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ABSTRACT

Ultra-wideband (UWB) technology is the next viable solution for applications in

wireless personal area network (WPAN), body area network (BAN) and wireless sen-

sor network (WSN). However, as application evolves toward a more realistic situation,

wideband channel characteristics such as pulse distortion must be accounted for in

channel modeling. Furthermore, application-oriented services such as ranging and

localization demand fast prototyping, real-time processing of measured data, and

good low signal-to-noise ratio (SNR) performance. Despite the tremendous effort

being vested in devising new receivers by the global research community, channel-

estimating Rake receiver is still one of the most promising receivers that can offer su-

perior performance to the suboptimal counterparts. However, acquiring Nyquist-rate

samples costs substantial power and resource consumption and is a major obstacle

to the feasible implementation of the asymptotic maximum likelihood (ML) channel

estimator.

In this thesis, we address all three aspects of the UWB impulse radio (UWB-

IR), in three separate contributions. First, we study the a priori dependency of the

CLEAN deconvolution with real-world measurements, and propose a high-resolution,
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multi-template deconvolution algorithm to enhance the channel estimation accuracy.

This algorithm is shown to supersede its predecessors in terms of accuracy, energy

capture and computational speed. Secondly, we propose a regularized least squares

time-of-arrival (ToA) estimator with wavelet denoising to the problem of ranging

and localization with UWB-IR. We devise a threshold selection framework based

on the Neyman-Pearson (NP) criterion, and show the robustness of our algorithm

by comparing with other ToA algorithms in both computer simulation and ranging

measurements when advanced digital signal processing (DSP) is available. Finally,

we propose a low-complexity ML (LC-ML) channel estimator to fully exploit the

multipath diversity with Rake receiver with sub-Nyquist rate sampling. We derive

the Cramér-Rao Lower Bound (CRLB) for the LC-ML, and perform simulation to

compare our estimator with both the ℓ1-norm minimization technique and the con-

ventional ML estimator.
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Chapter 1

Introduction

The groundbreaking unlicensed spectrum allocation mandate put forth by the United

States (U.S.) Federal Communications Committee (FCC) in 2002 [1] has spawned an

exponential growth in ultra-wideband (UWB) technology research. Conceptually,

UWB is characterized by a transmission with an instantaneous spectrum in excess of

500 MHz, or a fractional bandwidth1 (BW) of more than 20%. The ideal of periodi-

cally sending ultra-short duration pulses is nothing new and can be dated back to 1887

when Hertz experimented with the spark gap, which was later incorporated into the

telegraph by Guglielmo Marconi [2, 3]. However, when deployed in a communications

context, UWB technology with its ultra-wide BW, i.e., the 3.1–10.6 GHz FCC spec-

trum allocation [1, 2], can enable many attractive features [2–6] which conventional

narrowband would otherwise fail to provide, features such as:

• fine time resolution. The timing resolution is inversely proportional to the

signal BW, so the tremendous BW offered by UWB means extremely fine time

resolution;

1The fractional bandwidth is defined as B/fc [1, 2], where B := fH−fL is the −10 dB bandwidth,
fc := (fH +fL)/2 is the center frequency, and fH and fL are the upper and lower −10 dB frequencies,
respectively.
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• resistance to multipath fading. The transmission of ultra-short duration pulses

lessens the possibility of pulses overlapping and canceling, thus improves the

overall wireless link reliability by enriching the channel with multipath diversity;

• resistance to jamming and interference. The ultra-wide BW and low power

emission incapacitate the capacity of the interferer and allows covert commu-

nication since there will always be a portion of the spectrum unaffected by

jamming and interference;

• easier material penetration. The possibility of the entire pulse spectrum been at-

tenuated due to the presence of objects is greatly reduced due to the frequency-

selective nature of the electromagnetic propagation mechanisms.

Furthermore, the classical UWB impulse radio (IR), i.e., transmission by sending

ultra-short duration pulses, can ease the cost of implementation since it does not re-

quire the expensive up/down conversion, typically an integral part of the narrowband

modulation/demodulation stage. Altogether, these unique features, coupled with the

eminent advancement in both digital signal processing (DSP) and communications,

has spawned many potential applications for UWB, such as:

• short-range (< 10 m) communications with extremely high data rates, e.g.,

communication in a wireless personal area network (WPAN) and/or body area

network (BAN);

• wireless sensor network (WSN), where low rate communications are combined

with precise ranging and geolocation [7];

• radar systems, with the extremely high spatial resolution and obstacle penetra-

tion capabilities.
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1.1 Motivation

As more efforts are put forth in the design of UWB-specific applications, more work

also needs to be concentrated on the selection of the design parameters, such as

pulse shaping, transmitter/receiver (TX/RX) design, multiple-access technique, and

antenna selection, all of which are influenced by the wireless propagation channel.

The IEEE 802.15.3a channel model [8] (and the latest IEEE 802.15.4a version [9])

devised recently for UWB models the multipath channel as a tapped-delay-line such

that the received signal would simply be comprised of delayed and scaled replicas of a

pulse template. However, this model is too optimistic since it ignores the pronounced

frequency-dependent pulse distortion [6, 10–12] that arises owing to the ultra-wide

spectral support of the transmitting pulse. Hence, new channel characterization must

be conducted to ensure that the future channel model can account for the realistic

propagation behaviors of a true wideband channel. One of the most popular channel

characterization method is via the time-domain technique [13] in which the channel

is measured with a digital sampling oscilloscope (DSO). Depending on the desired

resolution, the channel impulse response (CIR) can be extracted from the received

signal by high-resolution algorithms [6], such as the CLEAN algorithm [14].

The result of a good channel model can facilitate accurate performance analysis

and system design on potential UWB applications. One application particularly of

interest is in ranging and localization applications, which the impulsive UWB sys-

tem can enable centimeter accuracy with a minimum cost on the signal-to-noise ratio

(SNR) [7]. High precision localization is a desirable feature in emergency applications

such as search and rescue operations, and non-emergency applications in logistics, in-

ventory and personnel tracking in both public and private sectors [3, 7, 15]. However,

when locating many items in a system of interconnected networks, e.g., estimating

the unknown positions of the many target nodes (TN’s) in a WSN with a few ref-
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erence nodes (RN’s) of known positions [16], the complexity of both the localization

and ranging algorithms must be minimized to foster real-time operation. Depending

on the network topology and given a set of range measurements, the localization al-

gorithm must pinpoint the location of the TN in a timely manner. Since the data

processing cannot begin until all of the measurements are collected, rapid localization

hinges on minimizing the amount of measurement time. Taking advantage of its wide

spectral support, range estimates derived from time-of-arrival (ToA) measurements is

the most suitable approach in UWB-based positioning system. Unfortunately, many

existing UWB ranging algorithms are either highly complex [17, 18], or do not perform

well in low SNR [19], even if means of advanced DSP are available [20]. Therefore,

part of the ongoing research in UWB ranging is to devise low-complexity algorithm

that is capable of online operation, and to demonstrate the feasibility of the algorithm

in a real-world application.

Apart from re-examining the validity of the existing channel model or devising

a new low-complexity ranging scheme, the ultimate target application of the UWB

technology is in communications [2–4]. Although the ultra-wide spectrum of impul-

sive UWB can enable many attractive features as aforementioned, deploying UWB-IR

in a communications context is quite challenging. Particularly troublesome is the dis-

persion of the transmitted energy due to multipath propagation, c.f., Fig. 1.1, an

effect which is more pronounced as the overall system BW is increased [2–5, 13, 21].

Due to the energy dispersion, a robust receiver that is capable of collecting the rich

multipath must be designed to mitigate performance degradation. Ideally, the Rake

receiver [22] which has been widely adopted in spread spectrum systems can be used

to collect the multipath components (MPC’s). However, a Rake receiver relies on

the maximum ratio combining (MRC) of accurate channel state information (CSI) to

produce reliable decision statistics. Therefore, it is important to devise an accurate
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(a) Rich multipath diversity [6]
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Figure 1.1: The rich multipath diversity and its impact on the received signal for
UWB-IR.
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channel estimator. For that, Win and Scholtz, and Lottici et al. proposed a maxi-

mum likelihood (ML) channel estimator for an isolated pulse and data-aided (DA)

pilot symbol transmission in [5] and [23], respectively. Unfortunately, both require

operating at the formidable Nyquist sampling frequency. Since then, many other

variants of the estimator [24–27] and new receiver types [28–31] have been proposed

to reduce the complexity. Suboptimal receivers such as energy detectors and auto-

correlation receivers generally take a power penalty to achieve similar performance

to the coherent counterpart [32]. Recently, there has been a renewed interest in the

use of Rake receivers for UWB applications, e.g., multiple-input and multiple-output

(MIMO) systems [33], BAN [34] and cooperative BAN [35], and prerake systems [30].

In addition, the use of accurate CSI, e.g., multipath delay (and amplitude) estimates,

is also indispensable for precision asset localization and tracking with UWB-IR [7, 36].

As shown in [36], when delays of the MPC’s are known a priori, accurate channel

estimates can greatly improve the performance of the ToA positioning algorithm.

In essence, the design or enhancement of accurate channel estimator must not be

overlooked for impulsive UWB technology.

1.2 Contributions

The contributions of this thesis are three-fold.

First of all, we summarize the use of the CLEAN algorithm in UWB channel char-

acterization, including a discussion on the a priori assumption, enhancements made

to the basic algorithm, and the effect of the a priori assumption has on the perceived

channel characteristics. We then study the a priori dependence with real-world mea-

surements to demonstrate the shortcomings of the single-template CLEAN. Finally,

we propose a high-resolution, multi-template deconvolution algorithm to enhance
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the channel estimator performance. This algorithm incorporates realistic frequency-

dependent pulse distortions, and we compare our algorithm to its predecessors in

terms of accuracy, energy capture and computational speed.

Secondly, to improve ranging accuracy when localizing with UWB-IR, we propose

a regularized least squares (RLS) approach with wavelet denoising to improve the

estimator accuracy at low SNR. Our approach estimates the ToA as a by-product of

the RLS channel estimation based on a thresholding technique, which is simple and

can enable online processing applicable to real-time application. In addition to the

meticulous selection of a threshold based on the Neyman-Pearson (NP) criterion, we

demonstrate the robustness of our algorithm by comparing with the existing algo-

rithms in computer simulation when advanced DSP is available, then applying the

algorithms to a realistic situation of range estimation via the UWB-IR.

Thirdly, to fully exploit the multipath diversity with channel estimating Rake

receiver without acquiring the formidable Nyquist-rate samples, we propose a low-

complexity ML (LC-ML) channel estimator which combines the compression frame-

work of compressed sensing for sampling rate reduction while retaining the noise

statistics formulation of ML to achieve a reliable performance. Compressed sensing

is an emerging theory that outlines a novel strategy to jointly compress and detect

a sparse signal with fewer sampling resources than the traditional Nyquist sampling.

On top of deriving the Cramér-Rao Lower Bound (CRLB) for the LC-ML, we per-

form simulation to compare our estimator with the conventional ML estimator and

the ℓ1-norm minimization technique typically used in compressed sensing.

We would like to stress that although the contributions do not abide by the lat-

est IEEE 802.15.4a standard [37], they are novel in ways such that we have either

improved upon and/or extended the work of recent literatures. Ultimately, these

improvements can be incorporated as a part of the existing standard if needed.
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1.3 Thesis Outline

The rest of this thesis is organized as follows:

Chapter 2 provides background information and literature reviews. Specifically, it

first introduces UWB channel characterization via deconvolution techniques.

Then, it discusses ToA estimation with UWB-IR, including the CRLB on rang-

ing and the fusion of data for positioning. Finally, channel estimation with

UWB-IR is discussed together with the use of CSI in MRC Rake receiver.

Chapter 3 studies the a priori dependence with real-world measurements to demon-

strate the limitations of the CLEAN algorithm. Thereafter, we propose a high-

resolution, multi-template deconvolution algorithm that incorporates realistic

frequency-dependent pulse distortions. We compare our algorithm to its prede-

cessors in terms of accuracy, energy capture and computational speed.

Chapter 4 proposes the RLS ToA estimator with wavelet denoising, including the

system model, wavelet denoising and an outline of the threshold selection strat-

egy based on the NP criterion. This chapter then illustrates the robustness of

our estimator in two respects: first comparing with the existing high-resolution

ToA algorithms in computer simulation, then comparing all of the algorithms

in a realistic situation of range estimation via the UWB-IR.

Chapter 5 proposes the LC-ML channel estimator, including the system model,

the derivation of the LC-ML estimator, the derivation of the CRLB, and a

discussion on the implementation issues. Then, we validate the derived CRLB

by numerical example, and compare the LC-ML with the ℓ1-norm minimization

estimator and the conventional ML estimator in system performance.

Chapter 6 concludes the thesis and suggests possible future work.
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Chapter 2

Background and Related Work

In this chapter, we provide background information and literature reviews for the

thesis. Section 2.1 introduces UWB channel characterization via deconvolution tech-

niques by discussing the a priori assumption, enhancements made to the basic al-

gorithm, possible pulse distortion and its implication on the algorithm. Section 2.2

discusses ToA estimation with UWB-IR, including the CRLB on ranging and the

fusion of data for positioning. Finally, Section 2.3 discusses channel estimation with

UWB-IR together with the use of CSI in MRC Rake receiver.

2.1 Channel Characterization via Deconvolution

Techniques

UWB-IR technology has attracted tremendous attention among the global commu-

nications research community [2, 6]. With the potential for high data rate, multiple

access capacity, high resistance to multipath, low probability of detection and inter-

ception, and material penetration, it is a candidate for many commercial and military

applications, such as short-range high-speed wireless communications, covert network-



10

ing, precision asset localization, ground-penetrating radar, and through-wall imaging

[2].

Before the final selection of UWB design parameters, such as pulse shaping,

multiple-access techniques, and antenna designs, the channel behavior must be under-

stood through channel characterization. In general, there are three basic techniques

to characterize the channel [13], namely: time-domain, frequency-domain, and with

sliding correlator. Although the time-domain technique has a limited dynamic range

and is challenging in high-energy impulse generation, measurement signal triggering,

and sensitive to impulsive and narrowband interference [6], its simplicity, together

with versatility and high-resolution capability makes it one of the most widely used

characterization techniques. To date, there have been many measurement campaigns

with time-domain ultra-wide BW impulse sounding technique, e.g., [5, 12, 21, 35, 38–

42]. In these, the goal is to analyze and understand the ultra-wide BW channel, and

to propose potentially new UWB communications techniques and applications. With

a proper measurement apparatus setup, it can be straightforward to obtain both the

large-scale and small-scale channel parameters, e.g., the path loss and delay spread,

respectively. However, if high-resolution channel modeling is required, a deconvolu-

tion algorithm, such as the CLEAN algorithm [14], must be used to obtain the details

of CIR.

The CLEAN deconvolution algorithm was first used to enhance the radio astro-

nomical imaging of the sky. Since then, it has been widely used in both narrowband

[14] and UWB [21, 38–46] communications, in faulty cable detection with UWB pulses

[47], UWB biomedical imaging [48] and BAN applications [35]. The algorithm pro-

cesses data by serially canceling (i.e., cleans) the similarity between a dirty map, e.g.,

the measurement, and the a priori information, e.g., the template, and reconstructs

the clean map (i.e., CIR) based on these detected similarities [14]. However, CLEAN
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inherently assumes the channel to be non-dispersive, i.e., there is no pulse distortion,

so the resultant CIR is simply a summation of amplitude-scaled and time-shifted

versions of the a priori information. For time-domain UWB channel sounding, this

assumption must be carefully considered when it involves probing the channel with

sub-nanosecond impulses.

2.1.1 The CLEAN Deconvolution Algorithm

Basic Algorithm

The CLEAN algorithm is an iterative, high-resolution, subtractive deconvolution pro-

cedure that is capable of resolving dense MPC’s which are usually unresolvable by

conventional inverse filtering [6]. However, it circumvents any path dependent pulse

distortion by assuming the received signal is simply a summation of delayed and

scaled versions of the a priori information, usually taken from a line-of-sight (LOS)

reference measurement, as [6, 14]

y(τ) ≈ h(τ) ⊗ p(τ) =
N∑

i=1

αip(τ − τi) , (2.1)

where h(τ) :=
∑N

i=1 δ(τ − τi) is the CIR, p(τ) is the received pulse shape which is

known a priori, ⊗ is the convolution operation, δ(·) is the Dirac-Delta function, N

is the number of MPC’s, αi and τi are the amplitudes and relative delays of the i-th

MPC, respectively, and we have ignored the effect of noise in (2.1). This assumption

must be revised if the CIR is to contain path-dependent distortion. The dominant

feature of CLEAN is that it models the estimated CIR ĥ(τ) as a discrete finite impulse

response (FIR) filter, which can then be easily used to characterize and model delay

spread, path loss, Rake energy capture, and the propagation channel, as in [38, 41].

The basic algorithm to process narrowband channel was first introduced in [14]



12

from image processing to estimate the details of the ToA. As shown in Table 2.1, this

implementation involves the computation of the correlation coefficient function, and

the removal and the reconstruction of detected similarity on both the dirty and the

clean maps, respectively, for each iteration.

1. initialize the dirty map d0(t) with the received waveform y(t)
as d0(t) = y(t) and the clean map with c0(t) = 0;

2. form the normalized cross-correlation functions Rdp(τ) =
dn(t) ⊙ p(t) (⊙ denotes correlation);

3. compute τ̂n = arg maxτ |Rdp(τ)| and α̂n = Rdp(τ̂n);
4. if α̂n < threshold, go to step 8;
5. clean the dirty map by dn(τ) = dn−1(τ) − α̂np(τ − τ̂n);
6. update the clean map as cn(τ) = cn−1(τ) + α̂np(τ − τ̂n);
7. go to step 2;

8. the impulse response is then ĥ(t) = cn(t).

Table 2.1: Basic CLEAN deconvolution algorithm.

This approach for narrowband signal assumes that, since the signal BW is rela-

tively small, the variation of the pulse distortion would be small. For UWB commu-

nications, a variant of the basic CLEAN was first introduced in [21], and has since

been widely adopted on many of the subsequent works in channel characterization

and modeling [38–46]. In [45], it was used to propose a scattering model for the prop-

agation channel. However, the channel was measured in the frequency-domain, and

the a priori was an ideal Gaussian doublet of 2–4 GHz BW with the assumption that

it would experience the same channel as that derived from frequency chirp sounding.

Algorithm Enhancements

The first major enhancement of CLEAN was proposed by [43]. This modification,

called Sensor-CLEAN, processes measurements with a minimum of a priori informa-

tion, except the received signal comprises of impulse-type waveforms, and that they
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have a finite time support. The main advantage of Sensor-CLEAN is its ability to

estimate the ToA, as well as angle-of-arrival (AoA). Unfortunately, it requires an

array of measurements to produce the beamformer output, and is much more compli-

cated to implement than the basic CLEAN. The Sensor-CLEAN was further modified

in [44] to include polarization estimation of each resolvable MPC from the received

signal. Similarly to Sensor-CLEAN, this modification requires an extensive array

measurements, including a set of 3-D array measurements per antenna orientation.

In [14], both the dirty and the clean maps are processed with an amplitude scaled

and delayed version of the a priori. Furthermore, the cross-correlation between the

dirty map and the a priori is formed on each iteration. To speed up this process,

[38] computes the cross-correlation in the initialization, and cleans the dirty map

with autocorrelation of the a priori as in Table 2.2. Although computation speed is

seldom a major issue in channel characterization and testing, this enhancement has

been used on many of the subsequent UWB channel characterization, such as [40, 41],

and faulty cable detection with UWB in [47], to name just a few.

1. initialize normalized cross-correlation between y(t) and p(t),
and normalized autocorrelation of p(t) as Ryp(τ) = y(t)⊙p(t)
and Rpp(τ), respectively, and define the dirty and clean map
as d0(τ) = Ryp(τ) and c0(τ) = 0;

2. compute τ̂n = arg maxτ |Ryp(τ)| and α̂n = Ryp(τ̂n);
3. if α̂n < threshold, go to 7;
4. clean the dirty map by dn(τ) = dn−1(τ) − α̂nRpp(τ − τ̂n);
5. update the clean map by cn(τ) = cn−1(τ) + α̂nδ(τ − τ̂n);
6. go to step 2;

7. the CIR is then ĥ(t) = cn(t).

Table 2.2: Enhanced CLEAN deconvolution algorithm.

In [42], modification was made to combine inverse filtering technique and CLEAN;

however, inverse filtering can be problematic since there is a wide range of filters
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[14, 39], each would give a different result. A multi-template approach was introduced

in [39], where, instead of using a single LOS template as the a priori, it uses more than

one template. The templates are received waveforms at different receiver angle-of-

elevation (AoE) which acts as non-orthogonal basis functions for CIR estimation. For

k different templates p̂j(t) for j = 1, 2, . . . , k, the channel model for multi-template

approach is defined as [39]

h(τ) =
∑

i

αiĥ
j(τ − τi) , (2.2)

where ĥj(τ) denotes the impulse response experienced by the j-th template p̂j(τ),

and equals δ(τ) for LOS. Hence, p̂j(τ) = ĥj(τ) ⊗ p̂1(τ), assuming p̂1(τ) is the LOS

pulse at 0◦ AoE. Table 2.3 lists the multi-template algorithm.

1. initialize the dirty map d0(t) as d0(t) = y(t) and the clean
map with c0(t) = 0;

2. form the normalized cross-correlation functions Rdp̂j (τ) =
dn(t) ⊙ p̂j(t), for j = 1, 2, . . . , k;

3. compute τ̂ j
n = arg maxτ |Rdp̂j(τ)| and α̂j

n = Rdp̂j (τ̂ j
n), j =

1, 2, . . . , k;
4. if all α̂j

n < threshold, go to step 8;
5. clean the dirty map by inserting zeros in place of the detected

MPC;

6. update the clean map as cn(τ) = cn−1(τ) + α̂j
nĥj(τ − τ̂ j

n);
7. go to step 2;

8. the impulse response is then ĥ(t) = cn(t).

Table 2.3: The multi-template CLEAN deconvolution algorithm.

Unfortunately, this algorithm computes correlation at each iteration, assumes non-

overlapping MPC’s because of the dispersive environment, and, instead of subtrac-

tions, it zeros the dirty map. Because of this zeroing, not all of the received signal

energy can be captured by the algorithm [39]. In [46], a modification to the multi-
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template algorithm was proposed; however, it defeats the purpose of the autocor-

relation by computing the cross-correlation for each iteration. Furthermore, the a

priori templates were extracted manually from a single 0◦ AoE LOS measurement.

Hence, the pulse distortions were subjective and can be quite different depending on

interpretation.

The above algorithms assume ĥ(τ) to be independent of generator output, the

measurement system, and the antennas used. Despite accurate estimation, the afore-

mentioned algorithms are still based on a modeled approach; therefore, their outputs

(i.e., the CIR) must be carefully interpreted.

Performance Measures

Performance for CLEAN are often categorized by the mean-squared error (MSE),

correlation coefficient ρ, energy capture ratio, relative error, and least squares condi-

tion [14]. Although the reconstruction from CIR estimation may closely resemble the

measurement, it does not necessary mean the CIR is correct. An incorrect estimation

to per-path distortion would often produce “phantom paths” as the real MPC [6],

[41]. In Chapter 3, we will address these issues of the CLEAN algorithm and propose

an enhancement to the multi-template algorithm listed in Table 2.3.

2.1.2 Pulse Distortion

Although UWB allows the rich collection of multipath, operating with ultra-wide

BW can cause performance degradation due to pulse distortion [6, 11]. Because of

the wide spectral occupancy of these pulses, and a significant number of objects in

the channel, the received signal is always severely distorted due to the frequency se-

lectivity of the radio wave propagation mechanism [6, 11], which often arise due to

object’s material [12], orientation and shape [10], especially in non-LOS (NLOS) and
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long-range LOS applications. In signal processing and, likewise, the CLEAN decon-

volution, the pronounced effect of pulse distortion can significantly lowers the output

SNR of a matched filter (MF) based system by mismatching with the stored template,

thus degrades the system performance [26]. As an example, Fig. 2.1 illustrates the

pulse distortion due to diffraction. We consider the transmission of a single Gaus-

sian pulse, i.e., t exp(−2π(t/τm)2) with τm = 0.5 ns, convolving with the generalized

channel h(t) = t−(1+p)U(t) [11], where U(t) is the unit step function, p ∈ [−1, 0) is a

parameter which characterizes the scattering center, and the receiving antenna acts

as a differentiator [5]. Due to diffraction and depending on p, the received pulses

shown hardly resembles the unit-energy second derivation Gaussian pulse, drawn in

thin red line.
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Figure 2.1: Typical UWB pulse after distortion by diffraction for different values of
p. The transmitted pulse is a unit-energy first derivative Gaussian.



17

2.2 ToA Estimation with UWB-IR

The U.S. FCC spectrum mandate for UWB communications in 2002 has brought forth

many potential applications. Particularly in ranging and localization, UWB-IR has

shown to be a promising candidate that can enable centimeter accuracy with minimal

cost on the SNR [7]. The robustness of UWB-IR in ranging can be demonstrated as

a special case of (2.1) when N = 1, as

y(t) = α1p(t − τ1) + n(t) , (2.3)

where p(t) is the received pulse of duration Tp, n(t) is the additive white Gaussian

noise (AWGN) with double-sided power spectral density (PSD) N0/2, and we have

assumed a pure single-tap AWGN channel. The unbiased delay estimate τ̂1 to τ1 in

(2.3) can be achieved by the ML estimator [49, 50], one which finds the maximum

cross-correlation between y(t) and p(t). The CRLB measures the accuracy of the

unbiased estimator, and for the unbiased range estimate between the TX and RX,

i.e., d̂ = cτ̂1, to d = cτ1 in (2.3), the variance of d̂ is bounded as [7, 49, 50]

σ2
d̂

= E{(d̂ − d)2} ≥ CRLB =
c

8π2β2SNR
, (2.4)

where β2 =
∫∞
−∞ f 2|P (f)|2 df/

∫∞
−∞ |P (f)|2 df is the second moment of spectrum P (f)

of p(t), i.e., the BW of p(t), and c is the speed of light. From (2.4), it is obvious that

to improve the ranging accuracy one can either increasing the SNR or the effective

signal BW. Hence, the inherent wideband characteristic of UWB-IR is advantageous

for precision asset localization and ranging.

Locating a node in a WSN involves obtaining the range information between a TN

and a group of RN’s [7]. When the positions of the RN’s are known, the whereabouts
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of the TN can be estimated by obtaining the range information from radio signals

traveling between the nodes. Then, combining these range estimates to produce the

position estimate of the TN within the network [7, 15]. For a real-time application

which demands the instantaneous tracking of the TN position, the processing of

information must be on the order of a fraction of a second, so a good estimator not

only has to guarantee ranging accuracy but also low in complexity to enable real-time

signal processing.

The range information that is often embedded in the direct path (DP) signal can

be retrieved by techniques such as the ToA estimation [15, 16]. By operating with

pulses having a wide spectral support, UWB-IR enables fine time resolution that

complements the time-based positioning technique as the viable solution for cost-

effective, high-resolution ranging and localization. However, the wide spectrum can

have a pronounced impact on estimation since the incurred MPC’s are often stronger

than the DP [5], and due to the complexity of the UWB wave propagation mechanisms

[6], any devised estimator which seems to work in simulation must also be tested with

realistic range measurements.

To address these, Lee and Scholtz [17] first considered impulse based ranging

technique in dense multipath with the generalized maximum likelihood estimator

which detects the DP arrival while treating other MPC’s as nuisance parameters.

However, it is an iterative algorithm that operates on Nyquist rate samples. To

reduce the sampling rate, [19] proposed an energy detector (ED) based ToA estimator

which captures the ToA as the first energy level to exceed a threshold in a single

frame. The frame in [19] is decomposed into a number of energy blocks so that the

high resolution capability of the ED hinges on having a small block size. Moreover,

because of a square-law device its performance degrades at low SNR. To improve

the ED performance and reduce search complexity, [18] introduced a two-stage ToA
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algorithm which combines the ED as an initial coarse estimate followed by correlation

over chip delays in the estimated time bin of the first stage. In [7], a dirty-template

reference based scheme for symbol-rate samples was proposed. An inverse problem

approach to ToA estimation was proposed by [51], where the authors estimate the

ToA by treating it as a by-product of the large scale least squares (LS) solution.

Although this algorithm is simple, due to a combination of both the noisy signal

and the modeling of closely-spaced MPC’s in the construction of the LS channel

matrix, the problem is ill-conditioned and suffers from output instability when taking

the pseudo-inverse. Additionally, its performance is not well documented and the

relationship on delay models is not examined.

In all of the above literatures except [17], the performance was mostly evaluated via

the computer simulation of certain UWB channel model, such as the IEEE 802.15.3a

[8] or 4a models, with no results pertaining to the actual ranging measurements, which

can be quite different given the intricacy of the wave propagation mechanisms of

pulses having a wide spectral support [52]. In contrast, Low et al. [53] experimentally

demonstrated a UWB ranging scheme in the LOS environment, and Falsi et al. [20]

illustrated a set of ToA estimators based on the indoor measurement data from [5].

Both employ the peak-detection-based (PDB) algorithms which estimate the ToA

from a number of peaks in the MF output. In [53], the first arriving peak after

one MF computation which exceeds a threshold is declared the ToA, whereas, [20]

requires multiple MF computations to achieve the high-resolution1. In [20], the PDB

algorithms are shown capable of estimating the ToA while being efficient at energy

capture in both LOS and NLOS environments. In Chapter 4, we will propose and

evaluate a simple ToA estimator to address these issues.

1The high-resolution algorithms can be viewed as a special case of the single-template CLEAN
deconvolution algorithm outlined in Section 2.1.
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2.3 Channel Estimation for UWB-IR

The rich multipath characteristic of a wireless communication system operating with

sub-nanosecond pulses is one of the most attractive features of UWB-IR [2]. Coupled

with the fine time resolution and low-power implementation, UWB-IR is an emerging

candidate for both localization and ranging applications. The rich multipath diversity

of an impulsive wideband channel calls for the use of Rake receivers [22] for significant

energy capture, higher performance and flexibility, despite its complexity over sub-

optimal counterparts [26], e.g., autocorrelation receivers and non-coherent detectors.

In addition, accurate multipath delay (and amplitude) estimates are indispensable

for precision asset localization and tracking with UWB-IR [7]. Especially when the

distribution of NLOS path delays are known a priori, accurate channel estimates can

dramatically boost the ToA positioning accuracy [36]. The ML channel estimator

for UWB was first proposed in [5] for the transmission of an isolated pulse. Its DA

alternative was later suggested in [23] to enhance the estimator accuracy, especially in

a noisy environment. Although the ML scheme is shown to be a superior estimator,

the tremendous BW of UWB signal renders its implementation difficult because of

the Nyquist criterion.

Most existing literatures on ML complexity reduction tackle the issue by redefin-

ing the problem, relying on the imminent arrival of advanced DSP, or eliminating the

use of ML altogether. Refs. [24] and [25] approached the complexity issue by way of

formulating it as a synchronization or timing recovery problem, respectively. A frame

synchronization approach to complexity reduction was addressed in [24], where a

search over possible frame delays was performed to maximize the log-likelihood func-

tion. In contrast, [25] eliminated the ML formulation and concentrated on timing

recovery with LS signal model. In [26], the ML estimator was simplified by recogniz-

ing multipaths do arrive in clusters, and executing search only for rays falling into
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the highest energy clusters. Although they are of low-complexity, their performance

implicitly depends on acquiring high-rate samples. Ref. [27] proposed a finite rate of

innovation approach which projects a signal into lower dimensional subspace. Unfor-

tunately, due to the closely spaced path arrivals inherent in UWB-IR, the solution to

rate of innovation is often ill-conditioned. Despite these attempts, the most critical

issue - Nyquist sampling rate reduction - of the ML channel estimator has yet to be

addressed.

New receivers have also been proposed to preclude the use of channel estimating

Rake. Suboptimal receivers such as the energy detectors [29] and autocorrelation

receivers [28, 31] generally take a SNR penalty in order to achieve similar performance

to the coherent counterpart [32]. Recently, there has been a renewed interest in the

use of Rake in UWB communications, e.g., MIMO systems [33], BAN [34], cooperative

BAN [35], and the prerake systems [30]. In essence, the design or enhancement of

accurate channel estimator must not be overlooked for UWB-IR technology.

The emerging theory of compressed sensing (CS) outlines a novel strategy to

jointly compress and detect a sparse signal with fewer sampling resources than the

traditional method. For a signal x ∈ R
N which is Y -sparse, with Y ≪ N being an

integer, compressed sensing shows that with high probability x can be reconstructed

from M compressive measurements when M ≥ CY log(N/Y ) ≪ N , where C ≥ 1

is the oversampling factor [54, 55]. Compressed sensing for UWB was first proposed

in [56] as a generalized likelihood ratio test receiver taking advantage of the signal

structure by incorporating pilot assisted modulation. It was later discussed in [57] as

an alternative for UWB channel estimation. Both cases estimate the signal structure

via the matching pursuit (MP) ℓ1-norm minimization algorithm. Unfortunately, how

well MP estimates ties directly to the design parameters, such as the number of

iterations and residual error for convergence [56, 57], which are subject to change



22

depending on the environment. In addition, MP requires a complete N × N basis

as the dictionary for accurate estimation and its performance degrades when there is

noise present. We will address the sampling issue in Chapter 5 by incorporating the

channel estimator with compressive measurements to produce a low-complexity, i.e.,

acquiring low-rate samples, version of the conventional ML channel estimator.

2.3.1 ML Channel Estimator

To perform DA channel estimation, the ML-type channel estimator first transmits K

pilot symbols, and the received signal can be modeled as [23, 26]

y(t) =

K−1∑

k=0

L∑

l=1

αlp(t − τl − kTs) + n(t) , (2.5)

where we have assumed similar channel structure as in (2.1) with arbitrary tap gain

αl and delay τl, for l = 1, . . . , L, and similar variable definitions as (2.3), except Ts

denotes the symbol period with total observation time T0 = KTs, and one pulse is

sent per symbol. Then the ML estimator estimates the path delay and gain as

τ̂i = arg max
τ̃i

(
K−1∑

k=0

vk(τ̃i)

)2

, i = 1, . . . , Lc , (2.6)

α̂i =

∑K−1
k=0 vk(τ̂i)

KEs

, i = 1, . . . , Lc , (2.7)

where vk(τ̃i) =
∫

T0
y(t)p(t − τ̃i − kTs) dt, x̂ and x̃ denote the estimate to and a trial

value of the variable x, respectively, Es :=
∫

Ts
p2(t) dt is the symbol energy, and Lc

is the number of taps to estimate. Non-DA version of the estimator is also available

[23, 24] with slight modification. As mentioned in Lottici et al. [23], the template p(t)

used in (2.6) and (2.7) requires construction by oversampling at the Nyquist-rate,

which exacerbates the power requirement and limits the digital implementation of
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the channel estimator when having to search through all possible τ̃l. Variants of the

ML-type estimator exists, e.g., [26, 30], but all require the oversampling of p(t) to

produce reliable estimates.

2.3.2 MRC Rake Receiver

The MRC Rake receiver produces the optimal decision statistic by the construction

of and the correlation with a stored-reference template according to the CSI [22]. In

Chapter 5, we will consider antipodal pulse amplitude modulation (A-PAM) with a

Rake receiver in a single-user scenario. For that, the received signal after propagation

through a fading channel can be modeled as

y(t) =
∑

i

bi

L∑

l=1

αls(t − τl − iTs) + n(t) , (2.8)

where {bi} are the data symbols taking on the values of ±1 with equal probability.

Upon reception, the Rake receiver performs the MRC on the decision statistic as [23]

νi =
Lc∑

l=1

α̂l

∫ iTs+Tprj

iTs

y(t)p(t− iTs − τ̂l) dt , (2.9)

where the sequences {α̂l} and {τ̂l} are the CSI estimates, and Tprj ∈ [0, Ts) denotes

the integration interval for the i-th symbol. One may use the estimators described

in Section 2.3.1 to obtain {α̂l} and {τ̂l}. Eqs. (2.5)–(2.9) can be easily extended to

multiple frames per symbol case [23, 26].

2.4 Summary

In this chapter, we have reviewed background information and existing literatures

on different aspects of UWB-IR, namely, channel characterization, ToA estimation,
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and channel estimation. We noticed that due to the frequency-selective pulse distor-

tion, the a priori assumption on CLEAN-type deconvolution must be considered with

care. Although UWB-IR is a promising candidate in centimeter-accuracy positioning

system, a simple estimator that can provide real-time range information is still yet

to be devised. Finally, the MRC Rake can provide significant energy capture, high

performance and flexibility over the suboptimal receivers, but one must address the

issue of acquiring low-rate samples in CSI estimation. The following 3 chapters will

attempt to address these issues.
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Chapter 3

A High-Resolution,

Multi-Template Deconvolution

Algorithm for Time-Domain UWB

Channel Characterization

3.1 Background

In this chapter, we examine the a priori dependence of the CLEAN algorithm and

devise an enhanced multi-template CLEAN algorithm. We first examine the effect of

the deconvolution performance, in terms of the MSE and correlation coefficient, on

both LOS and NLOS measurements with imperfect LOS templates, an ideal Gaus-

sian monocycle, and several noise templates. Then, continuing from the work of [39],

we propose a high-resolution, multi-template deconvolution algorithm which utilizes

realistic frequency-dependent pulse distortions to further enhance the channel im-

pulse response (CIR) estimation accuracy. We view the CLEAN algorithm as using
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templates which are non-orthogonal basis functions, and the algorithm here offers

improvements over its predecessor. However, the resulting CIR must be interpreted

with great caution for frequency-selective, NLOS channels.

The rest of this chapter is organized as follows: Section 3.2 presents a system model

for the time-domain channel measurement. To examine the a priori assumption on

the CIR, Section 3.3 describes our approach to obtain the realistic measurement,

and a study on the a priori dependence of CLEAN is given in Section 3.4. Finally,

we propose an enhanced multi-template deconvolution algorithm in Section 3.4, and

compare its performance against the previous algorithm in Section 3.5. A summary

is given in Section 3.6.

3.2 Time-Domain Channel Characterization

3.2.1 Channel Measurement

Time-domain channel sounding involves the use of a pulse generator, a pair of anten-

nas, a low-noise amplifier (LNA), and a digital sampling oscilloscope (DSO), which

acts as the receiver (RX), to measure the channel [6, 13]. For simplicity, assuming

the UWB channel to be wide-sense stationary (WSS), the CIR can be modeled as a

summation of frequency-dependent MPC’s from N effective scatterer sources as [6]

h(τ) =
N∑

i=1

αiχi(τ) ⊗ δ(τ − τi) , (3.1)

where χi(τ) is the frequency dependent distortion on the i-th echo after interaction

with the environment. Here, the MPC’s are not necessarily resolvable. Considering

antenna filtering effects, for a free space impulse transmission p(τ) which is sent to

the channel in (3.1), the received signal y(τ) after propagation and ignoring the noise
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effect1 becomes [43]

y(τ) = p(τ) ⊗ h(τ) =
N∑

i=1

αiχi(τ) ⊗ p(τ − τi) (3.2)

=
∑

i

αipi(τ − τi) .

The pulse shape corresponding to the i-th MPC is now strongly dependent on

the propagation path. For indoor channel sounding, this pulse distortion is more

pronounced so the impact of assuming negligible pulse distortion on the received

signal must be considered with care. For time-domain measurement, (3.2) is readily

observable at the DSO output. If high-resolution CIR is required, y(τ) can be further

processed with the CLEAN algorithm [14].

3.3 Measurement and Processing

To show the impact of a priori assumption on CLEAN, a time-domain UWB measure-

ment campaign was conducted at the Wireless Communications Research Laboratory

of Simon Fraser University. The laboratory is a combination of research facilities and

offices. Fig. 3.1 illustrates the measurement setup.

A pulse generator periodically sends a 300 ps-wide Gaussian monocycle to the

antenna. The excitation pulse has a 10-dB BW of 4.7 GHz. On the RX, a 26

dB gain, 12 GHz 3-dB BW LNA is used to amplify the signal before it is being

sampled by the DSO at 20 ps per sample. The antennas are a matched pair of

omni-directional wideband bicones with an impedance BW of 2–18 GHz. A separate

signal generator is used to trigger both the pulse generator and the DSO. To minimize

the channel disturbance, measurements were automated by a laptop through a GPIB

interface. Both LOS and NLOS measurements were taken with a varying RX distance.

1We will consider the noise effect in measurement post-processing.
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Figure 3.1: Time domain measurement setup.
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Moreover, 180 profiles of 5 profiles per grid point were recorded on a 6-by-6 grid of

size 0.56 m2 at each distance to foster accurate statistics. The grid separation is

0.15 m, and a profile length of 400 ns was used. To eliminate both the out-of-band

noise and the DC bias, the waveforms were first digitally filtered with a 0.1–12 GHz

bandpass filter, followed by a moving window average of length 3 samples before being

processed by the CLEAN algorithm.

3.4 Subtractive Deconvolution

Different types of template are used to demonstrate the a priori dependence of the

CLEAN algorithm, they are: 1 m LOS templates of different angle-of-elevation (AoE),

an ideal Gaussian doublet, and filtered noise template of both short and long dura-

tions. The durations are determined by the finite time support of either the AoE

template or the measurement.

3.4.1 Single-Template CLEAN

The CLEAN algorithm of [38] is implemented to process measurements with other a

priori assumptions. The process exits when either 1, 000 iterations expire or MPC’s

of 20 dB below peak are detected. Once CLEAN exits, the resultant clean map is the

channel estimation ĥ(τ), and a convolution between the estimation and the a priori

gives the reconstructed signal ŷ(τ). Table 3.1 lists the deconvolution accuracies,

and Fig. 3.2 plots the accuracies with different AoE templates as the a priori for

sets of LOS and NLOS data. As shown, the channel estimation and its waveform

reconstruction clearly depend on the a priori model. It is also interesting to note

that the accuracy improves with a −60◦ template than a 0◦ one. However, it is

difficult to draw conclusions about the channel from this information. Even with
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MSE and correlation MSE Correlation
coefficient between Coefficient

y(τ) and ŷ(τ) LOS NLOS LOS NLOS
0◦ AoE template 0.0610 0.0147 0.8037 0.8851

Gaussian doublet, τm = 0.3342 0.0552 0.0143 0.8240 0.8889
Filtered noise, short duration 0.0534 0.0254 0.8318 0.8027
Filtered noise, long duration 0.1593 0.0604 0.2828 0.3431

1. Gaussian doublet as described in [5].

Table 3.1: Single-Template Deconvolution Accuracies.
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Figure 3.2: Correlation coefficient vs. 1 m LOS a priori template of varying AoE.
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templates which have no relationship to the sounding pulse, the signal can still be

reproduced with apparent accuracy! For example, Fig. 3.3 demonstrates one instance
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Figure 3.3: A transient response comparison between a 10 m LOS measurement y(τ)
and CLEAN reconstruction ŷ(τ). The bottom figure shows the estimated CIR ĥ(τ)
with short duration, filtered noise as the a priori.

of LOS y(τ), ŷ(τ), and ĥ(τ) with short duration, filtered noise as the a priori. In this

case, ρ = 0.8143 even though the template is simply random noise.

3.4.2 Multi-Template CLEAN

The assumption that a received profile is simply the summation of delayed and scaled

versions of the a priori template seems unlikely to be valid. As described in [39], one

approach to circumvent this problem is to deconvolve with more than one template.

Although this modification still involves a priori models, it at least attempts to address

the issue of frequency selective pulse distortion. Unfortunately, this algorithm is more

complicated in that it requires the cross-correlation calculation for each iteration, and
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further degrades any resolution accuracy by assuming none overlapping MPC’s due

to a dispersive environment. Because of this assumption, not all the energy can be

captured in the deconvolution algorithm. To overcome these problems, we propose an

enhancement to the work of [39] to effectively increase its estimation accuracy while

attaining computational efficiency.

Continuing from (2.2), the multi-template deconvolution algorithm is modified

as in Table 3.2, where we let p̂j(t) be the 1 m LOS measurement at different AoE.

The advantages of this algorithm are: channel estimation accuracy, since it no longer

1. initialize normalized cross-correlation between y(t) and p̂j(t)
as Ryp̂j (τ) = y(t) ⊙ p̂j(t), for j = 1, 2, . . . , k, and define the

dirty and clean map as dj
0(τ) = Ryp̂j (τ) and c0(τ) = 0;

2. compute τ̂ j
n = arg maxτ |Ryp̂j(τ)| and α̂j

n = Ryp̂j (τ̂ j
n), for j =

1, 2, . . . , k;
3. if all α̂j

n < threshold, go to 7;
4. clean the dirty map by inserting zeros in place of detected

MPC as dj
n(τp) = 0, where τp spans the same duration as

p̂j(t), for j = 1, 2, . . . , k;

5. update the clean map by cn(τ) = cn−1(τ) + α̂j
nĥj(τ − τ̂ j

n);
6. go to step 2;

7. the CIR is then ĥ(t) = cn(t).

Table 3.2: Enhanced multi-template CLEAN deconvolution algorithm.

works on received signal zero padding, rather on cross-correlations to permit better

peak detection and retain finer resolution; computational efficiency, since it no longer

requires correlation on every loop (although, as noted above, this is normally not

a major issue), and it does not require the use of subjective templates as in [46].

Furthermore, this algorithm is also simple to implement and works on point-to-point

measurements, unlike the Sensor-CLEAN and its variant. It is also less susceptible to

output instability caused by sample misalignment during the deconvolution process,

which often occurs when there is significant pulse distortion on the a priori templates.
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Hence, it is possible to incorporate templates such as a through-wall measurement.

Finally, the channel estimation can be further improved by varying the size of τp; this

is not possible for both [39] and [46].

3.5 Results and Analysis

To illustrate the gain over the previous multi-template approach, a set of LOS and

NLOS measurements are processed with the algorithms. Fig. 3.4 plots the improve-

ment in correlation coefficient at a fixed τp. For the case of one to five reference
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Figure 3.4: Improvement in correlation coefficient vs. number of multi-template be-
tween the the original algorithm from [39] and the newly proposed algorithm. Here,
τp equals the sample length of the a priori templates.

templates p̂j(t) for j = 1, . . . , 5, the combinations are: 0◦, (0◦, −45◦), (0◦, −45◦,

−60◦), (0◦, −30◦, −45◦, −60◦), (0◦, −15◦, −30◦, −45◦, −60◦), respectively. By

working with correlations, we see a consistent, albeit small, increase in the appar-

ent estimation accuracy as compared to the previous approach, especially in NLOS
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scenario where the pulse distortion dominates. For example, the improvement, i.e.,

change in ρ between our proposed algorithm and the original CLEAN from [39], for

LOS case ranges from ∆ρ = 0.0141 to 0.0124 for single to up to five templates. For

NLOS, the improvement from single to five templates ranges from ∆ρ = 0.0131 to

0.0280, and from ∆ρ = 0.0081 to 0.0233 for 5.54 m and 9.11 m measurements, respec-

tively. These improvements would not have been possible if we were to update the

dirty map, as opposed to the correlation functions, on the CLEAN algorithm. Similar

improvements are also observed when compared by the MSE. As was observed in [39],

by increasing the number of templates, the estimation can be further improved due

to the inclusion of more pulse distortions on the a priori.

Fig. 3.5 illustrates the apparent improvement in estimation accuracy as τp varies

for both LOS and NLOS measurements. As shown, the correlation coefficient im-

proves as τp decreases; hence, it is possible to find an optimum τp which maximizes

ρ for a set of measurements. For the best τp in the example above, i.e., τp = 75,

the improvement for LOS ranges from ∆ρ = 0.0938 to 0.1184 for single to up to

five templates. For NLOS, the improvement ranges from ∆ρ = 0.1559 to 0.1817,

and from ∆ρ = 0.1598 to 0.1797 for 5.54 m and 9.11 m measurements, respectively.

These improvements are small in the context of the uncertainty of correlation analysis.

However, they are consistent and exist since a smaller τp results in more resolvable

MPC’s, thus a higher MPC resolution. This is especially important for the NLOS

case where the channel often contains significant number of MPC’s, all of which must

be properly identified in order to improve the estimation performance. Unfortunately,

the high-resolution capability cannot be realized for the algorithms in [39, 46] since

both sacrifice the energy capture by operating on the dirty map.

To illustrate this, Figs. 3.6 and 3.7 compare the energy capture ratio and relative

error versus number of single-path correlators between the modified and the original
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Figure 3.5: Improvement of correlation coefficient vs. number of multi-template for
a varying τp of 75, 100, 125, 150, 175, and 200 samples, from top to bottom, respec-
tively. The solid lines are proposed algorithm, and the dashed lines are the original
algorithm.
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multi-template CLEAN. For τp = 75 with five templates, the modified algorithm can

capture up to 83.97%, 62.75%, and 56.55% of energy with 50 single-path correlators,

as compared to 46.10%, 31.20%, and 30.70% from the original algorithm for 10 m LOS,

5.54 m and 9.11 m NLOS, respectively. For relative error under similar conditions,

the numbers are 44.93%, 58.80%, and 62.24%, as compared to 53.48%, 68.42%, and

68.98%, for 10 m LOS, 5.54 m and 9.11 m NLOS, respectively. Furthermore, the

energy capture capability of the original algorithm saturates owing to the assumption

of none overlapping MPC’s. In contrast, our approach does not have this limitation

and captures more energy as the number of correlators increases.
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Figure 3.6: Comparison of energy capture ratio vs. number of single-path correlators
for τp = 75 and five multi-template between the original and new CLEAN algorithms.

Apart from the improvements in estimation, the main advantage of working with

cross-correlation functions is an increase in computational efficiency. To demonstrate

this, we processed the data under identical computer environments. Fig. 3.8 shows

the gain for τp = 75 and five a priori templates. The improvement on LOS is 1.3993
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s, and, for NLOS, the gains range from 1.2720 s to 1.7670 s for 5.54 m and 9.11

m measurements, respectively. Improving the computational efficiency may become

significant in large-scale NLOS post-processing where the identification of a large

number of MPC’s is mandatory for accurate estimation.
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Figure 3.8: Computational speed vs. number of multi-template with τp = 75 between
the original and new CLEAN algorithms.

3.6 Summary

In this chapter, we have studied the a priori dependency of CLEAN with real-world

measurements under several a priori models. It was shown that even with templates

which are unrelated to the sounding pulse, the signal can still be reproduced with

good accuracy. Hence, modification must be made to account for the frequency-

selective pulse distortion, which is an important characteristic of an impulsive ultra-

wide bandwidth propagation channel. For that, we have proposed an enhanced multi-

template CLEAN algorithm which considers the wideband radio wave propagation
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mechanisms, and was shown to supersede its predecessor by being computationally

efficient, simple, accurate, and deployable for point-to-point measurements. However,

the results produced by these modeled deconvolution must be interpreted with great

care for frequency-selective NLOS channels.



40

Chapter 4

Multiresolution Wavelet Denoising

for Ultra-Wideband

Time-of-Arrival Estimation with

Regularized Least Squares

4.1 Background

As discussed in Section 2.2, a low-complexity ToA estimator that is capable of rang-

ing in low SNR is crucial to the design of real-time positioning systems. To improve

the estimator accuracy at low SNR and attain low complexity for the ease of real-

time positioning, we propose a regularized LS (RLS) approach with wavelet denoising

(WD) to the problem of ToA estimation. Pioneered by Donoho and Johnstone [58],

WD has been successfully applied to boost the low SNR performance of time-delay

estimator [59] and several direction-of-arrival algorithms, e.g., [60, 61]. Our tech-

nique utilizes the discrete wavelet transform (DWT), and hyperbolic shrinkage of [62]
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with the threshold developed by Donoho [63] to effectively enhance the SNR prior to

RLS channel estimation; thereafter, the final retrieval of accurate ToA information

via a thresholding technique. Our approach is simple and enables fast, on-the-fly,

high-resolution ToA estimation applicable to real-time ranging system. We devise

a threshold selection strategy based on the Neyman-Pearson (NP) criterion of con-

stant false alarm (CFA), and demonstrate the superior performance of our estimator

in both computer simulation and with realistic UWB ranging measurements. When

Nyquist sampling rate is available, our estimator is shown to outperform the ED [19]

in ToA estimation, and the high-resolution PDB algorithms [20] in both ToA estima-

tion and computational complexity. In addition, the performance of our estimator

can be improved when adapting the CFA criterion for threshold selection. To the

best of authors’ knowledge, this approach has yet to be adopted for UWB-IR ToA

estimation. Note that higher resolution can be achieved by interpolating from the

Nyquist rate samples.

The rest of this chapter is organized as follows: Section 4.2 presents the over-

all system model, including a description of both LS and RLS channel estimators.

To examine the benefits of denoising, Section 4.3 describes the critical components

of WD and how they contribute to the SNR enhancement. Then, we propose our

ToA estimator in Section 4.4, outline the threshold selection criterion in Section 4.4,

and compare its performance in both computer simulation and realistic UWB range

measurements in Section 4.6. Finally, a summary is given in Section 4.7.

4.2 System Model

The position of a sensor node is directly related to the ToA of the first multipath

component. To estimate the ToA, a UWB ranging system periodically transmits
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sub-nanosecond pulses between the RN’s and a TN of unknown distance. For a single

pulse transmitted through free-space, the received signal at the RN under multipath

can be modeled as

r(t) =
L−1∑

l=0

αlw(t − τl) + n(t) , (4.1)

where w(t) is the received pulse template of duration Tp, αl and τl are the amplitude

and time delay of the l-th multipath, L is an unknown a priori which presents the

number of propagation paths, and n(t) is the additive white Gaussian noise (AWGN)

with variance σ2 to account for thermal noise. In (4.1), we model the channel as a

tapped delay line where τl = τ0 + ∆̃l, ∆̃ is the width of a time bin [18], and ∆̃(L− 1)

is the dispersion of the channel. The purpose of ToA estimation is to accurately

estimate the DP, i.e., τ0, over an observation interval [0, T ), where T ∈ [0, ∆̃(L− 1)).

For the ease of analysis and simulation, we assume there are two channel conditions,

with ∆̃ ≥ Tp denoting a resolvable channel and ∆̃ < Tp indicating an unresolvable

dense multipath channel with overlapping MPC’s. Similar to [17, 20, 51, 53], we

assume the transmission of an isolated pulse in (4.1), and the extension to multiple

pulses is straightforward which can be done by averaging over multiple pulses, e.g.,

[18, 19].

Assuming T can be divided into K equally spaced delays for k = 0, 1, . . . , K − 1,

each associating with a channel tap ak. We can then simplify (4.1) by associating the

set {ak}K−1
k=0 of channel coefficients with uniformly delayed received pulse template

w(t − k∆) for k = 0, 1, . . . , K − 1, as

r(t) =

K−1∑

k=0

akw(t − k∆) + n(t) . (4.2)

Suppose the received signal is sampled at sampling time Ts. Given time instant
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samples ti = (i − 1)Ts for i = 1, 2, . . . , M , (4.2) can be written as

r(ti) =
K−1∑

k=0

akw(ti − k∆) + n(ti) , i = 1, 2, . . . , M , (4.3)

which in matrix notation is given by

r = Wa + n = s + n , (4.4)

where a = [a0, a1, . . . , aK−1]
T and n = [n(t1), n(t2), . . . , n(tM )]T are vectors of channel

coefficients and the noise samples, respectively, s = Wa is the signal portion of r,

and

W =




w(t1) w(t1 − ∆) . . . w(t1 − (K − 1)∆)

w(t2) w(t2 − ∆) . . . w(t2 − (K − 1)∆)

...
...

. . .
...

w(tM) w(tM − ∆) . . . w(tM − (K − 1)∆)




, (4.5)

represents a M ×K matrix which comprises of delayed and sampled version of w(t).

In contrast to the matrix representations of [51] and [20], the step-size in (4.5) can be

varied for the sake of estimation accuracy. Consequently, depending on ∆, the linear

system in (4.4) can be either over or underdetermined.

4.2.1 LS Solution

We treat the ToA estimation as a by-product of the LS channel estimator by solving

the solution to (4.4). For an overdetermined noiseless system there exists a unique

solution which solves the problem

min ||Wa− r||2 , (4.6)
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which yields the LS solution given by

âLS = (WTW)−1WT r = W⊥r , (4.7)

where || · ||2 is the Euclidean norm, (·)T denotes matrix transpose, (·)−1 is the matrix

inverse, â denotes an estimate of a and W⊥ is the Moore-Penrose inverse of W.

Unlike [20], W⊥ can be pre-computed and stored when a desired resolution ∆ is

given. For resolvable channels, i.e., ∆̃ ≥ Tp, the columns in W are independent, thus

W is well-conditioned and (4.7) gives the maximum likelihood estimate (MLE) of a.

Unfortunately, (4.7) is often sensitive to noise in the received signal and can be quite

unstable when W is ill-conditioned, e.g., in a dense multipath channel where ∆̃ < Tp.

4.2.2 Regularized LS Solution

To find a meaningful result when the solution to (4.6) becomes unstable, we apply

the technique of regularization. Regularization is a well-known technique for dealing

with instability in the inverse problem [64] by forcing an ill-conditioned problem into

a well-conditioned one with some a priori information. The RLS solution solves the

problem

min{||Wa− r||2 + λ||a||2} , (4.8)

where λ ≥ 0 is the regularization parameter which controls the solution’s energy.

Note that with λ = 0 the solution to (4.8) reduces to the LS one. With λ > 0, it is

straightforward to show that the unique global solution to (4.8) is given by

âRLS = (WTW + λI)−1WT r = W⊥
λ r , (4.9)
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where W⊥
λ is called the regularized pseudo-inverse, which can also be pre-calculated

and stored for fast, on-the-fly processing. We note that in both (4.7) and (4.9), the

resolution of â depends entirely on parameter ∆ in (4.5), with a smaller ∆ incurring

a higher resolution. More on the selection of parameters in Section 4.4.

We do not consider pulse distortion in modeling w(t) for (4.7) and (4.9). How-

ever, calibration can be done in the system design and testing stage to find out w(t)

after going through the antennas. Nevertheless, the possible frequency dependent

distortion on w(t) caused by the wireless propagation environment will be hard to

characterize [52]. The severity of the distortion depends on the frequency range of

the pulse and the physical environment. In the case of slight mismatch between the

template and the pulse shape, the effect on ToA estimation will not be substantial.

Investigation on this issue is beyond the scope of the thesis.

4.3 Wavelet Denoising

To realize a stable LS solution for accurate ToA estimation, we apply the well-

established technique of WD. Since its introduction in [58], denoising with DWT

has become a powerful tool to recover noise corrupted data. To recover M samples

of a known data sequence s from the noise-corrupted observation r = s + n, where n

denotes a M × 1 vector samples of AWGN with variance σ2, the purpose of WD is to

differentiate the wavelet coefficients of s from those of n, assuming the coefficients of

s resides mostly in the low frequency region and can be compressed into a few large

values in the wavelet domain. The wavelet denoising block of Fig. 4.1 illustrates this

process. First, the compression is carried out with DWT by multiplying r with a
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M × M orthonormal wavelet matrix WW , as

rW = WW r = WW s + WWn

= sW + nW , (4.10)

where the matrix WW can be pre-determined given the wavelet filter order F and

decomposition level J [51, 59]. Due to the orthonormal property of WW , the noise is

similarly mapped to nW with identical statistics. However, because of the wideband

nature of noise, the noise coefficients are usually small and can be discarded; whereas,

the large coefficients of the desired signal are retained [58, 63].

Differentiating amongst these coefficients is identical to the filtering operation,

where (4.10) is multiplied in the second stage by a matrix H modeled as

H = diag[h(1), h(2), . . . , h(M)] . (4.11)

The elements of H are set according to the thresholding criterion, with hard

and soft thresholds from [63] being the most common, or the hyperbolic shrinkage

proposed by Vidakovic [62] defined as

h(i) =






√(
1 − δ2

|rW (i)|2

)
, if |rW (i)| > δ

0 , otherwise

(4.12)

where rW (i) denotes the i-th element of rW , | · | is the absolute value operation, and

δ is the threshold from [58, 63] given by

δ =
√

2σ2 log(M) . (4.13)
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Finally, the recovery of the desired signal s is now given by

ŝ = WT
W r̃W = WT

WHWWr , (4.14)

which is the inverse DWT operation to the denoised wavelet coefficients r̃W = HrW ,

where ŝ represents an estimate of s, but with the noise significantly reduced. The

process of discarding and retaining the wavelet coefficients results in the overall SNR

enhancement.

4.4 RLS-WD ToA Estimator

The distinct advantage of UWB in ranging is its high precision with minimal penalty

on SNR. Many existing ToA estimators, however, do not work well at the low SNR

region, thus are limited to only short distance ranging. To improve the estimator

accuracy under low SNR, we adopt wavelet denoising with RLS channel estimation

as shown in Fig. 4.1 for a simple, yet accurate, ToA estimation. We name this the

RLS-WD ToA estimator.

One drawback of denoising with DWT is the requirement of noise information,

where its ability to remove noise depends entirely on how accurate the noise variance

can be estimated. For narrowband signals and images which map to a few large, low-

frequency coefficients in the wavelet domain, noise variance can be estimated from

the finest scale wavelet coefficients [63]. However, due to the wideband characteristic

of UWB, estimating variance from the first level decomposition is often incorrect.

For that, assuming a large distance between nodes and a large sample size M , the

variance can be estimated from the first few hundred noise samples as

σ̂2 =
1

N − 1

N∑

i=1

(r(ti) − µ̂)2 , (4.15)
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where µ̂ is the sample mean and N a subset of M . The noise only region for estimating

the noise variance by (4.15) can be double checked after a range estimate is obtained.

Table 4.1 outlines the RLS-WD ToA estimator. To summarize, the RLS-WD algo-

rithm has three parameters to determine: threshold ξ, estimation resolution ∆, and

the regularization parameter λ. The parameter ∆ is a system design parameter that

determines the trade-off between accuracy and complexity. The system requirements

mandate the selection of ∆. The parameter λ can be selected according to the cross-

validation method [65] or the Miller criterion [66], whereas in our simulation we find

its choice rather robust to channel conditions, the ∆ values and the constant ξ. The

threshold ξ will be studied in the next section.

1. receive M samples of observation r at sampling rate Ts over
the interval [0, T );

2. estimate the noise variance σ̂2 according to (4.15);
3. select the wavelet filter order F and WD decomposition level

J , apply Daubechies DWT and Vidakovic hyperbolic shrink-
age to r, and estimate the desired signal according to (4.14);

4. choose the channel estimator resolution ∆, and K = T/∆,
construct W according to (4.5);

5. estimate the channel â using either LS solution in (4.7), or
RLS algorithm in (4.9), with a pre-determined λ;

6. estimate the ToA as

τ̂0 = arg min
tk

|â| > ξ , (4.16)

where ξ = ηâmax is the threshold, η ∈ (0, 1) is the normalized
threshold relating to a percentage of âmax = max{|â|}, the
maximum estimated amplitude.

Table 4.1: The RLS-WD ToA estimator.
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4.5 Threshold Selection for RLS-WD Estimator

The threshold selection plays a crucial role in the overall estimator performance.

Especially in a dense multipath channel, a threshold too low can increase the chance

that the noise samples prior to the true ToA being falsely identified as the ToA [17],

i.e., the early false alarm probability PFA. Conversely, it is possible to miss the true

ToA and detect the later arriving MPC’s as the ToA when a threshold is set too high,

thus increasing the probability of a missed detection PM [17].

In this section, we devise a framework for threshold selection according to the

NP criterion [67], one which selects a threshold according to a constant false alarm

probability. For the tractability of analysis, we assume: 1) the noise samples are

independent and identically distributed (i.i.d.) Gaussian random variables (r.v.’s)

with zero mean and variance σ2, and 2) the columns of W in (4.5) are orthonormal

basis functions, i.e., wT
i′wj′ = 0, i′ 6= j′, and wT

i′wi′ = 1, ∀i′ = 0, 1, . . . , K − 1, where

wi′ denotes the i′-th column of W, implying resolvable MPC’s, i.e., ∆̃ ≥ Tp in (4.1),

and unit energy pulses. Fig. 4.2 illustrates the concept of PFA and PM , where the

uncertainty region T is divided into K equally spaced slots prior to LS estimation.

We further assume that the DP to arrive uniformly within the first half of T at index

j ∈ [0, J ′ − 1] where J ′ = K/2, there is no signal present for 0 ≤ i′ ≤ j − 1 and both

signal and noise exist thereafter. As shown in Fig. 4.2, if ξ = ξ1 then it is possible

to erroneously declare noise samples prior to j as the ToA when (4.16) is used as

the estimator, thus causing a false alarm. On the contrary, if ξ = ξ2 then a missed

detection of DP is probable since we would declare later arriving MPC’s as the ToA.

In what follows, we will derive both PFA and PM and show how they can be used to

determine an appropriate ξ.

With the orthonormal columns in W, the i′-th sample output âi′ of the LS channel
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Figure 4.2: An illustration on the impact of threshold selection for the RLS-WD ToA
estimator.
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estimator1 can be written as

âi′ = wT
i′wi′ai′ + wT

i′n = ai′ +
M∑

i=1

w(ti − i′∆′)n(ti) = ai′ + ni′ , (4.17)

where âi′ is the MLE of ai′, ∆′ = ⌊Tp/Ts⌋ is the number of delay samples in between

pulses to achieve orthogonality, and ⌊·⌋ denotes the floor function. Clearly, âi′ ∼

N (ai′, σ
2), ∀i′ = 0, 1, . . . , K−1, is a set of independent but non-identically distributed

Gaussian r.v.’s2. When the sample âi′ undergoes the absolute value operation in

(4.16), the probability density function (p.d.f.) of yi′ = |âi′ | can be written as [68]

fYi′
(yi′) =






0 , if yi′ < 0

1√
2πσ2

[
exp

(
− (yi′−ai′ )

2

2σ2

)
+ exp

(
− (−yi′−ai′ )

2

2σ2

)]
. if yi′ ≥ 0

(4.18)

Therefore, following (4.18), the threshold of (4.16) with ymax := âmax = max{yi′},

for i′ = 0, 1, . . . , K − 1, can be formulated as the order statistics [68] with the

p.d.f. given as

fYmax
(ymax) =

K−1∑

i′′=0

fYi′′
(ymax)

K−1∏

j′′ 6=i′′, j′′=0

FYi′′
(ymax)

=

K−1∑

i′′=0

1√
2πσ2

×
[
exp

(
−(ymax − ai′′)

2

2σ2

)
+ exp

(
−(−ymax − ai′′)

2

2σ2

)]
×

K−1∏

j′′ 6=i′′, j′′=0

(
Q

(
ai′′ − ymax

σ

)
− Q

(
ai′′ + ymax

σ

))
, (4.19)

1The RLS channel estimator output can be treated as a special case of LS channel estimator,
where λ 6= 0 in (4.9). The use of RLS is only necessary when the columns of W are not orthonormal.

2In the case when columns of W are not necessary orthonormal, i.e., wT
i′wj′ 6= 0, i′ 6= j′, we can

stack the K elements of âi′ into vector â = [â0, â1, . . . , âK−1]
T . The elements of â is then correlated

and non-identically distributed Gaussian random variable with mean E{â} = a and covariance
Cov(â) = σ2(WT

W)−1, assuming W
T
W has a full-rank.
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where fYi′′
(ymax) and FYi′′

(ymax) are the p.d.f. and cumulative distribution function

(c.d.f.) of yi′′ evaluated at ymax, respectively, and Q(x) ,
∫ +∞

x
1√
2π

e−t2/2 dt is the

Gaussian tail Q-function. We define PFA conditioned on j, PFA(j), as the probability

that the i′-th sample of the LS channel estimator output crossing threshold ξ for i′

smaller than a given j, which can be written as

PFA(j) = Pr{yi′ > ξ, for any i′ = 0, 1, . . . , j − 1}

= 1 − Pr{yi′ < ηymax, ∀i′ = 0, 1, . . . , j − 1}

= 1 −
j−1∏

i′=0

(
1 −

∫ +∞

0

∫ +∞

ηymax

fYi′ ,Ymax
(yi′, ymax) dyi′ dymax

)

= 1 −
j−1∏

i′=0

×
(

1 −
∫ +∞

0

∫ +∞

ηymax

fYi′ |Ymax
(yi′|ymax)fYmax

(ymax) dyi′ dymax

)
, (4.20)

where fYi′ ,Ymax
(yi′ , ymax) and fYi′ |Ymax

(yi′|ymax) are the joint and conditional p.d.f.’s,

respectively, of the r.v.’s yi′ and ymax, and we have applied the Bayes’ Theorem in

the last step of (4.20). Substituting (4.18) into (4.20) gives

PFA(j) = 1 −
j−1∏

i′=0

(
1 −

∫ +∞

0

g(ai′, ηymax)fYmax
(ymax) dymax

)
, (4.21)

g(a, b) =

(
1 − Q

(
a − b

σ

)
+ Q

(
a + b

σ

))
. (4.22)

For the ToA which arrives at the j-th index, i.e., ai′ = 0 for 0 ≤ i′ ≤ j − 1, (4.21)

simplifies to

PFA(j) ∼= 1 −
(

1 − 2

∫ +∞

0

Q
(ηymax

σ

)
fYmax

(ymax) dymax

)j

, (4.23)

which can be averaged over fJ(j) to obtain PFA. According to the CFA criterion,
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we can set PFA to a constant and look for η by inverting the averaged expression.

This is not pursued here due to the complexity of inverting averaged (4.23) with the

evaluation of (4.19). Instead, we consider a simplified scenario where ξ is set as a

fixed threshold, then following the above formulation PFA(j) can be written as

PFA(j) = 1 −
j−1∏

i′=0

(
Q

(
ai′ − ξ

σ

)
− Q

(
ai′ + ξ

σ

))
∼= 1 −

(
1 − 2Q

(
ξ

σ

))j

, (4.24)

which can be averaged over the uniformly distributed j to obtain PFA as

PFA = E{PFA(j)} = 1 −
[

1 − (1 − 2Q
(

ξ
σ

)
)J ′

2J ′Q
(

ξ
σ

)
]

. (4.25)

Following the CFA, we can obtain ξ by inverting the right-hand side of (4.25)

according to a target PFA. Alternatively, we may set a specific PFA range then find a

threshold which gives a satisfactory PM , or look for a threshold which minimizes the

sum of PFA and PM [17]. For these threshold selection strategies, we define PM(j, a)

as the probability that the true ToA is missed and a false detection on any of the

later K − j − 2 samples conditioned on j and a particular channel realization a, as

PM(j, a) = Pr{yi′ < ηymax, ∀i′ = 0, 1, . . . , j∩

yi′ > ηymax, for any i′ = j + 1, j + 2, . . . , K − 1}

=

j∏

i′=0

Pr{yi′ < ηymax}(1 − Pr{yi′ < ηymax, ∀i′ = j + 1, j + 2, . . . , K − 1}) .

(4.26)
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And continuing in a manner similar to the derivations of (4.20), we get

PM(j, a) =

j∏

i′=0

(
1 −

∫ +∞

0

g(ai′, ηymax)fYmax
(ymax) dymax

)
×

[
1 −

K−1∏

i′=j+1

(
1 −

∫ +∞

0

g(ai′, ηymax)fYmax
(ymax) dymax

)]

∼=
(

1 − 2

∫ +∞

0

Q
(ηymax

σ

)
fYmax

(ymax) dymax

)j

×
(

1 −
∫ +∞

0

g(aj, ηymax)fYmax
(ymax) dymax

)
×

[
1 −

K−1∏

i′=j+1

(
1 −

∫ +∞

0

g(ai′, ηymax)fYmax
(ymax) dymax

)]
, (4.27)

where the last step stems from the assumption that there exists no signal for 0 ≤ i′ <

j. Likewise to the evaluation of (4.21) or (4.23), looking for η which minimizes (4.27)

has no closed form solution due to the p.d.f. of ymax. However, one can easily resort

to numerical integration of (4.27), which involves products of the single integrals with

elementary Q-functions as integrand. Next, we consider a fixed threshold ξ so that

the PM(j, a) can be simplified to

PM(j, a) =

j∏

i′=0

Pr{yi′ < ξ} ×
(

1 −
K−1∏

i′=j+1

(1 − Pr{yi′ > ξ})
)

∼=
(

1 − 2Q

(
ξ

σ

))j

×
(

Q

(
aj − ξ

σ

)
− Q

(
aj + ξ

σ

))
×

(
1 −

K−1∏

i′=j+1

(
Q

(
ai′ − ξ

σ

)
− Q

(
ai′ + ξ

σ

)))
. (4.28)

After averaging over both j and a, (4.28) can be evaluated with ξ from (4.25)

when a particular PFA is chosen, or minimizing the sum of PFA and PM for a specific

ξ. Table 4.2 outlines our threshold selection framework that is based on the CFA

criterion [67]. The performance of this framework will be quantified by simulation in
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Section 4.6.1.

1. set PFA to a predefined value;
2. compute ξ from (4.25) with σ̂ according to (4.15);
3. use ξ to estimate the ToA in (4.16);

4. if both ĵ and â are known, compute PM according to (4.28).

Table 4.2: A threshold selection framework based on the constant PFA criterion.

4.6 Results

We compare the performance of the RLS-WD with both the ED [19], and the high-

resolution PDB estimators [20]. Brief descriptions of the estimators are as follows.

The ToA estimator in [19] confines τ0 to within 0 ≤ τ0 < T . This interval is divided

into segments of size ∆ed, i.e., [(n − 1)∆ed, n∆ed) for n = 1, 2, . . . , ⌊T/∆ed⌋, where

⌊·⌋ is the floor function, and the energy of on each segment is measured. The energy

from the n-th interval is given by

z[n] =

∫ n∆ed

(n−1)∆ed

r2(t) dt .

Now, z[n] is compared to a threshold θ and the index n̂ of first crossing is chosen as

the ToA estimate, i.e., τ̂0 = (n̂− 0.5)∆ed, where the threshold θ is defined a function

of the minimum and maximum values of z[n] as

θ = min{z[n]} + Ked[max{z[n]} − min{z[n]}] . (4.29)

The PDB estimators in [20] has three types, namely, single search (SS1), search

and subtract (SS2), search subtract and readjust (SSR). These estimators first com-

pute the discrete MF output between r and a sampled w(t); thereafter, the selection
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of the maximum peaks from the output according to a threshold criterion, usually a

fixed threshold [20]. For SS1, up to Z peaks are selected simultaneously; whereas,

both SS2 and SSR select up to Z peaks over Z MF computations with previously

selections being removed from r prior to the z-th MF calculation. Moreover, SSR

differs from SS2 in that the estimated channel gains are readjusted according to the

previous estimates. Details of the PDB algorithms can be found in [20]. Performance

is examined in three ways, i.e., via simulation, with realistic indoor measurement

data, and via a complexity analysis.

4.6.1 Simulation

We evaluate the performance by computer simulation in MATLABTM with the Uvi

Wave software package [69] for Daubechies DWT. To accurately examine the perfor-

mance under multipath, we use the CM3 channel model from IEEE 802.15.3a [8],

which models an office NLOS environment. The received template w(t) is assumed to

be a Gaussian doublet [5] with pulse parameter τm = 0.6 ns, which has a zero-to-zero

pulse width of 2 ns, and Ts = 0.1 ns.

To determine the most suitable F for WD, we plot the output SNR as F varies

for a fixed input SNR3 of 0 dB in Fig. 4.3. As shown, by applying WD to the received

signal we can have close to 4 dB gain across all F . Since increasing F has no effect

on the output SNR, we may further reduce the denoising complexity by selecting

the smallest F before performance tapers off. For F = 8, Fig. 4.3 illustrates the

effectiveness of WD4 as the input SNR varies. We see that WD results in substantial

gain at low SNR before diminishing return at high SNR. However, when considering

long distance ranging, the performance at low SNR is often of great interest. For the

3The output and input SNR are defined as SNRout = 20 log10(||s||/||ŝ − s||) and SNRin =
20 log10(||s||/||n||), respectively, where || · || denotes the Frobenius matrix norm [60]. In all of the
later simulations, we set the SNR according to this SNRin definition.

4The effectiveness of WD can be measured from the gain in SNR, i.e., SNRout − SNRin.
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ease of simulation, σ2 in (4.13) is assumed to be perfectly known, hence the results

shown act as a lower bound. However, in the next section we show that even when

the noise variance is estimated with (4.15), the gain of denoising at low SNR is still

substantial.

We demonstrate the threshold selection framework described in Table 4.2 for

PFA = 10−3 and 10−4. We let T = 160 ns so τ0 is uniformly distributed from 0

to 80 ns, and assume ∆̃ ≥ Tp such that ∆ = Tp and λ = 0. The simulation is

performed over 100 channel realizations with a thousand independent noise trials per

realization. Fig. 4.4 shows the root mean-squared error (RMSE) as SNR varies for

different threshold settings. Clearly, threshold selection according to CFA criterion

outperforms that of the fixed threshold when ξ = 0.05ymax. The figure also shows the

robustness of WD when combined with RLS to outperform that of the plain RLS,

irrespective of the threshold selection strategy. We would like to stress that compar-

ing between CFA (lines marked with △) and fixed threshold selection (lines marked

with ©) on the RLS-WD, the use of CFA framework may not be necessary if a mi-

nor performance loss can be tolerated. The adaptation of CFA framework requires

solving (4.25), thus in the event of a simple estimator one may resort to a simple

fixed threshold. In Fig. 4.4, we plot the average PM as a function of the SNR for the

simulation of Fig. 4.4. As shown, the average PM decreases monotonically over the

entire SNR region even when we use the CFA framework, and RLS exhibits lower

PM than RLS-WD. In contrast, the performance degradation of a fixed threshold is

complemented by a small PM at low SNR that increases and eventually saturates at

a value close to the CFA case, and a small ξ tends to have a smaller PM since it is less

likely to miss a detection but more prone to a false alarm. We have confirmed these

trends with the actual counting of misses. From the figures, we notice that although

the CFA framework makes no attempt to minimize PM , its averaged PM is still low
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enough to be useful.

Upon the threshold selection according to CFA, we now compare the estimator

performance to other estimators, as well as the CRLB for ToA estimation defined in

[7]. Fig. 4.5 illustrates the RMSE as a function of SNR. For ED, we let Ked in (4.29)

vary until a satisfactory RMSE over the entire SNR range is obtained. For the ease

of simulation runtime, the number of peaks to detect Z for PDB is set to 100, and we

assume a fixed threshold selection criterion for the PDB algorithms since they have

no known optimal threshold selection strategy [20]. As shown, RLS-WD with CFA

framework at PFA = 10−3 clearly supersedes both the ED and PDB estimators over

all SNR. Furthermore, since none are efficient estimator, their performance are quite

far away from the CRLB. The investigation of efficient ToA estimator is beyond the

scope of this research.

To examine the high-resolution capability of the RLS-WD, we compare it to other

estimators while ∆ is set as a multiple of Ts when constructing W, and assume

unresolvable dense multipath channel, i.e., ∆̃ < Tp. We use a fixed threshold criterion

for both PDB and RLS-WD algorithms, and let T = 64 ns. Fig. 4.6 shows the

RMSE versus SNR when ξ = 0.05ymax, with both RLS and RLS-WD evaluated at

λ = 2, and ∆ = 2Ts, PDB at Z = 100, and ED with ∆ed = Tp, Ked = 0.0129.

Clearly, the RLS-WD algorithm outperforms the ED estimator under all SNR, and

the gain in performance comparing to plain RLS is quite significant. At low SNR,

RLS-WD performs better due to the input SNR enhancement from WD; whereas,

at high SNR, the contribution from WD lessens. When comparing with the PDB

algorithms, the RLS-WD performs better at low SNR with a diminishing return at

high SNR. However, as we shall see in Section 4.6.3, the PDB algorithms necessitate

high complexity, and when a simple estimator is desired the RLS-WD is often the best

choice. In Fig. 4.6, we compare between RLS and RLS-WD with ∆ = 2Ts, 4Ts, 8Ts.
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An interesting observation is the identical performance for ∆ = 4Ts and 8Ts, which

depending on the storage requirement we may choose either one without sacrificing

the overall performance. And, if a little degradation can be tolerated, one can simply

let ∆ > 2Ts. Once again, we stress on the importance of performance gain at low SNR

that is more crucial in ranging applications. Altogether, Figs. 4.5 and 4.6 demonstrate

the robustness of our estimator for possible deployment in WSN applications.

4.6.2 Propagation Measurements

We evaluate the four algorithms under the realistic application of indoor ranging with

the UWB measurements from [17]. A short description of the experiment and the

application of WD to the measured data is given in Appendix A.

Fig. 4.7 compares the range estimation errors at each location of Fig. A.1 for

a fixed ξ = 0.1ymax, between (a) the different PDB algorithms with an optimized

Z, and (b) the RLS-WD with different ∆. The error is computed as the difference

between the estimated and measured ToA, assuming there exists a clear LOS path

between the TX and RX for the DP signal [17]. As shown, optimizing Z for the

PDB algorithms significantly reduces the range estimation error at short distances.

Despite the optimization, PDB-SS1 always produces the worst performance at long

distances followed by the PDB-SS2 and the PDB-SSR, as in agreement with the

simulation results of Section 4.6.2, which is due to the inaccuracy in delay estimation

with the picking of Z largest peaks after only one MF correlation; whereas, both PDB-

SS2 and PDB-SSR readjust their delays at each iteration for an improved accuracy.

Altogether, we see that the RLS-WD performs better for most cases at long distances,

and can perform better or equal to that of the PDB algorithms at short distances.

We would like to stress that whereas one may need to switch between different PDB

algorithms for the best performance under all circumstances, we would only need to
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Figure 4.6: RMSE of ToA estimation as SNR varies for different algorithms in unre-
solvable dense multipath channel, i.e., ∆̃ < Tp. The simulation parameters are: all
estimators except ED set ξ = 0.05ymax, and Z = 100 for PDB type estimators.
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store W in a memory bank for rapid signal processing. As noted in [17], the large

errors at long distances are mostly caused by a combination of the complex LOS

blockage and a systematic error in distance measurement, the investigation of which

is beyond the scope of this thesis.

Finally, we illustrate the effect of a varying T has on the range estimation error

in Fig. 4.8 for a fixed ξ = 0.1ymax and measurement at location 15, depicting a severe

NLOS environment, with τ0 ≈ 103.65 ns. As we shall see in the next section, the ob-

servation window T plays a crucial role in determining the overall system complexity

since it governs the number of samples to process in both the MF calculation and

WD. With Z = 100, the PDB algorithms tend to produce significant errors when T

is small such that the estimated channel taps fall into the noise region. In contrast,

due to the linear model assumption, the RLS-WD does not have this problem and

can better estimate the DP arrival even with a small T , e.g., T < 150 ns. This

characteristic is similarly observed at all other locations. Therefore, comparing to its

counterparts, the processing time of the RLS-WD can be dramatically reduced since

we would only need to include the samples until the DP arrival, but nothing after.

4.6.3 Complexity Analysis

The computational load of the RLS-WD is fairly constant since most of the matrix

operations in (4.5), (4.7), and (4.9) can be done beforehand. Specifically, the RLS is

equivalent to LS over a sphere and its complexity is about 4M2K+22K3 flops [70] with

the remaining load in DWT, which is of O(M) per WD process [71]. However, when

recognizing the WD as a series of matrix multiplications in (4.14) with pre-computed

matrices further indicates a constant processing time for our approach. In contrast,

the complexity of the PDB estimators depends entirely on the channel condition and

the number of iterations Z. Table 4.3 compares the flop count amongst the algorithms.



66

0 10 20 30 40 50 60 70 80 90
−1

−0.5

0

0.5

1

1.5

2

2.5

3

3.5

4

Measured range (feet)

R
an

ge
 e

st
im

at
io

n 
er

ro
r 

(f
ee

t)

 

 

2

3

4

5

6

7

8

9

10

11

12

13

14 15
PDB−SS1
PDB−SS2
PDB−SSR

(a) PDB algorithms

0 10 20 30 40 50 60 70 80 90
−1

−0.5

0

0.5

1

1.5

2

2.5

3

3.5

4

Measured range (feet)

R
an

ge
 e

st
im

at
io

n 
er

ro
r 

(f
ee

t)

 

 

2

3

4

5

6 7
8

9

10

11

12
13

14 15∆ = 2T
s

∆ = 4T
s

∆ = 8T
s

(b) RLS-WD algorithm with different ∆

Figure 4.7: Comparison of the range estimation errors between the different algo-
rithms with a fixed ξ = 0.1ymax at the locations in Fig. A.1. For the PDB algorithms,
the minimum error has been optimized according to Z and the RLS-WD is evaluated
with different ∆ and λ = 2. The error is calculated as the difference between the
estimated and measured ranges, assuming the direct-path signal arrives via a clear
LOS path between the TX and RX.
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For the PDB algorithms, ignoring the peak finding operations after the MF output,

they require 4zM2 flops per MF computation, 5zM and 2z2M + 2z3/3 + 2zM flops

to compute the channel gain per iteration for PDB-SS2 and PDB-SSR, respectively,

where z denotes the iteration index. Hence, in a dense multipath channel, the RLS-

WD would require less processing time than its counterparts.

Flop Count
PDB-SS1 4M2

PDB-SS2 4ZM2 + 5ZM
PDB-SSR 4ZM2 + 4ZM + O(Z4)
RLS-WD (4M2K + 22K3) + 4FJM

Table 4.3: Comparison of computational complexity between different ToA algo-
rithms.

4.7 Conclusion

In this chapter, we have proposed the RLS-WD ToA estimator, which estimates

the ToA as a by-product of the RLS channel estimator based on a thresholding

technique. Our approach is simple and can provide fast, on-the-fly, accurate ToA

estimation applicable to real-time ranging system. Unlike the majority of the previous

works, we have quantified the robustness of our algorithm by computer simulation and

the processing of realistic indoor UWB ranging measurements. In both cases, when

sampling rate is available, our approach is shown to outperform other algorithms

in both ToA estimation and computational complexity, and its performance can be

further improved with the selection of threshold according to the CFA criterion. We

envision that the RLS-WD will be an indispensable part of a real-time system when

the instantaneous position estimate of a TN in a WSN is in high demand.
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Chapter 5

Low-Complexity Ultra-Wideband

Maximum Likelihood Channel

Estimation via Basis Projection

5.1 Background

In Chapter 2, we have outlined the pros and cons of the Rake receiver, which ulti-

mately rests on obtaining accurate channel state information (CSI). Although there

are other alternatives to estimate the CSI, the ML estimator is by far the only one

which can produce unbiased estimates [49, 50]. Unfortunately, ML channel estimation

for UWB-IR necessitates high-rate samples [23]. Similarly, the RLS-WD estimator

introduced in Chapter 4 also operates on Nyquist-rate samples. To alleviate the bur-

den of acquiring Nyquist-rate samples, we propose a low-complexity (LC)-ML channel

estimator that adopts the compression framework of compressed sensing (CS) for sam-

pling rate reduction while retaining the noise statistics formulation of ML to achieve

a reliable performance. Our approach negates the subjective use of the matching
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pursuit (MP) design parameters. We derive the CRLB for the estimator based on

the resolvable channel assumption, and compare its performance to the MP and con-

ventional ML in simulation. Numerical result indicates that the performance of the

estimator attains to the CRLB as SNR increases, and it supersedes that of the MP

in performance under a resolvable channel, especially in the low SNR region where

the LC-ML can transmit multiple pilot symbols to boost the detection probability.

Furthermore, the LC-ML can achieve performance equivalent to ML with far fewer

measurements than what is required at the Nyquist-rate.

The rest of this chapter is organized as follows: Section 5.2 describes our sys-

tem model, including the derivation of the LC-ML, Section 5.3 provides the CRLB

derivation, Section 5.4 outlines the implementation issues, Section 5.5 presents the

simulation results and a summary is given in Section 5.6.

5.2 System Model

We consider a single-user communication system that sends a series of K pilot symbols

for channel estimation prior to data transmission. The received signal can be modeled

as

y(t) =

K−1∑

k=0

bk

Nf−1∑

j=0

L∑

l=1

αls(t − τl − jTf − kTs) + n(t) , (5.1)

where {bk} are the pilot symbols taking values ±1, αl and τl are the amplitude and

delay of the l-th multipath, respectively, s(t) is the received Gaussian pulse of duration

Tp, and Tf is the frame time. There are Nf frames per symbol for a symbol period of

Ts = NfTf and n(t) is the AWGN with double-sided PSD N0/2. The pilot symbols

are transmitted over an observation interval of T0 = KTs seconds in which the dense

multipath channel is assumed to be static. In (5.1), we model the channel as a L-tap

tapped delay line of delay τl = τ1 + ∆(l − 1) and a maximum delay spread of Tmds
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seconds. The parameter ∆ denotes the resolvability1 of the channel with ∆ ≥ Tp

indicating a resolvable channel and ∆ < Tp an unresolvable channel. We further

assume Tf > Tmds so there is no inter-frame interference. Without loss of generality

and to simplify the notation, we let the polarity of all pilot symbols to be 1 and

consider only a single frame, i.e., Nf = 1.

Given the signal in (5.1), we model the parameters α = [α1, . . . , αL]T and τ =

[τ1, . . . , τL]T as unknown but deterministic quantities. Let ψ = [α, τ ]T be the

continuous-time channel parameter, we apply compressed sensing by expanding (5.1)

with M orthonormal basis functions as

y(t) =
K−1∑

k=0

M∑

m=1

y̆k,mφm(t − kTs) , (5.2)

y̆k,m :=

∫ (k+1)Ts

kTs

y(t)φm(t) dt , m = 1, . . . , M

= s̆k,m + n̆k,m , m = 1, . . . , M ,

where y̆k,m is the projection coefficient of the received signal to the m-th basis in the

k-th symbol. Similarly, s̆k,m and n̆k,m are the projection coefficients for the signal

and noise components, respectively. The basis function φm(t) is a symbol-long se-

quence with amplitude ±
√

F ′
s/N , pulse width 1/F ′

s and sequence length N = TsF
′
s

drawn from i.i.d. Bernoulli distribution [55], where F ′
s denotes the “virtual sam-

pling frequency” [56]. Now, stacking the projection coefficients from the k-th sym-

bol into vectors y̆(k) = [y̆k,1, y̆k,2, . . . , y̆k,M ]T , s̆ = [s̆k,1, s̆k,2, . . . , s̆k,M ]T and n̆(k) =

[n̆k,1, n̆k,2, . . . , n̆k,M ]T , in CS notation the received vector during the k-th symbol be-

1A resolvable channel is also a non-overlapping channel where the adjacent channel taps are Tp-
spaced, i.e., |τi − τj | ≥ Tp for i 6= j, which is usually true given the tremendous pulse bandwidth
[5]. In contrast, an unresolvable channel is an overlapping channel where the adjacent channel taps
separation is less than Tp, i.e., |τi − τj | < Tp for i 6= j.
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comes

y̆(k) = s̆ + n̆(k) = Φy(k) = Φ(s(Ψ) + n(k)) , (5.3)

where y(k) ∈ R
N is the vector of the received signal sampled at F ′

s, Φ ∈ R
M×N is the

measurement matrix with each row comprising of virtually sampled φm(t), s ∈ R
N

denotes samples of the desired signal, n(k) ∈ R
N is the vector of AWGN samples and

Ψ represents the discrete time counterpart of ψ. The goal here is to estimate the set

of parameters by M ≤ N measurements. To continue the derivation, we stack y̆(k)

into y̆ := [y̆(0)T , y̆(1)T , . . . , y̆(K−1)T ]T and write the conditional likelihood function as

Λ(Ψ) =
1

|σ2
nΦΦT |K/2(2π)KN/2

×

exp

(
−

K−1∑

k=0

(y̆(k) − Φs(Ψ))T (2σ2
nΦΦT )−1(y̆(k) −Φs(Ψ))

)
, (5.4)

where |·| denotes the determinant, (·)T is the matrix transpose, (·)−1 being the matrix

inverse, and σ2
n is the noise sample variance. Because Φ in (5.3) is an orthogonal

projector, i.e., ΦΦT = IM [55], (5.4) reduces to

Λ(Ψ) =
1

σK
n (2π)KN/2

exp

(
− 1

2σ2
n

K−1∑

k=0

||y̆(k) − Φs(Ψ)||2
)

. (5.5)

Ignoring the constant terms, the log-likelihood function can be written as

ln(Λ(Ψ)) =
K−1∑

k=0

(
2sT (Ψ)ΦT y̆(k) − ||Φs(Ψ)||2

)
. (5.6)

With x̃ denoting a trial version of x, the ML estimate to Ψ boils down to

Ψ̂ = arg max
˜Ψ

{ln(Λ(Ψ̃))} = arg max
˜Ψ

{
2

K−1∑

k=0

Φ̃
T
y̆(k) −

K−1∑

k=0

||Φs(Ψ̃)||2
}

, (5.7)
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where Φ̃ = [sT (Ψ̃)ΦT
1 , sT (Ψ̃)ΦT

2 , . . . , sT (Ψ̃)ΦT
M ]T ∈ R

M is a vector of coefficients

comprising of the inner product between a trial value of Ψ and the m-th row of Φ

denoted as Φm. In the limit as N → ∞ [49], the argument of (5.7) becomes the

log-likelihood function as

ln(Λ(ψ̃)) = 2

K−1∑

k=0

M∑

m=1

y̆′
k,m

∫ kTs+Tprj

kTs

φm(t)ŝ(t; ψ̃) dt−

K−1∑

k=0

M∑

m=1

(∫ kTs+Tprj

kTs

ŝ(t; ψ̃)φm(t) dt

)2

, (5.8)

where the single-symbol trial value of the template is

ŝ(t; ψ̃) =

Lc∑

l=1

α̃ls(t − τ̃l − kTs) , (5.9)

where Lc is the ML parameter denoting the number of strongest taps to be estimated.

By the use of (5.9), we inherently assume the received signal y(t) to be sparse2

in certain basis within a single symbol, i.e., Lc sparse on basis s(t) with arbitrary

amplitude and delay in α̃l and τ̃l, respectively, for l = 1, 2, . . . , Lc. In (5.8), y̆′
k,m is

defined as

y̆′
k,m =

∫ kTs+Tprj

kTs

y(t)φm(t) dt , m = 1, . . . , M , (5.10)

where the parameter Tprj indicates the integration length. Since our system has no

inter-frame interference, i.e., Tmds < Tf , the majority of the received energy is con-

fined within Tmds; therefore, we let Tp < Tprj ≤ Tmds. The collection of compressive

measurements can be implemented by M integrators, each with an integration inter-

val Tprj. In that case, the sequence length becomes N = TprjF
′
s. Thus, the LC-ML

channel estimator reduces to finding the pairs (α̃, τ̃ ) which maximizes (5.8). Specifi-

2Although the assumption of sparsity is typically dealt with in the digital domain, one can easily
see the resemblance here with the Karhunen-Loéve expansion [49].
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cally, it comprises of projecting the received signal onto orthornormal basis φm(t) for

m = 1, . . . , M . Hence, instead of sampling at Nyquist rate as in the conventional ML

approach, we reduce the sampling rate by collecting fewer compressive measurements.

We define the ratio ρ = M/N as the compression ratio of the LC-ML.

To continue with the ML derivation, we recognize the compaction of distance3,

and assume that the spread of multipath energy is confined within the interval Tprj =

[0, Tmds), we rewrite (5.8) as

ln(Λ̌(ψ̃)) ∼= 2

K−1∑

k=0

M∑

m=1

y̆′
k,m

∫

Tprj

φm(t)ŝ(t; ψ̃) dt − ρ

K−1∑

k=0

∫

Tprj

ŝ2(t; ψ̃) dt . (5.11)

Now, substituting (5.9) into (5.11), we obtain

ln(Λ̌(ψ̃)) = 2
K−1∑

k=0

Lc∑

l=1

α̃lzk(τ̃l)−ρ
K−1∑

k=0

Lc∑

l=1

Lc∑

l′=1

α̃lα̃l′

∫

Tprj

s(t− τ̃l−kTs)s(t− τ̃l′−kTs) dt ,

(5.12)

where ln(Λ̌(ψ̃)) approximates ln(Λ(ψ̃)) after compensating for the compaction of

distance, and zk(τ̃l) is defined as

zk(τ̃l) =

M∑

m=1

y̆′
k,m

∫

Tprj

φm(t)s(t − τ̃l − kTs) dt . (5.13)

Assuming there is no correlation between signal echoes within a symbol duration,

i.e.,
∫

Tprj
s(t − τ̃l − kTs)s(t − τ̃l′ − kTs) dt = 0 for l′ 6= l, (5.12) reduces to

ln(Λ̌(ψ̃)) = 2
K−1∑

k=0

Lc∑

l=1

α̃lzk(τ̃l) − KρEs

Lc∑

l=1

α̃2
l , (5.14)

3In CS theory, for any x ∈ R
N , the random variable ||Φx||2 has an expected value ρ||x||2 [55],

where ρ = M/N . Likewise, in our case ||Φs(Ψ)||2 has an expected distance of ρ||s(Ψ)||2, then we can

express (5.6) as ln(Λ̌(Ψ)) = 2
∑K−1

k=0 sT (Ψ)ΦT
y̆

(k)−ρ
∑K−1

k=0 ||s(Ψ)||2, where ln(Λ̌(Ψ)) approximates
ln(Λ(Ψ)) after compression of distance, and take N → ∞ gives (5.11).
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where Es =
∫

Tprj
s2(t) dt is the symbol energy.

We can now estimate the parameter ψ by looking for the pair (α, τ ) which mini-

mizes (5.14). The minimization is carried out first by keeping τ fixed and varying α.

Specifically, differentiating (5.14) with respect to α̃l and equating it to zero, we get

α̃l =
1

KρEs

K−1∑

k=0

zk(τ̃l) . (5.15)

Substituting (5.15) into (5.14), the optimization problem simplifies to

τ̂l = arg max
τ̃l

(
K−1∑

k=0

zk(τ̃l)

)2

, l = 1, . . . , Lc , (5.16)

and, the gains are estimated as

α̂l =
1

KρEs

K−1∑

k=0

zk(τ̂l) , l = 1, . . . , Lc . (5.17)

Comparing to the conventional ML formulation of the path delays and gains [23],

the LC-ML channel estimator takes on the extra step of projecting the received signal

onto the M independent Bernoulli sequences for compression. Thereafter, the cor-

relation between the compressed signal and the compressed pulse template at each

possible path delay, c.f., Fig. 5.1 which shows the implementation of LC-ML with the

Rake receiver when multiple pulses are transmitted per symbol, i.e., Ts = NfTf . Al-

though the compression of a signal results in a reduction of the expected distance by

√
ρ [55], it can be compensated by scaling the gain estimates accordingly, as shown

in the derivation. Altogether, the effort in signal processing guarantees a reduced

sampling rate, a necessity especially to alleviate the burden of acquiring fine-scaled

samples in the ML scheme. Comparing to MP, which relies heavily on the selection of

design parameters that are subject to change depending on the environment, our ap-
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proach uses only the traditional ML parameters. Moreover, unlike the MP technique

that requires a complete N ×N basis set as the dictionary for ℓ1-norm minimization

[57], the resolution of the LC-ML depends entirely on how τ̃l is chosen in the maxi-

mization of (5.16). Finally, we stress that whereas the MP algorithm strictly relies

on the processing of the received multipaths from a symbol of single frame pilot for

channel estimation [57], the LC-ML capitalizes on the ML formulation of processing

multiple symbols to achieve a reliable performance.
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Figure 5.1: The LC-ML channel estimator and its implementation with the Rake
receiver.

5.3 Cramér-Rao Lower Bound

Apart from the simulation assessment of the channel estimator proposed in the previ-

ous section, we are also interested in its analytical performance bound. For that, we

derive the Cramér-Rao Lower Bound in this section. The CRLB provides the lowest

possible performance bound an unbiased estimator can attain to [49, 50]. Specifically,
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for a vector of unknown but deterministic parameters, e.g., θ = [θ1, θ2, . . . , θN ]T , the

lowest possible bound on the variance of the unbiased estimates θ̂ to θ is given by

σ2

θ = E{(θ̂ − θ)(θ̂ − θ)T} ≥ J−1(θ) , (5.18)

where E{·} is the expectation operation, and J(θ) ∈ R
N×N is the Fisher Information

Matrix (FIM). The derivation of the CRLB for LC-ML parallels that of [72] except

with the inclusion of the compressive measurements. Then, as derived in Appendix

B, the CRLB on the amplitude and delay estimates based on the non-overlapping

multipath assumption is given by

var(α̂l) := E{(α̂l − αl)
2} ≥ σ2

KNfρE1

(
E3

E3 − E2
2/E1

)
, (5.19)

var(τ̂l) := E{(τ̂l − τl)
2} ≥ σ2

KNfα2
l ρE1

(
E1

E3 − E2
2/E1

)
, (5.20)

for l = 1, 2, . . . , L, σ2 is the double-sided noise power spectral density, and the energy

terms are

E1 =

∫

Tp

s2(t) dt ,

E2 =

∫

Tp

ṡ(t)s(t) dt ,

E3 =

∫

Tp

ṡ2(t) dt , (5.21)

where s(t) is the received pulse shape modeled as a Gaussian pulse as described in

Section 5.2, and ṡ(t) denotes the derivative of s(t) with respect to t. For the non-

overlapping performance bound, (5.19) and (5.20) differ from those in [72] by the

multiplication of a compression ratio ρ, which raises the lower bound depending on

the rate of compression. Intuitively, this makes sense since more compression, i.e., a
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small ρ, would result in a higher bound due to a loss of information and vice versa.

5.4 Implementation Issues

To discuss the implementation issues of the LC-ML, we resort to the digital domain

representation. Specifically, after passing y(t) through a low-pass filter of bandwidth

B and assuming no signal distortion, traditionally N ′ = Ts/Tsa integer samples per

symbol are collected at the Nyquist rate 1/Tsa = 2B from the filtered output r(t). We

digitize the delay trial value as ⌊τ̃l/Tsa⌋ := (lpZ + lf), where Z := ⌊Tp/Tsa⌋ denotes

the integer number of samples per pulse, ⌊·⌋ being the flooring function, and lp and lf

are the pulse delay and fine sample delay indexes, respectively. Then, r[i] := r(iTsa)

and s[i− kN ′ − (lpZ + lf)] := s((i− kN ′ − (lpZ + lf ))Tsa), and with these notations,

the delay estimates of the ML estimator operating digitally with lp-space estimator

(i.e., lf = 0), on the lp-th path can be written as

l̂p = arg max
l̃p

(
K−1∑

k=0

vk[l̃p]

)2

, (5.22)

vk[lp] =

KN ′∑

i=1

r[i]s[i − kN ′ − lpZ] , (5.23)

where we have approximated the integral by a summation. Similarly, the digital

equivalent representation of LC-ML is

l̂p = arg max
l̃p

(
K−1∑

k=0

zk[l̃p]

)2

, (5.24)

zk[lp] =

(k+1)M∑

m=k

r̆′[m]s̆′[m, lp] , (5.25)
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where s̆′[m, lp] :=
∑(k+1)N ′

i=k φm[i]s[i − kN ′ − lpZ] is the coefficient of the discretized

template after being projected onto the m-th basis for m = 1, . . . , M . Therefore,

comparing both (5.23) and (5.25), we see that compressive measurements essentially

reduce the Nyquist rate by a factor of N ′/M . This reduction amounts to extra savings

in hardware and is indispensable if we are to implement the ML estimator. Detailed

implementation of the LC-ML channel estimator with the Rake receiver is shown in

Fig. 5.1.

5.5 Simulation Results

We examine the effectiveness of our LC-ML channel estimator by computer simulation

in the MATLABTM environment. Under the non-overlapping assumption, we first

illustrate the asymptotic behavior of the ML estimator in an academic setting with a

sparse channel. The asymptotic behavior of ML is characterized by its performance

attaining to the CRLB as SNR increases [49, 50]. We then evaluate its performance in

terms of the reconstruction MSE in a resolvable channel, and compare with both the

ML and MP ℓ1-norm minimization estimators. Finally, we compare the bit-error rate

(BER) performance between the LC-ML and the ML estimators under a realistic

dense multipath channel in which pulse overlapping can occur due to unresolvable

channel taps.

5.5.1 Cramér-Rao Lower Bound

We conduct the simulation in an academic setting [23, 72] to evaluate the derived

CRLB. The simulation environment contains a fixed 3-tap channel of amplitudes

α1 = 0.73, α2 = 0.67 and α3 = 0.35, with spacings τl = 5lTp for l = 1, 2, 3. The

other simulation parameters are Tf = 40 ns, K = 100, Nf = 20, s(t) is modeled as a
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Gaussian doublet as

s(t) =

[
1 − 16π

(
t

Tp

− 0.5

)2
]

exp

[
−8π

(
t

Tp

− 0.5

)2
]

, (5.26)

with Tp = 2 ns, and we consider only a single user. The simulation is performed over a

thousand independent trials, and ρ is allowed to vary, signifying different compression

ratio. The SNR here is defined as the ratio of the symbol energy to the noise variance

as Eb/2σ2, and for a double-sided noise PSD of N0/2, the ratio becomes Eb/N0, which

is adjusted with respect to the symbol energy in the simulation. Fig. 5.2 illustrates

the standard deviation of τ̂1 and the corresponding CRLB as a function of SNR. The

compression ratio ρ is implicitly embedded as a function of the design parameter M

(viewed here as a percentage of N). As shown, the standard deviation of the estimates

comes in close agreement with the CRLB for each M , especially as the SNR increases.

Similar observation to the standard deviation of α̂1 also occurs in Fig. 5.3. One thing

to note is the deviation from CRLB for M of 15%, which can be explained by the

drastic reduction of signal information due to the use of fewest number of projection

coefficients in (5.10), thus exacerbates the error in estimation. However, as can be

extrapolated from both figures, the error variance for M = 15% can eventually attain

to the bound once the SNR is high enough.

5.5.2 MSE Performance

Although evaluating the CRLB in the last section showcases the unbiasedness of the

LC-ML as both M and SNR increases, it provides no comparison in performance to

other estimators. In this section, we compare all three channel estimators, i.e., the

ML, MP, and LC-ML, under the assumption of a resolvable channel. In the case when

pulse overlapping is allowed, we show in the next section that the LC-ML can still
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Figure 5.2: Standard deviation of τ̂1 as a function of SNR with varying M (viewed
here as a percentage of N) for a fixed, 3-tap channel.
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Figure 5.3: Standard deviation of α̂1 as a function of SNR with varying M for a fixed,
3-tap channel.
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achieve performance close to the ML with a reduction in complexity as described in

Section 5.4.

Fig. 5.4 illustrates the MSE behavior as SNR varies for K = 20, and Lc = 20.

As shown, MP results in the worst performance since its estimates are based on

the multipath returns of an isolated pulse. In contrast, the gain of employing data-

aided (DA) estimation is quite obvious with the conventional ML giving the best

performance while the LC-ML falling in between ML and MP. Depending on the

design parameter M , the performance of LC-ML varies due to a varying compression

rate, with a small M indicating high compaction and lower complexity, but more

error prone.
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Figure 5.4: MSE as SNR varies for K = 20, Tprj = Tf and Lc = 20. The design
parameter M (viewed here as a percentage of N) is allowed to vary for the LC-ML. The
solid and dash-dot lines represent LC-ML and MP channel estimators, respectively.

One of the advantages of the ML type estimators is to rely on an increasing number

of pilot symbols to enhance the overall estimator performance. To demonstrate this,

Fig. 5.5 plots MSE versus SNR for K = 100. Comparing to when K = 20, we
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see an improvement for both ML and LC-ML estimators, especially at low SNR.

Unfortunately, MP cannot take the advantage of elongating the observation window

as it is based on the processing of an isolated pulse. The reduction in complexity
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Figure 5.5: MSE as SNR varies for K = 100, Tprj = Tf and Lc = 20. The LC-ML
and MP channel estimators are denoted by solid and dash-dot lines, respectively.

can go even further for the LC-ML by reducing Tprj in (5.10). Whereas this has

not been done for the conventional ML scheme, the gains with a varying Tprj in

LC-ML are two-fold: first, by decreasing the integration region we are reducing the

amount of noise in the system and, with a Tprj properly chosen, the performance

may substantially improve. Secondly, reducing Tprj implicitly reduces the number of

integrators necessary for compression, resulting in an overall reduction on the system

complexity. We illustrate the effect of reducing Tprj in Fig. 5.6 which plots the MSE as

SNR varies for Tprj = 40 ns. As expected, decreasing Tprj improves the performance

at low SNR but hinders the accuracy at high SNR where a higher floor is clearly

visible. Fortunately, this flooring behavior does not diminish the BER performance,
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as is shown next.
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Figure 5.6: MSE as SNR varies for K = 100, Tprj = 40 ns and Lc = 20. The LC-ML
and MP channel estimators are denoted by solid and dash-dot lines, respectively.

5.5.3 BER Performance

To evaluate the BER performance, we consider the reception of A-PAM with a Rake

receiver in a single-user scenario with overlapping channel model. The system first

sends K pilot symbols for DA channel estimation prior to the burst of data transmis-

sion. Based on the sequences of estimated multipath gains and delays, i.e., {α̂l}Lc

l=1

and {τ̂l}Lc

l=1, respectively, from either the LC-ML or ML estimators the Rake receiver

then performs the maximum-ratio combining [23] with Tprj ∈ [0, Tf ) as the integra-

tion interval on the j-th frame to produce the decision statistic. Fig. 5.7 illustrates

the BER performance of the two schemes with K = 20, Lc = 20 and Tprj = 40

ns. For the LC-ML, M is allowed to take on different values, representing different

compression rate. The data burst is set to 1, 000 bits and a thousand channels are



85

averaged. As shown, the estimation capability of the LC-ML can be as good as the

ML but at a reduced sampling rate, e.g., with 45% ≤ M ≤ 75% the performance is

almost as good as and sometimes very close to the ML. Apart from varying M , the

distinct advantage of ML is to rely on elongating the observation window to boost

the performance in a noisy environment. To show that, Fig. 5.8 graphs the BER

performance for K = 100. Comparing to when K = 20, we see an improvement

at all values of M for LC-ML, and the performance of both estimators approaching

that of the ideal Rake. In summary, although the LC-ML demonstrates a superior

performance as M and K increase, one would still need to consider the complexity

tradeoff and with a larger M incurring a higher complexity, i.e., a larger number of

intergrators.
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Figure 5.7: BER of A-PAM Rake receiver for K = 20 and Lc = 20. For the LC-ML,
we let Tprj = 40 ns and M (viewed here as a percentage of N) is varied representing
different compression rate.
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5.6 Summary

The rich multipath characteristic of an impulsive UWB channel motivates the use

of Rake receivers. Although data-aided ML channel estimator shows a promising

performance, the Nyquist criterion renders its implementation difficult. In this chap-

ter, we have proposed the LC-ML channel estimator which combines the compression

framework of compressed sensing for sampling rate reduction while retaining the noise

statistics formulation of ML to achieve a reliable performance. Besides deriving the

CRLB for the estimator based on the non-overlapping assumption, we demonstrate

in simulation that, with far fewer measurements and under an overlapping channel,

the performance of our scheme supersedes that of the MP-based estimator and can

be as good as the conventional ML estimator with a reduction in complexity.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion and Summary of Contributions

The many features of the UWB are highly favorable in applications where the deploy-

ment of traditional narrowband system is simply insufficient. However, as application

evolves toward a more realistic situation, wideband channel characteristics such as

pulse distortion must be accounted for in the channel modeling, particularly with

time-domain deconvolution techniques. Application-oriented services such as using

UWB-IR in ranging and localization demand fast prototyping, real-time processing

of measured data, and good low SNR performance, all of which are still currently

under investigation. Despite the tremendous effort being invested in devising new

receivers by the global research community, channel-estimating Rake receiver is still

one of the most promising receivers that can offer better performance than the sub-

optimal counterparts. However, acquiring Nyquist-rate samples must be bypassed to

ensure the feasible implementation of the ML channel estimator. In this thesis, we

have addressed all these aspects of the UWB-IR, namely, channel characterization,

ToA estimation and channel estimation, in three separate contributions.
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In Chapter 3, we have studied the a priori dependency of the single-template

CLEAN deconvolution algorithm with real-world measurements. This is quite impor-

tant since CLEAN is one of the most widely used algorithm in the processing of time-

domain channel measurements. Additionally, we have proposed a high-resolution,

multi-template deconvolution algorithm to enhance the channel estimation accuracy.

This algorithm attempts to address the a priori dependency by incorporating realis-

tic frequency-dependent pulse distortions. Our algorithm is shown to supersede its

predecessors in terms of accuracy, energy capture and computational speed.

To improve the ranging accuracy when localizing with UWB-IR, we have proposed

a regularized least squares estimator with wavelet denoising in Chapter 4. Our algo-

rithm estimates the ToA as a by-product of the RLS channel estimation based on a

thresholding technique, which is simple, effective at low SNR, and can enable fast on-

line processing. Besides devising a threshold selection strategy based on the Neyman-

Pearson criterion, we have shown the robustness of our algorithm by comparing with

other algorithms in both computer simulation and UWB ranging measurements when

advanced DSP is available.

As addressed in Chapter 5, to fully exploit the multipath diversity with Rake

receiver without acquiring the formidable Nyquist-rate samples, we have proposed a

low-complexity ML channel estimator which combines the compression framework of

compressed sensing for sampling rate reduction while retaining the noise statistics

formulation of ML to achieve a reliable performance. Furthermore, we have derived

the Cramér-Rao Lower Bound for the LC-ML, and performed simulation to compare

our estimator with both the ℓ1-norm minimization technique and the conventional

ML estimator.

We would like to stress that the contributions are novel in ways such that we have

either improved upon and/or extended the work of recent literatures.
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6.2 Limitations and Future Work

There are several limitations on the assumptions used in this thesis which can be

investigated as possible future work.

1. Despite our best effort in devising new algorithms to address problems in chan-

nel characterization, ToA and channel estimation, these algorithms inherently

are all model-based algorithms which rely on the correlation between the signal

and a certain template, e.g., the a priori template in CLEAN, and the ML

correlator. As discussed in Section 2.1.2, degradation in the estimator perfor-

mance would occur even if there exists a small template mismatch. Thus, we

must look into the possibility of mitigating these model-based assumptions in

future research. One possibility is to use the template estimation algorithm,

e.g., [73, 74].

2. Although we have reduced the Nyquist-rate sampling requirement of the con-

ventional ML channel estimator with compressive measurements, the LC-ML

described in Chapter 5 still requires the search over the 2Lc-parameter space,

which can be overwhelming given the rich multipath characteristic of the UWB

channel. However, as shown in Section 5.5.3, even with overlapping MPC’s the

performance of MRC Rake receiver can still be quite substantial with a small Lc.

Nevertheless, we must look into reducing the parameter space so that real-time

channel estimation can be fulfilled.

3. The channel and range measurements used in Chapters 3 and 4 must be ex-

panded to accommodate the possible deployment of UWB in other applications,

e.g., in BAN and/or time-varying tracking operations. Especially as UWB tech-

nology becomes more mature, the robustness of any new algorithm must be

tested on application-oriented measurements to ensure the full compliance to
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the result obtained from computer simulation.

4. Albeit their high-resolution capability, the performance of both the CLEAN-

based algorithms and RLS-WD estimator is strictly limited by the processing

of an isolated pulse. The transmission of an isolated pulse not only violates the

emission spectral mask imposed by the FCC, but also degrades the performance

of the algorithm in processing low SNR measurements. Workaround such as

averaging over multiple received pulses, e.g., [18, 19], is one way to address this

issue.

5. A majority of the simulations are performed based on the IEEE 802.15.3a chan-

nel model. For the sake of completeness, performance can also be assessed with

the IEEE 802.15.4a channel model.
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Appendix A

Description of the UWB Ranging

Experiment

This appendix describes the UWB ranging experiment conducted by Lee in [17] and

demonstrates the application of WD to the measured data.

The measurements were taken in a laboratory environment where the interior walls

are made of metal stud and dry wall with either cinder blocks or wooden constructions.

Fig. A.1 shows the building floor plan where measurements of up to 93 feet were taken.

Except the clear LOS reference at location 1, the remaining signals were recorded with

a multitude of obstructions in between the TX and RX, resembling NLOS operation.

The setup consisted of a pulser that periodically transmits a sub-nanosecond pulse to

the RX side, which then amplifies the received signal before being sampled by a DSO

for offline post-processing. A pair of vertically polarized diamond dipole antennas

were used to radiate the signal. We apply WD in Fig. A.2 to the measured signal at

location 13. Clearly, even with σ̂2 computed1 according to (4.15), the noise can be

1In (4.15), the N samples of M are obtained from the first few nanoseconds of the measurements
until the direct-path ToA, which is calculated relative to the true measured range assuming a clear
LOS path between TX and RX. In reality, σ2 can be estimated from the samples when there is no
communication between the nodes.
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mostly removed from the original signal.

Figure A.1: The building floor plan for the range measurements [17]. The circular and
square marks indicate the location of the RX antenna and that of the TX antenna,
respectively.
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Figure A.2: The measured signal taken at location 13 (top) and its denoised version
(bottom). The vertical line of each plot denotes the direct-path ToA, assuming a
clear LOS path between TX and RX in the true measured range.
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Appendix B

Derivation of the Cramér-Rao

Lower Bound in (5.19) and (5.20)

This appendix outlines the derivation of the CRLB in (5.19) and (5.20). The deriva-

tion herein parallels that of [72].

From Section 5.2, the received signal in a single-user scenario can be expressed as

y(t) = g̃(t) + n(t) ,

where g̃(t) :=
∑L

l=1 αlg(t − τl) and g(t) :=
∑K−1

k=0

∑Nf−1
j=0 s(t − jTf − kTs) represents

the aggregated K symbol-long received signal and aggregated received symbol, re-

spectively. The notations for the rest of the variables are given in Section 5.2 except

n(t) is AWGN but with double-sided PSD σ2. When we transmit multiple frames per

pilot, i.e., Nf ≥ 1, the log-likelihood function from Section 5.1 can be extended as

ln(Λ̌(ψ)) =
1

2σ2

{
2

K−1∑

k=0

Nf−1∑

j=0

M∑

m=1

y̆′
k,j,m

∫

Tf

φ′
m(t)g̃(t) dt − ρ

K−1∑

k=0

Nf−1∑

j=0

(∫

Tf

g̃(t) dt

)2}
,

(B.1)

where φ′
m(t) is now a Tf -long orthonormal basis function which can be chosen from
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a i.i.d. Bernoulli distribution, and the parameter y̆′
k,j,m is similarly extended as

y̆′
k,j,m =

∫

Tf

y(t)φ′
m(t) dt , m = 1, . . . , M ,

and, different from Section 5.1, we have included the 1/2σ2 factor that is indispensable

in the CRLB derivation, but is usually ignored in the ML derivation [23]. For the

sake of simplicity, the integration region in the above formulas is over Tf , but it can

be restricted to Tprj as explained in Section 5.1.

Assuming φ′
m(t) to be a deterministic quantity, taking derivatives with respect to

αl and τl on (B.1) and rearrange gives

∂ ln(Λ̌(ψ))

∂τl

=
−αl

σ2

{
∑

k

∑

j

[
∑

m

y̆′
k,j,m

∫

Tf

φ′
m(t)ġ(t − τl) dt − ρ

∫

Tf

g̃(t)ġ(t − τl) dt

]}
,

(B.2)

∂ ln(Λ̌(ψ))

∂αl

=
1

σ2

{
∑

k

∑

j

[
∑

m

y̆′
k,j,m

∫

Tf

φ′
m(t)g(t − τl) dt − ρ

∫

Tf

g̃(t)g(t − τl) dt

]}
,

(B.3)

for l = 1, . . . , L, where ġ(t) :=
∑K−1

k=0

∑Nf−1
j=0 ṡ(t − jTf − kTs) is the symbol-long

received pulse comprising of the first derivative of s(t). Continuing the derivation by

differentiating (B.2) with respect to τi and (B.3) with respect to αi and τi, we obtain

−E

{
∂2 ln(Λ̌(ψ))

∂τl∂τi

}
=

αlαiρ

σ2

{
∑

k

∑

j

(∫

Tf

ġ(t − τl)ġ(t − τi) dt

)}
,

−E

{
∂2 ln(Λ̌(ψ))

∂αl∂τi

}
=

−αiρ

σ2

{
∑

k

∑

j

(∫

Tf

ġ(t − τi)g(t − τl) dt

)}
,

−E

{
∂2 ln(Λ̌(ψ))

∂αl∂αi

}
=

ρ

σ2

{
∑

k

∑

j

(∫

Tf

g(t− τl)g(t − τi) dt

)}
, (B.4)

where E{·} is the expectation operator taking with respect to the parameters of
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interest. For the simplicity, we assume that there is no correlation between signal

echoes within a single frame [72], then B.4) can be simplified to

− E

{
∂2 ln(Λ̌(ψ))

∂τl∂τi

}
=






KNfα2

l
ρ

σ2

(∫
Tf

ṡ2(t) dt
)

, i = l ,

0 , i 6= l ,

−E

{
∂2 ln(Λ̌(ψ))

∂αl∂τi

}
=





−KNfαiρ

σ2

(∫
Tf

ṡ(t)s(t) dt
)

, i = l ,

0 , i 6= l ,

−E

{
∂2 ln(Λ̌(ψ))

∂αl∂αi

}
=





KNfρ

σ2

(∫
Tf

s2(t) dt
)

, i = l ,

0 , i 6= l .
(B.5)

The individual element of the FIM1 can be written according to (B.5) as

Jαα = diag

{
KNfρ

σ2
E1, . . . ,

KNfρ

σ2
E1

}
, (B.6)

Jατ = Jτα = diag

{−KNfα1ρ

σ2
E2, . . . ,

−KNfαLρ

σ2
E2

}
, (B.7)

Jττ = diag

{
KNfα

2
1ρ

σ2
E3, . . . ,

KNfα
2
Lρ

σ2
E3

}
, (B.8)

where Ei for i = 1, 2, 3 are the energy terms defined in (5.21). Consequently, the

CRLB’s are given by

var(α̂l) ≥ [J−1(θ)]l,l = [(Jαα − JατJ−1
ττJτα)−1]l,l , (B.9)

var(τ̂l) ≥ [J−1(θ)]L+l,L+l = [(Jττ − JατJ−1
ααJτα)−1]l,l . (B.10)

Substituting (B.6)–(B.8) into (B.9) and (B.10) results in (5.19) and (5.20).

1The FIM is defined as J(ψ) =

[
Jαα Jατ
Jτα Jττ

]
[49, 50, 72].
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