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ABSTRACT

Ranging has been regarded as one of the fundamental enabling technologies for a multitude of applications that require
high accurate position information, such as automated navigation, vehicle platooning, asset management, etc. Among
various ranging techniques, impulse-radio ultra-wideband is one of the most competitive technologies for high-precision
ranging, because of its capability of achieving centimeter-level ranging accuracy, even for dense urban, indoor or cave like
environments. However, two main challenges arise when fully exploiting the ranging capability of impulse-radio ultra-
wideband: (i) the extremely high sampling rate to acquire the received multipath signal, and (ii) the optimal thresholding
strategy to differentiate the first path. To efficiently tackle those challenges, in this work, we propose a ranging approach
under the compressed sensing framework. Specifically, the received ranging signal is acquired by low-rate compressed
sampling through parallel random projections. Then, an algorithm named matching-pursuit search-back is proposed to
detect the first arrival path, which integrates a backward iterative search and thresholding process starting from the peak
path. The detection threshold is dynamically adjusted in each iteration to asymptotically minimize the averaged detection
errors over false alarm and missed detection. Extensive simulations and experiments with field data are provided to demon-
strate that the proposed approach can achieve high-precision ranging with far fewer samples compared with the traditional
Nyquist-sampling based ones. Copyright © 2016 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Position information provision has rapidly become one of
the fundamental prerequisites for many commercial, pub-
lic safety, and military applications. Traditionally, position
accuracy on the order of meters would be satisfactory
for most of the applications, such as vehicle naviga-
tion, environmental monitoring, search and rescue location
provision for mobile social networks, etc [1]. The most
prevalently used positioning techniques for those appli-
cations are the global navigation satellite systems and
wireless cellular systems [2]. However, in the foreseen
future, we will witness the emergence of more and more
applications requiring far more accurate position infor-
mation. For example, meter-level positioning accuracy is
needed for innovative applications in intelligent trans-
portation systems [3]. For the next generation automated
vehicle navigation systems, sub-meter accuracy is required
to accomplish lane-level positioning and collision avoid-

ance [4,5]. While for vehicle platooning [6] and some
indoor applications such as asset management, even cen-
timeter level accuracy is required. With GNNS or cellular
positioning systems, the required highly accurate position
information can hardly be achieved, especially in adverse
environments where the line-of-sight ropagation of anchor
node (i.e., the satellite or the cellular base station) signal is
degraded or denied [7].

In order to accomplish the various levels of high posi-
tioning accuracy, one viable solution is to use ranges
between non-anchor nodes (i.e., nodes with unknown posi-
tion), either cooperatively with the existent positioning sys-
tems (GNNS or cellular systems) to augment the absolute
positioning, or independently to conduct high precision rel-
ative positioning [8–10]. To obtain the range estimates,
a variety of ranging approaches can be adopted, such as
vision, ultrasonic, IrDA, Blue-tooth, ZigBee, WiFi, and
impulse-radio ultra-wideband (IR-UWB). Among them,
IR-UWB employs ultra-short radio frequency pulses (usu-
ally on the order of nanoseconds or even sub-nanoseconds)
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for ranging, with centimeter-level ranging accuracy in
theory, and thus has been regarded as one of the most
competitive technologies to realize high precision rang-
ing between non-anchor nodes[11,12]. The high-precision
ranging capability of IR-UWB essentially relies on its fine
time resolution, which is promising to leverage time-of-
arrival (TOA) estimation for ranging. Because the ultimate
goal of TOA estimation is to precisely detect the first path
from the received multipath signal, two main challenges
have to be overcome for IR-UWB ranging: the requirement
on high sampling rate and the difficulty in first path dif-
ferentiation. According to the Shannon–Nyquist criterion,
an analog-to-digital converter (ADC) with sampling rate
on the order of 10 Giga-samples per second (Gsps) or even
higher is needed for coherent first path detection [13–15],
which is considerably difficult to implement at low cost
and with low power. Moreover, because of the facts that
non line-of-sight blockage may exist and the antennas may
not be omnidirectional, the first path is not necessarily the
strongest. Typically, thresholding strategies are adopted,
but the optimal threshold selection should consider multi-
ple factors, including the noise strength and the multipath
channel characteristics.

To address the aforementioned challenges, in this paper,
we first propose a low-rate compressed sampling scheme
to acquire the received IR-UWB ranging signal based
on the newly-emerging compressed sensing (CS) theory
[16,17]. Different from the traditional low-rate point-
sampling schemes, the proposed compressed sampling
scheme allows the receiver digital back-end to reconstruct
the high-resolution ranging waveform from the low-rate
compressed samples. Then, to efficiently detect the first
path, we propose a multi-metric threshold setting strategy,
considering both the noise-related and channel-related fac-
tors. Specifically, the received multipath ranging signal is
acquired through parallel multichannel random projections
in the receiver analog front-end, with the projection inter-
val specified to cover the region containing both the peak
path (PP) and the first path. Then in the digital back-end,
TOA estimation is directly performed upon the incoming
low-rate compressed samples. Our proposed algorithm for
detecting the first path, namely, matching-pursuit search-
back (MP-SB), is actually a backward iterative shrinkage
searching process starting from the PP. The threshold
value used in MP-SB can be dynamically adjusted dur-
ing each iteration to minimize the average detection error
asymptotically.

The main contributions of this work are summarized as
follows:

(1) We devise an analog front-end architecture for com-
pressed sampling the IR-UWB ranging signal, which
is structured by parallel multi-channel random pro-
jections.

(2) We design the MP-SB algorithms for TOA estimation
from the low-rate compressed samples, which carries
out an iterative backward search from the PP till the
first path being detected.

(3) We propose a dynamic threshold setting strategy,
jointly considering noise-related and channel-related
factors, to asymptotically minimize the averaged
error over false alarm and missed detection in each
iteration of MP-SB.

The remainder of the paper is organized as follows.
Section 2 provides the background and related works.
The system model and problem statement are given in
Section 3. In Section 4, detailed design of CS based
ranging with IR-UWB is presented. The threshold setting
strategy for first path detection is proposed in Section 5.
Simulations and experiments with field data are presented
in Section 6, followed by conclusions and future works in
Section 7.

2. BACKGROUND AND RELATED
WORKS

Impulse-radio ultra-wideband ranging relies on TOA esti-
mation, and it can achieve centimeter level ranging accu-
racy in theory because of its ultra-fine time resolution.
For applications that require highly accurate range or posi-
tion information, such as vehicle platooning, indoor asset
management, etc., ranging with IR-UWB has great poten-
tials [11,12]. Taking the vehicle-to-vehicle ranging with
IR-UWB as an example, shown in Figure 1, by estimat-
ing the signal propagation time �prop, the estimated range
between the transmitter and receiver can be calculated as
Od D c � O�prop, where c is the speed of electromagnetic
wave, commonly known as c D 3 � 108 m/s. The estimat-
ing process can be conducted either in the one-way ranging
(OWR) manner or in the two-way ranging (TWR) man-
ner. For OWR, at time t0, the transmitter sends out one
ranging pulse, which will arrive at the receiver via multi-
ple paths. Among all the paths, the first path is usually the
direct path, whose arrival time is denoted as t1, and then
the propagation delay can be calculated as �prop D t1 � t0.
A disadvantage of OWR is that t0 and t1 are recorded by
two different clocks, that is, the transmitter clock and the
receiver clock, and hence OWR is applicable only when
the transmitter and receiver are time synchronized. While
for TWR, the receiver will send back one response pulse
to the transmitter at time t2 after receiving the arrived
ranging signal, with the processing delay m D t2 � t1
set in advance and known to both the transmitter and
receiver. The response pulse will also arrive at the transmit-
ter through multiple paths, with the arrival time of the first
path denoted as t3, so the two-way propagation delay can
be calculated as 2�prop D t3 � t0 � m. Because both t0 and
t3 are recorded by the transmitter clock, the TWR method
can avoid the issue of transmitter-receiver synchronization.

Although OWR and TWR have different procedures,
they both have to detect the first path from the received
multipath signal to estimate the signal arrival time (i.e., t1
for OWR, and t1, t3 for TWR), which is the main target
of IR-UWB ranging systems. During the past decade, a lot
of first path detection estimation algorithms were proposed
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Figure 1. Illustration of vehicle-to-vehicle ranging with impulse-radio ultra-wideband (IR-UWB). GPS Global Positioning System; TX,
transmitter; RX, receiver.

in the literature. According to the corresponding analog-
part design, those algorithms can be mainly classified
into coherent and non-coherent categories. The coherent
algorithms are based on match-filtering or sliding correla-
tion, thus can fully exploit the ranging ability of IR-UWB
[13–15]. However, extremely high sampling rate on the
order of 10 Gsps is required, which is considerably diffi-
cult to implement at low cost and with low power currently.
As a tradeoff, some non-coherent algorithms which are
mainly based on energy-detection are proposed, catering
for practical low-cost ranging [18–21]. High-rate sampling
is not required by energy-detection, but because of the
coarse time granularity of low-rate energy samples, those
non-coherent algorithms cannot fully exploit the capabil-
ity of IR-UWB to achieve high-precision TOA estimates.
As for the detection threshold setting in those algorithms,
the adopted setting metrics are mainly noise-related, such
as the noise strength, SNR, while channel-related factors
are seldomly considered. In summary, because of the chal-
lenges with the signal sampling and threshold setting for
first path detection, existing algorithms could not achieve
the high performance.

The emerging theory of CS [16,17] provides a promising
approach to address the sampling challenge. Some recent
researches have shown the great potential of applying CS
to the design of IR-UWB communication systems as well
as IR-UWB radar systems. For example, CS is used to
achieve high performance IR-UWB channel estimation by

exploring the channel sparsity [22,23]; novel IR-UWB
symbol detection strategies are designed under the CS
framework [24–27] by exploring the transmitted signal
sparsity; based on low-rate compressive measurements,
new echo detection methods for IR-UWB radar imaging
are proposed [28,29]. Taking into account the sparse char-
acter of narrowband interference in the frequency domain,
CS-based narrowband interference mitigation methods are
also proposed for IR-UWB communications [30]. Dif-
ferent from these works, in our work, CS is introduced
to the IR-UWB ranging systems, aiming at providing a
systematic solution for high-precision ranging with low-
rate sampling. In addition, for the first path detection, a
multi-metric threshold setting strategy is proposed, tak-
ing into account the effects of both noise and channel
characteristics on ranging performance.

3. SYSTEM MODEL AND PROBLEM
STATEMENT

As is mentioned in Section 2, the primary task of rang-
ing with IR-UWB is to detect the first path from the
received multipath signal. For ease of presentation, we take
the OWR as the example. The system model is shown in
Figure 2.

Wirel. Commun. Mob. Comput. 2016; 16:3015–3031 © 2016 John Wiley & Sons, Ltd. 3017
DOI: 10.1002/wcm

 15308677, 2016, 17, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/w

cm
.2742 by U

niversity O
f W

aterloo, W
iley O

nline L
ibrary on [23/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



High precision ranging with IR-UWB: a compressed sensing approach S. Wu et al.

Figure 2. System model of compressed sensing based impulse-radio ultra-wideband ranging. BPF, band-pass filter; LNA,low-noise
amplifier.

The ranging signal sent by the transmitter is a sequence
of equally spaced pulses, which can be expressed as

s.t/ D
p

Ep

Nf�1X
jD0

p.t � jTf / (1)

where p.t/ denotes single pulse with unitary energy and
duration Tp ; Ep denotes the transmitted pulse energy; Nf
is the number of transmitted pulses; j and Tf are the pulse
index and the frame duration, respectively.

The multi-path channel response is written as

h.t/ D
LX

iD1

aiı.t � �i/ (2)

where L is the number of propagation paths; ai and �i are
the attenuation and the delay of the ith path, respectively.

The received signal thus can be expressed as

r.t/ D s.t/ � h.t/C n.t/ (3)

where n.t/ denotes the additive white Gaussian noise
(AWGN) with zero mean and two-sided power spectral
density N0=2; the variance of n.t/ is denoted as �2 .

On receiving the received signal, the receiver analog
front-end conducts CS-based sampling and generate the
low-rate compressed samples. By processing the incoming
compressed samples, the receiver digital back-end detects
the first path and estimates the arrival time.

Without loss of generality, we assume:

� Frame-level coarse acquisition is available, that is, the
first path arrival time �1 in Equation (2) is less than Tf .

� Tf is set to be large enough to avoid inter-frame
interference. Specifically, Tf > TCIR C �1, where

TCIR denotes the effective delay spread of the multi-
path channel.

� The ranging channel is quasi-static, that is, h.t/ keeps
unchanged within the duration of Nf Tf . Then the use-
ful components within each frame of the received
signal are the same, and the received data within the
jth can be expressed as

r.j/.t/ D
p

Ep � p.t � jTf / � h.t/C n.j/.t/

D
p

Ep

LX
iD1

aip.t � jTf � �i/C n.j/.t/,

t 2 ŒjTf , .jC 1/Tf /

(4)

where n.j/.t/ is the intercepted segment of n.t/ within
the jth frame, and Ep can be set as Ep D 1 for
simplicity.

To estimate the TOA of the received signal, the param-
eter �1 in Equation (4) is required, which is correlated not
only with the receiver analog front-end design, but also
the digital back-end design. Specifically, three problems
have to be solved to achieve the targeted low-rate sampling
based high-precision ranging.

(1) In the receiver analog front-end, how to implement
the CS-based sampling and get the low-rate com-
pressed samples as the analog-part outputs?

(2) In the digital back-end, how to estimate the first path
arrival time from the incoming low-rate compressed
samples? That is, how to design the compressed
sampling based first path detection algorithm.

(3) For the designed first path detection algorithm, how
to guarantee its high performance? The performance
is affected by both noise related and channel charac-
teristic related factors. The detection threshold which
is intended to differentiate the first path from the
noise components and other arriving paths should be

3018 Wirel. Commun. Mob. Comput. 2016; 16:3015–3031 © 2016 John Wiley & Sons, Ltd.
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optimized so that the expected detection error can be
minimized. In other words, how to set the threshold
will affect the performance fundamentally.

In the next two sections, the aforementioned three prob-
lems will be addressed one by one to fulfill low-rate
compressed sampling based high-precision ranging with
IR-UWB.

4. COMPRESSED SENSING BASED
SAMPLING AND THE FIRST PATH
DETECTION ALGORITHM

In this section, we first briefly introduce the CS theory, and
then give the detailed design of CS-based IR-UWB rang-
ing receiver, including the analog front-end which conducts
low-rate compressed sampling and the digital back-end
where the first path detection algorithm is carried out to
estimate the signal arrival time.

4.1. Compressed sensing preliminaries

The signal of interest x 2 RN�1 is K-sparse on the
basis (or dictionary) ‰ D Œ 1, 2, : : : , N �, that is, x D

NP
nD1

�.n/ n D
KP

lD1
�.nl/ nl D ‰� , where � is an N � 1

vector with K non-zero elements. To reconstruct x, we can
linearly measure M (where K < M � N) projections of x
on another basis ˆ, that is, y D ˆx D ˆ‰� . If ˆ‰ satis-
fies the restricted isometry property (RIP) [16], then x can
be exactly reconstructed by solving the following problem:

O� D arg min k�k1 s.t. y D ˆ‰� (5)

When ˆ and ‰ are non-coherent, ˆ‰ satisfies RIP with
high probability. Specifically, a randomly generated matrix
ˆ is non-coherent with any fixed matrix ‰, thus a random
matrix ˆ is universally applicable.

In practical applications, the signal of interest is usually
noisy, that is,

x D ‰� C n1 (6)

where n1 denotes the noise component such as AWGN.
Distortion may also be introduced during the measurement
process, that is, y D bˆxc� D ˆx C n2 where b�c� is
the quantization operator, and n2 denotes the quantization
error. Therefore, the compressed samples are usually noise
contaminated, which can be represented as y D ˆ‰� C n,
where n is the equivalently composite noise. To recon-
struct x from the noisy compressed samples, the following
problem should be solved:

O� D arg min k�k1 s.t. ky �ˆ‰�k2 � " (7)

where " should be set according to the noise level.
Equation (5) is the traditional linear programming prob-

lem, and Equation (7) is the traditional second-order cone
programming problem. Both of them can be solved by

well-developed algorithms. Using slightly larger amount of
measurements, greedy algorithms, such as matching pur-
suit (MP), orthogonal MP, and CoSaMP [31], can also be
used to solve the two problems.

4.2. Receiver analog front-end: compressed
sensing-based sampling

The prerequisite of applying CS is that the signal to be
processed must be sparse in certain representation. In the
following, we will first show that CS is appropriate for the
IR-UWB ranging signal processing.

Let T 0s be a sufficiently small virtual sampling interval of
the received signal. By virtual sampling, it means that this
is only a “thought-experiment" construction, and no A/D
conversion is done at rate 1=T 0s. Because Ts0 actually rep-
resents the time resolution we expect on the reconstructed
signal, it is usually set to be equal to or smaller than the
Nyquist sampling interval. The virtual sampled form of
Equation (4) is

r.j/ D p � hC n.j/ D P.Tf ,T 0s/hC n.j/ (8)

where p, h, n.j/ denote the virtual sampled sequences of

p.t/, h.t/ and n.j/.t/, respectively, with sequence length of�
Tf =T 0s

˘
; P.Tf ,T 0s/ is the equivalent circular matrix of p�,

with the convolution truncation length of
�

Tf =T 0s
˘

. As for
h, only those elements indexed at

˙
�i=T 0s

�
are non-zeros

with values of ai ( 1 � i � L ). We can take a quick
calculation to show that h is indeed sparse. For the com-
monly used IEEE 802.15.4a channel models [32], the 100
strongest paths are sufficient to characterize the channel
and can collect the majority of the multipath energy, so
L � 100; set Tf D 200 ns and T 0s D 0.05 ns, then the length
of h is

�
Tf =T 0s

˘
D 4000. It is obvious that L	

�
Tf =T 0s

˘
. In

all, it can be observed that Equation (8) accords perfectly
with the noisy sparse signal model presented by Equation
(6) (with P.Tf ,T 0s/ mapping to ‰ and h mapping to � ), thus
the IR-UWB ranging signal can be low-rate sampled under
the CS framework.

To implement CS based low-rate sampling, the ultimate
goal is to design an analog structure that plays the role
of the matrix ˆ in Equations (5) and (7). Additionally,
the resulting composite matrix ˆP.Tf ,T 0s/ should satisfy the
RIP so that information of the ranging signal to be acquired
is preserved. Because a random matrix ˆ is universally
applicable, random filtering [33] or random demodulat-
ing [34] based analog structure can be used. In this work,
we present a parallel multi-channel random demodulat-
ing architecture to sample the received ranging signal. As
shown in Figure 3, there are Me parallel channels linearly
projecting the received signal. Any waveform randomly
generated according to a Gaussian, Bernoulli, or more gen-
erally any sub-Gaussian distribution can be used as the
projection waveform for each channel. Among the vari-
ous types of randomly generated waveform, the Bernoulli

Wirel. Commun. Mob. Comput. 2016; 16:3015–3031 © 2016 John Wiley & Sons, Ltd. 3019
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Figure 3. Illustration of compressed sampling of the received impulse-radio ultra-wideband ranging signal. ADC, analog-to-digital
converter; BPF, band-pass filter; LNA, low-noise amplifier; TOA, time-of-arrival.

sequence is the easiest for implementation because it can
be generated by a pseudo random number generator. In
addition, the performance difference between different
types of sub-Gaussian waveforms is negligible. Therefore,
the proposed sampling structure adopts pseudo random
noise as the measurement waveform, that is, 'm.t/ (m D
1, 2, � � � , Me) is a pseudo random noise sequence with chip
rate of 1=T 0s. For hardware implementation, the pseudo
random noise sequence can be generated by linear feed-
back shift registers. The virtual sampled sequence of 'm.t/
then corresponds to the row elements of the compressed
sampling matrix ˆ. The projection interval is denoted as
Œtstart, tstart C Tprj�, where tstart is the offset of the projec-
tion start point relative to the frame start point, and Tprj is
the projection length; the sampling interval of the ADC is
Tf , with Tf 
 Tprj. In the following, we will elaborate how
to set the projection interval and details of the compressed
sampling process.

4.2.1. The projection interval setting.

Because the essence of TOA estimation is to detect the
first path, the projection interval does not need to cover
the entire frame. Instead, we can choose a shorter signal
segment where the first path is contained with satisfactory
high probability as the projection interval. By doing so, the
signal dimension is reduced from

�
Tf =T 0s

˘
to
�

Tprj=T 0s
˘

,
and thus the requirement on the number of measurements
is also relaxed. Moreover, the data amount input to the
digital back-end is reduced, consequently reducing the
computational complexity.

The reference point to determine the projection interval
is the PP of the received signal, which can be located by
peak detection. The first path will be covered by tracing
back long enough from the PP, that is, the projection inter-
val can be set as

�
�peak C TpTp2 � Tprj, �peak C Tp=2

�
,

where the half pulse length after the peak point is also
covered so that the entire PP can be projected. Let ı D

�peak � �1 denote the arrival time difference between the
first path and the PP, then Tprj can be set large enough so

that Pr
�
ı � Tprj �

Tp

2

�
! 1.

4.2.2. Compressed sampling.

The signal segment falling within the projection interval
is,

r.j/prj D p � hprj C n.j/prj D P.Tprj,T 0s/hprj C n.j/prj (9)

The length of each virtual sampled sequence in Equation
(9) is

�
Tprj=T 0s

˘
, and P.Tprj,T 0s/ denotes the convolution

matrix with truncation length of
�

Tprj=T 0s
˘

. Compressed

sampling on r.j/prj will generate Me measurements. Let M
denote the required number of measurements for precise
ranging, to reduce the number of projection channels and
hence reduce the hardware cost, the overall M times of
measuring can be distributed to D consecutive frames,
that is, M D D � Me. Therefore, there are ND D Nf =D
batches of compressed measurements, and the nth batch of
measurements can be represented as

yŒn� D
h
y.1/Œn�, y.2/Œn�, � � � , y.D/Œn�

iT
(10)

where y.d/Œn�(1 � d � D) denotes the Me measurements
corresponding to the dth signal frame in the nth batch.
y.d/Œn� can be written as follows:

y.d/Œn� D ˆ.n,d/r
..n�1/DCd/
prj

D ˆ.n,d/P
.Tprj,T 0s/hprj Cˆ.n,d/n

..n�1/DCd/
prj

(11)

where ˆ.n,d/ denotes the measurement matrix composed
by the virtual sampled sequence of the Me measurement

waveforms, '.n,d/
m .t/(m D 1, 2, � � � , Me), and it is the sub-

matrix of the equivalent compressed sampling matrix. The
measurement waveforms adopted for different batches do

3020 Wirel. Commun. Mob. Comput. 2016; 16:3015–3031 © 2016 John Wiley & Sons, Ltd.
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not vary, that is, '.n,d/
m .t/ does not vary with n. Thusˆ.n,d/

can be simply denoted as ˆ.d/. Because the statistical
characteristics of the noise components within each frame
are the same, without influencing the performance analy-

sis results, n..n�1/DCd/
prj can be simply denoted as nprj. Let

ˆ D
h
ˆT
.1/jˆ

T
.2/j � � � jˆ

T
.D/

iT
, then ˆ is just the equiv-

alent compressed sampling matrix. Equation (10) can be
expressed as

yŒn� D ˆP.Tprj,T 0s/hprj Cˆnprj (12)

The first non-zero of hprj in Equation (12) just corresponds
to the center of the first path. Therefore, to estimate the
TOA under CS framework, we only need to locate the first
non-zero in hprj based on the noisy compressed samples in
Equation (12). Usually, a processing gain could be obtained
by taking average over the ND batches of measurements,
that is,

Ny D
1

ND

NDX
nD1

yŒn� D ˆP.Tprj,T 0s/hprj CˆNnprj (13)

where Nnprj denotes the virtual sampled AWGN sequence

with variance of �2
avg D �

2=ND.

4.3. Receiver digital back-end: first path
detection

By compressed sampling, all information is now preserved
in the sampled results in Equation (13). To estimate the
TOA of the received signal, it requires the estimation of
first path center location, that is, the index of the first non-
zero element of hprj in Equation. (13). In what follows, we
concentrate on the algorithm design for first path detection.

4.3.1. A simple and direct strategy.

A simple and direct strategy is to fully reconstruct hprj

first, and then apply threshold comparison on Ohprj. Those
algorithms in the literature to solve the second-order cone
programming problem, such as MP, orthogonal MP, and
CoSaMP, can be used for reconstruction. However, the
essence of TOA estimation is to locate the first path, not
to reconstruct all the paths. Therefore, the number of mea-
surements needed can be decreased, and consequently the
computational complexity will also be reduced. To this
end, we propose the following MP-SB algorithm.

4.3.2. The matching-pursuit search-back

algorithm.

Before presenting the details of the proposed algorithm,
we first clarify the terms and parameters in Figure 4.

� Peak path: the strongest path of the arrived multi-
paths, that is, the path that needs to be locked before
setting the projection interval.

� Tip path (TP): the strongest path within a certain
region left to PP. More specifically, “tip path 1” is
the strongest path left to PP, that is, the strongest
path within the region

�
�peak C Tp=2 � Tprj, �peak

�
;

“tip path 2” is the strongest path left to “tip path
1”, that is, the strongest path within the region�
�peak C Tp=2 � Tprj, �TP_1

�
, where �TP_1 denotes the

arrival time of “tip path 1”. The last TP is just the first
path, whose arrival time is the TOA to be estimated.

� Falling times: the index of a TP relative to PP, denoted
by �. Specially, the falling times of the last TP, also
the first path, is denoted as & .

Taking hprj in Figure 4 as an example, we can see that there
are three TPs in total, and “tip path 3” is also the “first
path”, with � D 3 and & D 3.

The proposed algorithm is based on MP with backward
search, whose main idea is as follows. A backward iter-
ative shrinkage search is started from the PP to find out
the TPs one by one through MP. During each iteration, the
relative amplitude, that is, the ratio of TP’s amplitude to
PP’s, is compared with a dynamic threshold. If the relative
amplitude is larger than the threshold, the iterative search
continues; otherwise, the iteration stops, and the last found
TP is regarded as the first path.

Let t denote the iteration times of the TOA estimation
algorithm, � D jaTP=aPPj represent the relative amplitude,
!2 D �2

avg=a2
PP represent the relative noise power, and ��

denote the detection threshold. �� is adaptively adjusted
during each iteration, according to multiple factors, includ-
ing the current iteration times, the relative noise power, the
relative amplitude and the location of the previous found
TP. The method of calculating �� for each iteration will be
discussed in next section. Details of the proposed MP-SB
TOA estimation algorithm is given as follows:

(1) Initialization. Let V D ˆP.Tprj,T 0s/ denote the dictio-
nary matrix, and vi (1 � i � N) correspond to the ith
column of V , that is, the ith atom in the dictionary.
The residual is initialized as e0 D Ny, and the initial
search region ends at l0 D N C 1, so that the right
boundary of the projection interval is covered. The
iteration times is initialized as t D 0, and the channel
response estimation is initialized as Ohprj D 0N�1.

(2) Let t D t C 1, find the atom in the dictionary that
matches the residual best, that is,

lt D arg max
1�i<lt�1

jhet�1, viij

kvik
(14)

(3) Estimate the coefficient of the found atom, that is, the
amplitude of the corresponding path. If t D 1, the
found path is PP; otherwise, the found path is TP.

Ohprj.lt/ D Ohprj.lt/C
jhet�1, viij

kvik2
(15)

Wirel. Commun. Mob. Comput. 2016; 16:3015–3031 © 2016 John Wiley & Sons, Ltd. 3021
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High precision ranging with IR-UWB: a compressed sensing approach S. Wu et al.

Figure 4. Illustration of hprj .

O� D
ˇ̌̌
Ohprj.lt/

.
Ohprj.lt/

ˇ̌̌
(16)

(4) If t D 1, then set ��=0; otherwise, calculate the value
of ��. The information used for calculation includes
the current iteration times, the results of previous iter-
ation, that is, the relative amplitude and location of
the previous found TP, and the relative noise power,

that is, !2 D �2
avg=

�
Ohprj.l1/

�2
.

(5) If O� < ��, then stop the iteration and jump to step 6;
otherwise, update the residual as

et D et�1 �
jhet�1, viij

kvik2
vlt (17)

Then, go to step 2 to continue to find other TPs in the
region left to the previous found TP.

(6) TOA is estimated as O�TOA D .lt�1 � 1/ �T 0sC �peakC

Tp=2 � Tprj.

5. THRESHOLD SETTING FOR THE
FIRST PATH DETECTION
ALGORITHM

The setting of �� for the proposed MP-SB algorithm
greatly affects the estimation performance. The optimal
threshold setting strategy should minimize the first path
detection error, which are determined by two categories
of factors: noise related and channel characteristics related
factors. In this section, we first take detailed analysis of the
detection error of MP-SB, by jointly considering all dif-
ferent kinds of factors. Then the threshold setting strategy
is proposed to asymptotically minimize the detection error.
A case study using the IEEE 802.15.4a channel modes are
given for further understanding of the proposed strategy.

5.1. Error analysis for matching-pursuit
search-back algorithm

From the procedure of MP-SB, we can see that the fol-
lowing metrics will affect final detection performance: the

relative noise power, that is, !2 D �2
avg=

�
Ohprj.l1/

�2
, and

metrics that can characterize the channel property, includ-
ing the first path falling times, that is, & , the TP falling
times, that is, �, the relative amplitude of TP to PP, that is,
�, and the arrival time difference of first path to PP, that is,
ı. Let Pr.&/ denote the distribution of the first path’s falling
times, with & D 0 representing the situation that the first
path is also the PP. Let fı .ıj&/ denote the distribution of ı
under different & , and f�.�j�/ denote the distribution of �
under different �. Next, we will use these metrics to derive
the error of MP-SB.

Two cases may occur when the MP-SB algorithm is exe-
cuted. One is the non-derailment case, where the search
process will not derail from the track “SP! TP1! TP2!
first path � � � ”. This is also the expected ideal case, because
each iteration can successfully locate the corresponding tip
path. The other is the derailment case, where components
other than SP or TP are found by the algorithm. Here, we
firstly concentrate on the non-derailment case. For the tth
iteration, the non-optimal setting of �� may result in two
kinds of detection errors: the false alarm and the missed
detection.

5.1.1. False alarm error.

The first path has already been found in the (t � 1)th
iteration, that is, & D t � 2. During the tth iteration, the
matched atom actually corresponds to a noise component.
Therefore, O� D j�nj, where the relative amplitude of noise
�n is Gaussian distributed with zero mean and variance
of !2 D �2

avg=a2
PP. If �� < O�, then the iteration contin-

ues, and the final detection corresponds to certain location

3022 Wirel. Commun. Mob. Comput. 2016; 16:3015–3031 © 2016 John Wiley & Sons, Ltd.
DOI: 10.1002/wcm
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S. Wu et al. High precision ranging with IR-UWB: a compressed sensing approach

within the region Œ1, lt�1/, resulting in false alarm error. Let
#.i/ denote the i.i.d. Gaussian process with state distribu-
tion the same as �n, the probability of false alarm can be
derived as follows,

PFA D Pr.& D t � 2j& 
 t � 2/

� Pr

 
sup j#.i/j
i2Œ1,lt�1/

> ��

ˇ̌̌
ˇ̌sup j#.i/j

i2Œ1,lt�1/

< �.t�1/

!

D
Pr.& D t � 2/

Pr.& 
 t � 2/

� Pr

 
sup ju.i/j
i2Œ1,lt�1/

>
��

!

ˇ̌̌
ˇ̌sup ju.i/j

i2Œ1,lt�1/

<
�.t�1/

!

!

D
Pr.& D t � 2/

Pr.& 
 t � 2/

�

Pr

 
��
! < sup ju.i/j

i2Œ1,lt�1/

<
�.t�1/

!

!

Pr

 
sup ju.i/j
i2Œ1,lt�1/

<
�.t�1/

!

!

D
Pr.& D t � 2/

Pr.& 
 t � 2/

�

Pr

 
sup ju.i/j
i2Œ1,lt�1/

>
��
!

!
� Pr

 
sup ju.i/j
i2Œ1,lt�1/

>
�.t�1/

!

!

1 � Pr

 
sup ju.i/j
i2Œ1,lt�1/

>
�.t�1/

!

!
(18)

where �.t�1/ denotes O� obtained in the (t � 1)th itera-

tion, that is, �.t�1/ D
ˇ̌̌
Ohprj.lt�1/=Ohprj.l1/

ˇ̌̌
; u.i/ denotes the

i.i.d. Gaussian process with zero mean and unit variance;

Pr

 
sup ju.i/j

i2Œ1,T�
> �

!
represents the two-sided level cross-

ing probability of u.i/ at a level � in a given region Œ1, T�.
Similar to [35], this probability can be approximated by

Pr

 
sup ju.i/j

i2Œ1,T�
> �

!
� 1 � exp

	
�

T

E.	/



(19)

where 	 denotes the interval between a down-crossing and
the next adjacent up-crossing of ju.i/j at a given level � .
E.	/ is simulated using a computer generated white Gaus-
sian vector. By fitting on the simulation results, E.	/ can
be modeled by E.	/ D p1 exp .q1 � �/ C p2 exp .q2 � �/,
where the values of p1, q1, p2, and q2 are shown in Table I.
Substituting E.	/ into Equation (19), and then substituting
(19) into (18), the final expression of PFA can be obtained.

Note that the false alarm is uniformly distributed within
the region Œ1, lt�1/, and hence the average false alarm error
is

"FA D
lt�1

2
T 0s (20)

Table I. Parameter values of
the model of E.�/.

Parameter Value

p1 0.2595
q1 2.342
p2 9.518e�5
q2 4.677

Therefore, the absolute TOA estimation error (AE) con-
tributed by false alarm is

AEFA D PFA � "FA (21)

5.1.2. Missed detection error.

The first path has not yet been found by the previous
t � 1 iterations, that is, & 
 t � 1. Then during the tth iter-
ation, we need to guarantee that the iteration will continue.
If �� > O�, then the iteration will stop, and the TP found
by the (t � 1)th iteration will be regarded as the first path,
resulting in missed detection error. The estimated relative
amplitude during the tth iteration then can be represented
as O� D j�s C �nj, where �s denotes the relative amplitude
of the TP, whose absolute value follows the distribution
denoted by f�.�j�/; �n follows Gaussian distribution with
zero mean and variance of !2 D �2

avg=aPP
2 . Because

the distributions of �s and �n are both symmetric, we can
just take the positive case of �s into consideration, that is,
�s D �, and O� D j� C �nj. Letting z D � C �n, because �
and �n are independent, the probability density of z is

fz.zj�/ D

1Z
0

f�n.z � �/f�.�j�/d� (22)

The missed detection probability can be deduced as fol-
lows:

PMD D Pr.& 
 t � 1j& 
 t � 2/

� Pr
�
jzj < ��

ˇ̌̌
jzj � �.t�1/, and � D t � 1

�
D

Pr.& 
 t � 1/

Pr.& 
 t � 2/
�

Pr.jzj < ��j� D t � 1/

Pr.jzj � �.t�1/j� D t � 1/

D
Pr.& 
 t � 1/

Pr.& 
 t � 2/
�

��R
���

fz.zj� D t � 1/dz

�.t�1/R
��.t�1/

fz.zj� D t � 1/dz

D
Pr.& 
 t � 1/

Pr.& 
 t � 2/

�

��R
���

1R
0

f�n.z � �/f�.�j� D t � 1/d�dz

�.t�1/R
��.t�1/

1R
0

f�n.z � �/f�.�j� D t � 1/d�dz

(23)
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High precision ranging with IR-UWB: a compressed sensing approach S. Wu et al.

The location of missed detection is indexed at lt�1. Thus
its arrival time difference relative to the PP is ı.t�1/ D

.l0 � lt�1/T 0s. The true location of the first path is within
the region Œ1, lt�1/, with time difference relative to the PP
following the distribution denoted by fı .ıj&/. Therefore,
the average missed detection error is

"MD D

1X
iDt�1	
Pr.& D i/

Pr.& 
 t � 1/
� E
�
ı
ˇ̌̌
ı > ı.t�1/, and & D i

�


� ı.t�1/

D
1

Pr.& 
 t � 1/

�

1X
iDt�1

0
BBB@Pr.& D i/ �

1R
ı.t�1/

ıfı .ıj& D i/dı

1R
ı.t�1/

fı .ıj& D i/dı

1
CCCA

� ı.t�1/

(24)
Then, the absolute TOA AE contributed by missed detec-
tion is

AEMD D PMD � "MD (25)

5.2. Threshold setting criterion based on
error minimization

Because of the effects of noise, it is possible that the
searching process derails from the expected ideal track,
that is, the derailment case may occur. In this case,
some randomly located component may be detected as
the first path when the iteration of MP-SB terminates. Let
AEderailment denotes the absolute TOA AE for derailment
case, and Pderailment denote the corresponding occurrence
probability. Then the expected TOA estimation AE during
the current iteration can be expressed as

AE.t/ DPderailment � AEderailmentC

.1 � Pderailment/AEnon - derailment
(26)

where AEnon - derailment denotes the absolute TOA AE for
non-derailment case. The expression of AEnon - derailment
can be obtained based on the results of section VI-B, that
is,

AEnon - derailment D AEFA C AEMD

D PFA � "FA C PMD � "MD
(27)

The optimal threshold can be selected such that AE.t/ is
minimized for the tth iteration, that is,

�
opt
� D arg min

0<��<�.t�1/

AE.t/ (28)

Because the expressions of Pderailment and AEderailment are
very complex to derive, the optimal solution to the afore-
mentioned problem cannot be obtained. As a sub-optimal
solution, the threshold that simply minimizes the second
part of AE.t/ can be used, that is,

�
sub�opt
� D arg min

0<��<�.t�1/

..1 � Pderailment/AEnon - derailment/

(29)
The aforementioned compromise is reasonable because of
the following facts:

� First, when the received signal SNR is high, the prob-
ability of derailment will be very low, so the first part
of Equation (26) would be dominated and could be
ignored.

� Second, when the received signal SNR is low, the
final first path detection would be randomly located,
so AEderailment is approximately independent of the
threshold, and the first part of Equation (26) can also
be omitted in the optimization problem.

� Third, the TOA estimation performance of using
�

sub�opt
� is comparable with that of using oracle

threshold, which is justified in numerical results in
Section 6.1.1.

Because Pderailment is independent of the threshold, the
problem can further be simplified as

�
sub�opt
� D arg min

0<��<�.t�1/

AEnon - derailment

D arg min
0<��<�.t�1/

.PFA � "FA C PMD � "MD/
(30)

where PFA, "FA, PMD and "MD are given in Equations (18)–

(25). It can be observed that � .sub�opt/
� is dependent on t

(the current iteration times), ! (the relative noise power),
�.t�1/ (the relative amplitude of the previous found TP),
and ı.t�1/ (the arrival time difference between the previous
found TP and PP), where ! reflects the noise strength of
the received ranging signal, and t, �.t�1/ and ı.t�1/ reflect
the individual channel characteristics of the current chan-
nel. Therefore, the threshold setting given by Equation (30)
includes all key factors.

5.3. Case study

Different scenario would have different radio frequency
propagation channel properties, so the statistics, that is,
Pr.&/, fı .ıj&/, f�.�j�/, utilized in the error evaluation and
threshold setting strategies are different, depending on spe-
cific environments. Here, we take the warehouse indoor
as an example, where the IR-UWB propagation channel
properties can be well characterized by the IEEE 802.15.4a
channel models, to conduct case study for further verifying
the threshold setting method.

A total of 1000 independent channel responses for CM1
and CM2 are generated individually. Table II shows the

3024 Wirel. Commun. Mob. Comput. 2016; 16:3015–3031 © 2016 John Wiley & Sons, Ltd.
DOI: 10.1002/wcm
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S. Wu et al. High precision ranging with IR-UWB: a compressed sensing approach

Table II. The result of Pr.&/.

& 0 1 2 3 4 �5

CM1 0.229 0.363 0.246 0.107 0.04 0.015
CM2 0.101 0.268 0.291 0.203 0.101 0.036

Table III. The value of � and v in equation (31) under
different & .

& 1 2 3 4 �5

CM1
� 1.41 2.18 2.59 2.86 3.16
v 1.13 0.81 0.66 0.56 0.45

CM2
� 1.44 2.24 2.60 2.87 3.05
v 1.10 0.79 0.64 0.68 0.60

Table IV. The value of a and b in equation (32) under
different �.

� 1 2 3 4 �5

CM1
a 2.91 2.70 2.83 2.33 1.66
b 1.14 2.12 3.64 4.20 4.26

CM2
a 2.64 2.62 2.60 2.56 2.03
b 1.12 2.31 3.72 4.62 4.75

result of Pr.&/. For & 
 1, that is, when the first path is
not the strongest, the difference of arrival time between the
first path and the PP satisfies ı > 0. Statistic results show
that fı .ıj&/ follows the lognormal distribution, that is,

fı .ıj&/ D
1

ı
p

2
v
exp

 
�
.ln ı � �/2

2v2

!
, ı > 0 (31)

where the values of � and v, that is, the mean and variance
of ln ı, vary with & , as shown in Table III. As for f�.�j�/,
results show that it follows the Beta distribution, that is,

f�.�j�/ D
1

B.a, b/
�a�1.1 � �/b�1 , 0 < � < 1 (32)

where the value of a and b vary with �, as show in Table IV.

With the aforementioned the statistic results, the detec-
tion threshold for each iteration of MP-SB, that is,
�

sub�opt
� , could be dynamically calculated out by Equation

(30). Take the case of “t D 3, ı.t�1/ D 10 ns” as an exam-
ple, the values of � sub�opt

� at different combinations of !

and �.t�1/ are calculated and plotted in Figure 5. It can
be seen that � sub�opt

� monotonically increases with ! and

�.t�1/.
We can further take a qualitative analysis on the impact

of parameter AEs. With the assumption of non-derailment
matching-pursuit, each tip path will be located precisely.
Therefore, ı.t�1/, which indicates the location of the last
found TP, can be accurately estimated. Furthermore, the
parameter t represents the current iteration times, so it has

Figure 5. �
sub�opt
� with respect to ! and �.t�1/ when t D 3 ,

ı.t�1/ D 10 ns.

no AEs. We thus can focus on the impact of AEs of ! and
�.t�1/ on the sub-optimum threshold.

� Let O! be the estimate of !. If O! is larger than !,
then the probability of false alarms will increase. To
suppress the false alarms so that the expected error
decreases, the value of � sub�opt

� will be calculated out
larger than what it should be.

� Let O�.t�1/ be the estimate of �.t�1/. If O�.t�1/ is larger
than �.t�1/, then the probability of missed detections
will decrease. The decrease of missed detection could
be treated as a chance for suppressing the false alarms
in the optimization procedure. Therefore, the calcu-
lated value of � sub�opt

� will also be larger than what it
should be.

It can be concluded from the earlier analysis that the pos-
itive AE of both ! and �.t�1/ would make � sub�opt

� larger
than what it should be, as shown in Figure 5.

6. PERFORMANCE EVALUATIONS

In this section, we conduct performance evaluation by
simulations as well as field data experiments, to demon-
strate that the proposed ranging approach with IR-UWB
can achieve high precision range estimates with far fewer
samples than traditional methods using Nyquist sampling.

6.1. Simulations

The IEEE 802.15.4a CM1 and CM2 channel models,
which can well characterize the indoor propagation prop-
erties, are used for ranging channel generation. Statistic
results in Section 5.3, together with the proposed thresh-
old setting criterion in Section 5.2, are used for first path
threshold calculation for MP-SB. The detailed simulation
settings are summarized in Table V. For each frame, the

Wirel. Commun. Mob. Comput. 2016; 16:3015–3031 © 2016 John Wiley & Sons, Ltd. 3025
DOI: 10.1002/wcm
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High precision ranging with IR-UWB: a compressed sensing approach S. Wu et al.

Table V. Simulation settings.

System parameter T 0s D 0.05ns

Transmitter-related Gaussian doublet with Tp D 1ns and
pulse shaping factor of Tp=2.2 is used;
Nf D 20, Tf D 200ns.

Channel-related 1000 different CIRs are generated for CM1
and CM2 individually, with TOAs uniformly
distributed within [0, 100] ns.

Receiver-related D D 20 and Me D 16 (hence ND D 1 and
M D 320�); Tprj D 70 ns; for each CIR,
Eb=N0 varies from 21 dB to 40 dB steped by 1 dB.

�Usually, M � K � log.N/ or M � 4K measurements are needed to perfectly recon-
struct the projected signal. Assuming that the resolvable multipath condition holds
(i.e.,

ˇ̌
�i � �j

ˇ̌
� Tp 8i ¤ j), the relax value of M for reconstruction can be calculated as

M � 4 �Tprj=Tp D 280. Here we choose a slightly larger value as M D 320 to guarantee
the successful execution of MP-SB algorithm. The performance of MP-SB with respect
to M is not discussed in this paper, because it is not hard to know that the algorithm
performs better with larger M.

number of compressed samples is set as Me D 16, and
hence the equivalent sampling rate of the receiver can be
easily calculated as Fs D Me=Tf D 80 Msps, which is
far fewer than the Nyquist rate. We will first validate the
effectiveness of the proposed threshold setting method, and
then compare the performance of MP-SB with traditional
TOA estimation algorithms to show that even with low
rate sampling, high precision ranging results can still be
obtained.

6.1.1. Effectiveness of the proposed sub-optimal

threshold setting method.

The performance of MP-SB with oracle threshold is
simulated and compared with the proposed sub-optimal
threshold, as shown in Figure 6. The oracle threshold is set
with the prior knowledge of the location of the first path,
that is, it enables the algorithm to terminate at the itera-
tion that has the best detection. Specifically, the values of
the oracle thresholds used in MP-SB are set as follows.
During the tth iteration, comparing ".t�1/ D

ˇ̌̌
ı.t�1/ � ı

ˇ̌̌
with ".t/ D

ˇ̌̌
ı.t/ � ı

ˇ̌̌
, if ".t/ is larger, then set �oracle

�

within the region .�.t/, �.t�1// to stop the iteration; other-
wise, set �oracle

� within the region .0, �.t// to continue the
iteration. It can be observed that the performance of using
sub-optimal threshold is worse than that of using oracle
threshold on the order of 5 dB from low-to-moderate SNR
regions, because the oracle threshold values can hardly
be achieved with any practical threshold setting strategy.
As SNR increases, the performance gap between the two
methods shrinks. This is mainly because that the probabil-
ity of derailment case decreases and both the two methods
will approach the performance lower bound that is deter-
mined by the virtual sampling interval. Because MP-SB
with oracle threshold serves as the performance bench-
mark, the proposed threshold setting method has been
proved to be very effective.

Figure 6. Comparison of the performance of matching-pursuit
search-back (MP-SB) with the proposed sub-optimal threshold

to that with oracle threshold. MAE, mean estimation error.

6.1.2. Comparison with Traditional

time-of-arrival estimation algorithms.

The equivalent sampling rate of the receiver can be
calculated as Fs D Me=Tf D 80 Msps. This rate is
extremely low for traditional IR-UWB ranging system,
so only energy detection-based approaches can be used.
The Energy Detection based Threshold Comparison, using
Kurtosis as the threshold setting metric (ED-TC-Kurtosis)
algorithm proposed in [18] is one of the most efficient ones,
whose lower bound is known as 0.25=Fs D 3.125 ns. The
performance of MP-SB and ED-TC-Kurtosis under differ-
ent SNRs is shown in Figure 7. It can be seen that when
Eb=N0 > 24 dB under CM1 (or Eb=N0 > 27 dB under
CM2), the mean AE (MAE, that is, the mean absolute TOA
AEs over the 1000 ranging channels) of MP-SB decreases
to below 3 ns, better than the lower bound barrier of the tra-
ditional energy detection based TOA estimation algorithm;

3026 Wirel. Commun. Mob. Comput. 2016; 16:3015–3031 © 2016 John Wiley & Sons, Ltd.
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Figure 7. Performance comparison of matching-pursuit search-
back (MP-SB), Energy Detection based Threshold Comparison,
using Kurtosis as the threshold setting metric (ED-TC-Kurtosis),
and Match-Filtering based Threshold Comparison using a Joint-
Metric for threshold setting (MF-TC-JM). MAE, mean estimation

error.

when Eb=N0 > 28 dB under CM1 (or Eb=N0 > 32 dB
under CM2), the mean AE even decreases to below 1 ns.

Figure 7 also shows the performance of the Match-
Filtering based Threshold Comparison using a Joint-
Metric for threshold setting (MF-TC-JM) algorithm pro-
posed in [14], which is a highly efficient coherent TOA
estimation algorithm for traditional ranging systems. Note
that traditional coherent algorithms including MF-TC-JM
actually cannot work at low sampling rate as 80 Msps.
To make the MF-TC-JM algorithm functioning, the sam-
pling rate adopted in MF-TC-JM simulations is set to be
the same as the virtual sampling rate under the CS frame-
work, that is, F0s D 1=T 0s D 20 Gsps. It can be seen that
when SNR is sufficiently high (e.g., Eb=N0 > 38 dB under
CM1), MP-SB has approximately the same performance

as MF-TC-JM, which verifies the efficiency of MP-SB. In
addition, we can see that when the SNR is not so high,
MP-SB performs worse than MF-TC-JM on the order of
6�8 dB, which is mainly because the process of com-
pressed sampling has systematical SNR loss [36]. How to
mitigate or combat this systematical SNR loss will be our
future work.

It is worth noting that the earlier simulation results are
highly dependent on the ranging environments because
the statistical results reflecting the propagation properties
will vary when environment changes. For example, when
the ranging or localization scenarios are changed to out-
door rural places, the results presented in Section 5.3 will
change, and consequently the ranging performance at dif-
ferent SNR levels changes too, different from that shown in
Figures 6 and 7. However, the effectiveness of the proposed
ranging method we demonstrate here remain the same.

6.2. Field data experiments

To further validate the proposed approach, we carried out
some indoor experimental tests. The experiment setup is
shown in Figure 8. Details of the transceiver hardware
design can be referred from [37]. At the transmitter, Gaus-
sian pulse with width of Tp = 1 ns is generated periodically.
The frame duration and number of frames are set as Tf D

384 ns and Nf D 20, respectively. At the receiver, the
arrival signal is first sampled by a 2 Gsps ADC, then feed
into the FPGA back-end, where TOA estimation is per-
formed using the ED-TC-Kurtosis algorithm. We also put
a digital oscilloscope with sampling rate of 25 Gsps at
the receiver front-end to generate the high-speed virtual
sampled sequence, which is then feed into a computer
workstation where compressed samples are generated and
processed by the proposed MP-SB algorithm. For each
frame, M D 200 compressed samples are generated with
Tprj D 100 ns, using a pseudo random matrix. The sam-
pling rate of MP-SB can thus be calculated as M=Tf D

Figure 8. Experiment setup. A/D, analog-to-digital; ED-TC-Kurtosis, Energy Detection based Threshold Comparison, using Kurtosis as
the threshold setting metric; FPGA, Field-Programmable Gate Array; MP-SB, matching-pursuit search-back.

Wirel. Commun. Mob. Comput. 2016; 16:3015–3031 © 2016 John Wiley & Sons, Ltd. 3027
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0.52 Gsps. Both the transmitter and receiver are placed in
a meeting room with size of 8m�8m, and the in-between
distance ranges from 1.2 to 4.8 m at the step of 0.6 m, all
with line-of-sight condition. For each of the receiver loca-
tions, the range estimation results of ED-TC-Kurtosis and
MP-SB are obtained by averaging over 40 times of rang-
ing experiments and shown in Figure 9. It can be seen
that with much lower sampling rate, MP-SB has achieved
more accurate ranging results than the ED-TC-Kurtosis
algorithm.

The experimental field data in [13] are also used for
analysis. There are 17 sets of data (collected at Location
2�18, respectively) in total, and all are collected under
non line-of-sight situations. We process each data set as
the virtual sampled form of the received ranging signal,
with Tf D 400 ns; the virtual sampling rate thus equals

Figure 9. The results of field data experiments. ED-TC-Kurtosis,
Energy Detection based Threshold Comparison, using Kurto-
sis as the threshold setting metric; MP-SB, matching-pursuit

search-back.

Figure 10. The results of test on experimental data by [13].
GML-CLEAN, generalized maximum likelihood based CLEAN

algorithm; MP-SB, matching-pursuit search-back.

to the sampling rate of the digital oscilloscope used in the
experiments (that is 20.48 Gsps). Setting Tprj D 100 ns,
M D 400, the signal within the projection interval can
be measured using a pseudo random matrix, generating M
compressed samples. Using these compressed samples as
the input of the MP-SB algorithm, we can get the rang-
ing results for each location, as shown in Figure 10. For
comparison, the results in [13], which are obtained by gen-
eralized maximum likelihood based CLEAN algorithm, are
also shown in Figure 10. It can be seen that the proposed
approach achieves approximately the same performance,
but the sampling rate is only M=Tf D 1 Gsps, far lower
than the 20.48 Gsps rate required by [13].

7. CONCLUSIONS AND FUTURE
WORK

In this work, a high precision ranging approach with
IR-UWB has been proposed under the emerging CS frame-
work. The fundamental challenges with signal sampling
and first path detection has been efficiently tackled by the
proposed approach. An analog front-end architecture with
parallel random demodulating channels has been presented
for low-rate sampling the received IR-UWB ranging sig-
nal. Based on the compressed samples, the signal arrival
time is estimated using the proposed MP-SB algorithm,
whose general idea is to detect the first path by matching-
pursuit with backward search from the peak path. Mean-
while, a threshold setting method that can dynamically
adjust the detection threshold in each iteration for the MP-
SB algorithm has been proposed to asymptotically mini-
mize the averaged detection errors. Extensive simulations
and field data experiments have shown that the proposed
approach can achieve highly accurate ranging results but
with far fewer samples, compared with traditional Nyquist
sampling-based ranging approaches.

For the future work, the quasi-static characteristic of IR-
UWB channel will be considered to mitigate the SNR loss.
We also consider to explore measurement waveform for
improving the efficiency of signal energy collection, which
can be updated based on feedback information.
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