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1 Introduction

Precision localization has been one of the fascinating application areas for impulse radio ultra wideband
(IR-UWB) technology. These applications exploit the fine time resolution of UWB signals. The ultra
short pulse waveform enables UWB receivers accurately determine the time-of-arrival (TOA) of the
signal transmitted from another UWB transmitter. For example, the accuracy of TOA measurements
has been made better than 40 picoseconds [1], which corresponds to 1.2 centimeters spatial uncertainty.

There are various existing/potential applications of precision localization by making use of UWB
technology. A UWB precision location system [2] can be used to identify and locate valuable assets
in hospitals, industrial fields, government offices, etc. A UWB ASIC (application specific integrated
circuit) device (low cost and small size) can be employed for recreational activities [3,4]. Another
important/potential application is in sensor networks. Awareness of sensor positions may effectively
improve network performance. For instance, location-aware routing protocols can reduce routing over-
head and save energy by avoiding route search [5]. UWB technology is particularly well suited for
sensor network applications due to its low power consumption.

This chapter aims to provide a comprehensive and detailed view over the localization techniques. It

also provides an opportunity for the authors to present their research results.

2 Time-of-Arrival Estimation

Positioning techniques exploit one or more characteristics of radio signals to estimate the position of
their sources. Some of the parameters that have been traditionally used for positioning are the received
signal strength intensity (RSSI), the angle of arrival (AOA) and time of arrival (TOA). Amongst these

positioning parameters, the RSSI is the least adequate for the UWB case, since it does not profit from
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Figure 1: Block diagram of the non-coherent (energy collection) receiver.

the fine space-time resolution of impulsive signals and requires a site-specific path loss model [6].
The estimation of AOA, on the other hand, requires multiple antennas (or at least an antenna capable of
beamforming) at the receiver. This requirement implies size and complexity requirements that are often
not compatible with the low-cost, small-size constraints associated with applications such as wireless
sensor networks which UWB technology is particularly suited for.

One of the most attracting characteristics of IR-UWB signals is the fine time resolution, which
makes impulse-based UWB a prominent candidate technology for indoor positioning. Therefore, TOA
stands out as the most suitable signal parameter to be used for positioning with UWB devices. How-
ever, due to the the ultra short (usually sub nanoseconds) pulses, it poses challenges for synchronization
in UWB systems. Some techniques have been proposed to estimate the TOA of UWB signals, for in-
stance, correlation in conjunction with serial search [7], special code design [8], and frequency-domain
processing [9]. All the above solutions seem, however, to be in conflict with the strict requirements
of low cost and low complexity imposed on some UWB applications and may not provide satisfactory
TOA estimate. Another TOA estimation scheme for UWB signal is the generalized likelihood ratio
test [10] that seems to be high hardware complexity demanding.

In order to further reduce the complexity of UWB systems, non-coherent receivers such as energy
collection [11-13] and transmitted reference based [14-17] have been recently proposed. Since energy
collection based approach is promising and practical, we will first give this approach some detailed

descriptions. Then, a two-stage TOA estimation scheme will be presented.

2.1 Energy-Collection Based TOA estimation

Figure 1 shows the block diagram of the energy detection receiver. The received signal is first passed
through a band pass filter (BPF) to reduce the noise power. After low noise amplification, the signal is
squared and then passed to a block of integrators that integrate the received signal in different time slots.
The advantage of this receiver scheme is essentially represented by the relatively easy implementation
when compared with the correlation based scheme. The drawback of the non-coherent approach is the
noise enhancement due to the squaring and the reduced time resolution that is proportional to the length
of the integration.
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Figure 2: Illustration of MAX algorithm.

In order to reuse the same receiver architecture, TOA estimation can also be performed based on
energy detection. After initial synchronization is completed, the TOA estimation is performed by di-
viding the uncertainty region (7,) around the synchronization point in /V integration windows, where
N represents the number of integrators available in the receiver. Intuitively the estimation accuracy is
dependent on the uncertainty region size and on the number of integrators. Differently from synchro-
nization, which provides the time reference that insures the maximum signal energy detection, the TOA
estimation can be seen as fine synchronization, searching for the arrival time of the received signal.

Based on the energy measurements, a decision is made according to a chosen criterion. In the hy-
pothesis testing (decision making), three basic criteria may be considered. The first is the threshold
crossing (TC) criterion . With TC, the search is performed serially and is stopped once a measure-
ment value crosses the threshold. The corresponding integrator is then chosen and its switch-on time
provides the TOA information. If necessary, a verification process may be pursued. In the event that
no measurement crosses the threshold, new measurements are taken and the search resumes. The TC
algorithm requires the setting of a threshold.

The other approach is the maximum selection (MAX) criterion. With this criterion, measurements
at all sectors are first compared. Then, the maximal measurement is produced and the relevant window
is selected. In the event that no appropriate thresholds can be readily obtained, the MAX criterion
could be desirable. Figure 2 shows the basic principle of the MAX algorithm with the switch-on time
of integrator 3 chosen to be the TOA estimate. Another criterion is the hybrid of MAX and TC. In this
hybrid criterion, the maximal measurement is first obtained. Then, the maximum is examined against
the threshold. If the threshold is crossed, the related integration window is selected. If the maximum

does not cross the threshold, the search resumes.
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Figure 3: Acquisition system structure. BPF: bandpass filter. LNA: low noise amplifier. Int: integrator.
TDL.: tapped delay line. CW: code weighting.

2.2 Two-Stage TOA Estimation

The above discussed energy collection based approach is low-complexity and easy to implement, how-
ever, it may not provide satisfactory TOA estimation performance for high accuracy demanding sys-
tems. For low data rate communications, it is desirable to achieve fast synchronization or TOA esti-
mation. In this section, we study a two-stage TOA estimation scheme [18] to achieve the goal of rapid

acquisition and high accuracy.

2.2.1 First Stage Processing

In the preamble of the packet, there are a sequence of symbols assigned for synchronization, each of
which consists of a sequence of coded pulses of length 7),; which is a small fraction of the symbol
period. During the first stage, a search is performed over a duration of one or more symbols. The
symbol duration is divided into K sectors of equal size of T..; = T'/K. The aim is to determine which
sector will contain the pulses. Then code acquisition can be rapidly achieved at the second stage. Fig. 3
shows the block diagram of the proposed acquisition system.

After passing through a bandpass filter and a low noise amplifier, the received signal is squared and
then forwarded to a bank of n integrators as shown in Fig. 3. The first integrator starts integration at
a chosen time instant. Each of the other integrators switches on once its preceding integrator switches
off. The integration interval of each integrator is the same and equal to the sector size T',..;. The process
is similar to the technique employed in the previous section. It may go over x symbols and the energy

measurements at the same sector are accumulated.



Once the energy measurements are available, a decision is made according to one of the three

criteria. When the TC is applied, a decision is made by choosing one of the two hypotheses:
e H,: no signal pulses appear in the sector examined,
e H,,: at least one signal pulse appears in the sector examined.
Then, two types of errors can be made when making a decision:
e decide H; ; when H, o is true and the corresponding probability is denoted by P(H1 1; Hiy),
e decide H; o when H; ; is true and the probability is denoted by P(H; o; Hi11).

Similarly to the terminologies used in code acquisition, P(H; 1; H1,) is termed the probability of false
alarm and is denoted by Pry. The probability, P(H; 1;H1.1), is termed the probability of detection,
which is denoted by Pp,. The probability of missing is the probability that all measurements are less
than the threshold.
According to the Neyman-Pearson theorem [19], for a given Pr; = a4, Pp; IS maximized by
deciding H, ; if
L(x;) = p(wi; Hi1)/p(xi; Hip) > Y0

where p(z;;H; ), j = 1 and 2, is the probability density function (pdf) and the threshold ~, is found
from

Pp = / p($i;H1,o)dIi =0
i3 L(xs) >0

Here x; is the energy measurement. Suppose that there are L., Samples in each sector and x measure-

ments are accumulated. When no signal pulses appear, z; = Z”L““ 22 where z; is a Gaussian random

Jj=1 J
variable of mean zero and variance o2, has a chi-square (or gamma) distribution [20] with pdf
1 T
— my/2—1 v
1) = Gommar (my ) xp ( 202>

where m; = kL. Without loss of generality, let m, be even: m; = 2m and the solution of L(z;) >
o IS z; > 7. Then, the false alarm can be expressed by

m—1

Ppy = /Oop(x)dx = exp (‘%) Z % <%;12>k

71 k=0
Since there are many cases when at least one signal pulse appears in a sector of interest, it would
be impractical to derive a tractable expression for the probability of detection (as well as the proba-
bility of missing) even when the multipath channel information is available. This also happens to the
probabilities when either the MSC or the hybrid criterion is employed.
For clarity, we assume that the first symbol of the received signal is among the symbol(s) examined.

We also assume that the ¢-th sector is chosen and it was switched on at ¢;. In a probability dependant
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on the SNR, some pulses of the received signal will be locked in the i-th sector and the TOA would be
at some point around ¢;. Therefore, at the second (code acquisition) stage, we may constrain the TOA
to:

ti— (Tps + Ton) <t <t + Tseer (1)

where T;,, is the multipath spread which may be in usual unknown; however, it may be roughly predicted
based on the channel condition, if available. The goal of the first stage is to lock the pulse sequence in
the region given by (1). Therefore, the probability that the pulse sequence is not locked in the region
is one of the key indices to measure the performance at the first stage. We call this probability as the

probability of unlocking, denoted by P ;.

2.2.2 Second Stage Processing

In the second stage, i.e. the code acquisition stage, the received signal is passed directly to the inte-
grators which now become part of the matched filter correlator (consisting of the integrator, the tapped
delay line (TDL), the code weighting (CW), and the summation) [21, 22]. The located region given by
(1) is divided into a group of cells.

The MAX and the hybrid criterion may not be appropriate for the second stage due to the multipath
channels, so that the threshold crossing criterion is exploited. The correlations (y; to y,, in Fig. 3) are
examined serially. Once the correlation of a cell crosses the threshold, it is selected as the correct cell
whose time instant becomes the TOA estimate. Similarly to the technique at the first stage, correlations
of the same code offset can be produced over several symbols and then be accumulated to increase the
accuracy.

For an L-path channel, there are (L+1) hypotheses denoted by H.: no signal appears, and H ;,
i = 1,2, ..., L: i-th path signal appears. Since the signal of the first path is of interest, only two
decisions will be made, i.e. Hq is true or not. If Hs is true and assume that ko, measurements are
accumulated, the correlation has a Gaussian distribution of mean zero and variance o2 = kom0 where
mg IS the code length. Let Pr, denote the probability of false alarm at the second stage, which is the

probability of deciding H.; when H is true. Then,

P / T [ v’ } d )
== ———exp |—— | dx
e v V2moy P 203

where 5 is the threshold at the second stage. Denote Pp, be the probability of detection at the second
stage, which is also channel-dependent. Then, when H, ; is true, we have

> 1 (x — H2a0)2)
Ppy = / exp | —————— | dx
b2 v V2o P ( 203

where ay IS the constant amplitude of the first path signal.
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Figure 4. Comparison between MAX and TC algorithm. 7, = 15 ns, N = 10, T;,; = 2 ns and
Ey/Noy = 10 dB (left) and E;, /Ny = 20 dB (right).

2.3 Simulation Results

This subsection presents some simulation results of the energy-collection based approach. In the case of
LOS or non-sever NLOS propagation, the channel is characterized by the presence of the high bunch of
energy in the first nanoseconds of the received signal. In this case the MAX algorithm can achieve the
same performance of the TC but with much less implementation issues and with negligible probability
of miss-detection. Figure 4 shows the performance of the two proposed algorithms. These results are
obtained by employing the channel model 3 (CM3) as defined by the 802.15.4a standardization group
using 1000 channel realizations. The TC algorithm tends to outperform the MAX algorithm, however,
at low signal-to-noise ratio (SNR), the probability of miss-detection (P,,) can considerably increase.
In these specific cases the threshold is set based on the probability of false alarm (P;,) estimated over
a number of integrated noise signal values. Adaptive threshold based on the received signal strength
might reduce the probability of miss detection, however, the SNR estimation of UWB signal is not an
easy task and it may not be suited for low complexity devices. Another option to reduce the probability

of miss-detection is to increase the integration window to increase the received signal strength.

3 Location and Tracking

In this section, an overview of position estimation algorithms of both non-iterative and iterative is pro-
vided and details of several typical algorithms are presented. Also presented are mobile node/station
tracking and mobile track smoothing. The block diagram of the location and tracking system is illus-
trated in Figure 5
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Figure 5: Block diagram of position location and tracking.

3.1 Position Estimation

When radio signal including UWB signal is employed?, position estimation algorithms may be broken
into two broad categories: iterative and non-iterative methods, for both cellular systems and sensor

networks.

3.1.1 Non-Iterative Algorithms

A variety of non-iterative algorithms have been developed for position estimation. The most straightfor-
ward one is the direct method [23, 24] which directly solves a set of simultaneous equations with four
anchors for 3-D positioning using TDOA measurements. This method, however, may not effectively ex-
ploit extra measurements from extra sensors to improve position accuracy. The spherical-interpolation
(SI) method [25] and related approaches [26, 27] were developed to exploit extra measurements. To
approach optimal estimation, the two-stage maximum likelihood approach was considered in [28] and
the linear-correction least square approach was considered in [29]. When using range measurements,
the standard least-squares (LS) approach is commonly considered [30-32]. For quick reference, the LS
and the SI approaches are described as follows. For convenience, we assume that the nodes with known
positions, (z;, v;, z:),¢ =1, 2, ..., N, are anchors while the nodes with unknown positions, (z, vy, z),
are sensors.

Let ¢; be the TOA of the signal at anchor i, ¢, be the transmit time at the sensor, ¢ be the speed of

light, and d; = ¢(t; — t,) be the range between the sensor and the i-th anchor. Then, we obtain

di=~/(z; —2)2+ (i —y)2+ (z—2)2, i=1,2,..., N. (3)
Squaring both sides of (3) yields

(@ =) + (yi —y)° + (2 — 2)° = d7. 4)
1Several parameters of the received signal have been commonly exploited: TOA (and thus time-difference-of-arrival
(TDOA) and round trip time (RTT)), received signal strength (RSS), and angle of arrival (AOA).
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Subtracting (4) fori =2, 3, ..., N by (4) for i = 1 produces
riar +yiay + 212 =gip, =2, ..., N )
where

Til =Ty — %1, Yix =Y — Y1, Zi1 = & — 21,

gia =05 [(a? + 92 +22) — (I + i+ 2D + & — d]

Equation (5) can be written in compact form as

Ap=>b (6)
where ) ) ) )
T21 Y21 221 92,1
xr
T31 Ysa 231 gs31
A= " 7 |, p=lyl|, b=l 1. (7)
| N1 YN1 EN1 | N1 |
The standard LS solution to (6) is given by
p=(ATA)" ATb ®)

where the matrix inverse is supposed to exist and d; are replaced by their corresponding estimates.
When the transmit time ¢, is unknown, TDOA measurements can be employed as for centralized
networks. In this case, the SI method would be a suitable candidate. First map the spatial origin to one

of the anchors, say anchor 1, as shown in Fig. 6. Define
Ri=\ja?+yl+22, pi= |z, ui z)", R= \/m; d;j = d; — dj.
Then, from the Pythagorean theorem, we have
(R+d;1)? =R>—2p'p+R?, i=2,3,...,N. (9)
In the presence of measurement errors, (9) becomes
€ = R? — dil —2Rd;; — 2p; p (10)
where ¢; is the equation error. Equation (10) can be written in compact form as
€e=0—2Rd —2Ap (11)
where A is given by (6), € is the equation error vector, and
§=[RE—, R:—d2,, ..., R —d%,)", d=[ds1, dss, ..., dns]"
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Figure 6: Illustration for spherical interpolation approach.

The standard LS solution for p, given R, is
b= (ATA) AT(5 —2Rd) (12)

The key idea of the SI approach is to substitute (12) into (11) and minimize the equation error again

but with respect to R. The source location estimate is then obtained as

T
p=-(ATWA) AW (I _a BVB) (13)

d”"BVBd

DO | —

where W and V are weighting matrixes and

B=1-A(ATWA) 'A™W

3.1.2 Iterative Algorithms

For both cellular networks and sensor networks, two iterative methods are often considered. One is the
Taylor series method [28, 33-37] and the other is the optimization based method [38-40].

In Taylor series method, a set of nonlinear equations is linearizied by expanding it in a Taylor
series around a point (initially an estimate of the actual position) and keeping only terms below second
order. The set of linearized equations is solved to produce a new approximate position and the process
continues until a pre-specified criterion is satisfied. When TDOA measurements are employed, this
method may be described as follows.

Subtracting (3) for i = 1 from (3) fori = 2, 3, ... NV produces

V(e =22+ (y =42+ (=22 = V(e — 212+ (y —9)? + (2 — 21)2 = ¢t — 1),
i=2.3, ..., N. (14)
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Define

filz,y, 2) = \/<33 —2i1)? + (Y — yip1)? + (2 — zi11)? — \/(35 —2)2+ (y— )+ (2 — 21)?,
1=1,2,..,N—1,

and let #; be the TOA estimate at anchor 4. Then,

~

filz, y, 2) = diy11 + €411,

i=1,2, .., N—1,

where JM = c(t} - fl) and ¢; 1 is the corresponding range difference estimation error with covariance

R. If z,, y,, and z, are guesses of the actual sensor position, then,

x:$v+5xay:yv+5yaz:2v+5z

where 4,, 6, and ¢, are the position errors to be determined. Expanding f; in Taylor series and retaining

the first two terms produce

fiw + @i10g + ai20y + a; 30, = diy11 + €411,

where

fi,v — fi('r’U’ Yo, Zv)

_ 0f;

aivl - ax |I'v7yv,zu -
_0f;

;2 = ay Tv,Yvs2v ~

L1 — Ty Tit1 — Ty

i=1,2 .., N—1,

Equation (15) can be rewritten as

where

dy dit1
=Y Yiv1 — Yo Gn — dfi
= - = ) i3 = J_
d; dig1 0z
Ad=D+e
aia 1,2 1.3
as a2 2.3
Y
| AN-11 aN-12 GN-13 |
d2,1 - fl,v

d3,1 - f2,v

| dN,l - fN*l,’U |

The weighted least-square estimator for (17) produces

§=[ATR'A] 'ATR'D

11

|$vvyv Zu T

Z1 —

5 CL - \/(Iv - xi)Q + (yv - yi)2 + (Zv - Zi)2

Zy . Zi+1 — Ry

~ ~

d; dit1

(15)

(16)

(17)

(18)



Given an initial position guess (., ¥, z,) and compute § with (18). Then update the position estimate
according to

xv:xv+6xa yv:yv+5v> Zv:Zv+6z~

Continually refine the position estimate until ¢ is sufficiently small. In some cases, the convergence of
Taylor series method may not be satisfactory. To improve the convergence of this method, a modified
Taylor series method has been proposed in [18]. Compared to the original method, the convergence of
the modified scheme is considerably increased under a variety of scenarios.

In optimization based approaches, an objective/cost function is first defined. One such cost function

may be chosen to be

N

=S VP P G et 1) (19)

=1

Then, a minimization algorithm is applied to achieve the optimal solution to the position estima-
tion. Both unconstrained and constrained minimization algorithms can be employed [41]. The Quasi-
Newton DFP algorithm was exploited in the UWB precision assets location system [2]. A Gauss-
Newton type Levenberg-Marquardt method [42] was studied in [43]. Convex optimization was consid-
ered in [44] and the simplex method [45] was employed in [46]. The above mentioned algorithms can

be found in the Matlab optimization toolbox.

3.2 Tracking

We consider a scenario where the sensor nodes are mobile. To make use of accurate node position
information for efficient network operation and management, node position information needs to be
updated regularly. The updating frequency should be based on the mobility/speed of the nodes of
interest. Suppose that the maximum moving speed of the nodes in the desired sensor network is 18
km/hr (that is 5 meters per second). If the position error is required to be below one meter, we need
to update the position information at least 5 times per second. Higher position accuracy requirement
will require higher updating rate. Different updating frequency may be applied to different nodes if the
maximum velocity of the nodes is different and they are known a priori. This strategy would improve
the network efficiency.

Positioning performance can be further improved by smoothing the tracks of the moving nodes.
Smoothing techniques including Kalman filtering [4, 47, 48] and linear least square technique [4, 49]

can be employed.
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Figure 7: Track for examination.

No of FNs 4 5 6 8
DFP 4.36 (m) | 1.65 (m) | 0.63 (m) | 0.15 (m)
TS 5.43 2.1 0.88 0.15
Sl 1.55 0.33 0.09
DM 7.54

Table 1: Averaged RMSEs of four algorithms at SNR of 16 dB. FNs: fixed nodes. TS: Taylor-series

method. SI: spherical-interpolation method. DM: direct method.

3.3 Simulation Results

In this section, we examine the performance of location and tracking. We use one of the realistic field
structures, a snow covered slope of dimensions about 400mx100m x100m [4]. The anchor nodes will
be deployed along both sides of the slope and mounted on poles of varying height. Fig. 7 shows the
track for examination. The skier moves from A to B (120 m) at a speed of 8 meters per second (m/s).
The skier moves from B to C (160m) at a speed of 10 m/s and finally from C to D (120 m) at a speed
of 8 m/s.

First we examine the performance of the different position estimation algorithms under the more
realistic circumstance. Two hundred different combinations of fixed node positions are tested and then
the results are averaged. Tables 1 and 2 compare the averaged results of the four algorithms at SNR of
16 dB

For the parameters examined, the spherical-interpolation method provides the best tradeoff between
performance and complexity when there are at least five fixed nodes. To achieve sub-meter accuracy,

at least six fixed nodes are needed with SNR up to 16 dB.
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No of FNs 4 5 6 8
DFP 10.8 (%) | 6.6 (%) | 5.2 (%) | 4.2 (%)

TS 14.3 3.1 1.5 0.9
Sl 3.4 1.3 0.9
DM 46.6

Table 2: Averaged Failure Rates of four algorithms at SNR of 16 dB.

before smoothing | LS | KF
4.13 (m) 2.40 | 2.30
2.70 (m) 1.58 | 1.30
1.40 (m) 1.02 | 0.99

Table 3: Averaged RMSEs before and after smoothing. KF: Kalman filtering.

Let us consider position smoothing by making use of Kalman filtering and the LS method. Table 3
shows the averaged RMSEs before and after smoothing. The estimated tracks (before smoothing) are
produced by using the SI algorithm with five fixed nodes under three sets of fixed node configurations.
Although Kalman filtering performs better, the performance gain is marginal compared to the increase
in complexity.

4 Location in Distributed Architectures

In this section, we consider localization in ad-hoc and distributed networks. An ad-hoc network is a
collection of wireless nodes that self-configure themselves to form a network without the aid of any
infrastructure. This sort of networks are characterized by large size, need for distributed coordination
and ubiquitous connectivity, power constraints and the ability to be ad hoc deployable. In the follow-
ing subsections, an overview of related localization approaches is first presented. Then a positioning
algorithm is proposed and finally some simulation results are provided.

41 Overview

In the recent years, there have been numerous algorithms (either centralized or distributed) to localize
sensor nodes in wireless sensor networks. In [44,50], a centralized scheme is proposed which collects
the entire topology in a server to minimize the errors using convex optimization. In [51-53], instead of
directly solving the set of constraints of the whole wireless network, multi dimensional scaling (MDS)

is exploited. This technique uses local connectivity or distance measure to generate relative maps that
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represent the relative position of nodes. The main problem of the mentioned algorithms is the need to
have some powerful node or server to perform the large computation. In [54], distributed algorithms are
divided in two sub-families: range-based and range-free algorithms. In range-free localization [30, 55],
beacon nodes broadcast their positions to their neighbors that keep an account of all received beacons.
Then, nodes calculate their positions based on the received beacon locations, the hop-count from the
corresponding beacon and the average distance per hop. In [56], the distance per hop is averaged
by taking into account the local density of nodes. In range-based algorithms, the distance between
two neighboring sensors is first estimated, for example, by using TOA measurements. In [57] and
more recently in [58], a distributed mechanism is proposed for GPS-free positioning in mobile ad-hoc
networks. A slightly modified version of the GPS-free algorithm is proposed in [59]. In [60], the
distance between a sensor and a beacon is directly calculated using basic triangle rules and simple
geometry. Collinearity is exploited in [61] and factor graphs are employed in [62].

4.2 Proposed Algorithm

It is assumed that each node (sensor node and beacon node) has the ability of measuring both TOA and
AOA with its 1-hop neighbors. In the first phase, the beacons broadcast their coordinates. Then, all
nodes establish the shortest path with the beacons. As a result, a node should have the coordinates of at
least three beacons and the path to reach them. After the shortest path is developed, all nodes belonging
to the path calculate the TOA and AOA with the neighboring nodes in the path. Then, using the TOA
and AOA measurements, a node is able to estimate the Euclidean distance to each of at least 3 beacons.

Figure 4.2 gives an illustration of the algorithm. In the figure, node N1 established a path to each of
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the three beacons (B1, B2 and B3). Then, it stores the relevant information in its data base in the form

Ny — DBy : d) = {(N1>N37Bl), (01376331), ((i137£331)}
Ny — By : Oy = {(Nth), (0132), (CZ1BQ)}
Ny — Bs: P35 = {(Ny, Ny, Bs), (02170332), (d121d233)}

After obtaining the distance to each of the beacons, the position coordinates of the node can be esti-
mated using the algorithms studied in section 3. When considering the optimization based approaches,

the cost function is defined as

NB Nhop(k) 2 Nhop(k) 2
e(X,)Y)= Z Z d;cos(&;) | + Z d; sin(&y)
k=1 i=1 i=1

2

V(X=X (Y| (20)

Where &; and d; are respectively the estimated angle and the estimated distance between two neighbor-
ing nodes belonging to the path, N is the number of beacons available in the network, and Ny, (k) is
the number of hops between the node and a given beacon. Although we focused on 2-D node location,
it is straightforward to extend the algorithm to 3-D positioning.

4.3 Simulations Results

The monitored area has dimensions of 100(w) x 100(/) m. 100 nodes are randomly positioned in the
area together with a number (5, 15, and 20) of beacon nodes depending on the simulation scenarios.
The transmission radius of any node in this network is equal to 30 m and it is kept constant. The
positioning algorithms considered are the DFP algorithm and the direct method (DM). The performance
evaluation is performed by assuming that the TOA and AOA measurement errors are white Gaussian
random variables of mean zero and variance o%,, and o4, respectively. At each test point (o),
30 simulations are conducted with new random topology of the network and the performance is then
averaged. In the case of the DFP algorithm, 50 iterations are used to update the estimated coordinates.

Figure 9 shows the root mean square error of the coordinates estimations using either the DM or
DFP algorithm. In general, the RMS errors of both algorithms are under two meters and the DFP
algorithm results in higher accuracy. We also notice the quite flat curve (except for the case of DM
with o704 = 0) as the AOA measurements error increases. It means that the algorithms, to localize the
nodes, are not sensitive to the AOA measurement error.

Figure 10 shows the RMS error with respect to oo 4 at a given o 404. In this case, the slope of the
curves becomes sharper. This phenomena tells the fact that the algorithms are more sensitive to TOA

measurement error, comparatively.
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Figure 9: RMSE of direct method (left) and DFP algorithm (right) with respect to AOA errors. 5

beacons in the network and three different variances of the TOA error (o104 = {0, 0.6, 2}ns).
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Figure 10: RMSE of direct method (left) and DFP algorithm (right) with respect to TOA errors. 5

beacons in the network and three different variances of the AOA error (o404 = {0, 5, 10}degrees).

Figure 11 shows the performance of the proposed algorithm when increasing the number of bea-
cons. In general, it has been shown in some studies [24] that the higher the number of beacons is, the

less the RMSE value is in centralized networks. Figure 11 confirms this result.

5 Theoretical Positioning Accuracy

The accuracy of a positioning method is dependent on several issues. The location accuracy with
respect to measurement errors has been widely studied [33, 34, 63]. However, the effects of systematic
errors have not been widely considered. Systematic errors include such factors as errors in known
sensor locations and network synchronization. A tool to analyze the systematic errors is presented
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Figure 11: RMSE of direct method (left) and DFP algorithm (right) using 5, 15 and 20 beacons with

oroa = 0.5 ns.

in [34], but analysis is not performed therein. This method is closely related to error propagation
laws?[64]. In this section we briefly explain this tool and apply it to analysis of the location accuracy

of hyperbolic (time delay based) location system.

5.1 AnalysisTool

Let x be the estimator of the actual location x° either in two or three dimensions. The bias is b =
E{x — x°}, the covariance C = E{(x — E{x})(x — E{x})T}, and the total mean squared error
V = E{(x —x")(x —x%)*} = bb™ + C. Therefore, the analysis of the bias and covariance suffices to
determine the accuracy of location systems.

Let the measurements without uncertainties be defined as r? = f;(x%, q°), or in a vector form
' =f(x",q"), (21)

where q, in general, denotes the system parameters that affect to the measurement model and q° denotes
the actual system parameters. The model is, in general, nonlinear. Therefore, it is linearized using the

first two terms of the Taylor series of r = f(x, q) around x° and q°. It follows that
r~ f(x°,q°) + J(x% q")(x — x%) + Jo(x°,q°)(q — q°), (22)

where J(x,z) and J4(x, q) are the Jacobians of f(x, q) with respect to x and q. Solving this linear

equation for x — x" gives

x—x" (T )R, ) T o) (r— 6" )~ Tl )@~ ). (23)

2See also physics.nist.cov/cuu/Uncertainty/, the web page of Physics laboratory of National Institute of Standards and

Technol ogy.
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In reality, the measurements r are disturbed by measurement errors e such that r = r° + e. Substituting
this into (23) yields

x xS0 )R ) ) (e - Ju da-a’)). (@)

This is the result that allows to analyze the bias and covariance of the positioning error. The measure-
ment errors e are typically modeled as zero mean random variables with the covariance C.. Alterna-
tively, the measurement errors may contain bias b, which could be included into the systematic errors

in the analysis what follows. The term

b = Jq(x",q°)(q—q") (+be) (25)

presents the measurement bias. The location bias resulting from the measurement bias (25) is

1
b= — (I, d")(x, ")) I, q")b. (26)
The positioning error covariance becomes
1 -1

C = (I ) R ) @) o, ) (JE, @) K ) - (@)

It can be shown that C may be upper bounded by

—1

C, = W?(JE(XO, q°) J(x’, qo)) : (28)

where n is the number of measurements (the dimension of r) and o2 is the maximum (diagonal) element
of C.. The upper bound is in the sense that the matrix difference C, — C is positive semidefinite. A
tighter upper bound and a lower bound can be obtained by substituting no? by the maximum and
minimum eigenvalues of C,, respectively.

It can be concluded that the mean squared error is upper bounded by
-1
Vi =0+ 02) (L, d) x ) ) (29)

where b is the maximum diagonal element of b.b!. Equation (29) can be used to find an approximative
performance of a location system after the maximum single measurement error bias b and maximum

1
presents

X

estimation error variance o2 have been evaluated. The term Q = <JT(x0, q°) S (x°, q0)>
effects of the sensor geometry to the location accuracy and may be called as the geometric dilution
of precision (GDOP) [34]. Reference [34] gives results related to it for the hyperbolic and direction

finding location systems.
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5.2 Hyperbolic Location

The hyperbolic location systems use differences of times-of-arrival (TOAs) measured either directly
[65] or subtracting measured TOAs [34]. Therefore, they may be called time difference (TD) location
systems. The methods require that the measuring node network is synchronized or nodes have known
relations between their clocks. Let the transmission time be denoted as ¢,. The signal pass the distance
d? = ||x° — x?]|, where || || denotes the Euclidean vector norm, between the emitter and the node 7 at
x; at time 7;. The receiver therefore observes the signal at time t; = tq + 7; + d;, where ¢; denotes the
network synchronization error, i.e., the time difference to the common time of the positioning network.
Let node j be a reference node. Subtracting ¢; from the other measurements and multiplying the results
with the propagation speed of the signal ¢ the measurements of the hyperbolic location systems are
modeled as

ri=c(t; —t;) = ||x — x| — ||x — x| + c(6; — 9;) + e (30)

If there are IV nodes, then there are NV — 1 measurements the minimum possible number being N =
D + 1, where D is the dimension of the location problem, i.e., two or three.

Often, in UWB, the round trip time (RTT) is used since precise network synchronization is a chal-
lenging task in sensor networks. In the RTT a message is sent to a target which retransmits it (or corre-
sponding response) back. The time difference between transmission and reception is A = 27 4 T pqcess,
where the latter is the processing time spend by the target. If this is not precisely known a similar
effect to network synchronization error occurs. Therefore, the following analysis based on network
synchronization error is valid also for RTT measurements.

Clearly, the system parameters q = [x] ... xx 01 ... dn]" include the locations of the nodes x;
and the clock errors ;. The actual node locations are x{. The presumed node locations may differ from
the actual positions by d,,. The desired value &Y for the clock errors is naturally zero. For brevity, let
J« = Jx(x°,q"). Then, the Jacobian with respect to the unknown location is

B (xofx(l))T (XO_X?)T T
d? d?
(00 )T (x0x)T
0 - 0
Jx = s J . 31
x (xo—xg+1)T (xo—x?)T ( )
0 - 0
dj+1 dj
(x0—x)T (x0T
R i

The ith element of the bias b, is

L4 (6 — 6;). (32)
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The terms may be contrastive resulting in a small bias. The terms may, as well, be restorative resulting
in a large bias. The clock error term, the last term in (32), attains its maximum if the clock errors are to
opposite directions and minimum if the clock errors are to the equal direction. If the clock error §; — §;
is3ns, 1 usor1lmsand the signal is a radio signal, then the caused biases are 1 m, 300 m and 300 km,
respectively. The clock errors may therefore be rather fatal to the accuracy of the hyperbolic location
systems and clearly show why very accurate network synchronization is required in these systems.

Due to the Schwartz inequality the first two terms in (32) are bounded as

|~

1(x° = x) o5, [ /d? < &5 1(x° — xD)[| |6,

= H(S&'

)

d!

=

with equality if and only if d,, = a(x? — x?), where « is a constant. Consequently, the errors through
the node locations are at maximum if d,, are parallel to x° — x?. These errors vanish if dx, and x° — x}
are orthogonal. The bias due to node location errors are not necessarily very large since the sensors (or
base stations) can typically be set within few meters. However, the sensor location accuracy can not
be larger than the accuracy required from the system. Otherwise, the bias through the sensor location
accuracy may dominate the error budget.

The accuracy may be approximated, as already explained, by calculating the GDOP term for differ-
ent positioning geometry using the Jacobian J, the bias b and measurement error variance. The first

two terms were just discussed, the next one will be discussed in the next section.

5.3 Delay Estimation Accuracy

The accuracy of the delay estimator can be estimated by the Cramér-Rao bound (CRB). Assuming a
half sinusoidal chip waveform, the standard deviation of the delay estimator according to the CRB

becomes
1

S
/2N 72y P

where T, is the pulse duration, N is the number of used pulses and ~ is the SNR of a pulse. Since the

(33)

o, =

pulse duration is rather short in UWB (less than 3 ns), i.e., 1 m in distance, the obtainable accuracy will
be good assuming that geometry (GDOP) is favorable for positioning and bias is small.

Typical delay estimator includes a correlator and a delay lock loop. In packet based system such
may be inadequate and, preferably, the maximum output of the correlator is searched. Therein, the
interpolation techniques may increase the accuracy. In a interpolation technique a parabola is fitted to
the maximum and its neighboring samples [66-68]. Let & denote the sample index of the maximum,
c(k), c(k—1),c(k+ 1) the maximum value of the envelope of the correlator’s output and its neighbors.
Then, the corrected delay estimate is

. 1 clk—1)—c(k+1) T
T (“ 2¢(k —1) —2c(k)+c(k+1)>?

(34)
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More details about interpolation effects may be found from [69].

6 Conclusions

This chapter comprehensively studied localization in cellular/sensor networks by making use of UWB
technology. It covered several topics including TOA estimation, positioning approaches, and position-
ing accuracy. Also included are the authors’ recent contributions.

To exploit the fine time resolution of UWB signals, TOA/TDOA measurements should be employed
to locate UWB devices. For low cost and low complexity applications, the presented non-coherent TOA
estimation scheme may be employed. On the other hand, the proposed two stage approach could be
considered to achieve rapid acquisition and high accuracy, especially for low data rate scenarios. A
trade-off between complexity and accuracy needs to be dealt with in choosing a positioning algorithm
for practice of interest. In evaluating positioning performance, systematic errors should be taken into

account to provide a more realistic performance reference.
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