
Likelihood Estimation). The theoretical analysis and simulation results show that the
localization accuracy can be improved with large number of APs and optimum
placement of sensor array. In practice, however, equipping with large number of APs
becomes unrealizable as more hardware and software are required. The propagation
environment and the employed estimation algorithms play an essential role on the
localization. In general, if the propagation channel has a strong LoS component,
geometric position location techniques show a remarkable good performance. One of
the important issues is to estimate signal metrics under the case that the NLoS
component is stronger than LoS defined as harsh environment. The description of
such scenario and its effect can be found in chapter 2. The key issue to localize the
target in the harsh environment is to find leading edge of the receiving signal. Table
1.6 shows some important publications about leading edge detection in the harsh
environments.

13



Table 1.6: Overview of publications for ToA/TDoA estimation
Citation Main Content

[25] and [26] | ® Time Delay and Path Amplitude estimation using LS
method

® The number of paths is assumed to be known

[27] and [32] | ® Time Delay estimation using ML method

® The number of paths is assumed to be known

[31] Leading edge detection via coarse acquisition of PN codes
[33] Leading edge detection via single search, search and
subtract, threshold and search, search subtract and
readjust algorithms

[34], [36] and | Leading edge detection via GLRT (Generalized Likelihood
[37] Ratio Test)

[35] and [38] Noisy template based timing acquisition

[81] and [82] ToA estimation via search-back algorithms
[83] Iterative peak subtraction
[85] Matched Filter (MF) and first peak detection

In [25], [26], [27] and [32], the Least Squares (LS) and Maximum-Likelihood (ML)
estimation of signal arriving time are discussed, respectively. The leading edge
detection via LS followed by the Gauss-Newton algorithm is introduced in [25] and
[26]. In [25], several different search methods are compared to Gauss-Newton
algorithm including Coordinate Descent (CD) and linear prediction. The drawbacks
mentioned in [25] are discussed and overcome in [26]. Time delay estimation using
ML method is generally discussed in [27]. In [32], the ToA estimation for UWB
signals in a dense multipath environment via ML method is investigated in both data-
aided (DA) and non-data-aided (NDA) scenarios. However, aforementioned four
literatures investigate the LS and ML only under the assumption that the number of
paths in the multipath environments is known. In addition, the ML estimator cannot
be directly implemented in practice because ML estimator has high computational
complexity if the number of paths is large.

In [31], the data-aided coarse acquisition of pseudo noise (PN) codes is addressed.
The time acquisition algorithm detects the presence of synchronization sequence by
computing correlations with the expected PN sequence, for each position in the
observation window, and comparing the maximum value with a threshold.

14



Unfortunately, it only achieves chip-level accuracy. To achieve better accuracy,
shorter UWB monocycle shall be employed.

A frame-level blind timing acquisition algorithm is developed in [38]. The blind time
acquisition algorithm requires no extra reference signal but a segment from the
received signal as the dirty template. The blind time acquisition proposed in [38] can
reduce the algorithm complexity. However, it can only achieve frame-level resolution.
In [35], timing acquisition with dirty template is investigated in DA and NDA
scenarios.

The leading edge detection via “single search, search and subtract, search subtract and
readjust, threshold and search” algorithms are discussed and compared in [33]. These
four algorithms are based on ML criterion, which has been discussed in [27] and [32].

In [34], the leading edge detection using Generalized Likelihood Ratio Test (GLRT)
is investigated for Code Division Multiple Access (CDMA) systems. The GLRTs are
employed to detect the UWB signal propagating through dense multipath and to
estimate the associated timing in [36] and [37]. The complexity of hardware design is
reduced by the symbol-rate sampling. However, only the frame-level timing
acquisition can be achieved.

The ToA estimation using threshold-based energy detector is investigated in [81] and
[82]. Based on the output of the energy detector, the search-back and threshold
algorithms are used to estimate the first arrival. The simulation results in [81] show
that the sub-meter ranging accuracy can be achieved. [83] introduces the iterative
peak subtraction algorithms, which subtract multipath peaks from the received
multipath signal using a clean template to obtain an accurate estimation of the first
peak. However, [83] does not consider the pulse distortion and overlapping caused by
the multipath effect.

It has to be noted that the aforementioned detection approaches do not consider the
fading effect of the UWB channel. The description of large-scale and small-scale
fading effect can be found in [19]. Generally, indoor UWB channel suffers from a
log-normal fading effect, which leads to a variation of the local mean around the path
loss [19]. The Matched Filter (MF) and ML based detectors will give erroneous
results at the presence of such impact. In many case, the leading edge detection must
be accomplished in low SNR environments, which make the design of the detection
algorithm even more challenging. The cooperative localization method as an
alternative research direction has been studied in [1]. The cooperative localization
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using Wireless Sensor Networks (WSNs) requires the ranging information exchange
between transponder and receiver or more than two receivers, which can increase
network overhead. How to reduce the network overhead and simultaneously maintain
the localization performance becomes a research issue.

Tracking performance depends on the mobility speed and the scanning time window

at the receiver. Table 1.7 shows some important publications about UWB indoor

tracking systems.

Table 1.7: Overview of publications for UWB indoor tracking
Citation Main Content

[45] Bias Tracking via MEKF
(Modified Extended Kalman
Filter) and MRPF (Modified
Regularized Particle Filter)

[46] and [47] Kalman filter with TDoA
estimates
[48] Tracking with RD (Range-
Doppler) processing

In [46] and [47], a prototype UWB tracking system under development at the National
Aeronautics and Space Administration (NASA)-Johanson Space Center was described.
TDOA estimates are passed to a Kalman filter to upadate the current estimate of the
position. The simulation results showed that Root Mean Squared Error (RMSE)
achieved approximate 1.76m for the tracking range of 100m. [45] proposed to use
modified extended Kalman Filter (MEKF) and the modified regularized particle filter
(MRPF) to track large biases affecting estimated radiolocation metrics. Using the
MEKF and MRPF is to process the nonlinearity of the radiolocation metrics. MRPF
and MEKF are described in [49] and [50]. The Doppler spread is utilized in [48] to
determine the radial component of the target velocity and the direction of motion.

In general, RSS-based LT contains two specific arts. The first one is path-loss based
approach which estimates the RSS from the path-loss model. The second one is
location fingerprinting technique. The former method has been discussed in [53], in
which the RSSID (Received Signal Strength Indicator Difference) from three UWB
nodes are exploited to perform localization procedure. [52] simulates the relation
between transmission distance and the RSS for different channels in multiband
OFDM UWRB. Both [52] and [53] require the given path-loss model, which will be
given in the subchapter 3.4.2. In practice, the deterministic path-loss propagation
model shall be determined through the measurement campaign before the localization
process is performed. The second approach has been discussed in [54]. However,
there exist few researches on physical-layer based fingerprinting approach for UWB
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systems. Especially in harsh environments, the determination of decay exponent for
path loss model is even more challenging and signal arriving time cannot be
accurately measured. Location fingerprinting may become the promising alternative
LT approach. In [54], Channel Impulse Response (CIR) and signal energy are
estimated and served as location fingerprints. For the CIR approach, the location
fingerprinting systems can benefit from dense multipath propagation because the
location fingerprints at different agent position become more distinct [54]. However,
the deterministic formulation is not applicable to location fingerprints related to CIRs
because wideband CIRs are very sensitive to the small scale effects. Table 1.8 shows
several important literatures about the RSS-based localization in UWB systems.

Table 1.8: Several literatures about RSS/fingerprinting -based UWB localization
Citation Main Content

[52] and [53] Localization using the given path-loss
model and the RSS measurements.

[54] RSS-based location fingerprinting and
CIR-based location fingerprinting

If there are more than one UWB mobile nodes whose position requires being
determined simultaneously, the effect brought from Multi User Access (MUA) should
be considered. There are many MUA mechanisms for localization. Orthogonal
channels can be assigned in time, frequency, code or space domains [4]. In ad-hoc
UWB networks, the most popular MUA technique is the Carrier Senses Multiple
Accesses (CSMA). In CSMA, only a single user is allowed to access the channel
within a certain time period [4]. However, CSMA mechanism needs the cooperation
from each UWB mobile node. In DS-CDMA and THMA (Time-Hopping Multiple
Access) UWB networks, each mobile node will be assigned a unique Pseudo Noise
(PN) code and a unique time hopping code to spread its data, respectively. The
performance of receiver depends strongly on the autocorrelation and cross correlation
characteristics of the orthogonal code. In practice, the orthogonality may be destroyed
by the imperfect design of the orthogognal code and the multiuser multipath scenario.
Under such case, tracking of the leading edge is relatively challenging. [67]
introduces a Multi User Interference (MUI) mitigation method which performs
nonlinear filtering on the received signal energy. The advantage of the method is to
use the non-coherent receiver which can reduce the computational complexity.
However, nonlinear filter cannot mitigate the multipath effect at the presence of NLoS.
Although NLoS assumption is made in the publication, the indoor environment cannot
be determined beforehand.
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WLAN localization modes can be categorized in Figure 1.1 [56]. The WLAN
localization systems can be classified into two main categories: ad-hoc mode based
systems and infrastructure mode based systems (see Figure 1.1). In ad-hoc mode,
there are no access points and location determination systems. Therefore, these
systems use empirical radio propagation models to triangulate the user location [102].
The localization systems based on the infrastructure mode take the access points as
reference points and triangulate the user location relative to these access points. The
infrastructure mode based techniques can be classified into three categories: AoA
based localization, RSS based localization, ToA based localization and cell of origin
based localization. With the estimated AoAs, it has two methods to determine the user
location: direct triangulation and grid search [104][105]. RSS based localization can
be classified into model based techniques and radio map based techniques. Model
based techniques use empirical models to capture the relationship between the signal
strength and distance [106]-[108]. Radio-map based techniques try to capture the
signature of the access points at selected locations in the area of interest. Cell of origin
based techniques limit the estimation accuracy to the range of the access point
because they estimate the user location as the location of the access point that the
wireless card is associated with [56]. Table 1.9 depicts some essential literatures about
WLAN localization systems.

Table 1.9: Some important publications about WLAN localization systems
Citation Main Content

[56] Location fingerprinting related to
signal strength distribution (non-
parametric distribution and parametric

distribution)
[58] Delay measurement-based TDoA
[66] Localization using time of flight (ToF)
measurements
[102] RSS based localization with the given

path-loss model

[103] AoA based localization

Ao0A is estimated using SAGE (Space
Alternating Generalized Expectation-
Maximization) algorithm

[104] GS (Gird Search) based Hybrid
ToA/AoA Localization
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Figure 1.1: Category of WLAN Localization Systems [56]

The ToA/TDoA, RSS and AoA based WLAN localization systems are variously
discussed in some literatures. [58] studied the possibility of overlaying geolocation
functions in 802.11 DSSS WLANSs. A delay measurement-based TDoA measuring
method was proposed for 802.11 specifications, which can eliminate the requirement
of initial synchronization in the conventional methods. [59] and [60] investigate the
RSS-based location fingerprinting approaches in 802.11b. To reduce the software and
hardware complexity, [61] introduces Hybrid of ToA and RSS approaches. In [62],
ray tracing assisted RSS and ToA based algorithms were investigated. The advantage
of ray tracing is that, besides obtaining the power level of a series of points,
information can also be obtained about multipath effects [63]. The ToF (Time of
Flight) based WLAN localization system is developed in [66]. Combining the ray
tracing technique with the fingerprinting approach, the efficiency and accuracy can be
improved. Due to the narrowband signal characteristic, the deployment of antenna
array on WLAN transceiver is much cheaper than in UWB system. Antenna array
provides an efficient mean to detect and process signals arriving from different
directions. In comparison with a single omnidirectional antenna that is limited in
directivity and bandwidth, antenna array has many advantages: it can adjust its beam
pattern to a specific direction from which the signal is coming and the communication
performance can be improved since signal-to-interference-ratio (SIR) for the specific
direction can greatly increase. Hence, AoA estimation is an effective method to find
the position of WLAN mobile target. The location of the desired target can be
triangulated by the intersection of more than two direction lines, each formed by the
circular radius from a WLAN base station to the WLAN mobile target [64]. SAGE
algorithm is used in [103] to estimate the AoA. The SAGE algorithm is a modified
form of the EM (Expectation Maximization), which can reduce the computational
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complexity. However, the RMSE of the position estimation can only achieve
approximate 2m, which cannot fulfill the requirements of the indoor localization.

The accuracy of AoA estimation depends heavily on the physical characteristics of
deployed antenna array and propagation environments. The main advantage of AoA
based localization in WLAN system is that the position can be determined using only
two WLAN base stations for 2-D localization. Employing more than two WLAN
receivers are not essential but it can enhance the localization performance. It should
be noted that the incoming direction may be incorrectly determined to a wrong
direction due to the multipath reflection at the presence of NLoS. If DP (Direct Path)
between WLAN mobile target and WLAN receiver is completely blocked, correct
AoA cannot be determined through the traditional methods: beamforming, MUSIC
(Multi Signal Classification) and ESPRIT (Estimation of Signal Parameters via
Rotational Invariance Techniques). Only solution in this case is to use ray tracing
technique or AoA based fingerprinting approach. If DP is partially blocked, the
received signal power from DP may be smaller than that from MPC in the harsh
environments, e.g. metal wall. Channel estimation in such situation is required to
separate the DP and the MPC. Figure 1.2 shows DP blocked multipath environment in
which the estimated AoA may be determined to a wrong direction due to the
shadowing and reflection effect caused by the obstacle and the wall between the
transmitter and the receiver (see Figure 1.2). The detailed multipath effect on the AoA
estimation can be found in section 4.3.

reflection

G‘E&'
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shadowing =

transmitter

reflection

Figure 1.2: AoA estimation in a partially DP blocked multipath environment

1.3 Main Contributions

In this dissertation, the infrastructure of current localization systems and the
conventional localization techniques (ToA/TDoA, RSS, AoA) are firstly presented
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and described with the discussion of the error sources of each technique. The impact
of the channel on the localization performance is highlighted. Then, the novel Joint
Leading Edge Detection (JLED) approach is proposed to adapt to the multipath time
hopping (TH) UWB systems and the low SNR environments. With the given
estimation criteria with respect to the number of UWB receivers, the mathematical
model of JLED approach is proposed. Finally, the estimation error of JLED approach
is theoretically analyzed and the simulation results are given.

The leading edge detection via IMLCE is investigated in this dissertation. The general
concept of Maximum Likelihood Estimation (MLE) and the mathematical expression
of channel decay estimation and the time delay estimation are given in this
dissertation. Then the detection error probability and the estimation error in the coarse
detection and the fine estimation are analyzed, respectively. Finally, the simulation
results of IMLCE based leading edge detection are given.

For TH-PAM (Time Hopping — Pulse Amplitude Modulation) UWB systems, the
author proposes the leading edge detection via Subspace based Approach (SbA). The
signal model of TH-PAM and the search-back based SbA algorithms are presented
firstly. The author answers the question that why the random numbers shall be used to
disturb the received data vector. It presents that the static channel is the premise for
search-back based SbA. In the fading channel, the Frequency Domain (FD) SbA is
proposed. Then the error probability of search-back based SbA is mathematically
deduced and simulation results are given.

Novel RSS-based approaches as possible substitutes of the ToA are discussed in this
dissertation. The Least Squares (LS) and Sub-Sampling Least Squares (SSLS) based
fingerprint approaches are investigated and compared. From the given path-loss
model, the LS and SSLS based fingerprint approaches are evaluated and the error
probabilities of two approaches are deduced. Finally, the two approaches are
implemented on the UWB demonstrator.

In the RSS based ranging, the transmission distance can be determined by the given
path-loss model and the channel energy. In this dissertation, the author proposes the
novel Channel Energy Estimation (CEE) approaches which exploit the Eigen Value
Decomposition (EVD) of the Channel Auto Correlation Matrix (CACM) to get the
channel energy. In relation to the CEE, noise power shall be estimated via the
Singular Value Decomposition Approach (SVDA) and Eigen Value Decomposition
Approach (EVDA), which are proposed in this dissertation.
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In the research, an Angle of Arrival (AoA) estimation based positioning system was
developed in Wireless LAN (WLAN) system. AoA estimation shall be executed in
four WLAN based stations, each of which is equipped with a Uniform Linear Array
(ULA), which consists of four antenna elements. Then, the position of the WLAN
transmitter will be determined by the disjoint point of the four direction lines.
Conventional beamforming and Root Multiple Signal Classification (RMUSIC)
approaches are implemented to estimate the AoA from the WLAN transmitter. The
narrow band characteristic of OFDM signal leads to coarse resolution of multipath in
a harsh environment, which can degrade the AoA estimation performance. To
overcome this drawback, the number of sources impinging on the array of sensors was
estimated via information theoretic criterion. In addition, a novel OFDM channel
estimator is designed and implemented in the receiver to distinguish the Direct Path
(DP) and Multi Path Component (MPC) more accurately. To consider the decay
factor during the transmission, an Automatic Gain Control (AGC) function is
implemented in the signal processing module, which can adapt the system to the
different transmission distance. Initial calibration process is adopted in the system to
minimize the phase offset among the antenna elements. The employed antenna array
parameters are optimized to achieve better estimation accuracy. Finally, the
measurement campaigns are executed and the measurement results are evaluated.

1.4 Outline of the Dissertation

Firstly, infrastructure of the current LT system, conventional localization techniques
and error sources are briefly introduced in chapter 2. At the beginning of chapter 3,
the author introduces the indoor channel model, ranging-based UWB signal
modulation formats, signal and the system model which were used in our research.
The JLED, IMLCE and leading edge detection via SbA are discussed in the
subchapter 3.3.1, 3.3.2 and 3.3.3, respectively. The error analysis and the simulation
results are given in the subchapter 3.3.5, 3.3.6 and 3.3.7, respectively. The LS and
SSLS based fingerprint methods are described in the subchapter 3.4.1. The error
analysis and the measurement results of LS and SSLS based fingerprint methods are
given in the subchapter 3.4.2. In 3.4.3 and 3.4.4, the CEE based distance estimation
and its simulation results are proposed, respectively. Chapter 4 introduces our
WLAN-based localization system. The optimization of antenna array parameters,
initial calibration and the implemented AoA estimation algorithms are described in
the subchapter 4.2. The perturbation of AoA estimation led by multipath component,
the solution to solve the problem and the novel OFDM channel estimator are
discussed in the subchapter 4.3. The subchapter 4.5 gives the simulation and
measurements results. The UWB and WLAN demonstrators are described in the
chapter 5. Finally, the conclusions are drawn in chapter 6, where the research is
summarized and the future work will be suggested.

22



2 Infrastructure, Algorithms and
Challenges of LT in Indoor
Environments

2.1 Overview

This chapter will introduce general infrastructure of the current indoor LT systems.
Based on this infrastructure, ToA/TDoA, RSS and AoA based approaches are
introduced and illustrated. Finally, the error sources and fundamental limits of each
approach are reviewed in this chapter.

2.2 Infrastructure of Indoor Localization
Systems

There are mainly three different LT systems: active, passive and radar. To solve the
“where am I” problem, the active localization system requires the cooperation
between the target and the anchor nodes. The target under detect has the aim to find
its own location. Firstly, it shall broadcast beacon signals to the anchor nodes
continuously and the localization shall be accomplished by processing the received
signal of each anchor node. Then the localization results shall be transmitted from the
server to the target in order to let the target know its own position. For the passive
localization, on the other hand, it shall solve the “where are you” problem, that means
the server connected to the anchor node wants to know location of the target. Each
anchor node within the range will capture the data signal once the target has
transmitted any data to one or more certain anchor node for data communication. It is
obvious that the difference between active and passive localization is that the target in
the active localization system wants to find its own location and carry one part of its
hardware as the receiver while the passive localization is not this. Radar is object-
detection system which can use the radio waves to detect many parameters of the
target without antenna. In this dissertation, only the passive LT systems are
considered. Figure 2.1 illustrates the passive LT system. As can be seen from Figure
2.1, there are N targets under detect and four Access Points (APs) with known fixed
coordinates in the LT system. There is one central sever which connects to the four
APs via cable. The cable connection may use Ethernet or USB cable which transmits
the location metrics from the four APs to the central server. The location metrics
contains ToA/TDoA, RSS and AoA. After processing the location metrics in the
central server, the LT results shall be transmitted to a monitor, on which the position
of each target will be displayed. For different application, the radio link between
targets and each AP can be UWB, WLAN, infrared, etc.
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Figure 2.1: Infrastructure of passive LT system

In ToA based systems, the cable connections between the central server and APs are
used to execute the synchronization process firstly. Then the clock drift between
targets and APs can be eliminated through two-way ranging mechanisms which will
be introduced in detail in the next subsection. After receiving the LT commands from
the central server, the APs begin to listen to the ranging signals from the targets
within the LT range. If one or more targets within the LT range transmit any signal
for its own purpose, each AP will capture the waveform. From the captured waveform,
the ToA metrics on each AP can be extracted using certain algorithms. TDoA based
systems do not require synchronizations between target and APs because only the
time offset between two APs is considered as the ranging metrics.

In RSS systems, the cable connections between the central server and APs are only

used to transmit the LT commands and RSS metrics since no synchronizations are
required any more. Each AP receives the signals from the target and total energy of
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signals will be estimated via certain algorithms. Then the RSS as the ranging metric
will be transmitted to the central server.

In AoA systems, the antenna array employed on each AP detects the direction of the
incoming signal emitted from the target. Then the detected directions from each AP as
the ranging metric shall be transmitted to the central server. AoA systems require no
time synchronization between targets and APs but phase synchronizations among
antenna elements are required.

2.3 Conventional Ranging Techniques
2.3.1 Layered Protocols

In any LT system, the ranging functionalities are accomplished by exchanging
messages between involved parties. A ranging protocol is an agreement between two
or more ranging devices on a ranging procedure. To reduce design complexity and
provide flexibility, traditionally most network devices are considered and
implemented as multiple layers [4], each layer offering its services to the higher layers
[4]. This approach isolates the upper layers from the implementation details of the
services it receives. In n-layer implementation of a network, i-th layers of local and
peer devices communicate using protocol from layer i. Figure 2.2 shows the
architecture of typical ranging devices.

device A device B
The next higher The next higher
et — — — — ——— — -
layer layer
'y & 'y Yy
Ranging Ranging
Parameters Parameters
L J L J L J v
MAC et o ———— = > MAC
F 3 F 3 F 1 r 3
Ranging Ranging
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L 4 L 4 h Y
PHY M — o — —— — > PHY

Physical Medium

Figure 2.2: Architecture of ranging devices
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As can be seen from Figure 2.2, ranging-related data such as ranging parameters, LT
command, etc. are passed between the protocol layers. For instance, the higher layer
can ask the MAC (Media Access Control) sub-layer to start the ranging process or to
use a specific signal form. In the ToA based ranging systems, the MAC layer shall
initiate a MAC layer protocol data unit (MPDU) containing the transmission
timestamp for the synchronization process. The processing delay from MAC to PHY
can lead to a perturbation of ranging parameters, which will be introduced in the next
subsection.

2.3.2 ToA/TDoA based Ranging

ToA/TDoA is the most popular ranging mechanism because it can provide relatively
high LT accuracy. To prevent ambiguity in ToA estimates, APs must have a common
clock, or they must exchange its own clock information via certain mechanisms.
Before synchronization, the local clock on each AP has not been aligned to each other.
After synchronization, the clock of each AP shall be adjusted to the local cock on the
central server. Figure 2.3 illustrates the synchronization process between APs and the
central server with cable connection.
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Figure 2.3: Synchronization process with RTS/CTS protocol

As can be seen from Figure 2.3, before start of synchronization process, RTS/CTS
(Request to Send / Clear to Send) mechanisms shall be executed to avoid the collision
between two or more APs. At t, ,, , AP, begins to transmit a synchronization request
frame to the server and t, ,, will be recorded at the same time. The physical layer of
AP, will require a given processing time prior to the synchronization request can be
transmitted. This signal processing delay shall be denoted by 5, ,, . Hence, the actual
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transmission time ist, ,, +0J, , . The server detects the arrived frame at t which

TX,server ?

can be expressed as
TX,Server = trx,server,act + rx,server 2 (2 . 1)

where t_ . ... is the actual arriving time. Then the server shall extract the sequence

number, the source address and the destination address from received request frame
and check them.

The server initiates an acknowledgement at t, ... . This acknowledgement shall
contain virtual transmission timestamp t, .. and the frame processing time
b server — senver - DUE O the processing time of the physical layer of the server, the
acknowledgement shall be broadcast to the APs at the timestamp t, ... +J, e - AP,

detects the arrived acknowledgement at the virtual timestamp t_,, and the actual
received timestamp can be expressed as:

trx,APrI ,act = trx,APn - 5rx,APr| ° (2'2)

After extracting the received acknowledgement frame sent from server, the time delay
of the cable can be estimated as:

Td = (trx,APn - ttx,APn - ttxserver + trx,server ) / 2 s (23)
and the clock drift between the AP, and the server can be expressed as
gAPn,s = trx,APn - (ttx,server + Td ) ° (2'4)

Other APs on the network will start their RTS/CTS protocols if they have received the
acknowledgement frame. It is obvious that the clock drift contains a perturbation
factor, which is caused by the processing delay of the physical layer. Hence, the
actual clock drift ¢,,

) »s,act

gAPn ,s,act = trx,APn - 5nc,APn - (ttx,server + 5tx,server + ‘c“) b (25)

can be expressed as:

with
1

E( X,AP, - x,AP, _ttx,APn - x,AP, _ttxAserver - tx,server +trx,server rx,server) :

E= - (2.6)
The processing delays are not evitable since they are unknown to AP, and server. The
ToA system requires synchronization between target and each AP, which requires the
cooperation of the target. If there is only one target in the LT range, no RTS/CTS
protocol is needed. On the other hand, RTS/CTS protocols shall be employed to avoid

the collisions if there are several targets within the LT range.

After the synchronization of the fixed mounted infrastructure and the targets have
been accomplished, the LT process can be started. For the sake of simplicity, it just
introduces the ranging protocol but no consideration of the path effect. Firstly, the
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time axis shall be separated into several time slots each of which owns the equal time
length. To evaluate the ranging time delay, the target shall transmit its ranging frame
at the beginning of each time slot. It assumes that the transmission timestamp isT,.
Then it assumes that AP, receives the ranging frame at the time stamp

Ton=To +$, (2.7)
’ C

where d, is the transmission distance between target and AP,, C is the light speed.
Hence, the d, in (2.7) can be easily determined as d, =c(T,,~T,). Finally, each AP

Xx,n

shall transmit a message containing d, to the server. T is also called arriving time
of leading edge, which is a key factor affecting the LT accuracy. Leading edge is
heavily influenced by the channel status, the variance of Additive Gaussian Noise and
detection algorithms. As mentioned in section 1.2, most of the ToA estimators are
based on the maximum value of MF (Matched Filtering), ML (Maximum Likelihood)
and MMSE (Minimum Mean Squared Error). The following context will briefly
review the three estimators while the leading edge detection in harsh environments

and the influences of the channel status will be discussed in chapter 3.

Let the received base band signal be expressed as

L
r(t)=> as(t—7)+n(t), (2.8)

1=1
where L is the number of paths. @, and 7, are the channel amplitude and delay, which
are the unknown parameters. n(t) is an additive noise which is assumed to be a zero-
mean white Gaussian process with double-sided power spectral density 2o . This
section only deals with the classical estimators. Hence, we assume that a, has the
maximum value comparing with a,,_, , . The MF estimator can be defined as

K ) , (2.9)

Tioamt = argmax ( z(7)
T

with

w
—~
~+
|
N

)r(t)dt

N
—_~
(\]
~—
|
M-
[
o
Sty O o

s(t—r)s(t—r,)dt+ﬁj;s(t—r)n(t)dt

1l
—_

, (2.10)
s(t—7)s(t—7)dt+w(z)

- - -
- El;ﬂr

aR(z—17)+w(7)

where T is the signal duration, E, is the signal energy and R(z‘) is the
autocorrelation function of s(t). w(z) is a color noise process with the same first-
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order and second-order statistics as n(t) due to the normalized signal template. W(7)
is color because n(t) is filtered by s(t). T, is the upper limit of the search space,
which will be described in chapter 3.

From(2.8), the PDF (Probability Density Function) and the logarithm of the PDF of
r(t) can be written as

2

dt

r(t)-> as(t-g)

1=1
P(r(t)‘rl) p exp| — .
(2.11)
T L 2
_[ r(t)-> as(t—7) dt
A(r(t)‘rl):_ 0 I=1202 _1n(«/ﬂan)
The ML estimator can be expressed as
Ttoam = Arg max (A ( r (t)‘ 7, ))
T:h L 2. (2.12)
= argmin{f r(t)—Zals(t -7) dt]
7 0 I=1

~ ~ 2
The MMSE estimator is to find 7wammse , Which fulfills that E| |7 wammse — 7, can

approach the minimum value. From (2.8), we can see that the linear Bayesian model
cannot be used. From the definition of MMSE estimator, we have

T toammse = E(T|r(t))
= frP(ﬂl’(t))dr

The important issue of MMSE estimation is to determineP(r| r(t)). From Bayesian
theorem, it has

(2.13)

P(I’(t)‘r)P T) : (2.14)
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Assuming 7, is uniformly distributed between 0 and T, , (2.14) can be rewritten as

2

P(7]r(t))= - - (2.15)
. J' r(t)-as(t-z)-) as(t-z) dt
0 1=2 d
’([ exp 207 T
Setting the dominator of (2.15) to be p and substituting (2.15) into (2.13), it has
Tﬂl
o I r(t)-as(t-r) Za, s(t-17,)
;toa,mmse =— | TCEXp| — 0 3 dr. (2 16)
Py 20,

The CRLB of ToA estimation for signal mode in (2.10) and the performance of MF,
ML and MMSE estimator will be proposed in the section 2.3.5.

From the estimated ToA, the transmission distance can be easily calculated by
do = (7, —Ty). In the last step, the location of the target shall be determined by
triangulation or Least Squares (LS) algorithms embedded in the server. Figure 2.4
illustrates two-dimensional localization, which requires at least three APs. As can be
seen from Figure 2.3, there are four APs in the LT system and the red point represents
the target under detect. d, to d, are the estimated distance from the target to the AP,
to AP, , respectively.

Figure 2.4: Two-dimensional localization
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With the estimated distance 6|n, four circles centered at (X,,Yy,) can be defined (see
Figure 2.4). Due to the perturbation inT,  , the four circles cannot intersect at a single
point. According to [71] and [72], the estimated distance d, can be modeled as

d =d +e +n =cf (2.17)

where { is the time of flight estimate of the signal at the n-th AP. d_ is the true
distance between n-th AP and the target. n, is the Additive White Gaussian Noise

(AWGN) with zero mean and variance o, . €, is a non-negative distance bias

introduced by the NLoS. Then the LS algorithm is to find a point()?, )7) , which fulfills
the following conditions:

(x,y):argmin[ni(an oy vy )j 2.18)

(%.9) -1

Conventionally, the ToA-based ranging requires synchronization among the target
and the reference nodes or a certain protocol to exchange the time information.
However, TDoA-based measurements can be obtained even in the absence of
synchronization between the target and the AP, if there is only synchronization among
the APs [73]. The difference between the arriving time of two signals traveling
between the target and the two APs is estimated and considered as the ranging
parameters [4]. One TDoA measurements defines a hyperbola between two relevant
APs (see Figure 2.5).

AP4

target
(x, v)

Figure 2.5: TDoA measurements define a hyperbola through the target

The position of the target can be determined as the intersection of two hyperbolas.
More than two hyperbolas will take place if more than three APs are inspected. Under
such case, the location estimation using LS can be expressed as:
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(2,9)=argmin(§(mt‘n,w (Vo (=3 =50+ (v ) ))] ,

(%.9)
(2.19)
where At = —{

n,n+1 n n+l

2.3.3 RSS based Ranging

RSS based ranging systems provide information about the distance between the target
and the APs based on certain channel characteristics. The main idea behind an RSS-
based approach is that if the relation between distance and path loss is known, the
RSS measurements at the APs can be used to estimate the distance between the AP
and the target, assuming that the transmit power is known. We assume that the
thermal noise is independent from the transmission distance. Then the known path
loss model can be expressed as [4]

p(d)=p,—10alog,(d/d,), (2.20)

where « is the path loss exponent, ﬁ(d) is the average received power in dBm at a
distance d and p, is the received power in dBm at a reference distance d, [4]. In
UWRB systems, the shadowing effects are usually present in the received power p(d) ,
which are modeled as log-normal random variables [4]. Hence, the n-th received
power within the k-th window p,,(d,) in dBm can be modeled as a Gaussian
random variable with mean P, (d, ). It has

1Ologlo pk,n (dn)OC N (ﬁn (dn)9o-2)

o« N(p, —10alog, (d,/d,).0”) , (2.21)
1 ¢ 2

P (dn) == [ (o dt
(k-1)T

where ¢’ is the variance of log-normal fading. According to ergodic theorem and
central limit theorem, it has

ﬁn(dn):%k)glo (H pk,n (dn)jﬂ (222)

where K is the number of observation. The P, (d,) will approach p,(d,) if K
approaches unlimited number. From (2.21) and (2.22), the estimated P, (dn) can be
expressed as

ﬁn (dn)zﬁn(dn)+w;<,n’ (2.23)

where W, , o N (0, o’/ K) . Hence, the ML estimator can be written as

ﬁn (dn)_ﬁn (dn)

cTn =arg min(
d

n

’ ) : (2.24)
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where P, (dn) is the true received signal energy, which can be written as
P, (d,)=p, —10alog, (d, /d,). (2.25)
Substituting (2.25) into (2.24), it has

cTn = argmin(
d

n

A 2
B, (d, )= p, +10alog,, (d, /d, ) ) (2.26)

The CRLB and the performance of (2.26) will be given in section 2.3.5.

2.3.4 AoA based Ranging

Unlike the RSS measurement that provide received signal power, AoA based ranging
system provides information about the direction of the incoming signal from the target.
In general, Uniform Linear Array (ULA) is employed in order to measure the AoA of
the signal. The angle information is obtained at the ULA by measuring the differences
in arrival time of the incoming signal at different antenna elements. Figure 2.6 shows
the AoA estimation using a ULA. d and @ represent the inter-element spacing and
the actual AoA, respectively.

+ ¥
: r(t) r(t) r(t) r(t)
|
|
|
|
|
|
|
|

S, , \
\
.l A \.\ \\\ / ™,
¢ ¢ >

Figure 2.6: Signal arrival at the ULA

We assume that the target is enough far from the ULA and the signal is transmitted
through an Additive White Gaussian Noise (AWGN) channel (AoA estimation under
Multipath channel scenario will be given in Chapter 4). The Radio Frequency (RF)
signals impinging on each antenna element can be expressed as

r(t)=s(t)e’ " +n(t), (2.27)

where S(t) is the baseband signal. If the incoming direction of the signal isé@ (see

Figure 2.6), the phase difference between two antenna elements can be calculated
asg=2rfdcosd/c. We set the left antenna element as the reference antenna, and

then the received baseband signal on each antenna element can be expressed as a
vector:
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(2.28)
ej(N_W ATV (t)

It should be noted that (2.28) is only for narrow band signal which has
s(t)=s(t—dcos@/c) if dcosd/c is small enough relative to1/B,, where B, is the
signal bandwidth. For wideband systems, e.g. UWB, time-delayed versions of
received signals should be considered since the time delay cannot be represented by a
unique phase value for the UWB signal [4]. In this research, AoA-based approaches
were investigated only for WLAN system. Hence, the AoA-based ranging for
wideband systems will not be discussed in this dissertation. With the given r(7),
several AoA estimation methods such as conventional beamformer, MVDR
(Minimum Variance Distortionless Respones) beamformer, ESPRIT (Estimation of
Signal Parameter via Rotational Invariance Techniques) and MUSIC can be
implemented to determine the AoA. For the conventional beamformer and MVDR
beamformer based AoA estimation, the main lobe of the beamformer shall be adjusted
to the different spatial directions to determine the received power from each direction.
The different spatial directions shall be uniformly or opportunistically distributed over
the whole angle range. Then the spatial direction with the maximum received power
shall be considered to be the estimated AoA. The conventional beamformer is to use
the spatial MF to maximize the SNR at the output of the beamformer [74]. MVDR
beamformer and MMSE (Minimum Mean Squared Error) beamformer are adaptive
beamformer, whose criteria is to maximize the Carrier-to-Interference (C/I) ratio and
minimize the (MSE) Mean Squared Error between the output of the beamformer and
the known reference signal. MUSIC is to exploit the orthogonality between the signal
and noise subspace to get the spatial spectrum. The MUSIC, MMSE and MVDR can
be referenced in [2], [75], [76] and [77]. It should be noted that the determination of
noise subspace requires the number of targets in the system. Under the AWGN
scenario, noise subspace can easily be determined since the number of targets can be
easily determined by the information theoretic criterion. However, the determination
of number of targets will become more complex under the multipath scenario. The
Root MUSIC (RMUSIC) based AoA estimation under multipath scenario will be
introduced in chapter 4. The CRLB of signal model in (2.28) will be proposed in 2.3.5.

2.3.5 Performance Analysis of Conventional Ranging
Techniques

This section will give the CRLB for the aforementioned signal model and evaluate the
performance of the aforementioned ranging techniques.

The expectation of the first derivative of (2.11) can be expressed as
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Y El (2.29)

=0
To get the expectation of the second derivate of logarithm PDF, (2.8) shall be
transformed into Frequency Domain (FD)

f):ZL:als(f)e‘”””'+w(f), (2.30)

where s(f) is the spectrum of s(t). The expectation of the second derivate of
logarithm PDF can be expressed as

E(— LUy );q))} 4”22a12 T\S( £)[ f2df . (2.31)

2
ot o,

Hence, the CRLB for the signal model (2.10) can be expressed as

, (2.32)

var ( Tion ) 2

O-n
4r’a} [f [s(f) £2df ]
-B

where B is the signal bandwidth. From (2.32), it can be concluded that the variance
of ToA estimation is determined by signal bandwidth, PSD (Power Spectral Density)
and the amplitude of first path.

The following context will evaluate the aforementioned ToA estimator: MF, ML and
MMSE. Differentiating (2.10) we have

az
62’ \/7 Za'

If we directly set (2.33) to zero, 7 is difficult to be solved. We assume that z(7) is
differentiable up to second order. Expanding 6z(z)/ 0t around 7,, we have

r 2', ( ). (2.33)

oL(r) oz(r o’z(r
8(2' ) - 8(2' )LT +(T_T1)aT(2),_, +O(T_Tl)2' (2.34)
Setting (2.34) to zero, it has
oL(t o’z(r
D e vo(eay =0 .39
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According to [78], a 71 can be selected between 7, and 71 to fulfill that

oz(r o’1(r
#FT +(T—Tl)%2) ) =0. (236)
2 2
The quantity 882—(22') can converge to the E {882—(;) J with the probability one.
LR ) L
Hence, the estimation error can be written as
0z (r)
or | _
T-7,=— - . (2.37)
E[a 2(7) ]
or o
Hence, (2.33) can be rewritten as
oz(t 1 < , ,
8(1. )|T_Tl :\/EgalR (rl—rl)+W(rl). (2.38)

The expectation of second-order derivative of z (z') can be expressed as

E{azz(f)

or?

J:LEZL:&R'(QT,). (2.39)

Then (2.37) can be rewritten as

(2.40)

The expectation and the variance of 7iwa,mt can be written as

L
R Za,R'(r]—r,)

E (Ttoa,mf) =7, - Ifl
Za,R' (rl —T,)

1=1

L . , L
) ) 2 —E;a,R (r,-7,)+W(z,) > aR(r-7) (2.41)
E ((Ttoa,mf - E (Ttoa,mf )) j = E Tl - —— _T1+ n

B
2
B w () 87rzo-rfJBf2|s(f)| df

1EZL:a|R”(r1 -7) (ia,R"(q -7 )JZ

1=1
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From (2.41), it can be concluded that the MF estimator may be a biased estimator
under the multipath scenario while an unbiased estimator under the single-path
scenario because R (O) =0. The bias and the variance depend on signal bandwidth,
first-order and second-order autocorrelation function and SNR.

To evaluate the ML estimator, we firstly define the objective function according to
(2.12)

2

dt (2.42)

Tth

§(T1-~-L) = I

0

(6= as(t-7)

Differentiating the objective function with respect to 7 and setting it to zero, we have

—as(t-r7) Za, s(t-1,)

S T
Tfr2<t>dt+afos2<t—r>dt+f(§a.s<t—r.>jzdt
: —2a1T:r(t)s(t—r)dt+2ale[Z‘als(t—r,))s(t—r)dt o)
ot
—-2a [s(t-0)s (o [ [ 28 Zas(i-n) |- 2ar() s 1)

=0

From (2.43), we can see that the optimal 7 may be not unique and cannot be directly
found. Suppose that 7;,_, , are unknown and deterministic and 7, is unknown and

variable. Let us expand the first derivative of the objective function 5(7’1..4_) around
the true r,

e G L Y| R
ot ot Yoo

+O((r—rl)2). (2.44)

=1,

Similar with (2.37), the estimation error can be written as

698(71--4_)
J . (2.45)

or
37

toa,ml - 2-l ==

{a £(r,0)

or’




The numerator and dominator of (2.45) can be calculated as

o0& (z,. T ,
—g; L),_, :—Zaf.([s(t—r)s (t—7)dt

_Tf[zal[gals(t_q )j—2a1r(t)Js' (t=0)dt

=1

=1

T(h Tﬂl
:—ZafIs(t—rl)s'(t—rl)dt+2afIs(t—rl)s'(t—rl)dt (2.46)
0
+28, j (t-7,)dt
=24, J- t 7,)d

282 {57 (t-7,)dt i t—7,)s (t—z,)dt
E[azf(%L) JE alhs ( Tl) +IS( 7,)s (t-7,) }
62’2 Ty
—2afjs(t—rl) (t-7,)dt- 2aj (t-7,)dt
—E(Za js (t-7,)dt- 2aj (t- rl)dtJ (2.47)

=8;z2afj £2[s(f)[ df
-B

Substituting (2.46) and (2.47) into (2.45), we have
Tth
[w(t)s (t-7)dt
T — 11 = =5 . (2.48)
ar’a, [ £2[s( 1) df
-B

The bias and variance of ML estimator can be expressed as
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Tth

I var(w(t))s®(t—7,)dt

0
i 2
167r4af(ff2‘s(f)‘2df]
-B

47r26§+f £2[s(f)[ df

-B

+ 2
16n4af(ff2\s(f)fdfj

-B

o2 . (2.49)

47za“f |s( \df]

Comparing to (2.32), the ML estimator is an efficient estimator. In practice, however,
ML estimator is an asymptotic efficient because s(t) is replaced by its sampled

vector s, .

The (2.16) can be rewritten as

(2.50)

T toa,mmse —

ijexp(a‘zR(T_Tl)_a‘ R"S(Tl)_Rm(T))JdT |

0

where R (7) is the cross-correlation function of s(t) and n(t).
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Figure 2.7: Standard deviation for MF and ML under the single-path scenario with 2-ns
Gaussian monocycle

Figure 2.7 shows the standard deviation of MF and ML approaches. It is obvious that
ML is better than MF.

From (2.21), the CRLB for estimating the distance in RSS-based ranging systems can
be expressed as
olnl10

IOax/R

where d, represents an unbiased estimate of d_. From (2.51), it can be seen that the

Var((jn) 2

d,, (2.51)

lower bound increases with the increasing of the standard deviation of the shadowing
and a larger transmission distance. The larger path loss exponent can result in better
estimation accuracy. In all cases, the standard deviation for the error cannot be made
smaller than Im for distances larger than 6m [4]. From (2.26), we can define the
objective function as

e 2
¢ (,d,)=[p,(d,) - p, +10a log, (d, /d,)| - (2.52)
Differentiating ¢ (a, dn) with respect to d, and setting it to zero, we have
1 ~
d =g, 10w ) (2.53)

The first-order and second-order statistics of d_ can be expressed as

40



m
—_—
o,

)_ E(d 101010‘(%’3“((‘")))
nj— 0

dOE[mléa< ﬁnwn»]
4 E[mwaJ
2
o —10alog., x—D. (d
_ 10d,« IeXp _(po g;o pn( n)) dx
27 5 In10 © 20, 1K
K
10d,a ¢ (100{10g10(dn /Xdo))2
=70 I exp| — > X
27 G 1010 0 20, /K
K
+00 50 21 2 X
_ 10d, o Iexp Va 2O/g|2)( )jdx
ZKG In10 ? “n (2.54)

and
var(d )=E(d?)-E*(d
(d.)=E(d7)-E(d,)
_ 5dja TeXp[— 250° IOglzo(X)]dx_ (2.55)

262 /K
,/250' In10 ° n

2 2 +00 2 2 2
50d;a’K 50a” log;, (X)
—=i | [ exp| -
7oy In" 101 o, /K
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Figure 2.8: Expectation of ML estimator

Figure 2.8 depicts the expectation of ML estimator in residential LoS, residential
NLoS, Indoor Office LoS and Indoor Office NLoS. It can be seen that (2.53) is a
biased estimator, whose bias varies with &, o and distance. For the specific ¢ and
o , larger distance leads to larger bias. Table 2.1 shows the channel parameters for the
environments investigated in and Figure 2.9.

Table 2.1: Channel parameters for different environments [4]

Environments a o
Residential LOS 2.30 2.22
Residential NLOS 4.58 3.51
Indoor office LOS 2.10 1.90
Indoor office NLOS 3.07 3.90
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Figure 2.9 depicts the CRLB and standard deviation of (2.53) for the environments
listed in Table 2.1. The accuracy of RSS measurements deteriorates as the distance
between the transmitter and the receiver increases.

The following context will derive CRLB of AoA estimation for narrowband signal
under single-path scenario. We rewrite (2.28) as

=as+w,

(2.56)
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where

e N (1)

Hence, the PDF of the received data can be expressed as

(r—as)" R} ([—gg)],

p(r:0) =;6Xp(
(24[R,))? ?

(2.57)

(2.58)

where R is the covariance matrix of the noise vector W . Then the expectation of

first derivative of the PDF can be expressed as

u H
(r—as) R,'(r-as)
gl 2mp(s0)) g 2 2a 09
00 oa o0¢ 00
_ H Oa O¢
__E (—(§Rn1 (r-as)) a?%]
_ H Oa O¢
= (§Rnl (E(K)—Q§)) 8_¢£
=0
The expectation of second derivative of the PDF can be written as

_ a((an (r-as)) a;agJ __¢foads HRfﬁa_tz%
= " 0400

0 90

Hence, the CRLB of AoA can be determined as

1 1

A~

var(8) > -

E[ Py o 00

2_2
c’o;

4lsf 7 £2d% sin” 0" 2
n=l1

az(ln( ))J Bi [5‘1 5¢j nﬁgigg

(2.59)

(2.60)

(2.61)

It can be seen from (2.61) that the CRLB of AoA estimation is sensitive to the SNR
the number of antenna elements, carrier frequency and the inter-element spacing.
Figure 2.13 shows the CRLB of AoA estimation for the AoA: 30°, 60° and 90°. The
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number of antenna elements is four. Carrier frequency is 5.2GHz and the inter-
element spacing is 4.43cm. The variance of AoA estimation using MUSIC and ML
approach will not be discussed in this dissertation.
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Figure 2.13: Minimum Standard Deviation for the AoA of 30°, 60° and 90°

2.3.6 Error Sources of ToA/TDoA based Ranging

For the ToA/TDoA UWB ranging systems, the timing imperfections among reference
devices in infrastructure-based ranging and clock drifting between transmitter and
receiver devices in the ToA measurements induce additional errors on range estimates
[4]. In the ToA/TDoA based UWB ranging systems, multipath propagation introduces
challenges for ranging due to a large number of MPCs and relatively long excess
delays compared to the transmitted pulse duration. In the absence of multipath
propagation, estimation of the arriving time of a signal is relatively easy via matched
filter or energy detector, which has been investigated in several literatures. In practice,
however, reflections from scatters in an environment arrive at a receiver as replicas of
the transmitted signal with various attenuation levels and delays [4]. Due to the NLoS,
antenna effect or the lognormal fading effect, the strongest path may arrive later than
the leading edge [4]. Figure 2.14 and Figure 2.15 illustrate the UWB received signal
under sparse multipath scenario. The sparse multipath scenario is characterized by an
impulse response that only comprises a few significant multipath terms, the time gap
between each pair of which is larger than the signal duration. Under sparse multipath
scenario, the received signal suffers from no distortion. Figure 2.14 shows the
scenario that the first path is the strongest path, which can be easily detected by the
correlation peak, while Figure 2.15 illustrates that the strongest path arrives
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sometimes later than the first path. In such case, the strongest correlation peak shows

a wrong position of leading edge.

amplitude/my

amplitudemy
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Figure 2.14: Received signal amplitude under sparse multipath scenario
(strongest path is the first path)
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Figure 2.15: Received signal amplitude under sparse multipath scenario
(strongest path is not the first path)
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Another errors source for TOA/TDoA ranging systems is the imperfect autocorrelation
characteristics of the transmitted signal or spreading sequences. In general, UWB
ranging systems exploit second derivative of Gaussian monopulse as their signal
format (see Figure 2.16). Under sparse multipath environments, the correlation peak
always indicates the middle position of the Gaussian monopulse, which has the
maximum signal power due to distortion-less of the received waveform (see Figure
2.14). In the dense multipath environments, the received waveform shall be modeled
as superposition of multi reflections with different attenuations and time delays (see
Figure 2.18). The correlation peak in such case may not indicate the middle position
of Gaussian monopulse due to the Inter Pulse Interference (IPI) caused by the
imperfect autocorrelation characteristics of the exploited pulse (see Figure 2.16). As
can be seen from Figure 2.19, the black curve represents the correlation function of
the signal without distortion, while the red one represents the correlation function of
the actual received signal with distortion, whose correlation peak shows a time delay
relative to the desired one.
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Figure 2.16: Second derivate of Gaussian mono-pulse without distortion

48



amplitude/mv

amplitude/mv

10

1.5

0.5

—#— SD of Gaussian pulse
- —#— Autocorrelation

time/ns
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Figure 2.18: Signal distortion under dense multipath environments
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Figure 2.19: Time offset caused by signal distortion

Imperfect design of spreading sequences exploited by UWB ranging systems is
another errors source. According to [22], UWB systems shall allocate a unique
spreading sequence to each user in order to suppress the Multi User Interference
(MUI) during the transmission. At the receiver, the signal shall be de-spread by the
spreading sequence of the desired user to get the received signal. It then locks onto the
correlation peak, and tries to identify the first arriving MPC preceding the correlation
peak. If the spreading sequence of the desired user does not own perfect
autocorrelation characteristics, the correlation side-lobes will appear between the
correlation peaks [4], which can negatively influence detection of the leading edge.

If there are several UWB users under detect in the ranging system, the MUI will
become another challenging issue. Under the single path scenario, the MUI can be
suppressed or avoided by the perfect cross-correlation characteristics of the spreading
sequences between each pair of users. Under multi path scenario, however, the MUI
cannot be easily mitigated since the interference signal through each channel path
with a different time delay may have a contribution to the MUI.

NLoS transmission is another error source for the ranging systems. If the Direct Path
(DP) between the transmitter and the receiver is partially obstructed (e.g. obstructed
by timber), the signal through the DP can be attenuated more than other MPCs, which
can make the leading edge detection more challenging. If the DP is completely
obstructed (e.g. obstructed by metal), the receiver can only detect the signal from
other MPCs, whose leading edge has a time offset than that of DP. Then, it will
introduce a positive bias to the ToA estimate. The positive bias was modeled as a
Gaussian distribution random variable [84] or a constant along a time interval [87].
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2.3.7 Error Sources of RSS based Ranging

It 1s obvious that lognormal fading effect can lead to estimation error in RSS based
ranging. The description of lognormal fading effect on the estimation performance
can be found in Section 2.3.3. Under multipath scenario, the received signal power
shall be collected from each channel path. Figure 2.20 illustrates the determination of
received signal power under multipath scenario.
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Figure 2.20: Determination of received signal power under multipath scenario

It can be concluded from Figure 2.20 that selection of the capture window length L is
another key factor which affects the determination of received signal power. IfL <T,,
where T, is the excess delay of the multipath channel, the received signal power
cannot be entirely captured within the window so that

pl;,n (dn ) = pk,n (dn ) _5p (262)

where p,,(d,) is the actual determined received signal power and o, i1s a power
offset. Hence, it leads tod, =d +0,. In general, L is set to be equal to a Pulse
Repetition Period (PRP) to avoid the pulse overlapping. However, if the channel
excess delay is larger than PRP (L <T,), the fluctuation of p,,(d,) may be caused
by two factors: pulse overlapping and smaller captured signal power. The hybrid of
two factors can lead to an irregular fluctuation of p, , (d,): py,(d,)> P, (d,) with
in-phase overlapping, p[(’n (dn)< Pen (dn) with out-of-phase overlapping and
Pen(dy) = P (d,) without pulse overlapping. Obviously, MUI is another key factor
which can degrade RSS based ranging performance to a large extent. Similar with
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ToA based ranging systems, the spreading sequences shall be employed to suppress
MUL

2.3.8 UWB Indoor Channel

Large bandwidth of UWB systems leads to much difference in channel
characterization compared to that of the narrow band systems. Due to the reflected
materials and the characteristics of transmit and receive antennas, the UWB channel
become always frequency selective, which can bring the frequency diversity gain at
the receiver. For the ranging systems, however, the frequency selective property can
negatively influence the ranging parameters since the received signal may suffer from
distortion (see Figure 2.16).

There are two common methods for characterization of UWB channels. The first one
is the deterministic channel modeling, which assumes that complete geometric
information of the environment is available. The propagation characteristics of the
environment can be generated by using ray-tracing techniques [88][89]. The main
disadvantage of deterministic channel modeling is that the measured channel
parameters are only applicable for the certain environment. Hence, in this dissertation,
the author uses statistical channel modeling which need only determine the following
parameters: power delay profile, path loss and shadowing, which are related to the
ranging performance. The modified version of the original Saleh-Valenzula (S-V)
model is employed in this dissertation. The n-th user’s time variant channel impulse
response can be given as [90]:

Kn(7) La(2)

t r = kZ: | a, n (t T, n( ) Tikn (r)), (2.63)
=1 I=l

where h, (t,7) represents one channel realization for a given time 7. T, (7) is the
function of 7, which represents the arrival time of the k-th cluster for the 7 -th
realization, and 7, , () represents the arrival time of the I-th path in k-th cluster for
the 7 -th realization. T, (7) and 7,,,(7) are modeled as the Poisson distribution
with the fixed rate A and A, respectively. ¢, ,(7) and ¢, (7) represents the channel
coefficient and phase of the I-th path, respectively. According to [91], the coherence
time of the indoor channel without presence of Doppler effect is a value on
millisecond level. Hence, T, (7), 7,,,(7), & ,(7) and ¢, (7)can be considered as
constant values within one millisecond. Hence, (2.63) can be replaced by the time
invariant channel model, which can be expressed as

~

Lkn

" oS (=T, 1), (2.64)
1 1=1

=~
Il

where K and L, are the number of clusters and the number of rays in the k-th
cluster. In general, T, and 7,,, are defined to be zero. According to [90], T, , and
7). canbe descrlbed as the inter-arrival exponential probability density functions
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Figure 2.21: CM1, CM3, CMS5 and CM7 channel realization
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Figure 2.22: CM2, CM4, CM6 and CM8 channel realization

Figure 2.21 and Figure 2.22 show the channel realization of CM1 to CM8 , which are
proposed by IEEE 802.15.4a. The channel realizations are sampled with the rate of
8GHz. According to [22], CM1, CM3, CM5 and CM7 are defined as residential LoS,
indoor office LoS, outdoor LoS and industrial LoS, respectively. CM2, CM4, CM6
and CMS8 are defined as residential NLoS, indoor office NLoS, outdoor NLoS and
industrial NLoS, respectively. We can see that the first path always shows maximum
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channel energy in the LoS scenario while the maximum path may arrive later than the
first path in the NLoS scenario.

2.3.9 Ranging related Channel Parameters

For ToA/TDoA based UWB ranging, the MED (Maximum Excess Delay), 20dB-ED
(20dB Excess Delay), MELER (Maximum Energy to Leading Energy Ratio), PLD
(Peak to Leading edge Delay) are key factors determining the ranging accuracy. The
20dB-ED is defined to be the time delay during which the multipath energy falls to
20dB below the maximum peak. MELER is defined as the ratio between the
maximum peak and the first peak. PLD is the time delay between the first peak and
the maximum peak. The large 20dB-ED can lead to IPI (Inter Pulse Interference),
which can negatively influence the maximum peak determination. MELER and PLD
play important roles in the search-back algorithm, which has been discussed in [67].
From (2.64) and (2.65), we can see that MED, 20dB-ED, MELER and PLD are
statistical numbers, which will give a different value for each channel realization. The
CDF (Cumulative Distribution Function) of each parameter can be expressed as

cdf,,, (t) = num(MER <t)/N

mer loop

cdf,qeq (1) = num(20dB-ED <t)/N
cdf

meler

cdf ; (t) ~ num(PLD <t)/N

loop

(R)~num(MELER <R)/N,_

loop

(2.66)

loop

where N

loo

» 18 the number of Monto-Carlo simulation. It is obvious that (2.66) may
converge to the true CDF if N, = becomes larger. N, is set to be 1000 in this
dissertation. num( ) represents the number of simulations, which fulfill the specific
condition. Figure 2.23 to Figure 2.32 show the CDF of MER, 20dB-ED, MELER and
PLD for CM1, CM3 and CM5.
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Figure 2.23: CDF of MED in CM1
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From Figure 2.23, we can see that the MED is smaller than 400ns with approximate
100% in CM1.
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Figure 2.24: CDF of 20dB-ED in CM1
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Figure 2.25: CDF of MELER in CM1

From Figure 2.24 and Figure 2.25, we can see that the 20dB-ED is smaller than 100ns
with the probability of 100% and MELER is smaller than 60 with the probability of
100%.

55



0.8F i

0.6 .

CDF

02} _

0 | 1 1 1 1 |
0 50 100 150 200 250 300 350

PLD/ns
Figure 2.26: CDF of PLD in CM1

Figure 2.26 shows that the PLD is smaller than 60ns with 100% in CM1.
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Figure 2.27: CDF of MED in CM3

Figure 2.27 shows that the MED is smaller than 1600ns with 100% in CM3.
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Figure 2.28: CDF of 20dB-ED in CM3
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Figure 2.29: CDF of PLD in CM3

Figure 2.29 shows that the PLD is smaller than 25ns with approximate 100% in CM3.
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Figure 2.30: CDF of MED in CM5

Figure 2.30 shows that the MED is smaller than 700ns with approximate 100% in
CM5
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Figure 2.31: CDF of 20dB-ED in CM5
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Figure 2.31 and show that the 20dB-ED is smaller than 70ns with approximate 100%
and the MELER is smaller than 19400 with approximate 100% in CMS5.

0.8 §

CDF

0.4 §

0.2 _

0 1 1 | 1 1 | | 1
0 10 20 30 40 50 60 70 80 90

PLD/ns
Figure 2.32: CDF of PLD in CM5

Figure 2.32 shows that the PLD is smaller than 70ns with approximate 100% in CMS5.
The aforementioned parameters are key factors, which determine the localization
accuracy.

2.3.10 Error Sources of AoA based Ranging

In AoA based narrow band ranging systems (e.g. WLAN), the estimation error mainly
comes from three sources:

1. Imperfect phase synchronization

2. Grating lobe of antenna array

3. Multipath transmission
Generally, one global Local Oscillator (LO) is deployed on the receiver to generate
the reference clock with a constant phase offset while RF frontend chip for each
channel is equipped with one independent Phase-Locked Loop (PLL). Ideally, the
steady-state phase error should be zero and each PLL should output a clock with a
constant phase offset since there is only one global LO. In practice, however, the
average difference in time between the phases of the two signals when the PLL has
achieved lock is a random number. Therefore, phase offset caused by PLL is not
inevitable and that may seriously degrade the performance of AoA estimation. To
suppress the effect of phase offset, initial calibration process before AoA estimation
shall be performed. The detailed description of the calibration process can be found in
chapter 4.

59



Grating lobe as the ambiguous direction with ideally the same radiation intensity is
another error source for AoA estimation. Any actual radiation direction # beyond the
scope of clarity area of the antenna array will be detected to a mirror directiond . The
relation between the actual and the mirror angle can be expressed as

arccos(i(gcoséf +1D,if1c059 <9—l
d\ A A A
o= , (2.67)
arccos i(gcosﬁ'—lj ,ifgcos€'>1—9
d\ 1 A A

where A is the wavelength, which depends on the carrier frequency f,, d is the inter-
element spacing and @ is considered as the angle between wave impinging direction
and the antenna array (see Figure 2.6). The clarity area of the antenna array can be
calculated as

arccos[i <O< arccos[—ij . (2.68)
2d 2d

It is obvious that d =1/2 is the perfect case since the clarity area is between 0°
and180°.

Multipath transmission can negatively influence the performance of AoA estimation
in terms of three aspects: inaccurate determination of number of paths, irresolvable
paths, and the perturbation of received covariance matrix. We take subspace based
estimation approach as an example. The number of copies of resolvable signals shall
be estimated firstly to determine the number of signal subspace. In general, the
Minimum Description Length (MDL), which is referred to as the Gaussian MDL
(GMDL) is used to estimate the number of sources. It can be expressed as [95]

Goup. = argmin | —Llog i +O.5(q(2N —q)+l)log L{, (2.69)

N-q
q=0,1,...,N-1 N
N — q i=q+1

where N is the number of antenna elements, ¢, is the number of copies of

resolvable signals and 4, > A, >---> 4, are the eigenvalues of the Auto Correlation
Matrix (ACM) of the received data vector. If G, <N —1, the signal subspace can
correctly be detected to the real value. However, G, =N —1 denote that the number
of resolvable sources from reflected paths may be larger than N-1. Suppose that the
received signal vector

r(t)=Ps(t)+n(t), (2.70)

where P is a vandermonde matrix with size of NxL and s(t) is a Lx1 vector. For
the N =L case, P is a full rank square matrix. Hence, the signal subspace is with full
rank and its eigenspace U cannot form a basis for P. From §,,, =N -1, U can be
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rewritten as [Q . gn] , where U, and u, are considered to be the signal subspace and
noise subspace. Acutually, however, entire U maybe signal space. Hence, the
estimated steering matrix 2 contains an offset, which can be written as 2 =P+AP.
The covariance matrix of () can be expressed as

@, =PSP"+9,, (2.71)

where @, is the noise covariance matrix and S is the covariance matrix of s(t),
which can be expressed as

a’E, aaR (r,-7) - aaR(ry-7)
5o azafRs(:rl—rz) aZZ:ES a, aNRS(:rN -17,) ’ 2.72)
aNaTRs(Tl_TN) aNa;Rs(TZ_TN) aﬁEs

where R (7) is the autocorrelation function of s(t) and a, is the decay factor of the
n-th path. @, can be expressed with its eigenvectors and eigenvalues:

@ =UAV", (2.73)

where U and V are identical if @, is a Hermitian matrix. Rewriting PSP" as @,
and performing EVD (Eigen Value Decomposition), it has

b =UAV,. (2.74)

If @, is a diagonal matrix with the same values on the main diagonal and § is a
diagonal matrix, it has U=U_, V=V _and A=A +c.1 . According to [96], the
eigenvalues and eigenvectors can be found via recursive QR decomposition.

o =...Q¥ R W90 (2.75)

(k+1)
s

where Q(k) is unitary matrix for the k-th QR decomposition, B will become a
diagonal matrix with the eigenvalues on the main diagonal and Q Q ™ becomes ist
eigenspace as k — o . However, the recursive algorithm becomes more comphcated
with the increase of k because the QR decomposition shall be performed for R*'Q™®
at each step. In this dissertation, the author proposes a novel approach with lower
complexity to compute the eigenspace and eigenvalues. The following theorem can be

shown:

THEOREM 1: Any normal matrix & can be  written as
b - Q(l)Q(3) ”.Q(2k+1)R(2k+2)HQ(2k+2)HQ(2k)H N 2)H (2.76), where REOH _ Q(2k+1)R(2k+1) and
RUKIH — gCk2) gk2) - gk and R 2“2 are upper triangular matrices, 0 and

1) or R™™ tends to be a diagonal matrix

0" are unitary matrices, The matrix R
as k —> o, the diagonal elements of which are the eigenvalues of @, 9"@"...0***)

tends to be identical to Q@0 ...0**? as k > .
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PROOF:

From definition of QR decomposition, (2.76) can be easily derived. @ is a normal
N x N matrix, which has & = @" . Wlth (2.76), we can get R*" = gl R**?glg, ,
where 0, =0" -0 and @, =@ ---Q*? . If we can prove R”*? converges to a
diagonal matrix as k - o, we can derive that Q, =0, and Q, is the eigenspace of @
as k >0 . Let us begin with N =2 and rewrite @ as

¢ — |:¢11 ¢12:| (2 77)
¢21 ¢22 ’
where ¢, =4,. The QR decomposition can be written as
I 4 _ ¢2*1
0" _ b+ i+ 8,
- ¢21 ¢1*1
Vé+ o ¢ — (¢t + 4.0
R _ i
1
0 ————det(®)
I VL +
Then 0" and R" can be calculated as
# A
2 2 - 2 2
o A () ) ()
¢21 ¢l*1
2 2 2 2
A () (ol ) (o)
- T, (2.79)

) () (At g+ i)
11 21

o A (o)

det(®)
oy (o)

0 .
where R™" ={¢“ e The proof consists of two steps: I) convergence II)
P

7Y
converge to a diagonal matrix. For the first step, we hypothesize that R" cannot
converge to a certain matrix as k—o . From (2.79), it has

2 2
gl = (¢1(lk )) +(¢2(‘f)) >4, if ¢ 20 . According to the first hypothesis, it has

&im((ﬁfr) ) =00 and iim(@(;)) =0. Hence, the convergence can be proved. For the second
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step, we hypothesize that R®" = " :{

(2.79), we can get ¢

k+1)

—\/((,/51(1"))2 +(¢§'1‘))2 =\/(¢,(lk))2 +¢*>¢% | which does not

4
a7 o)

0
] as k > and ¢7) %0 . From

conform to second hypothesis. Hence, R must be diagonal matrix. Because
diagonal matrix containing eigenvalues of @ is a unique diagonal matrix similar to @,
it has @, =0, and Q, is the eigenspace of @. Now we can expand to N=L>2. @&

can be written as

oY) —p = |:f1(l)

4 S
_ b Dy

¢L 1 ¢L2

)=
4.
g | | A
: B C(l)
'

(2.80)

To simplify the calculation, the QR decomposition of @"" shall be calculated with

sub-matrices. We set A" =¢, , BY=[g,

.

N

¢1L] ) C(l):[¢21

A, ]H and

. Then the QR decomposition of @® can be expressed as

1

b
pY=| :
"
where
E(k) —
HY =

—

oS o O

hk)

(1I+1)(1+2)

h

(1+2)(1+2)

0
0

,H(k) :H(k)

]

2.81)

HY, (2.82)

(2.83)
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(1 0 0 ]
(E(k)H(k)) !
0 1/ d1 ! 0
E(k)H(k))
FY=| . I . : (2.84)
H
(E(k)H(k))
0 0 -1/ d,__l !
E k)H(k))
1

In (2.82), “tr” is the trace function, “d,” is to get the I-th diagonal element and
(E(k)H(k)) =[e§k) e(Lk)]. H"™ is used to orthogonalize E® . Then R™ can be
1

expressed as

\/tr(A(k)HA(k) N C(k)HC(k)) AWK L c(WH p(k)
R — \/tr(A(k)HA(k) +C )
0 G(k)
- 2.82
AR A IS AL e A (2.52)
G — PRy AR
I g £
Then let
@) — pHl9 :|:fi(k) fL(k)]- (2.83)

(K)H p(k) (k)H (k)
The same as the case of N =2, A4 B +C' D shall vanish as k — « . From

\/tr(A(k)HA(k) + C(k)Hc(k))

(2.81) to (2.83), @) can be written as

Q(oo) B [qy) 0

2.84)
(=) |’ (
0 QL—I,sub

where Q(Lf)l shall be a (L—1)x(L—1) unitary matrix. Hence, as k — o, it has
o), =0" G, (2.85)

where @] . is the (L-1)x(L-1) right-down sub-matrix of @ . Using the
recursive method, we can get

?7), =0 Gl I =L =12 . (2.86)
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With (2.82), it can be concluded that G must be a diagonal matrix. Hence,
THEOREM 1 is proved. Thus, U can be estimated by

~

Q(a,r,ga, RS(1))=2(1)2(3)---2(2K+1), (2.87)

where K shall be selected according to the coverage rate. The coverage rate of QR
decomposition can be referenced in [96]. If the &, is perturbed by 4®, due to the
finite data length, Q will be perturbed by AU , which can be expressed as [98]

AU, ~UnUn 49,02
AU, ~-U.27' U, 40, U,

AN ~U. ADU., AN ~U»r4®,U, (2.88)
Q=A-A
A =diag(1’ - A).A =071

where

I’jszi}s‘f'Ai}s,ijn:i}n"‘Ai}n

[0, oo o] @
Suppose that ¢ <---< g, , then the perturbed AoA can be expressed as
b =argmax( o, (9)0.07 p,, (9). (290)
where
P (¢):[1 et .. ej(N—lw]T_ 2.91)

For the N <L case, P becomes a fat matrix, which contains K vandermonde vectors.
P can be rearranged to a square matrix P, whose first N —1 columns are the same as
those of P and the last column is the weighted sum of last L— N +1 vandermonde
vectors. If the signals are received from L irresolvable paths (‘Ti —rj‘ﬁl/ B, B is the
signal bandwidth), (2.70) can be rewritten as

1 1 as(t-7) n(t)

o) eld . e s(t:—rz) . n, (t)
QI(N-)4 pI(N-DA aLs(t.—rL) ny (t)

_ ZL:aI .
(1)

|| & sy o
o ()

lz:alel("‘*l)ﬂ_

=P
Thus the perturbed AoA can be expressed as
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(¢)p(9.a)

" 2) . (2.93)

—est

¢irres = arg ;nax (

The approaches, which can suppress the multipath effect, will be discussed in chapter
4.
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3 Novel LT Approaches in Ultra
Wideband Networks

3.1 Overview

The aforementioned novel LT approaches, which can effectively solve the problems
formulated in chapter 2, will be discussed in this chapter. The employed UWB signal
and ranging based multi user access formats: Time Hopping Multiple Access (THMA)
are introduced. The novel LT techniques for ToA/TDoA based ranging systems and
RSS based systems will be discussed in section 3.3 and section 3.4, respectively.

3.2 Employed UWB Monocycle

In this dissertation, the second derivative of nanosecond Gaussian monocycle is
employed as the UWB transmitted signal, which can be expressed as

2
o(t)= A(l 4t jemw : 3.1)

&

where A>0 and ¢ are the parameters, which determine the pulse energy and width of
the monocycle. w(t) and its auto correlation function are illustrated in Figure 2.16,
Figure 2.10 and Figure 2.18. Figure 3.1 shows the spectral power density of a
normalized 2ns Gaussian monocycle.
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Figure 3.1: Spectral power density of 2ns Gaussian monocycle
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It can be seen from Figure 3.1 that the half-power bandwidth of the employed 2ns-
Gaussian monocycle is approximate 1.33 GHz, which requires at least 2.65 GHz
sampling rate at the receiver according to the Nyquist-Shannon sampling theorem.

3.3 Time of Arrival (ToA) based Ranging

This section will propose several novel leading edge detection approaches: JLEDA,
IMLCE and SbA. Finally, error sources of the leading edge detection for each
estimator will be derived.

3.3.1 Joint Leading Edge Detection Approach (JLEDA)

The final goal of ranging systems is to determine the target position, which requires
more than two UWB receivers for the two dimensional localization (see Figure 2.1
and Figure 2.4). For each n-th UWB receiver, ;n,n:1,2~-N and an,nzl,z--~,N are defined as
the estimated ToA and distance parameters, respectively. In the ideal case, the N
circles, each of which is drawn with the radius of d n, shall intersect in one point,
which is considered as the target location. In practice, however, the intersection
cannot be unique due to the detection offset. It proposes Joint Leading Edge Detection
Approach (JLEDA) which requires the cooperation between each UWB receiver.
JLEDA consists of four steps:

1. Output correlation

2. Correlated peak value selection
3. Search-back space determination
4. Minimum area search

The received signal can be modeled as

r.(t)= IZL::Q|,n9n (t—7)+n,(t)

9, (t)=s,®p(t)®3_

: (3.2)

where @, , and 7, are the amplitude and time delay of the I-th channel for the n-th
receiver, respectively. g, (t) is the n-th transmitted preamble signals. S, is the n-th
ternary code and p(t) is the employed UWB monocycle (see Figure 2.16 and Figure
3.1). L, is the length of the delta function, which determines the length of Pulse
Repetition Period (PRP). From 2.3.9, we can see that the most of 20dB-ED in CM1 is
smaller than 100ns. The paths with time delay larger than 100ns can be neglected due
to their weak contributions to the received signal. It assumes that T L >100ns, where
T, is the pulse duration. Under this assumption, the Inter Symbol Interference (ISI)
can be neglected. According to JLEDA, the received signal shall be correlated with a
template signal and the output of the correlator can be expressed as
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z,,(t)=0,(t)®r,, ()
g, (2' —t)[zn&_l,’ngn (r—rl)+ n(r)Jdr

o : (3.3)

_ani_[( (z’ T, dr+Ig T— t) ( )d

[

L,
= InZSt T| +77

The first part of (3.3) is the delay-weight-sum of autocorrelation function of the
normalized Gaussian pulse. 7(t) can be modeled as a Gaussian process with the same

fe—s 5

expectation and variance as that of n(t). In addition, it should be noted that z, (t)

has the time duration of T, which shall be determined firstly.

If N UWB receives are located at the fixed coordinates (x,,y,) and the localization
area can be known (see Figure 2.1), T, can be determined as

T,,=T.,+d, /c+PLD, 3.4)

th,n ref

where T . is the reference time stamp, which is usually set to be zero. PLD is
approximate 60ns, which is depicted in 2.3.9. d, is the possible maximum
transmission distance for n-th receiver, which is determined by the geometry of the
location of the receivers. cis the light velocity. From the first step, the maximum
correlation peak ( ) can be locked by

(tp,n Vo ) =arg max(abs(zg’n (1)

pn’

T )) . (3.5)
From Figure 2.26, we can know that the first incoming path must be between zero and

2. . .
. For the given t  ,n=1,2,---,N, (Nj intersections can be determined by

(5t )=z (x—X|)2Jr(}’—y|)2=(c:tp,|)2 Lek. (36)
G (x=% ) +(y=¥e) =(ct,)

From (3.6), the upper limit of the time search can be determined by

t — o d i
T, = AL, _ Clyn mln( Ik,n :t;elnN]
. c C
e = \/(X'k % )2 +(Yie = Va )2 ) 3.7
n=12,---,N

For the sake of simplicity, an illustration for N = 3 case is illustrated in Figure 3.2.
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Figure 3.2: Determination of upper limit of the time search

We define the Maximum Energy to Leading Edge Energy Ratio (MER) as 7,,., - Then
the Virtual Leading Edge (VLE) can be detected as

t,., =arg tmin(abs(zg’n (t)) 2V /N ver ) . (3.8)

The VLE denotes the first selected peak value, which fulfills the power condition
(2V,, /iy )- From (3.7) and (3.8), the search-back space can be determined as

s,n 2 “vle,n

[max(tp,n—T t ) tp,n]. Then it assumes that M, correlation peaks are found

within the search-back space for the n-th receiver. If we select one peak form each
receiver to form one CLEC (Candidate Leading Edge Combination), there are

N
Q:I_[Mn combinations that can be determined. It expresses the g-th CLEC as

n=1
t, =['[Lq e o tag ]T. According to the geolocation and the number of receivers,

two scenarios should be considered: I) N =3 II) N>3. For N =3 case (see Figure
3.2), it defines two parameters: A,q=1,2,---Q which is the area wrapped by

P

mn,m=1,2,3,n=1,2,3,m#n >

and S,,q=1,2,---Q which is sum of squared distance between the
estimated location and each arcs. A, and S, are two essential criteria which are used
to estimate the CLEC. It defines two functions f,(e) and f,(e) that project 7, to A,

and S, respectively:

(3.9)
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where ¢, and 4t are the Actual Leading Edge Combination (ALEC) and the bias
LEC vector. Clearly, f,(¢.) and f;(z,) shall be zero. The followings are the derivate
of f,(e) from geometry (for N = 3 case).

NGRS [X({'JJHIBJH%_X&LJ ] JJ+ »
H {yu';flmuﬂ}q‘ytuﬂw,qj
s [X(L€J+IJQ;’J+IJ_X(VJ ]
(e }

+(yﬂiﬁ“lﬂf@” yﬂU“IV?F@”J ) (3.10)

where x . and vy, are the coordinates of the intersections P, (see Figure 3.2), and
they can be calculated as

_ ' ([
Xn.q re((xmn o T Y )e )+ Xon

. _ ) (3.11)
Yo =1m((xmnﬂq + iymn,q)elcomn )+ V.

To simplify the calculation, the coordinates of receivers shall be transformed to the
reference coordinate systems. For the given X and Y aches, the transformed
coordinates of receivers can be expressed as

X =re((xrn +iy, )e )— X,
Yo =im((x, +iy, )e ) -y,
X, =re((xn +iy, )e )—xn

y, =im((x, +iy,)e ™ )-y,

(3.12)

where “re” and “im” are the real and imaginary part operator and ¢, is the angle
between the given X aches and the vector Vamm =(X,—X,)+i(V,~Y,) . With the
reference coordinates, the coordinates of intersections P, can be determined as
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2(%, =%, ) (3.13)
Vons = Yo €8 = (X =X )

From (3.10) to (3.13), we can see that f, (tq) cannot be written as a linear function of

t,. Hence, fA(tq) is considered as the N-variant function. Taking the second-order

Taylor expansion around the real incoming time vector ¢, we can see that

fu(ty)=Falti, + At gty + AL ety + AL )

2,q’”

i (tl,q _tl,r)nl "'(tN,q _tN,r )nN [ anl+..-+nN fA J(t ) (314)
nN=0

nil---nN! oty Ot

o’ f.(¢,) o*fa(t,)

4% 1,0%G.q 2,09,
azfA(t’)At% +62fA(t')At2 +62fA(tr)

2
2t o, s

The Jacobi vector and the Hessen matrix of f,(#,) can be expressed as

o (1) of(t,) of(t)]

j= o, o, ot e
and
[f,(1,) fu(r,) fu(t,)]
atiq atl’qatz’q atl,qat3,q
| TR() () 2h() (3.17)

ot 4ot atj,q ot, ot

(1) (1) Of.(t,)
_6t3,q6t1’q ot o, 8t32,q

From (3.10), we can know that j=0 and H is a positive-definite matrix. Hence, (3.15)
can be rewritten as

2 ) .
PR PR PR (A JYPVNAA 3]

~ At, At
1,924, 1,954, 2,924,
atl,qatz,q 972, L0t 97730 a0t 97739
first term (3 18)
(1) ., ()., (1) ., '
+ e AL, + o0 SAG S AL
1,9 2,9 3,9

second term
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To determinet,, f, (tq) should be set to zero. Hence, the estimator can be written as

fq =r0tq0ts( fA(tq)zO).

(3.19)

From (3.18), we can see that the roots of f A(tq)=o is not unique because of the first

term. The multi roots #q «-i.-.« shall be validated to get the correct unique root, where
K is the number of roots of (3.19). The pulse based channel estimator is employed to
find the correctt, . Figure 3.3 illustrates the Pulse based Channel Estimator (PCE).

=
‘-g T T T T T T
T 005 b Lo ; - : received signal 1 L
2 fake LE—=—m : : E : - :
g, ; ; i
o]
0 10 60 70 20
=
‘-g T T T T T T
%g 05 e SR T received signal 2 L
= actual LE_ﬁh : ' : ' :
g g ; ' i i ; i
m 0 10 20 30 40 S0 60 70 20
. time/ns
E T T T T
- .
Loosk i € actwal LE i .| ——received signal 3 |
m 30 40 S0 60 70 20
time/ns

Figure 3.3: Fake LEC excluding via PCE

In Figure 3.3, it assumes that there are K =2 estimated 7, , one of which is the correct

estimation (pointed by the black arrow) and another one is the fake LEC (pointed by
the red arrow). Recall that the leading edge shall locate at the maximum point of the
first auto-correlated Gaussian pulse (see (3.3)). For eachz, , N rectangle functions

W, , (t)=rect [%} are used to multiplied by z, (t),n=1---N, it has
p

Zy g (1) =W, ()Z,,(t),n=1---N

g.n,0¢ — g,

Hence, the Time Domain (TD) channel can be estimated as

hn,qk = DKTP {

1

20T,

-
S
0 ](IZmTp GZ(oTvxKTps) (szTprTv Zg.n,q, ) )

KTp x2aT,

where

Ky =] 2T, /t, |

(3.20)

(3.21)

(3.22)
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and D, isa K; xK; squared matrix, which can be expressed as
P P P

1 1 . 1
1 exp(—ji—i} exp _jzﬂ(::: _1)
P, = : 5 (3.23)
e _jzﬁ(in 1) - _jzﬁ(KR KQ(KR Q
Tp Tp

and

GZ(oTprTP - ITZprxKTp EKTP l)KTp

0 IKT /2
E =, \ . (3.24)

0
Kr, /2
an;TprTP _[0KTP/2—(UTP Iszp 0KTP/2—pri|

I ), represents K. ,xK; , identity matrix and o is the effective bandwidth of

autocorrelation function of Gaussian pulse, which is defined by

(3.25)

with s(f) being the Fourier transform of s(t) given in (3.3). “[e|” is the number
rounding operator, 1/t is the sampling rate and 2T is the correlated pulse duration.

s and zz,n’qk

(no noise, no pulse overlapping), &, shall be a delta function defined by 5Krp

are the sampled s(t) and z , (t) with 1/t , respectively. In the ideal case

N0 2

which is with K; elements. For the correct ¢, , 5, can be expressed as

KTp»n’Qk
T
O, na =|8nq 0 - O], (3.26)
where a, , is the channel amplitude. For the fake g, , the corresponding 4, , is a time
shift version of 9, , - Hence, for ideal case, PCE can be written as

Mg = argmax (5KTp,nqqk )

m:1...|(Tp

aideal = arg(r,ﬁn,qk = 1) . (3.27)

Gk

tideat = 1.
Qideal

In practice, due to the additive noise and the overlapped pulse, the maximum peak in
(3.26) may shift to another position. With Least Squared Distance (LSD), (3.27) shall
be rewritten as
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Mn.g, = argmax(éKT ,n,qk)
m=l---Kr, P

q=arg min[il(r?ln,qk - l)zj . (3.28)

So far the detection of leading edge for N=3 case is given. One of the essential issues
is to determine the intersections for each CLEC in (3.11). According to the different
CLEC:s, the intersection scenario can be divided into four modes, which are illustrated
in Figure 3.4 to Figure 3.7.

(.0, )

P
'-h,.-'_"n-h_‘_‘__“
I-‘-"\-\_
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e,
- ——
L.
)
(5.5 )
—_—
—l--._"-.-.
.--""F’F
—-—
-
_'_F.r"
OF

Figure 3.4: Determination of A, and S, (mode 1)
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Figure 3.6: Determination of Sq (mode 3)
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j[x3=~]’3j

Figure 3.7: Determination of A, and S, (mode 4)

For the mode 1 (see Figure 3.4), the area A wrapped by P, is convex. It is
reasonable that the possible location shall be within A but beyond A, and A, . The
mode 2 (Figure 3.5) illustrates that A, is concave that let the possible location be
within A, A, and A,. In the mode 3 (Figure 3.6), only two intersections appears that
let the calculation of A, be impossible. In this case, A, is assumed as an unlimited
number. In the mode 4 (Figure 3.7), it appears a mirror intersection that makes the
determination of A, become more ambiguous. In this case, A, shall be determined by
the smaller wrapped area (A, = min(Aq (P )> A, (Pmn)) ). The determination of S, shall
be introduced latter. Due to the additive noise and rounding error of the calculation,
(3.19) shall be rewritten as
tq =argmin(fA(tq),K'), (3.29)

L

where K represents the K' smallest values. Hence, selection of K' will influence
the estimation performance.

Without loss of generality, JLED approach shall be expanded to N >3 case, in which
the squared distance S, is considered as the unique criterion to determine the CLEC
because determination of A, become more complicated with the increase of number
of intersections. From (3.9), we can see that (3.14) can be utilized for the N >3 case.
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Hence, second-order Taylor expansion around the true incoming time vector ¢, can be

expressed as

o (2,)~ fs () + ofs (1,) At ,

n=1 a.tn’q
() . W (1)
At At At
+HZZI: 2at|iq " " I'I'IZI,FIZ:I:,I'I'I¢H atm’qatn’q i e

Similar with that for N =3 case, ¢, can be estimated via
tq= argtfnin( fg (tq ), K )

The followings are the derivate of fi(e) for N >3 case:

N

fo(t,)= Z(ctn’q —\/(xn ~ X )2 + (Yo = Vg )2 j,

n=1

Where (Xcst,q > ycst,q

Xest - -
{y ’q}z(AHA) " A"p,

est,q

X=X Yo=Y

4=2 X3TX2 Y3Tyz
X=Xy Y=Yy
C(tiq _t22,q)_(X12_X22+Y12_Yz2)

C(tzz,q _t32,q)_(X22 _X32 + y; - y?)

_C(tl%l,q _tlz,q)_(xl%l _X12 + yl%l _y12)_

) shall be estimated via Least Squares (LS) method:

(3.30)

(3.31)

(3.32)

(3.33)
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Table 3.1: JLEDA algorithm

1. Find the maximum correlation peak (tpyn,vpyn) over (O Tth,n]

2. Determine the M, correlation peaks over (O tp’n] using the search-back

tn ) > Vp’n
0 A

Thier

algorithm: t, :abs(zgﬂn (t)

3. Calculate the x and vy, for the g-th CLEC

mn,q ° ymn,q’ Xq,est

Forcent=1:Q
switch(mode)

case: Mode 1 and Mode 2 (X, 45 Yings Xqen 80d Y, are real):

q,est
Calculate the A, or S, according to (3.9), (3.10) or (3.32)

case: Mode 3 (x,,, and y, . have complex value):

mn,q

Calculate the S, according to (3.32) and set A, to be +oo

case: Mode 4 (x,,, and y, . arereal, X, and y,, are complex):

mn,q q,est

Determine the mirror point depicted in Figure 3.7
Calculate the A, or S, according to (3.9), (3.10) or (3.32)
end

end

Determine the ;qk,k=1,»-<,K according to (3.19)

Estimate the ¢ according to (3.28)

So far the JLED approach has been investigated. The error analysis and simulation
results will be given in subchapter 3.3.5.

3.3.2 Leading Edging Detection Using Improved Maximum
Likelihood Channel Estimator (IMLCE)

As we know, Maximum Likelihood Estimator (MLE) can always provide the
promising estimation results since it is an asymptotical Minimum Variance Unbiased
(MVU) estimator [15]. To adapt to the dense multipath environment and reduce the
computational complexity, the channel parameters shall be derived from subset of the
Matched Filter (MF) output using Improved Maximum Likelihood Channel Estimator
(IMLCE). The subset length is determined by the peak value position of the MF
output (see (3.5)). MF can give a higher SNR at it output and channels can be
separated ifz, —z, >1/B, where B is the system bandwidth. It denotes that partially
overlapped pulses can be separated with MLCE as long as1/B<T . The IMLCE
consists of two steps: coarse estimation and fine estimation. Coarse estimation gives
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coarse position of the first correlation peak using threshold-based search back
algorithm. According to the estimated correlation peak, the local CIR shall be
determined via MLCE in the second step (see Figure 3.8).

Maximum
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MLCE First comrelation
peak detected
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W
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|
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P
-

Figure 3.8: Leading edging detection via IMLCE

According to [22], the transmitted Time Hopping (TH) signal (data part) can be
expressed as

s(t)= NskOzslp(t—kTs—ij—Cch—dkg), (3.34)
s K=0 J=

E K-1 N

where E, is the symbol energy, p(t) is the normalized Gaussian pulse. K and N_ is
the number of transmitted symbols and the number of pulse repetition period,
respectively. T, is the symbol duration, T, is the pulse repetition time interval, T, is
the chip duration, d, is the k-th information bit and d, €{0,1} appearing with
stochastically with equi-probability. & is the Pulse Position Modulation (PPM) offset.
The multipath channel in (2.64) can be rewritten as

h, (t)=§g.,nA(r—r.,n), (3.35)

where the definition of a, , and 7, are the same as (3.2). Hence, the received TH
signal can be expressed as

rn(t)z:ois(r)hn (t-1)dT+w, (t)

——— (3.36)
- NS‘ > > > a,p(t-t, KT, - jT, —¢;T, —d.&)+w, (t)

[=}
I

—_
I
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The infrastructure of the coherent UWB receiver and the sampling circuit can be
found in the section 3.3.4.

The template signal can be defined as

T0-[ESolt-m o). 337

s j=1

The output of correlator can be expressed as

Lﬂ

© N
_J‘( Zp r—t—jT,-cT )j[ Es K= 1£Z§|,np(f_fl,n_kTs_ij_CiT°_dk€)JdT
s j=1 =1
T

1

(3.38)

NS

where s (t) is the autocorrelation function of )’ p(t —jT,—c ,-TC) . It can be expressed
=1

as

5, (t)= T{NZ p(t—z—jT,—cT )j[i p(z=JT, —Cch)Jdr

j=1

N,
=>'s, (t— iT, —Cch)

=1

—o0

, (3.39)

where s (t) is the autocorrelation function of p(t).With the Nyquist-rate sampling
and the resampling, the discrete received samples z{, [i] can be determined. The same
as (3.5), the maximum peak shall be determined via

(%) =arman (abs (7, ) ). (3.40)

where i, denotes the i-th sample and v, , = z;' an- For the given 7, and the search-

back range T, , the coarse detection of leading edge can be expressed as

~ Vv
iLp.coa = min ar p A pu— ) 341
LD,COA {i—ip‘nLTsB%Jtoip,n( id,n /_77MER }J ( )

From Figure 2.25, it can find that the CDF of MER <60 is about 100% in CMI
(77yee =60 ). Determination of T, can utilize (3.4) and (3.7). In the ideal case (no
noise, no pulse overlapping), the leading edge of n-th receiver can be detected as

tocon = (fucon ~1)t, . (3.42)
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Since the first received block may be distorted by overlapping with other reflected

signals (see Figure 2.18 and Figure 2.19), t, may have a large deviation from the
actual incoming time. MLCE is an effective approach, which can separate two paths

. 1 . 2 . .
if |z, _Tk|2§' For the estimated ibcoa , the employed window function can be

expressed as

W, (t)= rect(—t _Zt_”r’COA J : (3.43)

p

Adding the windowing effect, the subset signal can be expressed as
Z;,n (t) = Zd,n (t)Wn,rect (t)

{ SiSas, (t-r, KT, _dkg)m(t)wa (t). (3.44)

N, ==
E, & ,
= > gl nsp(t_rln _kTs_dkg)Wnrect(t)+77 (t)
N, i ' ' —

signal

Since T, >>T , the signal portion in (3.44) can be rewritten as

L,
II\EIS ; a,,S, (t —Tn— dog)Wn,m (t). If the following definitions are made:
T, ZI:Tl,n Ton z-Ln,n ]T
srm = |:Sl,r|'n SZ,‘r,vn e SM Tin i|T . (3.45)
E
Sl"ﬁ,n = NS SP ((m - l)tﬂ - 2-I,n - dOg)Wn,rect ((m - l)ts)

S

Sampling z},(t) withl/t, it has

2, =S.a,+1, (3.46)
where
S -
n |:srm sfz,n sT'—nvn :| ] (347)
a, = [al & oa, T

In (3.46), ' can be considered as a Gaussian noise vector with zero mean and N, -
variance. The likelihood function can be expressed as

1
(22)"" (det(Rn))

Then the ML estimation can be expressed as

1/2 exp(_l(z;,n _‘Snan)Rr;1 (ZS,n _Snan )Hj (348)

P(z;,n|an’rn)= 2

_ S
(an,ML’Tn,ML) - argmaX(P(zd,n | an’Tn ))
an!rﬂ

. (3.49)
= argmil’l((zs,n _Snan)Rf;l (zs’n _Snan) )

(an >Tn
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R, is considered as a diagonal matrix. Hence, (3.49) can be rewritten as

- - . sH _s sH H oH s H gH
(an,ML,Tn,ML) = argmln(z;,nz;,,n - z;,nsnan —-a, Sn z;,n +an Sn Snan)

(en-) (3.50)

=arg min(a?SrfISnan — 73 S,a —arf{szsyn)

(ar.72) e
Setting the first derivation to be zero, it has

sH sH H H _
240 n _zd,nsn + 2an,MLSn Sn =0

. _ (3.51)
a:,ML = sz;Sn (S;{Sn) 1
To getz,,, , it defines
x(z,)=(8"s,) stz . (3.52)
Then (3.50) can be rewritten as
ar:_lsrl\_lsn a, _zdsl},{nsn a, _arll_lsrll-lzcsl,n =
(3.53)

=(a,-x(z,))" VS, (a, - x(z,)) - x(,)" 88, x(z,)

With (3.51), the first term of (3.53) shall disappear. The minimization of (3.50) can be
rewritten as
Tow = argmax(x(‘rn)H S8, x(r, ))

Tn

(3.54)
= argmax(zj’iSn (Sr’fsn )*' szd,n)

For a given number of channelsL,, (3.51) and (3.54) become a two dimensional
optimization problem. It is obvious that 7, can be determined independently from a..
In general, determination of 7, needs to compute the Jacobian matrix. It can be seen
that right side of (3.54) is not a linear function that makes computation of Jacobian
matrix become impossible. Therefore, an iterative method shall be employed, which
begins with an initial L x1 time delay vector 7. can be arbitrarily selected.
Then 7., ,; are kept fixed and 7, = [rmew Tomew " TL new ]T shall be
renewed using (3.54). Then z, . shall be replaced by = to begin the next iteration.

T ini

n,ini n,new

This process needs to repeated until = converges to a fixed vector. With ;n,ML s

anni can be estimated by (3.51).

n,new

In practice, however, L, is unknown that makes (3.51) become a three dimensional
optimization problem. (3.49) shall be rewritten as

(an,ML,‘rn,ML, Ln’ML) =arg maX(P(szn lant,,TnL, ))
L,=1--c

A _ ‘ o HY > (3.55)

(a”»l—n >Thl, ) = argmin ((z;,n - Sn,Ln an,Ln )Rz; (z;,n - Sn,Ln an,Ln ) )

(an;Ln »Tn,Ly

where S, and a,, are defined in (3.47).
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3.3.3 Leading Edge Detection via Subspace based Approach
(SbA)

This sub-chapter proposes subspace based approach, which exploits the rank of
received covariance matrix to determine (anSbA,TnSbA,Ln) in the TH-PAM (Time-
Hopping-Pulse Amplitude Modulation) UWB systems [22]. As an alternative
modulation format, transmitted TH-PAM signal can be expressed as

K Ny
PAM \/7; kz p(t_kTs_ ij_Cch)' (3-56)

j=1

The received signal and the correlated signal can be expressed as

g ) (3.57)

and

Z4 npam (t) = _[ T (T _t) Fo.pam (T)dT

—00

+[T(z=t)w, (r)dr (3.58)
%OE K-1 L,
= NS de§| nsppam (t TI n kT )—H]( )
s k=0 1=l
E Kt N .
_ Ns d > > sp(t 7, —jT.—cT —kT)+77( )
s k=0 j=1 1=l

where s (t) is the autocorrelation function of p(t). The same as JLDE and MLCE, it

assumes that the maximum correlation peak is locked on (ip,PAM,n,vp,PAM,n). Then the
search-back algorithm shall be started, which is followed by the SbA (see Figure 3.9).
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Figure 3.9: Determination of the main peaks

In this dissertation, SbA are investigated under two cases: I) channel remains static
within one millisecond. II) channel experiences a multi-scale fading. In both cases, L,

keeps constant.

Proposition: In the former case, a, and z, cannot be directly determined by SbA
because the number of signal subspace of the covariance matrix is equal to one.

Proof: Transforming (3.57) to Frequency Domain (FD), it has

K-1 No-1 ; Ly )
BH’PAM ( f ) _ Es E( f )zdke_izﬂ.fk*rs Z efl27rf(]Tf+CJTC)zgl,ne—dzzfrm ‘I‘Wn ( f )
NS k=0 j=0 1=1 m
signal D) (3'59)

where P(f) is the Fourier Transformation of p(t). (3.59) can be formulated into a
matrix form.

rn,k,PAM zgpéndn,k -I_En,k > (360)

where

Fosmeam = Ripan ( fy +(m—1)Af ),m =1---M, (3.61)

and
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—dlag([E(f) P(f,+aAf) - E(fo+(M _I)Af)])

e_jZ”Affl,n e—jZ/Z'Af Typ . e—j27rAf TLyn
A = (3.62)
—1271 (M-1)Afz7 —jZ/r (M-1)Afr, —1271' (M- l)Aern

I:/ daln / da2n daLn}

w, is considered as a zero mean Gaussian vector. The covariance matrix of #, ,,,, can

n

be determined as

E (En,PAM KE,PAM ) = %i(Dpéndn,k + En )(Qpéndn,k + mn )H
k=t (3.63)

n*n,k Zn®nk = Zn%nk <=

=%i(DAd di A'D" +D Ad, w!+wd A D" +ww)
k=1

ZZn®¥nk = n“nk =

K

With large K, ZD Ad  w' and %Zw d) A, D, will vanish. EZW wr will
k=1

converge to a dlagonal matrix. Recalling a, e{-1,1} with equi-probability, it has

rank( ZD Ad, d A D} j:l.

Trying to disturb 4, with random numbers, it has
d;w,k =G4, (3.64)
where C,, = diag([cmk Conk " Cin k]) Hence, (3.62) can be rewritten as

anQ;rnkPAM an_n nk+anD W

Qn,kén :Ancn,k
(3.65)
Qn,k = I:ql,n,k qz,n,k e qM,n,k]

Dnnk = [ql nk Gonk 7 Omink :|T

dnni 10 (3.65) are the random vectors for each k-th received frame. Theoretically, the
rank of @, shall be L, and Q,, belongs to the same subspace as 4, so that @, 4
can be replaced by 4,C,, . It is obvious that the determination of @, requires to
know A, , which contains the unknown parameters L, and z,. Therefore, it makes the
determination of @, become impossible.

=n

Hence, it is necessary to combine the search-back algorithm and SbA, which find the
correlation peaks through Signal Subspace Indication (SSI). As can be seen from
Figure 3.9, the random number shall be pulse-wisely multiplied by the suspected
correlation peaks, which are filtered with Window Functions (WF). Then the number
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of signal subspace can be determined by the Eigen Value Decomposition (EVD) of
each covariance matrix. It assumes that the extracted maximum correlation peak can
be expressed as

chl,n,MP,PAM (t) =24 npam (t)wn,rect,MP (t)

K-1 n

E L
= (N_Sgdk,n;al n>p,pam (t Tin kTs)+77 (t)J Wh reet P (t)

E K-1 [ '
= NS dk,n gl,nsp,pam (t - z-I,n - kTs )Wn,rcct,MP (t) + n (t) > (366)
s k=0 = noise
signal
K-1 N -1
= dk,n Sp,mppam( kT - JT )+77 ( )
k=0 j=0
where
K1 N1 t—KkT, - jT; _(in,MP,PAM —l)ts
n ,rect, MP rect 2_|_ (3.67)
k=0 j=0

P

In (3.67), ,i\n,MP,PAM and Qn,Mp,pAM shall be determined via (3.40). It can be seen that there
are KN, maximum correlation peaks which can be found by (3.66) and (3.67). Under
T, >100ns , Inter-Pulse-Interference (IPI) can be effectively mitigated. With the
search-back algorithm, the correlation peaks, which arrive before the first maximum
correlation peak (k=0), are expressed as ’l:n,PAM = /i\l,n,PAM iM,n,PAM , which has
TinpAM <i2npam <---imapam <inmppav . The recursive SbA shall inspect the correlated
signal from ,i\n,MP,PAM to il,n,PAM . The signal subspace shall be indicated

by R\ i mitmet.msi-m » Which can be expressed as

' 'H
R, =E (zlm,n,PAlem,n,PAM)
. W (3.68)
zzlm,q,n,PAlem,q,n,PAM

Q5
where Q =KN, and

z ,n
Z|m ,q.n,PAM {ziq }
T

, T A T

zl’q’n = zd,n |I .n,PAM — t_ . Zd,n Im,n,PAM — t_ -1 ts + (q - l)Tf
T

, 2 T N T

Zoqn =[cq’nzd,n [(lm,n,PAM —L—"ﬂt +(q —1)Tfj -+ CunZyn [{lm,n,PAM v{t—"Dt +(q —1)TfJ]

(3.69)

It is clear that z, .., consists of I-th correlation peak and disturbed m-th correlation
peak. ¢, in (3.69) is the random number allocated for g-th correlation peak. Recall
that |-th an m-th correlation peaks are just suspected one that consists of four
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combinations: I) both are actual correlation peaks, II) “I-th” is noise, “m-th” is actual
correlation peak, III) “I-th” is actual correlation peak, “m-th” is noise and IV) both are
noises. From (3.68) and (3.69), it has

\ H
le = E (zlm,n,PAlem,n,PAM)

_1 2 —z;,q,n 'H 'H
E
y *d a,
|:S|,p 0 :I Ns {N%JH +|:’71,q:|
0 , .
Sm!p Ecq’nd am’n ”z,q
R i N, " e
Q= E, !
N d.| a,
|:st 0} . {Nﬂ” J{”IQ}
0 Smp ES and amn ’72q
N el
E, q

1 Q @n a4y -
i3 kel
P S§': signal subspace (3 70)
n
J{ i :||:”1}qu ”;q]
| M4

noise subspace
where s, and s, are the digitalized s, (t_(il,n,PAM_l)tS) and s ( (mnpAM—l) ),

respectively. 0 in (3.70) 1is im,n,PAM —il,n,PAM +1)x1 vector. n,, and #,, are the
p Yy L 2.q

Gaussian noise vector with the length of im,n,PAM —il,n,PAM +1 and Lsz /t, J, respectively.
For the I) case, both s, , and s, are pulse correlation vectors that let rank(S)=2.

For the II) and III) cases, s, , or s, is noise, by which (3.70) can be rewritten as

s 2,9

18 s,'p E, ’ W oo M, .
Imzaz |:0i| [N_dhiJﬂaI,H} |:S|,p 0 ] L’ :||:’71q 'Ig,q1 (371)

or

Q z | 1 o
Im:%2|: }{ES ’ndeuam’"J [0” smkfp}{zz’ﬂ[ﬂm r]z,q]. (3.72)

g=I

It is obvious that the number of signal subspace in (3.71) and (3.72) is one. For the
IV) case, the number of signal subspace shall be zero as both s, , and s, are noise. It
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assumes that the Eigenvalues of R, areA, ., . Then the number of signal subspace
shall be determined via MDL (see (2.69)).

Table 3.2: Algorithm for recursive SbA

1. Correlate the received signal via (3.58)
2. Find the maximum correlation peak (tpyn,vpyn) over (O Tth’n]
3. Find the M main peaks depicted in Figure 3.9 using search-back algorithm

4. Impose the windowing function on the M main peaks via (3.66) and (3.67),.

Set the initial inspected I-th and m-th peak: M-th peak and (M-1)-th peak
idx_est=l];
while (true)

1. Disturb the I-th and m-th peak with random vectors via (3.64), (3.65) and
(3.69)

2. Determine the R, via (3.68) and (3.70)

3. Determine the Eigenvalues of R,, and estimate the number of signal
subspace L via (2.69).

switch (L)
case L =0://no signal determined
I=m-1;
m=1-1;
case L =1://signal subspace is 1, I-th peak is signal, m-th peak is noise
m=m-1;
case L >2://signal subspace is 2. Both I-th peak and m-th peak are signals
l=m;
idx_est=[idx_est m];
m=m-1;
end
if(m is equal to zero)
break;
end

end

toa_est = idx_est(end)-th peak

In Table 3.2, it can be seen that SbA shall be started from the maximum peak. In the
first iteration, the covariance matrix of two neighboring correlation peaks shall be
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determined. Then the covariance matrix determination for the next iteration shall be
indicated by the signal subspace in the current iteration. The recursive SbA shall run
until touching the i1npav -th correlation peak. “idx_est” in Table 3.2 is used to store
each detected correlation peak. The last element is the first estimated correlation peak.

So far the SbA based leading edge detection in the static channel scenario has been
discussed. If the channel experiences a multi-scale fading, the recursive SbA is not
valid as @, and 7, are not constant value, which makes the calculation of R,, become
impossible. Here, it assumes that a, and 7, keep asymptotically static within T, (one
received  symbol). Hence, the multichannel shall be rewritten as
h,(t)= an,’k”nA(r —T140)-k=1---K . (3.57) can be rewritten as

=1

knPAMf J‘ SPAM knt 17)(:i"7"'W|<r1(t)
(k1) : (3.73)

N,-1 L

sdk knp(t_rl,k,n_ij_Cch)+Wk,n (t)

s j=0 I=1

E]

Transforming Iy, ¢ (t) to Frequency Domain (FD) and sampling it with Af , it has
Fynpams = Qpﬁk,ndk,n tWyno (3.74)

where D is defined in (3.59) and (3.62), and

e—jZnAf Tikn e— j2mAf T,y g . e—j2nAf Ty ko

_ | : ) : (3.75)

“Zk,n

—j2n(M—1)Af Tk —jZTE(M—l)Af Takn e—jZH(M—l)Af TLykan

€ €

T
/ E / E f E
dk,n :{ N_zdkal,k,n N_Ssdkaz,k,n N_SsdkaLn,k,n:l . (3.76)

Recall that our task is just to determine 7, that needs only to inspect the first received

and

symbol. Dividing r, ;5\ into | sub-blocks, (3.74) can be rewritten as

H
Finpams = |:£$1r)1[1’AMf EE,?,];AM,f EEIn)T’AMf]
DY) s = A, + D) W) : (3.77)

i=1---1
From (3.77), it has
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D,
H
Ay =AY A (3.78)
H
wio=[wi e wl ]

R, ~ 12(23)_1£52,PAM¢" )(Qg)_lfﬂ,pm,f )H

1 I i i i i i i H
S (A + D ), 0 )
- L L (3.79)
1)H i i\H i)-H
A st ) A2+ 3 (Al )
1 i | LI i
# 2o(5 wid ALY )+ 2D w0
where
—j27z(i—l)'\|/|— fytim
E, = (3.80)

Zin

. . WM
*Jzﬂ('*')T fatiin

Theoretically, the second and third terms in (3.79) will disappear if | is large enough.
The last term will converge to a diagonal matrix if two conditions are fulfilled: I) the

number of FFT (Fast Fourier Transform) points is large enough. II) QS) :ng) for

i#j and the diagonal elements of QS) have the same power. The rank of

|
%Z(E d d E ) is L, since | is assumed to be larger than L, .

Proof of the two conditions

To prove the first condition, it assumes that QS) is a unity matrix, which can be
ignored in (3.79). The last term in (3.79) can be rewritten as
R, =E(FFT,, .., w . wh FFT), )
= FFTy 00 E(W, 0 w0 ) FFT , (3.81)
o

Ona H
=FFT\,.m) . FFTy) )
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where FFT, ., is FFT operation and w,  is the TD noise vector. To keep R, to

be diagonal matrix, E (wl,n,t an,t) shall be a diagonal matrix with the same elements on

it’s diagonal. It is obvious that small N will lead to o, # oy, , which can destroy the

diagonal characteristic of R, . For the second condition, R, can be rewritten as

-1 H
BE - E(Qp FFTM/IxM/Iwl,n,twll,{n,tFFTl\;I/lxMuQp )
H
= E(FFTM/IXM/Igpwl,n,twll:ln,tgp FFTI\;I-I/IxM/I )

o, ) . (3.82)
: H
:FFTM/IXM/Igp gpFFTM/IxM/I

L T

gp :FFTI\;I-I/IXM/IQ:FFT

M/1xM/1

It is obvious that C shall be a circulant matrix with orthogonal column vector as Q;l
is a diagonal matrix. To keep C w,, w,, gff being a diagonal matrix, the diagonal

—1 .
elements of D= shall asymptotically have the same power.

3.3.4 UWB Receiver Design for ToA based Ranging

In general, rake receiver shall be implemented in each receiver to detect the
transmitted information bit. The benefit of rake receiver is that it uses the Maximum
Ratio Combining (MRC) to maximize the output SNR. In this research, the Matched
Filter (MF) is utilized to correlate the received signal. The correlation shall be
followed by a sampling circuit, which consists of Nyquist-rate sampling and a
resampling process. To achieve fine time resolution, the correlation output shall be
sampled at a high sampling frequency, which may be higher than the Nyquist rate. In
practice, however, ADC sampling at such high sampling rate is hardly realizable and
requires high power consumption. In this research, a sinc filter is utilized to resample
the signal at a high frequency after the Nyquist sampling. The designed UWB receiver
for ToA ranging is presented in Figure 3.31.

¥ It

LA BPFF T = z]. It
Myquist

sampling
with 1 f t

z, [s]

Titi@r |I|'
Lt

¥

Digital backend

Figure 3.10: Infrastructure of coherent receiver and sampling circuit
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In Figure 3.31, T (t) is the template signal, which is used to correlate the received
signal. 1/t, and 1/t are the Nyquist sampling rate and the resampling rate,
respectively. The input of the sinc filter is defined as zg), = [Zl wn Zoan Z{f,djn]
and the sinc filter can be expressed as si(t) =sin(zt/t,)/(#t/t,). If the resampling

1S IS IS

output is defined as zg :[Zldn a0 1 dn}, Z, 4. can be expressed as
Ziun szdnSI( Nt —(k-1)t,). (3.83)

The resampling process can be performed in the digital backend, which can be
realized in software module.

3.3.5 Error Analysis and Simulation Results of JLED

It can be concluded from 3.3.1 that the accuracy of JLED is mainly determined by
two aspects: [) M, correlation peaks determination. II) K' determination (see (3.29)).
To determine K', it is necessary firstly to determine AA, and AS,, which can be
calculated by (3.15) and (3.30).

3
AA, ~ zag’*t—(tf)m
n=1 n,q

o f (t o f (t o f (t
+ Al r)AtLthz,q +MAtl,th3,q +—A( r)Atz,th&q (3.84)
ot 40t ot 40t 200t

o’ f, (¢, o’ f, (¢, o’ f, (¢,
Tlalt) o Tl Il
1.9

2,9 3.9

and

N ng " o) _ (3.85)
AL+ S IAL At
2, 2at2 1; .ot ot maTng

m=I,n=1,m=#n m,q n,q

It is obvious that AA and AS, are positive numbers. It defines false alarm
probabilities P, . for n-th receiver, w1th which the probability that the time shift of the
first correlation peak being within 7, is (1 fan) It can be expressed as

fa,n

P(|at,,

wn ) =1=Prrs (3.86)

where 7, is the threshold of time shift. Hence, the expression of At =7, —Tng
shall be determined. From (3.48), the likelihood function for the i, correlation peak
can be rewritten as
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1 =ig ots+T 1 :
Plz,  (t) " "la,r |= exp| —- . 3.87
( on )tfiq»ntﬂp " j NI 2N (3.87)

For ML estimator, the objective function is defined as

ty =ig nts +T,

1 2
§(amfn)=—m j (2,0 (t)-a,s,(t-7,)) dt
t =g oty T,
ty=iq ot +T o 2 ty=ig oty +T ’ (3'88)
LT e E S BT (1) (- )t
2 N 4 =ignts =T, o 2N77 le ty =ig ot =T, o ! "

where E, is the energy of the autocorrelation function s(t). z, (t) in (3.88) contains

(aq,n,rq,n) , which are the true amplitude and time delay. If we can determine

o< (a : o*¢(a,, . o
% and expectation value of% , the time delay estimation
Th 0 =Tng Tn T0=Tnq
error will converge to [15]
o¢ (a,.7,)
R or, L
Tn=Tpq =— =, (3.89)
0°¢(a
E, {g( i) }
or, L

where “E_ (#)” represents the expectation operation with respect to noise. From (3.89),
the 7, , can be found via (3.86). The first derivative of (3.88) can be expressed as

n

t :iq als+T,
a[ I z,,(t)s, (t-7, )dt}
an

ty=ig ot T,

aé’(an’rn)

ot

n

- n
=g n

= Nn J. Zg,n (t)a—Tdt

N ty=ig ot =T, n

a t=ig ol +T, ' dSn (t)
=— Zy, (t +Tn’q)

N =i pts=T,

dt’ : (3.90)

t, =iq,nts +Tp

—__n j (an,qsn(t'+2'n,q—Tn,q)+77(tl+Tn’q))dsn(t')

nt :iq ols=T,

aa ' z:iq,ns+Tp tzziant5+Tp ' ' ' .
S| TR e e

t=ig ot T
s N’l =ity =T,
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It is obvious that the first term of (3.90) is zero. It defines

t2=iqy,1tS+Tp
P (7)= _[ n(t+7)s, (t)dt. Hence,
t =iq nls 7Tp
o¢ (ay,7,) a .
2T =—_" ) 3.91
aTn N]] Pn (Tn,q) ( )

Th=Thgq

The second derivative can be determined from (3.90).

¢ (a,.r,) z_iifazg’”(tlJrT”) S (t)
or, | N,y or, L
_ a,a,, ]L@Sn (t' —Tyn + 7, )dsn (t')+ a, ]L@n(t' +Tn)dsn (t)
N, or, N, Or, . (3.92)
aya, t[ ds (t) 2 a,
) qu ![T} ! Nf7 g ( n,q)

TN, N

n n

Ar’aa E @® a (Tq)

In (3.92), w is the effective bandwidth of s (t) , which was defined in (3.25).
t2:iqv,,ts+TP

Py (7)= j n (t+7)s,(t)dt. As 7(t) is a white Gaussian process, 7 (t) is a color
ty=ig ot =T,

q.,n's Tp

Gaussian process, whose expectation is the same as that of »(t) . Hence,

E, ( o (Tn,q )) =0. The expectation of (3.92) can be expressed as

- azé«(an,z.n) e _47r2anan’qua)2 a, . (T )
n arﬁ — n N,] N” pn n,q
Th=Thg . (3.93)
_ _47r2anan,q Epa)2
er
From (3.89), it can get
) o Po(70)
Tn=Thyg = 2'] 2
4z anan’qua)
TN (3.94)
Pu(70a)

= 2 2
4r-a, E,0

From (3.94), it can be concluded that the estimation error of time delay can be
decreased with larger pulse energy and effective pulse bandwidth. (3.86) can be
rewritten as
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P{M < fth,nJ ~1-P,,. (3.95)

2
4r-a, E @

To determinez,, ,, the PDF of p, (r
be expressed as

n’q) shall be known. The variance of p, (rn,q) can

Var(,o;1 (Tn,q )) = Var[tj‘n(t +7,, )Sn (t)dt] . (3.96)

Since 7(t) is a white Gaussian process with free mean and N, variance, (3.96) can be
rewritten as

. (3.97)

Hence, p, (Tn,q) can be considered as a variable conforming to Gaussian distribution

t
u,=0,0=N, I s (t)dt]. From (3.95), it can get
q+%ﬂ
Tth,n = 0-in1 (Pfa)
b (3.98)

q+%‘

where Q(e) is the Q-function. With 7, ,,n=1---N, AA; and AS, can be determined
from (3.84) and (3.85). Then K' can be determined as

K, = count{AA1 < AA,h}

, , (3.99)
K = count {ASq < ASth}
where “count” is to find the number of LECs, which fulfill the condition from (3.99).

The simulation parameters can be found in Table 3.3. Three UWB receivers are
employed in this research for the two dimensional localization. The three UWB
receivers are located at (Om, Om), (Om, 10m) and (10m, 5m), respectively.
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Table 3.3: Simulation parameters

Within

Simulation Description Value
Parameters
N The number of UWB | 3
receivers
(xn’ yn) Coordinates (Om, Om)
(Om, 10m)
(10m, 5m)
T Duration of Gaussian | 2ns
monocycle
L, Length of Delta | 64
function
1/t, Sampling frequency 2.65GHz
1/t resampling frequency 20GHz
K’ The number of selected | referenced from (3.99)
LECs
SNR Signal to Noise Ratio 0dB
the localization area, 10 candidate positions are selected

as

p= (1rn+ KAX,1m + kAy), k=1---10, which are shown as the black nodes in Figure
3.11. To evaluate the performance of JLED, 100 measurement campaigns are
performed at each candidate position (see Figure 3.11)

y/m

10¢

x/m

Figure 3.11: 100 measurements at 10 selected candidate positions

10
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The three red points in Figure 3.11 represent the UWB receivers and the black points
represent the 10 candidate positions. Each blue point is one measurement campaign
which takes place at each candidate position.

(&
)]
@]
—#— CDF of location estimation
0 | | | |
0 0.2 0.4 0.6 0.8 1
estimated distance error/m
Figure 3.12: CDF of estimated distance error

1 ' — * =" *
(9
]
@]

—#— CDF of estimated leading edge

0 l 1 1
0 0.5 1 1.5 2

estimated toa error/ns
Figure 3.13: CDF of estimated ToA error

It can be seen from Figure 3.13 and Figure 3.13 that the estimated distance error is
smaller than 40cm with approximate 96% and the estimated ToA error is smaller than
Ins with more than 97%. Figure 3.14 and Figure 3.15 show the RMSE (Root Mean
Squared Error) and the standard deviation of the location measurements and the
leading edge detection, respectively. The simulation results show that RMSE of the
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location measurement and the leading edge detection with JLEDA can achieve
50.14cm and 0.99ns, respectively.

0_8 T T T T T
—# std deviation (6.9,6.9)
0.77| —= rmse ¥ y
=
g 0.6 (5.2,5.2) (7.7,7.7p-6.8.6)]
E 0.5+ (1.8,1.8) (44‘44)‘I (61'61) ¥ ¥ i
'5 ' *  (27,27) * ¥
*
_5 0.4+ (l0.1-0) .
£ 03k (3.5,3.5) -
3
2 0.2 ]
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candidate position

Figure 3.14: RMSE and standard deviation of the location estimation at each selected candidate

position
1.4 ' ‘ ' 969 ‘
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Figure 3.15: RMSE and standard deviation of estimated leading edge at each selected candidate
position
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3.3.6 Error Analysis and Simulation Results of Improved
MLCE
From 3.3.2, it is clear that the estimation error of IMLCE mainly comes from I)

search-back based coarse detection and II) fine estimation via MLCE. From (3.41), it
can be seen that the accuracy of coarse detection is determined by 7,,.. , the length of

search-back window and noise power. Before the search-back algorithm is started, the

v
threshold v, , =%’” shall be selected appropriately. Recall that Figure 2.25 and
Thier

Figure 2.26 give the CDF of the MELER and PLD for CM1, respectively. After the
first derivative, the Probability Density Function (PDF) of MELER and PLD P, (m)

and P, (t) can be determined. Hence, the estimation error probability of the coarse

detection can be expressed as

T |_(TSB _t)/tsJ 2
pld V V
P =1= | || 1-2Q| == Pl S( p’nj t)dt.  (3.100)
s '([ [ {\/N—”J] [ MER Vth,n pld( )

2
In (3.100), P[nMER < ( Yo ] J is the probability which can be determined from CDF

th,n

of MELER. L(TSB ~t)/ tSJ is the number of the consecutive noise samples before the

first correlation peak. Next, the estimation error in the fine estimation will be given.
Recall that the number of channels L, is unknown. Hence, (3.94) can only apply to

L, =1 case. Without loss of generality, (3.88) can be expanded to

1 ty=iLn.coat +T, L, 2
;(al’n B T T oLy ) = J' [zd’n (t)-Da,s,(t-7, )J dt
7 t=itpcoaty-T, 1=1
t,=itncoats +T, ty=iLpcoaty +T,

1 ! 3 2
:_W J- Zin (t)dt—m _[ (;al,nsn (t_TLn)] dt+

/I =iLD.COAtS*Tp U/ =iLD,c0A'f5;|'p

t,=iLp,coats +T,

1 Ly
+— J' 23, (1) 4,8, (t-7, )dt
2 er t=iLpcoat, T, I=1
L (3.101)
1 t, :?LD.COAIs +T, Ep z aﬁn
o T (3 1 e —
2N 7 t=ipcoaty-T, 2 Nn

t, =iLp,coat +Tp

LV'I
_L Z I alnamnsn(t_rln)sn(t_rmn)dt+
ZN,7 I=Lm=lilm ¢ _f 5 Coat, T, o ’ .

1 t, =i]_[),(‘()AtS +Tp

L,
N J Zan (t)ga"“sn (8710 Jat

nt :iL[)‘COAtS —Tp

The first derivative can be expressed as
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64(3.”] '“aLn,n’TI,n '“TLH,n’Ln)

oy,
T1n=Tlg.n-8,n=8 gn 5
1 & : 1 & : Qgn
- _Emzzal,q,nam,q,nRs,n (Tl.q,n _Tm,q,n)+W;al’q’nam"qv”pswn (T'wq’” _Tm’q’n)_ N,, o (leqﬂn)
(3.102)
TP
d[j s, (t+7)s, (t)dt] .
where R, (7)= il 5 and p,,(7)= I s, (t+7)ds,(t) . The second
T T,
derivative can be expressed as
62é,(al,n”'aLn,n’Tl,n”'TLn,n’Ln)
or},
’ On=Tiqn-dn=q qn N
1 @ . 1 & . Qqn o
= _Emzzéal,q,nam,q,nRs,n (Tl,q,n - Z-m,q,n)+Emzzal,q,nam,q,nps,n (Tl,q,n ~ Thgun ) - N” Pn (Tl,q,n)
(3.103)

T,

where p,,(7)= I s, (t+7)s, (t)dt . Hence, the fine estimation error can converge to

T
P
aé/(al,n '“aLn,n’Tl,n "'TLn,n’ Ln)
0T,

S

_ ~_ 710 =T1,q.n>8,n =3 gn
Tl,n Tl,q,n =

2
0 é/(al,n "'aLn,n’Tl,n "'TLn,n’Ln)

E

2
0T,
Tn=T1q.n:8n=q qn
R , R , g, .
N Z al,q,narn,q,n Rs,n (Tl,q,n ~ Tman ) - N Z a1,q,na‘m,q,nps,n (Tl,q,n ~ Tman ) + N ~ P (Tl,q,n )
_ n m=2 n m=2 n
- L, L
1 « ] 1 "
- 2N aI,q,nam,q,n Rs,n (z-l,q,n _Tm,q,n)+ 2N Zal,q,nam,q,nps,n (Tl,q,n _Tm,q,n)
n m=2 n m=2

(3.104)

It is obvious that the estimation error is influenced by the number of channels,
amplitude of each channel and relative time delay between the first channel and the
other one.

The simulation parameters of IMLCE are the same as that of JLED. Figure 3.16 gives
the illustration of 100 measurements at each selected candidate position. It can be
seen from Figure 3.18 and Figure 3.18 that the estimated distance error is smaller than
40cm with approximate 98% and the estimated ToA error is smaller than 1ns with
more than 96%. In comparison with JLEDA, IMLCE can provide better estimation
performance (see Figure 3.19 and Figure 3.20). RMSE of the location measurements
and the leading edge detection with IMLCE can achieve 26.21cm and 0.66ns,
respectively.
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Figure 3.19: RMSE and standard deviation of the location measurements (IMLCE)
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Figure 3.20: RMSE and standard deviation of leading edge detection (IMLCE)

3.3.7 Error Analysis and Simulation Results of Subspace
based Approach

From 3.3.3, it is clear that the estimation error of the recursive SbA is mainly
influenced by I) number of sources determination via (2.69) and II) perturbation of
covariance matrix from (3.70). Before the expression of the estimation error
probability is proposed, two assumptions shall be made: a) maximum correlation peak
can be correctly determined by (3.40) and b) c,, {1,~1} . Firstly, let us analyze the
number of sources determination via Gaussian Minimum Description Length (GMDL
from (2.69)). Due to the additive Gaussian noise and limited number Q, the R, in
(3.70) can be rewritten as

R, = le’t +AR,,
=UinAnUsin + UninnUnin + ARy (3.105)
= I]ImAimVlrrl:I

Ulvm = Us,lm + Al]s,lm

and U
covariance matrix R

where U, span the signal and noise column subspace of the perfect

s,Im n,Im

m.» Tespectively. AR, is the perturbation matrix. A, and A,
are diagonal matrices. Due to AR, , the elements of A4, may have complex number
and U, and ¥, are not unitary matrices. The relation between AR,, and AU, will
be given later. From Figure 3.9, the error probability of the first correlation peak
detection can be expressed as

Pw=1-> > Py, (3.106)

104



P, in (3.106) represents the detection probability for j-th combination, which

contains |+2 correlation peaks. It is denoted as p; |, —{im P P fn,Mp]. It
_
|

defines u, as the vector, which contains the correlation peaks between m-th and
m+1-th peaks in p;, .. It is obvious that the number of elements in each u, is

different. It is defined as K, . Hence, P;, can be expressed as

P m+1

1+
P, =ITP(GMDL, (2)>GMDL, (1)
m=1

(3.107)

Pm m-+1

[] p(GmDL,  (2)<GMDL, (1))
k=1 sPm+1

In (3.107), P(GMDL(2)>GMDL(1)) and P(GMDL(2)<GMDL(1)) represent the
probabilities that there are two and one detected correlation peaks, respectively. The
next step, the two probabilities from (3.105) will be determined. For the subsets of
correlated signal z,,, . , pay»0 =1---Q, the likelihood function can be expressed as

P(Zin10 " Zinon|¢)=P(GMDL(6))

H
(zlmqn Zal qsl j ’;1 . (3108)
Q| imn.pav —i1n,pAM + —2 q= 1 '
e s

where s;',p was defined in (3.70) and a;',q shall be derived from R,,. 6 is the number

1
= m exp Z

of correlated signals. Hence, it has

P(GMDL(6,)>GMDL(#,))
Q 1 !
gzﬂ(zlmqn Zal qsl J (zlmqn Zal qsl ij< (3109)
o alen s

g=I

The objective function can be rewritten as

105



£(0)=-21 [[z Za. ) (Z—Za n

1Q !

252“[ zlmqn Za| qsl pJ [zlmqn Zal qsl ij
- ,(3.110)
1Q !

:5;“{ zlmqn Zal qsl j(zlmqn Zal qsl J 1;9.]

q=1 I'=1

1 (2 =
ZEtr{z z|man|m1n Z|mqnza| qsl » z | qs| pzlmqn Za S Z I',q I P ’761

where “tr” is used to determine the trace of the matrix. R , is the noise covariance

Q
matrix which changes with 6,. Clearly, >z, . zmn,, can be replaced by QR, and
q=1

Q
Z(Zal qsIPZaI S J can be replaced by QUé,Im(At;,,Im o1, )Ve ., where

q=1

U UH,,Im UT . 2T, and Vin = VHI,Im V . 2T, ’
im,n,PAM —I1,n,PAM + ¢ -6,,lm im n.PAM —l1.n PAM + : -6,,Im
~2 1 , ~2
077 = tr AA R 2T s R77»91 :O-qIA A oT
< 2 2T im,n.pAM =11 n.pam + =2 |-6; Im T PAM —i1 npaM 4|
Im,n,pAM — li,n,pAM + P -(91 t t,
S
Then
2
! H
2 Fman 23 S
q=1 =1

Q Ln,s 6,
= Z([zaﬂqsr,p T, )Zar,qsrljlp} ’ (3.111)
I =1
Q 4
Z[(Zal qsI pZaI qsI pJ+r]an;,vqs;.”{pJ

where a. is the true amplitude of z,,,, and L, is the number of multipath for z,, .,

s is the digitalized s, (t-7;). a,

I',p 1.9

shall be determined by the given 6, . From

aforementioned two assumptions and (3.105), a, , can be expressed as

a,
a, = az:,q =isqrt(diag(X9 7 P )) , (3.112)
%.q

where
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Uzl ImS;;

X0 ,Im Z(U;I ImUO Im)
49 Jdm T S VH JIm (VHHImVH Im)

S, :[Sl,p 528 s@,p}

(3.113)

The “+” in (3.112) denotes that each correlation peak may have reverse polarity due

to C,.,

~=2

it

. Hence, (3.110) can be rewritten as

~2 f
QRIm + QUo Im( 6,,Im 0-'7101 )V011—,1|m -

2
JﬂquZal qsI p}

q=1

i{(Za. R

q=1

}za

sn o

222 3,

I"=11'=1

where 7' is Gaussian noise with

In (3.115), o2,
as

E(U') = O,Var(n

P(GMDL(6,)>GMDL(6, )

<A—_Q(tr(A|m)+tr( b, ,m) 490,7—2ZZa

La 6

o[ u(a) el 0525

I"=11'=1

Lsn 0,

=11'=1

oS oMl J

qal qtr( S"')+77}

|12 a,
=Qls [ o7, 287
p URIYA Ry I
I'=1

is the true variance of 7(t) in (3.58). Hence, (3.109) can be rewritten

~=2

,  (3.114)

(3.115)

-t s"')}%]”' . (3.116)
~=2
1 qal qtr( AT )j+%n

From (3.115), it can be known that the variance of 7 is dependent on the number of
assumed correlation peaks. It sets

~=2
P _077
=
2
~=2
Oy

My =——
2
" On

Ln =

4

La 6

I'=11'=1

Lsn 0,

tr(A|m)+tr( alm) «90,7 222a a tr( S”)J

tr(/l,m)+tr( B,m) 90,,—22261 a t( S”‘)J

=11'=1

112 4,
QHS [ 28]
P 7,n 4 1'.q

ZeQlsf or e,

Then x4 can be found that let

(3.117)
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L exp ) | exp () . (3.118)
\/2710'1",] 20'1',,7 271'0';,77 20'2,,7

Then P(GMDL(6,)>GMDL(6,)) can be written as

l 1'Q /u'_l/l1| +Q |,U'_';uz ”ul</u2
2 o, ‘ ‘ 0,5,

1 ! _ "

- l-Q # I,U2| +Q |lu vIUI 9lul>/u2
2 62,7] ‘ ‘ O-lv'7

From (3.106) and (3.107), P

e Can be determined. The simulation parameters of SbA
can be found in Table 3.4. Figure 3.21 depicts the simulation results of SbA based
leading edge detection. In the low SNR environment, SbA based leading edge
detection in static channel scenario gives much better performance than that in fading
channel scenario. The gap will become smaller with the higher SNR. With SNR =
0dB, the RMSE of SbA based leading edge detection in static channel and the fading
channel can achieve 1 and 2.4ns, respectively.

P(GMDL(6,)>GMDL(6,))= . (3.119)

Table 3.4: Simulation parameters of SbA

Simulation Description Value

Parameters

N The number of UWB | 1
receivers

Tp Duration of Gaussian | 2ns
pulse

L, Length of  Delta | 64
function

1/t, Sampling frequency 2.65GHz

1/t Resampling frequency | 20GHz

SNR Signal to Noise Ratio -20 to 20 dB

N oop The number of Monte- | 500
Carlo simulation
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Figure 3.21: RMSE of SbA based leading edge detection

3.4 Novel Power based Location Estimator

In this section, the novel power based location estimators: RSSI based fingerprint
approach and Channel Energy Estimation (CEE) based distance estimator will be
proposed. The former uses sub-sampling least squares to reduce the computational
complexity and increase the localization accuracy. The latter extracts channel energy
from the received signal and compare the channel energy among each receiver. The
simulation and measurement results of two approaches will be given in section 3.4.2
and 3.4.4.

3.4.1 Sub-Sampling Least Squares (SSLS) based
Fingerprint Approach

Let’s begin with Least Squares (LS) based fingerprint method. It assumes that there is
a rectangular localization region A with length L and width H (see Figure 2.1). Firstly,
the candidate positions loc =[loc, loc, --- loc, | shall be selected through regularly
sampling with spatial interval AL (see Figure 3.22). At each candidate position, the
reference RSSI value shall be pre measured and recorded for each receiver. It can be
formulated into a matrix form:
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RSSI . = [rsszloCl FSSi, rssi, ]
rSSi 1o, TSSiy 1, ISSi, 1,
ISSiy 0 1SSiy 00, rssi, . | - (3.120)
rSSiy 1o, TSSiy o, ISSiy 100,

where rssi, . represents the RSSI value at m-th candidate location for n-th receiver.

. . . . . T
It assumes that the measured RSSI vector is rssi,, = [rSSILmes rSSiy e I’SSIN’meS] .

The LS method is to find the location, at which the Euclidean Distance (ED) between
the measured RSSI and the recorded one is least. It can be expressed as

m= arg min ((rssimeS —rssiy,, )H (rssimes — ISk, )) . (3.121)
In general, AL shall be kept to be small enough to get the high accuracy. In other side,
however, smaller AL can lead to higher computational cost. To solve the problem, we
propose the SSLS. The SSLS needs not compare the squared value for each candidate
location, but down-sample the candidate locations with AL, which has AL, =KAL. k

is an integer number larger than one (see Figure 3.22). Hence, the reference RSSI
values at the down-sampled candidate location can be expressed as

RSSI ;= {rsszlocl a ISSiy g rSStIOCW RZJ"‘}

r-SSII,locl d r-SSII,loc2,d e rSSIl,loc 5 1.d
{M/k“J
: : : 3.122
rss'z,loc, d rSSIZ,locz 4 o TSShy d ( )
_ LM/sz
rSSIN,locl,d rSSIN,locz,d o ISSI o, d
lM/kzj
For the measured RSSI, my can be estimated as
~ X H
My = argmmln (rsszmes —rsSi,, d) (rsszmes —ISSky, d) . (3.123)
d
The suspected location region can be expressed as

R = (xm% AL /2%, +AL/ 2) x ( Vo, —AL /2. Yy +AL/ 2) Extracting  the

recorded RSSIs from the candidate locations within R, to constitute a new matrix:

RSSI ref.s = [”SS’}OCLS rssiloc“ rssilOCM,’S :|
1SS e, TSIy rSSii e, |

_ rSSiz,locLs rSSiZ,locLs rSSiz’l"CM',s (3124)
_rssiN’locLS ISSiy e, rSSiy joc . |

loc, = [locl,S loc, IOCM;J
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Then the fine location in R can be estimated as
A~ H
m =argmin [(rssimes —rssi,, ) (rssimes —rssi,, )] (3.125)
m m.s m.,s

loc.. 1s considered as the estimated location.

m,s

)
AP3

(Xa,Ya)

down-sampled
locations

Figure 3.22: Illustration of SSLS based fingerprint method

Figure 3.22 illustrates the localization region, within which the candidate locations are
selected with the regular sampling. Each small red point represents one candidate
location, at which the RSS shall be premeasured. The points marked with the circles
represent the down-sampled locations, which are the candidate locations using SSLS.
Figure 3.22 shows k =4.

3.4.2 Performance Evaluation and Measurement Results of
LS and SSLS based Fingerprint Methods

The received signal power can be written as

Prx = Ptx _(PL( fg’d0)+10a’10g10(dij-i_n(o’ca)J’ (3126)

0

where n(O, Gn) denotes the Gaussian distributed random variable with 0dB average

and stand deviation ¢, . To minimize the log-normal fading effect, each reference

RSSI shall be measured many times and

K
rssi, o, = Z"SSink,locm , (3.127)
k=1
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where rssi,‘f’lmm is the k-th measured RSSI value and K is the number of measurement
campaigns. In the real-time localization, the measured RSSI at the location (x,y) can
be expressed as

rSSiy es (X, Y) = sSiy (X, ¥)+77, (3.128)

where rssi, (X, y) is the true RSSI at the location (x,y). It assumes that loc,, is the
candidate position, from which to (x,y) the ED is the least (see Figure 3.23).

()

AP2 F35l, ¢
yssi - .
FEEF .
;! (o1
yesi . /
¥ssi,
AP3
i9l) i’
Joo¥Esi 3
AP1

Figure 3.23: Position decision of a measured RSSI
It assumes that (x,y) is located within G, where G is the joint area, within which the

position decision shall be loc,,. From rssi,,_, , andrssi

G can be determined as

n,loc,, °

G=G nNnG,n---NnG,

G, o arg(rssi, ;. <rssi, (X,y)<rssi, .. )

n,min
(x.y)
_ _ rSsi 1o —max(rssi'n’k rSSiy < ISSi, 1oc ) (3.129)
rSSIn,locm,min = I’SSIH,locm - 2
_ min(rssi,'],k rssiy >SS 1. )— rSSi 1oe. _
rSSIn,locm,max = 2 - rS"c'\'ln,locm
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From (3.128), the decision error probability for loc, can be expressed as

I_Q[‘rssin,mcm,mm —rssi, (X, Y) }_

o,

N

1
Pe.locfl'mﬂ 11 [

dxdy, (3.130)
G| n=l Q ‘rSSin,locm,max - rSSin,t (X’ y) \]

%y

where A(G) is the area of G. Hence, the error probability of LS can be expressed as

1

M
e,LS_VZ e,loc, * (3'131)

SSLS consists of two steps. In the first step, G shall be expanded to G, since AL, >AL.
Hence, the detection probability of the first step can be rewritten as

1 ‘rssin’locmd’mma— rssim(x,y)‘ )
Poectoes con =#U ﬁ ' dxdy | (3.132)

A(Gy) | na ‘rssin,loC max — TSSi (x, y)‘
-Q e .

O'”

Then the decision error probability for loc, can be written as

e,locmd Lfine = 1 - Pdet,locmd ,coanet,locmd Lfine » (3' 1 33)
where
‘rSSin,loc ,,min - rSSin,t (X’ y)
1-Q - —
1 M’ 1 N 0'7
Puiey e = 17 2 2T 3 11 dxdy (3.134)
m=1 G| n=l ‘rssin’m e — 1SS1L (X, Y)
-Q m
oy
Hence, the error probability of SSLS can be expressed as
e SSLS — Z e,locy, .fine * (3135)

dmd

It is obvious that the SSLS has the lower complexity than LS if AL is small enough.
From Figure 3.22, it has

LH LH
M~ M~

o M ~K2. (3.136)

From (3.130) to (3.135), it is clear that the computational complexity of SSLS is
much lower than that of LS.
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O(SSLS)<O(LS)

. LH
O(SSLS)=M, +M = AL +k*. (3.137)
LH
O(LS)=M =
( ) ALZ

The parameters of the measurement can be found in Table 3.5.

Table 3.5: Parameters of measurement campaign

Measurement | Description Value
Parameters
N The number of UWB | 3
receivers
Modulation Format MB-OFDM
( X,y ) Coordinates (Om,0m)
(1.76m,1m)
(Om,2m)
The employed sub | 15
channel
L Width of localization | 1.76m
region
H Height of localization | 2m
region
AL Spatial interval Scm
k 4

The measurement campaign was executed based on ECMA-368. According to [93],
the PHY of multiband OFDM operates in the 3.1 — 10.6 GHz frequency band, which
can be separated into 14 sub-bands. Time-Frequency Codes (TFC) are used to get the
frequency diversity. In our research, frequency hopping shall be avoided during the
transmission in order to keep the transmission power constant. Hence, the 15"
channel is used since it only uses the 3" sub band to transmit signal. Figure 3.24
depicts the relation between received power and the transmission distance for 15
channel.
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received signal power P, VS distance p
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Figure 3.24: RSSI vs transmission distance for 15th channel
and illustrate the Probability Density Function (PDF) of estimation error with LS and

SSLS, respectively. The variance of log-normal fading in our environment is
approximate 3.0. It can be seen from two figures that SSLS outperforms LS.
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Figure 3.25: PDF of estimation error (LS, 0, ~ 3.0, RMSE = 55.4cm)
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Figure 3.26: PDF of estimation error (SSLS, o, ~ 3.0, RMSE = 33.0cm)
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Figure 3.27: PDF of estimation error for passive LT (L =20s, 30s and 40s)
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Figure 3.27 depicts the performance of passive LT procedure. In the passive LT
procedure, the LT duration is set to 20s, 30s and 40s. As can be seen from this figure,
the LT performance can be improved with the increased LT duration since the log-
normal fading effect can be reduced with the increased LT duration.

3.4.3 Distance Estimation via Channel Energy Estimator

The fingerprint methods depend heavily on the localization environment and the
estimation accuracy will go worse with the lower SNR. In this subsection, distance
estimation based on channel energy is proposed. Path loss is reflected by the
estimated channel energy. The channel energy shall be estimated via I) Singular
Value Decomposition Approach (SVDA) and II) Eigen Value Decomposition
Approach (EVDA). According to [22], the discrete IR-UWB symbol from n-th
receiver can be illustrated as:

Preamble Payload

pl,m pl,m PKpm dl,m dl,m d:i,m de,m

time

Figure 3.28: Structure of transmitted frame

From (3.2), the spread preamble sequence can be illustrated as

p =[pn P - p]
=[go 9, - gK—l]T
: (3.138)
pi:|:p1®5Lp p2®5|_p pr®§Lp:|
:[go g9, - ngLp—l:|

where K=IK L and | is the number of spread preamble symbols contained in one

spread preamble sequence. It defines H, as the channel matrix between the
transmitter and the n-th UWB receiver. As known that H, is a (W, +K-1)xK
toeplitz matrix with shifted and zero-padded versions of
[ho,n h, - hy , 0 - OT on its columns, where h,  ,w=0---W, is the

—w,n?

discrete CIR. Then the received vector r, , can be expressed as

r.,=H,p+n,

, 3.139
=G,h, +n, ( )

where n, is discrete additive Gaussian noise at n-th UWB receiver. G, is a L, xW,
matrix with shifted and zero-padded versions of [g, g, - g,, 0 - 0] onits
columns and &, =[h h h

Zon im0 Zw,-1n

T . It assumes that L ,xW, and &, keeps
unchanged during the transmission of K preambles as there is weak Doppler Effect in
the indoor environment. With SVD of G, , the (3.139) can be rewritten as

[ =USV"h,+n,, (3.140)
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where

G =USV"
P { D, } . (3.141)
’ 0(Lr,n_Wn)XWn

In (3.141), D, is a diagonal matrix which contains W, Eigen values. U and V' are
L,xL, and W, xW, unitary matrices, respectively. Hence, (3.140) can be
transformed into

U'r,,=SV"h,+U 'n,. (3.142)
As U is a unitary matrix, (3.142) can be rewritten as

U'r,,=SV"h,+U"n,_, (3.143)

where
H h,
SV°h, ={—0”} ) (3.144)

h, and 0 are W, x1 and (Lr,n —Wn)xl vectors, respectively, The first W, elements of
S V'"h, are products of the W, Eigen values and the W, multi-taps while the rest
elements are 0. The (3.143) can be rewritten as

VR
=17t .

0 ﬂz,n
Eyl,n :UHQH
nn

In (3.145), n,, and n,, are W, x1 and (L,, -W, )x1 vectors, respectively. If L, —W,
is large enough, noise power at n-th UWB receiver can be estimated by

(3.145)

n

~
N 0,n,svd —

mggynggn . (3.146)
Next, the noise power estimation via EVD of Auto Correlation Matrix (ACM) of the
received preamble vector will be proposed. The same as that of SVDE, it assumes that
the channel keeps static during transmission of K preambles. According to [22], it has
W, <K L, , which denotes that Inter Preamble Interference (IPI) only take place
between two adjacent preambles. From (3.138) and (3.139), G, can be separated into

G — Gn,sub
n Rn

Glgfzub
: (3.147)
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where G, is with the size of KxW, while R is the rest matrix with the size of

(W, -1)xW, . G, is a KL xW, circulant matrix with shifted version of

[go g, - ngLp_l] on its columns. r, =~ can be rewritten as
o
Lo
A (3.148)
!
0 =G0 h+ni=1,2,...1

In (3.148), the vector r( ,i=1---1 has the length of K L . The ACM of the received
preamble vector can be determmed by

Il
o~ ==
M-
A
>
&
Q

Gl By Gy + Gl iyl + ) G + ) )", (3.149)

n,sub

+N I +AR

,sub=—=n=n n sub ==n

where rank of R, is one and AR, is the perturbation matrix. After EVD of R, , K L,

Eigenvalues [ﬂ,ln Ay o Agp%,n] can be determined and

An 2022 A
A1y,n = 2’n + NO,n + AA1
Ain =Ny, + A4
j=2-KL

: (3.150)

where A4---A4  are perturbed Eigen values. Then the N, can be estimated by

(3.151)

So far the noise power density of N,, has been estimated by (3.146) and (3. 151)
which shall be further exploited to estimate the channel energy. From (3.148), G
can be calculated as

n, sub
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Bo.i ngLp—l,i ngLp—WnJrl,i h

0.
i 9, 9o, Okl weei || g
Gr(I,Zub_n . . . . N
g g g Dy i
KPLP—I,l Kpl.p—z,l KPLP—WH+2,| n—h
- vt :
Zog,-,ih,-,n + ; Ok, —kilen . (3.152)
j= =

1 W,-1
zgl—j,ihj,n + Z ngLp—kH,ihk,n
i k2

W, -1
Z ngLp—l—j,ihj,n
=0

The diagonal elements of R, : d;; ,,j=1,2,...,K L, canbe approximated as

w,-1 2
gJ'J',n ® Z (g(KprJrj—k—l)mod(Kpr)) hk»ﬂhkﬂ’ 1=12,.., Kpr : (3'153)

Since the preamble sequence of each sub-block is asymptotic orthogonal [22]:

Kpr—l
Y 9i0s 0,620, (3.154)

k=0

A, in (3.150) can be estimated by
KL -1 5 ) Wat X
z[ > (oi) [ (bw,nbw,n)) (3.155)
1=0

From (3.150), (3.146), (3.151) and (3.155), the channel energy E, can be estimated.
According to E, and (3.126), the transmission distance can be estimated as

10a

d=d,|1+10 , (3.156)

where d, is the reference distance, which is generally set to one meter and P, ( fy ,do)
is the path loss at the reference distance, which shall be determined by the
measurement campaign.

3.4.4 Simulation Results of Distance Estimation

The simulation parameters are depicted in Table 3.6.
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Table 3.6: Simulation Parameters of Distance Estimation

Parameter Definition Value
N Number of | 1
receivers
M Number of | 1
transmitters
d Transmission 7m
distance
o Decay exponent 2.5
SNR Signal to Noise | 0—10dB
Ratio
Nioop Number of Monte- | 500
Carlo Simulation
SVDE Singular Value
Decomposition
Estimation
EVDE Eigen Value
Decomposition
Estimation
1.6 T . | :
— SVDE
—— EVDE |4
E J
3
z _
0.2 : : : :
0 2 4 6 8 10

SNR/dB

Figure 3.29: RMSE of distance estimation using SVDE and EVDE

Figure 3.29 shows that EVDE based distance estimation can achieve more accurate
results than that of SVDE. EVDE based distance estimation depends slightly on SNR
while SVDE based distance estimation shows a definitely better performance at a

higher SNR.
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4 Angle of Arrival (AoA) based
Localization in Wireless LAN
Systems

4.1 Overview

In chapter 4, AoA based localization in WLAN systems will be introduced. The main
characteristics and advantages of WLAN localization systems have been mentioned in
the chapter 1. This chapter is structured as follows. The employed antenna parameters
shall be optimized in subchapter 4.2.1. Two criteria for antenna parameters
optimization are deduced. Phase offset caused by PLL asynchronization can influence
the accuracy of AoA estimation. Hence, the initial calibration process is introduced in
4.2.2. Existing AoA estimation algorithms: conventional beamforming technique and
MUSIC will be introduced in subchapter 4.2.3. In subchapter 4.3, the Multi Path
Components (MPC) suppression via channel estimation is proposed. The novel
subspace based OFDM CFO (Carrier Frequency Offset) estimator and channel
estimator has been investigated in the research. The simulation and measurement
results will be given in 4.5.

4.2 AoA Estimation in WLAN Systems

4.2.1 Antenna Parameters Optimization

AoA estimation exploits the different phase shift among each antenna elements to
estimate the arrived angle. From the antenna diagram, it is clear that the clarity area,
Main Beam Width (MBW) and the Main lobe to Side lobe Ratio (MSR) play
important roles on the angle estimation. Figure 4.1 illustrates the MBW, MSR and
grating lobes of a Uniform Linear Array (ULA). Clarity area gives the scope from the
main lobe to the first grating lobe. Any actual radiation direction 6 beyond the clarity
area will be estimated to a mirror direction® . The relation between 6 and 6 can be
expressed as

arccos 4 gcos€'+1 ,ifgcosekg—l
d\4 A A
, (4.1)
arccos i(gcosﬁ'—lj ,ifﬂcos¢9'>1—9
diA A A

where A is the wavelength and d is inter-elements spacing . € is the angle between
wave impinging direction and the antenna array, which is depicted in Figure 2.6.
From (4.1), the clarity area can be calculated as

122



arc cos[i <@ <arc cos[—ij . (4.2)
2d 2d

From (4.2), it can be concluded that d = 1/2 is the perfect case.
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@
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i
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Angle of Arrival/degree

Figure 4.1: Radiation pattern of a Uniform Linear Array (ULA)

From Figure 4.1, we can see that the grating lobes may have the same radiation power
as the main lobe. Hence, it is essential to investigate the relation between the antenna
parameters and the angle distance from the main lobe to the grating lobe.

The following text gives the relation between radiation pattern and the inter-element
spacing. It assumes that the number of antenna elements is N and the weighting vector

of the beamformer is w=[w, W, - W, ]T. And the phase steering vector of the

- 27d cos 6, j27r(N71)dcosé‘b T
beamformer is f=|1 e * o€ g , where 6, is the desired

direction of the beamformer. For the incoming angle &, the output of the beamformer
can be expressed as
n-1 : (4.3)

The received signal power can be expressed as
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2

N 2z(n-1)dcos@ . 2z(n-1)d cosd,
A

ans(t)e_J L
N N-1/ N-n
={ZW§ +2 [ wowW cos(n%(cos@—cos@b )jDTl

dt

s (1) dt . (4.4)

O ey, —|

From (4.4), the location of main beam can be deduced as

cos@zcos@b+k§,k=—K,...,O,1,...,K . 4.5)

k = 0 represents the location of the main lobe while k = 1, 2,..., K represent the
location of grating lobes. It can be concluded from (4.2) and (4.5) that the clarity area
can only be expanded by using arrays with narrow inter-elements spacing. However,
smaller inter-element spacing can lead to a larger MBW, which can decrease the
directivity of the antenna array. From (4.4) and (4.5), the maximum energy can be
calculated as

N N—1N-n 1 T )
P =[ZW§ +2 memmj— [[s(v)] d. (4.6)

n=1 n=1 m=1

27d

N-n
Pp= > WoW, . .n=12..,N-1 . 4.7)
m=1
N—-1N-n 1 N
q= Wi Wnsn _Ezwﬁ

as

(4.8)

where [6, 6,] represents the angle scope. The (4.7) and (4.8) give a conclusion that
the MBW can be decreased with larger d and N. In addition, the weighting vector
plays a windowing role, which can also influence the MBW. Due to the
computational complexity, MSR will be derived only for the cases N =3 and N =4.
Let’s inspect the N =3 case firstly.

0, =L£/[(§(Nz_fwmwm+n cos(n?(cos&—cos@b )Dj , (4.9)

n=1\ m=1
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where “LM” represents Local Maximum operation. The derivation of (4.9) with
respect to & can be expressed as
p,siny +2p,sin2y =0

27zd

. 4.10
1//=T(c059S —cosé,) (410)

p, and p, are from (4.7). Hence, position of the first side lobe can be expressed as

cosf =cosf,

A arccos P . (4.11)
2rd 4p,

Then energy of the first side lobe can be determined as

2 {30+ 23 o [ o

n=1 \ m=1 0

(4.12)
W1W3
@ =arccos|f - —m—
4(w,w, +wW,w, )

Combining with (4.6), MSR can be calculated as

MSRN=3 = Pmax _ n=1 n=1 m=1 . (4.13)

R ZW +22(32Wm;vm+n cos(na))j

n=1 \ m=1

Now let us examine N =4 case. The derivation of (4.9) with respect to & can be
expressed as

2
12w, W, cos? i + 4 (W, W, + W, W, ) cos i — 2W,W, + W, W; +W,W, =0

—4(W,W; +W,W, ) £ \/16 (W, W +wW,w, )2 — A8W, W (W, W, + Wyw, — 2w, W, )

cosy = .(4.14
v 24w,w, @14
=p
The position of the first side lobe can be expressed as
cos @, =cosf, + Zid arccos(f3). (4.15)
To reduce the computational complexity, first kind Chebshev polynomials are used. It
defines
X= 2Zd (cos@—cosb, ) =arccosc . (4.16)
Then (4.9) can be rewritten as
a, =LM(pla+ p, (207 —1)+ p, (4a’ —3a)). (4.17)

It is easy to get the local maximum positions from (4.17) that
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_—4p, £\J16p] - 48p; (p, - 3p,)

4.18
a, o (4.18)
Hence, MSR can be determined as
4 3 4-n
5 D W2 DWW,
MSR,_, =& n=l m=1 (4.19)

p ~ n? 4-n ’

; ZWﬁ + 22(2 W, W, , cos(Nnarccos o, )j
n=1 n=1 \ m=l

(4.13) and (4.19) tell us that MSR depends on the number of antenna elements and the

weighting vector but no inter-element spacing. In this research, a ULA with four

antenna elements with inter-element spacing of approximate 4.4cm is used. (4.8) and

(4.19) give two criterions to get the optimum weighting vector:

W, = arg min (BW )

: (4.20)

w ., = argmax(MSRN:4)

opt2

4.2.2 Calibration for the Phase Offset

Let us begin with a description of the hardware. The system consists of four WLAN
receivers, each of which includes a RF frontend board, Virtex-5 FPGA (Field-
Programmable Gate Array) module and a ULA. With four MAX2829 chips embedded
in the RF frontend board, the receiver can transmit and receive OFDM signal from the
ULA according to the 802.11a/g. After the down-mixture, the base band signal is
digitalized using two Analog-to-Digital Converters (ADC). Finally, the digital signal
is read by the FPGA module and transmitted to the server, on which a MATLAB
program is running to perform the AoA estimation.

|PLL| |PLL| |PLL] |P|_|_|

(— FPGA
k& TEX] FTYITYTEX

Sever fmm———= N HHAHE o
g |
1| g ADC 142 ADC 3+4 |

]
E‘" ) - Y i i . - L & 4 LD :

E | =
= I

| =
= -
| Clock |
% I MAX2E MAX2E MAX2E MAXZ8 distributio |
I : '
| I
| |
| |
| I
L |

Figure 4.2: Block diagram of the WLAN receiver
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Figure 4.2 illustrates the RF frontend and the base band signal processing module.
One global Local Oscillator (LO) is deployed on each WLAN station to generate the
reference clock with a constant phase offset while each MAX2829 is equipped with
one independent Phase-Locked Loop (PLL). Ideally, the steady-state phase error shall
be zero and each PLL shall output a clock with a constant phase offset since there is
only one global LO. In practice, however, the average difference in time between the
phases of two signals when the PLL has achieved lock is a random number.
Therefore, phase offset caused by PLL is inevitable and that may seriously degrade
the system performance. To mitigate the effect of phase jitter, initial calibration
process shall be executed before localization. The calibration process consists of three
parts:

1. Calibration of the phase offset generated by PLL

2. Calibration of the time offset generated by ADC

3. Signal power calibration

Figure 4.3 shows the calibration scenario

RP

90 degree

o— o 9o o

Antenna 1 . Antenna N

Figure 4.3: Initial calibration scenario

L )

Before the localization process, each antenna element shall receive the signal

transmitted from the WLAN transmitter located at the RP (see Figure 4.3). In the ideal

case, each antenna element shall receive the signal with the same phase offset and

time offset. With PLL phase offset, the received signal can be expressed as
r(t)=a,s(t-t,)e +w,(t)

X , 4.21
=a,e > d, exp(—j27f, (t-t,))+w,(t) (*42)
pa
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where t,, ¢, and a, are the time offset, phase offset and power scaling factor,
respectively. w, (t) is the additive Gaussian noise. The Cross Correlation Function
(CCF) of two received signals can be written as

m

T, /2
=Ti I (7)r, (7 +At)dt
2
(4.22)

K T2
Z |d | exp j27Z'f (t -t —At )d2'+0'

k=1 _1 /2

—aa e/

T

It is obvious that the absolute value of c,, (At) will reach the maximum point
ifAt=t_ —t . It denotes that the relative time offset between two adjacent antenna
elements can be determined by the second-order statistics. Hence, the time offset of
each channel can be calculated as

t=H'At
1 -1 - 0
0 1 - -1 (2}
H= )
P Lo N
1 0 - -1 ) (4.23)
N
T
t=[t, t, - 1]
T
At:[Atl At, - Atz}
(%)

H' in (4.23) is the pseudo inverse of H , which is a sparse matrix containing only 1
and -1. The relative phase offset can be determined by

&, — &, —angle(max( (At))) (4.24)

The received signals shall have the same power as the distance between RP and the
ULA is much larger than the inter-element spacing

T,/2 T,/2

|dt—— j Ir, (1) dt
s =T,/2 s =T,/2
T, /2
rn(t) dt=|an|22|gk|2+a§ . (4.25)
s -T,/2 k=1
T /2 K
£ J' |r )|2dt=|am|22|gk|2Jranz1
s -T,/2 k=1

Hence, the relative power scaling factor can be expressed as

T./2 )
a) r, (1) dt
pnm = |an |2 ~ er/;2 (426)
m r dt
T
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4.2.3 Implemented AoA Estimation Algorithms

Beamforming and MUSIC approaches are the most popular algorithms to estimate the
Ao0A. A conventional beamformer can be considered as a spatial filter, which
emphasizes the signal from a particular direction and suppress those from other
directions by weighing process. In this research, the author uses conventional
beamformer to sum up the weighted signal from regular spatial sampled direction
which can be written as

A A A A

S 427
2d 2d (M-nd  2d #.27)

(4.27) denotes that the clarity area is regular spatial sampled into M specific desired
directions toward which the beamformer is steered. The digitalized received data
matrix can be expressed as

B:[fl r, - KN]: (428)

which consists of N data vector with L data points. After the initial calibration process,
R_ can be determined as

R =Ry
BI :|:p11£1 P F, plNKN:|
r, = IFFT(FFT (Er,)) . (4.29)
e 1 0 0
e 0
Lo I 0
0 0 e—j¢N
jZ”t" jm
E:diag{l et ... e t }

Making LxM points two dimensional FFT operation on R_, it has
—jZIZ'[L M

Fluv]=—= R [m,l]e
ML =0’ (4.30)

where

rh=—=FFT (p,r, ). (431)

“FFT, ” denotes L-points FFT operation. The row vectors in F give the information
about the relative phase offset between two channels:
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27d cosé, v,
= 1=27-2
A M

V,, =argmax ((ZE[U’V]T ] :

Ag
(4.32)

The incoming angle 6, can be easily determined by (4.32). It is obvious that the two
dimensional FFT based conventional beamformer has the lower computational
complexity. Subspace based approaches (MUSIC, root MUSIC and ESPRIT) are
already known and investigated in many literatures. MUSIC can provide
asymptotically unbiased estimation about number of present incident wave front and
AoA. Root MUSIC is a variation of MUSIC, which is based on a polynomial
formulation of the spectral search facilitated by the ULA structure. The signal zeros
are found by their proximity to the unit circle. The performance and advantages over
MUSIC has been discussed in [94]. In this research, the performance of AoA
estimation via two dimensional FFT based conventional beamformer, MUSIC and
root MUSIC are investigated and compared to each other und the dense multipath
scenario.

4.3 Multi Path Components (MPC)
Suppression

4.3.1 Perturbation Suppression

From the perturbation analysis in subchapter 2.3.10, we can conclude that the
perturbation can be suppressed if the MPC information is available. Subspace
approach requires P being signal subspace, which is no more valid if P is a square
or fat matrix. Hence, some MPC portions shall be subtracted from the received signal
in order to keep P being a tall matrix. Let us define (él,n,"‘éL’n;;l,"';L) as the
estimated decay factors and delays for the L resolvable paths at n-th antenna element,
where N <L. Subtracting the MPC portions | =N---L at each antenna element, (2.70)

can be rewritten as
gl(t)zgs' (t)+n(t), (4.33)

where

r (t)_gél,lsa_ru) 1 1

r (t)z P = : :
Lo~ iN-Dg S I(N=Ddy
r ()= as(t-7y) © © . (4.34)
L I1=N _

as(t—7)

_ngls(t - TN—I)
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In (4.34), P becomes a tall matrix, which lets the determination of signal subspace
become easy. Via ML method, (2.70) can be rearranged as

1 - ej(N’l)g”1

[Zl KN]:|:§1;1 éL‘;L:| +[ﬂ1 ’lN]: (4.35)
1 - ej(N")“’L

where r, ., is the digitalized r(t) at the n-th antenna element and sia-L is the

digitalized s(t ~7) ) . Summing each received vector up, it has
C o
1+ el
N A A n=1 N
Sro=las oA i [+, (4.36)
n=1

n=1 N-1
1+ e
L n=l1

Define
' N 1 AN ~ A ~ ~
r ZZEnaﬂ :|:§1s1 a,82 - QLSL]
n=1
C e T
1+> el
n=1
Ly : 1+Eej“"’z 437
w=Yw.p=|
n=1 .
N-l
1+ el
L = _
Thus, the phase vector can be estimated via ML
\ I ! f ,
9 =(H"R/H) R/H"r. (4.38)

Adaptive sampling rate shall be selected to keep H being a tall matrix. To suppress
the perturbation, (gl’n,- A 3T, 'TL) shall be known to the receiver.

4.3.2 Novel OFDM Channel Estimator

Suppose that the transmitter transmits OFDM signal, which conforms to 802.11a
standard. Due to the narrow band characteristics, the OFDM signal shall be
oversampled to enhance the multipath resolution. The double-sided bandwidth of
WLAN signal is 20MHz, which lets the multipath resolution be approximate 50ns
without oversampling. The ADCs on the main board can provide sampling rate of
80MHz, which denotes that the oversampling rate (OSR) is equal to four. Before the
channel estimation, the Carrier Frequency Offset (CFO) shall be estimated. [99]
introduces Non-Data-Aided CFO estimation with the consideration of CFO
identifiability. However, computational effort will increase rapidly if the number of
subcarriers goes high as it requires decomposing the covariance matrix to find its null
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space. [100] and [101] describe the effective method, which exploits the virtual
carriers to find the null spectra. However, the identifiability and the method to select
the estimated CFO under the frequency selective channel are not described in them. In
this research, the author proposes preamble-aided null-carrier CFO estimation
approach, which requires lower computational complexity. CFO identifiability is also
considered in the model. It defines d, =[gs’1 d, dqn ]T and
glz[gl,l d, - dy ]T as the short preamble and long preamble vectors in
Frequency Domain (FD), respectively. According to 802.11a, d, and d, contain P
subcarriers and N-P null carriers, respectively. By the N_-points IFFT (Inverse Fast
Fourier Transform) operation, the preamble vector with the length of N =5N, in

Time Domain (TD) can be expressed as

s=[(ra ) ()]

=[S0 S S : (4.39)
W [0 !Nﬂ]ZNSxN
M, = KNbe M, = ZNSXN
I:!Nh/z 0:|ZNS><N ZNxN

where W, is the N,xN IFFT matrix and I, , is the identity matrix with N /2
elements, which is used to insert the Cyclic Prefix (CP). It assumes that the length of
CP is larger than channel excess delay so that the Inter Carrier Interference (ICI) and
Inter Symbol Interference (ISI) can be mitigated at the receiver. Through a time
invariant frequency selective channel, the received preamble vector can be expressed
as

, (4.40)

QNp=diag([1 el L. ejZMf(Np_l)Ts})

where D, is a N, x N diagonal matrix containing the CFO Af . A¢ is the constant
phase offset caused by the imperfect time synchronization between signal carrier and
the local oscillator. T, is the sampling duration. H, is a Toeplitz matrix, which owns

the size of (Np + L—l)x N, and its first column is [bo,t hye = h_ 0 - O]T. L
is the order of CIR and h, , is discrete-time expression of CIR. To mitigate the ISI and
ICI caused by multipath channel, the CP shall be removed with a removing matrix R, .

It assumes that L <N, /2, which denotes interference post on the n-th OFDM symbol

can only come from the (n-1)-th symbol and the long OFDM block suffers no
interference from the short one due to its guard period. From (4.39), it can be seen
that the short preamble block consists of two same consecutive OFDM symbol
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followed by first half block. The long one contains second half OFDM symbol (CP)
followed by two same consecutive OFDM symbols. To overcome the frequency
selective effect on first short OFDM block, s, shall be cut into:

§t,i:|:§N5/2+(i—1)Ns,t SN 2+(-DN 4Lt §NS/2+iNs—l,t] 1=12 and
T .

Sei :|:§3Ns+(i—3)Ns,t SIN+(i-3)Ng+Lt §3NS+(i—2)NS—1,t:| ,i=3,4. The s, in (4.40) can be

cut into

e j(2mAF (Ny/2+(i-1)N, )T, +A06)

D\ H s, +w.i=12

gr,i = . i
eJ(Z;rAf(3Ns+(l—3)N>)T>+A9)QNp’iEt’i S, +w,i=3,4, (4.41)
D, . =diag([1 gi2mm eim(ws—lm])
where H,; is circulant matrix with the size of N;x N and the first column of H ; is
[ho,t hye = hye 0 - O]T . From (4.41), it can get
N 1

§r,m1 = E(Er,l + §r,2 )

. N
1 | 2mAf—FT+A0 . \
=—e ( 2 )(l—i—er”AstTs)QNS,lﬂt,lﬁt,l W
2 . (4.42)

1
Srms = 5(§r,3 + Si4 )

1+

1 ej(2nAf3N5'I'S+A0)(
2

@ 127 MNT, ) QNS,S Hs,, +EI

Due to the uncorrelated characteristics of short preamble and long preamble, s, ., and
s, .o are two uncorrelated vectors containing a unique Af . It denotes that the freedom
of estimation Af from two vectors is two. The next task is to estimate Af from each
received vector and then compare them to each other. If AT, = AT, it denotes these
two values are not correct. H , and H , are circulant matrices, which can be
diagonalized by FFT matrix. Hence, (4.42) can be rewritten as

- ,
Semt =C DN W o He W on Sey + W
° ,
Sems = DN W o H Wi on S+ W
: H H . H H
H, =diag(W} .\ H,el'),H,, =diag(W} . H,el'). (4.43)

1 j(ZzzAf %Tsme)
c,=——¢8

2NS (1+ej2nAstTs)

I j2mi3NT +A0 '
c, = ej( 70 3N, +A )(l-i-er”AfNSTS )

2N

S

e, is the unit column vector whose first element is equal to one. s,, is a circulant
shift vector of the short preamble block in TD and s, =s,,. Hence, s, can be
rewritten as
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H ,
Semt =C DN W Hey Wy n W nEnd,+w

j;rNS j(N—l)zzN, . (4.44)
E, =diag| |1 e N ... g 4N

As the OSR is an integer number, KﬁstsstxN can be considered as an N-rank
matrix containing an N xN identity sub-matrix I, and a (N,—N)xN sub-matrix
Ry _nyn » Which is used to oversample the vector E d, . Recall that d; contains N,
virtual carriers and N — N, subcarriers in order to avoid the transmit filtering and d
shall be filtered by H f,lmIN{stsstxN E |, containing a diagonal sub-matrix because of
the diagonal characteristics of H;, . It obtains the filter output
d =H f,lzzstsKNstE vd, which contains at least N, virtual carriers. The virtual

carriers is reordered to the positions of N ~N, +1to N, and W, , is reordered to
Z’NSXNS :[Z'NSX(NS—NV),S Z'Nstv,ni| 4 where K‘NSX(NS—NV),S and Z‘NSXNV,H are the Signal
subspace and null space, respectively. Recalling that W, AN, )5 is orthogonal to

mNstwn , 1t can get

st W, wy s =0, (4.45)

Zr,ml —NgxN_ ,n —NxN ,n=r,ml

if Dy , is an identity matrix (Af =0) and SNR is large enough. Under the case of
Af #0 and SNR is relative small, Af, can be estimated through s, -

7 . H _H ' H' '
Afl = a‘rgArfnln(QNs,l§r,leNst\,,n KNstv,ngr,mIQNs,l)

(4.46)
D'N1=diag([1 e i e‘jZ”Af(Ns_l)TSJ)

The (4.46) gives the root MUSIC approach, which chooses the N, — N, roots closet to
the unit circle. It is clear that (4.46) is an 2N_- order polynomial, which has an
extremely high computational cost if MUSIC polynomial is employed. A method is
proposed to exploit spectrum of coefficients of polynomial to find the N,—N,
minimal positions. It assumes that the polynomial at the right hand side of (4.46) can
be rewritten as

p(z)=ay+az+a,z’ +--+ayy ;22" @47

7= e—jZ/z‘Af'I's

The task is to find N, — N, roots on the unit circle, which fulfills the condition in

(4.46). It takes 2N, - points FFT for the coefficient vector a =[g0 3 By ]T to
get the spectrum vector 1_»:[90 b, - QZN;l]T. Then the N, - N, roots can be
expressed as

2=LM,_y, (g|2). (4.48)
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LM, _y denotes the N, —N, local minima points. Using (4.47) and (4.48), N, - N,
A}l can be estimated. Inconsistent CFO is caused by the unknown channel frequency
response on the FFT grid, which can be solved by the asymptotic same operation on
S, 3 With only adjustment of (4.44):

Sems =G Dy Wy, ﬂﬁzzims Wynd + w. (4.49)

It assumes H; =H,; due to the time invariant channel. Af, and Af, shall be
compared to each other and the common values in two vectors will be selected to
constitute the candidate estimation vector A}c. Each value in A}C shall be used to

compute H ¢y and H ¢3- It has been asserted that H,, = H, one can find the correct

estimation value AT , which can fulfill this condition. From(4.44), (4.49) and the
estimated CFO, the channel frequency response matrix H;, and the discrete CIR

vector h=[h, h, - h_,] can be determined. Recall that H,, is a diagonalized

. . . T
matrix. The diagonal elements constitute a vector h; = [bo’f hye - DN__LJ . Then

(4.44) can rewritten as

& D W v, S =diag (W W Endl Jlg +67 DLW w'o (4.50)

r,ml
With the LS estimator, &, can be estimated as

Ef = Cl_ldiag_1 (KII;IISXN5 ZNSXN EN is )Ql_\IISXIZI_\IixNS Er,ml . (45 1)

S

Then the (él,"'éL;TI,"';L) can be determined through L peaks of IFFT of ﬁf .

4.4 Location Mapping via AoA Estimation

As known, the two dimensional localization via AoA measurements requires at least
two WLAN stations. In this research, measurement campaigns are performed for M =
2 and M =4 cases, where M is the number of WLAN stations. For the M =2 case, it
assumes the WLAN stations are located at (x,y,) and (x,,y,), respectively. To
overcome the effect of grating lobes, the antenna array of two stations are set to 45°
and —45° deviated from the Y axis as the clarity area of each antenna array is from
approximate 50° to 130° according to (4.2). (see Figure 4.4)

135



T fxuy.'_'u"ﬁd :
| ™~
| LT !
£ |
N |
| ot ,.-'JlI H" |
| £ ™ = |
| 4 .
/ ~ |
: P ~, 45 |
|2 / ."’ 1'\-‘ Y |
s N
.
{II .:,rl :I l:.IE::FIE':I "

Ly

Figure 4.4: Location mapping via two AoA estimations
From Figure 4.4, 6, and 6, are estimated AoA from station 1 and station 2,
respectively. «, and «, are angles deviated from wave incoming direction and the X
. . A 3z 4 T oA
axis. Relation between 6 and o can be expressed by ¢, =T—01 and «, =—Z+6’2 ,

which depends on the position and direction of the antenna array. L is defined as the
distance between two stations. Then the distance between transponder and the two
Lsin(a,) Lsin(e,)

stations can be calculated as L, =— and L, =— . Solving
sm(ﬂ'—al—az) sm(ﬂ'—al—az)

the following equations:

(Xest - Xl )2 +(yest - yl )2 = L%

(K =%) + (Yo = ¥2) =15 (4.52)

Yo=Y
-y - Xege = %) >0
yest yl X2 _ X] ( est l)

the coordinate of transmitter (X, Y, ) can be determined.

For M =4 case, the four WLAN stations are located at four corners of the localization
area (see Figure 4.5).
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Figure 4.5: Location mapping via 4 AoA estimations

The same as Figure 4.4, the antenna array of the four stations are set to look toward to
45 or -45 degree deviated from the Y axis. The localization area is limited to be
within the area A, which is enclosed by the red bold line, in order to avoid the mirror
estimate caused by grating lobes. It defines the estimated AoA vector and mapped

angle vector as @ and «. Ideally, the estimation directions from four stations shall
intersect in a unique point. Generally, however, it will take place 16 intersections
Prnmot..4.nt.4men due to the perturbation of estimation AoA. For the sake of simplicity,

the four intersections are chosen: p,i=1,2---,4. ] :mod(i,4)+1 as the estimates from
each pair of stations. The coordinates of the four intersections are
(xij,yij),izl---4,j:mod(i,4)+1 ,and L, .ouoamen Tepresents the range estimate
from p,, to m-th station. Using the LS algorithms, it has
. 4 2 2
CRE ar(gmln[ > ((x —% ) +(y-y;) )) (4.53)
i=l1,j=1i#]j

X,Y)

4.5 Simulation Results and AoA Measurements

Table 4.1 depicts the simulation and measurements parameters. In this research, the
simulation and measurement campaigns are performed on an 802.11a system, which
owns the carrier frequency range from SGHz to 6GHz.
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Table 4.1: Simulation and measurement parameters

Parameter | Definition Value Unit

d Inter-element 0.04425 | meter
spacing

N Number of antenna | 4
elements

f, Carrier frequency 5.2 GHz

Af Subcarrier frequency | 0.3125 | MHz
spacing

f, Sampling rate 80 MHz

w Width of localization | 10 meter
area

L Length of | 10 meter
localization area

M The number of|2and4
WLAN stations

(X, Y,) Location of the | (0,0) meter
station 1

(%, ) Location  of the | (10,0) | meter
station 2

(%, Ys) Location  of the | (10,10) | meter
station 3

(X, Y,) Location of the | (0,10) | meter
station 4

@, Antenna mode 45 degree

Firstly, the optimum weighting vector for the ULA shall be found. The weighting
vector is defined as

weey =[K Ck ck K], (4.54)

where K is a random positive number and C is the coefficient between the first and
second antenna element. The first criteria in (4.20) can be rewritten as

cos(@(cos 6, —cos b, )j+2ceos[@(cosﬁh —cos 6, )j+
A A

d (4.55)
+(C2 + 2C)cos(2%(cos 6, —cos b, )j -2c=0

It can be concluded that the MBW shall increase with a larger c. Figure 4.6 shows the
relation between the MBW and the coefficient c.
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Figure 4.6: MBW vs. the coefficient ¢

As can be seen from Figure 4.6, MBW has the smallest value if ¢=0, which denotes
the second and third antenna elements have no contribution to the Beamformer.
However, smaller ¢ can cause a higher side lobe power, which can reduce the MSR.
Figure 4.7 and Figure 4.8 illustrate the side lobe position and MSR with different
coefficients.
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Figure 4.7: Position of the first side lobe vs. the coefficient ¢
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Figure 4.8: MSR vs. the coefficient ¢

To select the optimum coefficient, three factors shall be considered: MBW, side lobe
position and MSR. In general, larger ¢ shall be selected in the harsh environment as
the receiver may receive copies of signal from random directions while smaller ¢ may
improve the performance of the beamformer in the outdoor environment.

To evaluate the novel channel estimator, the RMSE of estimated CIR can be written
as

1 N rare H
Hnse:\/NNframe [ & (hest,i _hp,i) (hest,i _I_1p,i )j . (456)
h.; and h; are the estimated and perfect frequency CIR vector for the i-th Monte
Carlo simulation, respectively. N, . and N are the number of simulation and the
vector length of CIR, respectively. Figure 4.9 illustrates the performance of the novel
channel estimator

140



~

——sf =1
——sf=2
—a—gf=4

[}
T

e e
o oo —_

<
'

rmse of channel estimation

o
(g
T
|

O 1 1 1
0 5 10 15 20

SNR /dB
Figure 4.9: RMSE of estimated CIR vs SNR

It is clear that the estimation error can be suppressed with the increase of OSR,
especially in a low SNR scenario. With the increase of SNR, higher OSR displays no
dominant advantages over lower OSR.

The demonstrator consists of four WLAN stations, one notebook (server), one WLAN
router and one transponder. The locations of the four WLAN stations and the antenna
mode are depicted in Table 4.1. The notebook as a processing server is connected to
the station 1-4 using Ethernet cable. The measurements were carried out in the
following way:

1. DHCP (Dynamic Host Configuration Protocol) server on the WLAN router
allocates static IP address to stations 1 to 4 automatically.

Server sends commands to each station to carry out the calibration process.
Localization requirements are sent to each station

FPGA modules receive the WLAN signal and forward it to the server.

Server exploits the received signal to carry out the location estimation and
display the result on the Graphic User Interface (GUI)

The 1* step will be performed immediately after the system power was on. The 2
3 and 5™ steps are executed by MATLAB program running on the server. The

A

location process is a real time procedure which shall be carried out in a “while” loop.
The 4" step shall be finished by Microplaze module embedded in the VHDL code.
The detailed localization process can be explained in the following flow chart:
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Figure 4.10: Flow chart of localization process

Before the localization is started, the effect of transmission distance on the AoA
estimation shall be inspected. It takes 60° and 90° as the candidate AoAs. The blue
and red lines in Figure 4.11 represent the 90° and 60°, respectively. On each line, the
candidate measurement points with equi-distance of 60cm are selected. The AoA
measurement results are depicted in Figure 4.14 and Figure 4.15.
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Figure 4.11: AoA measurement campaign
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Figure 4.13: RMSE and std. deviation for different transmission distance (60 degree)

130 . . .

measured AoAl
1207 i measured AoA2 |]
110+ j Ny g estimated AoAl

100

30

Angle of Arrival / degree

50r

40 I 1 1
0 5 10 15 20

measured points

Figure 4.14: AoA measurement results for M =2
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Figure 4.15: Location measurement results for M =2

From Figure 4.14, it can be seen that the measured AoA conforms to the estimated
one with the exception of the 14™ point as the 14" reference points locates beyond the
clarity area. The RMSE of location estimation for M =2 case is approximate 80cm.

The measurements shows that the RMSE of location estimation for M = 4 case can
achieve 40cm. Figure 4.16 to Figure 4.19 give the AoA and location estimation results
for M =4 case.
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Figure 4.16: 100 measurements at each location for M = 4
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Figure 4.16 shows the real time localization scenario. The four red points represent
the four WLAN receivers, which are located at the four corners of the localization
region. Within the localization region, there are 16 selected candidate positions with
the known coordinates, which are represented with the black nodes. At each candidate
position, 100 measurement campaigns are performed and the estimated positions of
each measurement campaign are depicted via blue nodes. Figure 4.17, Figure 4.18 and
Figure 4.19 illustrate the RMSE and standard deviation of the localization and AoA
estimation at each candidate location. RMSE reflects the average deviation from the
actual one while the standard deviation represents how much variation exists from the
expected value. As can be seen from Figure 4.17, Figure 4.18 and Figure 4.19, RMSE
values at most of candidate locations are larger than the standard deviation because of
the imperfect antenna adjustment and the PLL calibration.
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S Hardware & Software Description
and Measurement Setup

5.1 Overview

In chapter 5, the implemented UWB and WLAN demonstrators are described. The
UWRB description of hardware and the infrastructure of localization demonstrator will
be given in the subchapter 5.2.1. In the subchapter 5.2.2, the UWB measurement
setup in the indoor environment will be described. The subchapter 5.2.3 will describe
the Java implementation of localization estimator. The WLAN transceiver will be
described in the subchapter 5.3.1.

5.2 UWB Localization Demonstrator

5.2.1 Infrastructure of RSS based Location Tracking
Demonstrator

The LT demonstrator consists of the following components:
e A 4m? grid pattern is used during reference measurements to find a tag’s

position in the room.

e Four CWUSB dongles from IOGEAR of type GUWA U100 are distributed in
the grid pattern. They use MB-OFDM UWB in accordance to ECMA-368.

e Four notebook computers with LT software are connected to and control the 4
UWB dongles. One of the four PCs is the LT master, whereas the other three
are LT slaves. The LT slaves provide ranging measurement results to the LT
master. The LT master performs the LT algorithm and operates as a LT server,
providing LT information to the user.

e One Personal Digital Assistant (PDA) with a Graphical User Interface (GUI)
to the LT application displays the actual position of the mobile tag, the target,
to the user. The client PDA is a Blackberry 9000 Black Smartphone and is
equipped with WLAN.

One WLAN access point allows the communication between the WLAN PDA and the
LT master for acquisition of LT information to be displayed to the user.
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Pic. 5.1: Picture of the laboratory setup of the LT demonstrator for HDR UWB (left)
and PDA with LT GUI and connection to the LT server (right)

5.2.2 Measurements Setup

The 3 red points in Figure 5.1 indicate the positions of the access points AP1, AP2
and AP3. They are the anchor nodes for the localization. In the displayed example,
their coordinates are Pap; (0.00 m, 0.00 m), Pap; (1.76 m, 1.00 m) and Pap; (0.00 m,
2.00 m). The three PCs Laptop 1 - Laptop 3 are connected to the anchor nodes AP1 -
AP3 using USB cables. Laptop 4 is connected to the target device, the mobile node to
be localized. The left side of Pic. 5.1 depicts a laboratory test setup of LT
demonstrator. The right side of Pic. 5.1 shows a UWB dongle in more detail and the
client PDA with the GUI. Then the measurements are carried out in the following
way:
1. Initialize the UWB network with laptop 1 to laptop 4

2. Connect the PDA which acts as the application client to the server by
WLAN connection

3. The PDA sends commands to the server requesting the server to execute
the localization procedure

4. The results of the localization procedure are displayed on the screen of

PDA
In the 1% step, the laptop 1 to laptop 4 configure the IP address of AP1 to AP4,
respectively. PDA as the application client, is connected to the server (laptop 4) by
WLAN in the 2™ step. In the 31 step, the PDA sends the commands to the server to
ask the server to execute the localization procedure. The server shall measure the
RSSI from AP1 to AP3, and localize the UWB target with the aforementioned
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algorithms. In the final step, the coordinates of the target shall be transmitted to the
PDA with WLAN connection.
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Figure 5.1: Infrastructure of HDR UWB localization demonstrator

5.2.3 Java Implementation of Location Estimators

In the passive localization, there is slave software running on the Laptop 2 and Laptop
3. Its structure is displayed in Figure 5.2. The software has a “while” loop, in which a
function “ReceiveCommandStr()” is set to receive the command string from the LT
master. The RSSI value stored in the slave will be read if the command string is equal
to “RSSI_AP”. Then “SendRSSIToServer()” shall be called to send the RSSI value to
the LT master.

150



Main()

—
A
=
m
Fyr

ReceiveCommndStr()

ommandStr =
‘RSSI_AP“?

ReadRSSI()

r

SendRSSIToServer()

|

Figure 5.2: Structure of LT slave software

The master software runs on the Laptop 1, which is considered as the server. Its
structure is illustrated in Figure 5.3. The master program consists of four threads:
“PDA Listening”, “LT”, “AP2 _listenning” and “AP3_listennming”. “PDA Listening”
is responsible for listening the command from PDA client and executing the program
according to the received command. If the “LT” command is received, the thread
“LT” will be activated. The program will exit if the command “EXIT” is received
from PDA client. The thread “LT” is used to execute the localization procedure and
send the localization results back to the PDA client. The thread “AP2_listenning” and
“AP3_listenning” are used to collect the RSSI values from AP2 and AP3.
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Figure 5.3: Structure of LT master software

Blackberry 9000 PDA is used as the client, on which the client program is running. Its
function is to command the server to execute the localization procedure and display

the localization results on PDA. Its structure is illustrated as follows:

152



Localization
(Main Function)

ReadCoordinate Thread SendCommand&Display Thread

receiveAnchorTagCoordinate()

—

A

c

=
Fy
ad

k

DrawGUI()

receiveNumberAnchor() receiveTargetCoordinate()

¥
receiveAnchorCoordinate

0

SendAcktoServer()

Figure 5.4: Structure of client program

It can be seen from Figure 5.4, the class “Localization” consists of two threads:
“ReadCoordinate” and “SendCommand&Display”. “ReadCoordinate” has a “while”
loop which checks that whether the received string is equal to “Anchor” or “Target”.
If “Anchor” is received, the client software begins to receive the number of anchor
nodes and the coordinates of anchor nodes. If “Target” is received, the client program
begins to receive the coordinates of the UWB target. Then an acknowledgement shall
be sent back to the server. If the anchor information and the target information are
received by the client software, the semaphores ‘“Anchor received” and
“Target received” will be set to one, which active the thread
“SendCommand&Display” to display the localization results on PDA screen.
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5.3 WLAN Localization Demonstrator

5.3.1 Hardware Description
The WLAN RF frontend board is showed in Pic. 5.2.

Pic. 5.2: WLAN RF frontend board

As can be seen from Pic. 5.2, the RF frontend board mainly consists of four
MAX2829 chips (four red circles) and two ADS6443 (two black circles). The
MAX2829 chip is responsible to down-sample RF signal to the analog base band
signal. Two ADS6443 are 14-bit Analog-to-Digital-Converters (ADC), which are
responsible to convert the analog signal to a digital base band signal. The output of
ADS6443 can be found in Figure 5.5.
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Figure 5.5: Received WLAN base band signal sampled with 80MHz

The Virtex-5 FPGA board is depicted in Pic. 5.3.

Pic. 5.3: Virtex-5 FPGA board

155



The FPGA module is responsible to extract the digital signal from ADS6443 and
transmit it to the computer via Ethernet cable.

Pic. 5.4 and Pic. 5.5 show the measurement scenario.

Pic. 5.5: WLAN station
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5.3.2 Measurements Setup

The measurements setup of WLAN localization can be found in the subchapter 4.5.

5.3.3 FPGA Implementation

In the Virtex-5 FPGA, there were mainly six modules to be implemented:
“power _up”, “clocking”, “MAX2829 control”, “ADC control”, “AGC_control” and
“Data_transmission”. The relation among each module is depicted in Figure 5.6.

Boot RF
board

Clock
200MHz

Enable
Max2829,
ADS
| Clock
20MHz
Bit clok
fram ADS MAXZE20
S Programming
Data from
Frame clok ADS
fram ADS ——M™
Data from
ADs —# D
Bank
Data to Data to
Etharnet Etharnet

(—

i

Figure 5.6: Implemented modules in FPGA

The “power up” module has the input clock signal, which is with 20MHz.
“power_up” module is responsible to boot the RF board and control the “clocking”
and “MAX2829 control” modules. The “clocking” module is responsible to enable
the four MAX2829 chips and the two ADS chips. The “MAX2829 control” is
responsible to program the MAX2829 chips, adjust the power gain and the mixer
frequency. “AGC control” is used to determine the power gain according to the
captured signals. “ADC_control” is used to convert the serial data from two ADS to
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the parallel data and deliver them to the Microblaze. Finally, Microblaze delivers the
data to the server by Ethernet.
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6 Summary and Outlook

Within the framework of this thesis UWB localization and WLAN localization in the
multipath environments were investigated in terms of design of the novel algorithms,
error analysis, hardware and software implementation, etc. ToA based UWB
localization can provide the best localization performance. In the multipath
environments, the localization accuracy depends heavily on the detected leading edge.
The presented dissertation introduced the novel leading edge detection approaches:
JLED, IMLCE and SbA, which have shown the good performance in the multipath
environment. For each algorithm, the estimation errors were analyzed and the
estimation error probabilities were given. The RSS based localization as the additional
localization strategy cannot provide good quality in general. However, RSS based
localization requires no time synchronization between each stations. In this
dissertation, the RSS based fingerprint approaches were presented and SSLS model
was proposed. The simulation results showed that SSLS model can provide better
performance as the LS model. In addition, the channel energy based distance
estimator was investigated in this dissertation. SVDE and EVDE were investigated to
estimate the noise power at the receiver. The simulation results showed that the
EVDE can provide much better estimation performance than SVDE in the low SNR
environment.

The AoA based WLAN localization was investigated in this dissertation. In
comparison with UWB localization, WLAN localization cannot achieve better
accuracy. However, WLAN localization has some advantages: standard device, larger
coverage, etc. To get the most accurate localization results, antenna parameters were
optimized through mathematical deduction. The calibration for phase offset was
described. To overcome the problem caused by the multipath effect, the novel AoA
estimator and the channel estimator were investigated. The measurements showed that
the RMSE of AoA based WLAN localization can achieve approximate 80cm for the
case with two stations and 40cm for the case with four stations.

Finally, the aforementioned RSS based fingerprint algorithms and the AoA based
localization algorithms were implemented in the UWB demonstrator and WLAN
demonstrator, respectively.

In this dissertation, all discussed issues are based on the single user mode. Hence, the
author hopes that the future work can focus on the multiuser localization and the
location based data communication. The FPGA implementation of the AoA
estimation algorithms shall be another future work.
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