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Signal Processing
Techniques in Network-
Aided Positioning

A survey of state-of-the-art positioning designs

he U.S. Federal Communications Commission (FCC) requires that the precise location

of all enhanced 911 (E911) callers be automatically determined. This requirement has

motivated the development of cellular-aided positioning. To facilitate emergency serv-

ices, the FCC has mandated that 95% of all handsets sold be location compatible by the

end of December 2005 [1]. Wireless positioning has also been found very useful for

other applications besides E911 service, ranging from vehicle navigation and network optimization

to resource management and automated billing. Ubiquitous computing and location-aware com-

puting also necessitate that we develop techniques for estimating the location of mobile users in

both outdoor and indoor environments. Various positioning systems have been proposed for use in

ubiquitous computing [2]. As an essential prerequisite for ubiquitous computing, mobile position-

ing techniques, linked with wireless networks, have increasingly provided mobile users with oppor-
tunities to access personal information, corporate data, and shared resources anytime, anywhere.

Positioning systems can be grouped in many different ways, including indoor versus outdoor

systems or cellular versus sensor network positioning designs, as shown in Figure 1.
Indoor versus outdoor systems: Although global positioning systems (GPS) and wireless
E911 services address the issue of location finding, these technologies cannot provide an
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accurate indoor geolocation because they face unique
technical challenges. Indoor geolocation uses existing
wireless local access network (LAN) infrastructures for
positioning. An overview of indoor positioning versus out-
door positioning by satellite is shown in Table 1.

Cellular versus sensor network positioning designs:
Sensor networks vary significantly from traditional cellu-
lar networks, where access nodes are assumed to be
small, inexpensive, homogeneous, cooperative, and often
relatively autonomous. Autonomous nodes in sensor net-
works are equipped with sensing, computation, and wire-
less communication capabilities. In sensor networks,
location awareness is indispensable. For many applica-
tions, like environmental sensing, it is essential to know
the locations of the sensor nodes; this is known as a
“localization problem” in sensor networks. A number of
location-aware protocols have been
proposed for “ad hoc” routing and net-
working [3]. Sensor networks have
also been widely used for intrusion
detection in battlefields as well as for
monitoring wildlife.

Network-aided positioning has attract-
ed much research attention in recent

lenges while exploring novel mobile posi-
tioning techniques to design faster, more
robust, and more accurate positioning
systems. Different network topologies
pose various technical challenges in
mobile positioning. Thus, it is not feasible
to employ a universal positioning algo-
rithm. In [59], the authors provide an
overview of wireless location challenges
and techniques, with special focus on net-
work-based technologies and applications.
State-of-the-art sensor network location
designs and research progress in this field
are discussed in [60]. In [61], the authors
address challenges in ultra-wideband posi-
tioning designs and various methods

for solving these problems.

Possibilities and fundamental limita-

tions associated with mobile posi- INDOOR
tioning are discussed in [62]. This
article surveys state-of-the-art posi- WLAN

tioning designs, focusing specifically
on signal processing techniques in
network-aided positioning; it serves
as a tutorial for researchers and engi-
neers interested in this rapidly grow-
ing field. It also provides new UWB
directions for future research for
those who have been working in this
field for many years.

SENSOR NETWORK

GEOLOCATION

DISTANCE ESTIMATION

i Satellite 4
/ /GPS Signd
years. We are facing tremendous chal- é %

Ad Hoc Positioning

—CLIENT-BASED SYSTEM DESIGN
—CLIENT-ASSISTED SYSTEM DESIGN

—LOCALIZATION WITH BEACONS
—LOCALIZATION WITH MOVING BEACONS
—BEACON-FREE LOCALIZATION

—A PROMISING APPROACH FOR INDOOR

—CAN ACHIEVE VERY ACCURATE SHORT

NETWORK-AIDED POSITIONING DESIGN

Different network topologies, physical layer characteristics,
and media access control (MAC) layer characteristics require
remarkably different positioning system solutions. In this sec-
tion, we will provide an overview of the positioning solutions
applied in cellular networks, wireless LANs, and ad hoc sensor
networks. We will also compare the characteristics of various
network-aided positioning solutions.

POSITIONING IN CELLULAR NETWORKS

To a large extent, the underlying cellular network determines
which location techniques should be implemented. Here, we
address both “standard” and “nonstandard” location designs in
a typical cellular network, as shown in Table 2. Topics include
the second-generation (2G), 2.5G, and third-generation (3G)
positioning methods and the evolution of these mechanisms.

Satellite

Eo11 Indoor Positioning

Street Map
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[FIG1] Overview of indoor versus outdoor positioning systems.

OUTDOOR
(POSITIONING BY SATELLITE)

GPS

—REQUIRES MINIMAL OBSTRUCTIONS

—LONG ACQUISITION TIMES (30 s=15 min)

—HAS TO BE SYNCHRONOUS

—HIGH POWER CONSUMPTION AND HIGH UNIT COST

A-GPS

—MUCH MORE ACCURATE: ACCURACY OF 10-50 m
CAN BE USED EVEN FOR INDOOR
POSITIONING

—IMPROVES ACQUISITION TIME (< 10's)

—SYNCHRONOUS OR ASYNCHRONOUS

—MORE COST EFFECTIVE THAN GPS

—LITTLE/NO HARDWARE CHANGES REQUIRED IN
BASE STATIONS
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STANDARD POSITIONING SOLUTIONS

E-OTD for GSM

The Global System for Mobile Communication (GSM) is the
most common cellular standard in Europe. E-OTD is also
becoming a de facto standard for E911 Phase II implementa-
tion for GSM carriers [4]. The E-OTD location method is based
on the existing observed time difference (OTD) feature of GSM

OUTDOOR CELLULAR NETWORK POSITIONING
(STANDARD)

GSM (WITH E-OTD)

—ESTIMATION WITH 50-125 m OF
ACCURACY

—SLOW, ABOUT 5 s

—SOFTWARE CHANGE IS NEEDED

CDMA/GPRS (WITH A-GPS)
—HANDSET NEEDS AN A-GPS RECEIVER
—PROVIDES ENOUGH ACCURACY < 10 m

WCDMA (WITH IPDL, TA-IPDL, OTDOA-PE)

—NOT AS ACCURATE AS A-GPS IN MOST
SITUATIONS (50 m)

—NEED TO BE VISIBLE TO AT LEAST THREE BASE
STATIONS

—REQUIRES CHANGES IN THE BASE STATION

CELLULAR ID

—NO AIR INTERFACE NEEDED

—ACCURACY DEPENDS ON SECTOR SIZE

—ACCURACY CAN BE IMPROVED BY
HYBRIDIZATION WITH OTHER METHODS
SUCH AS CELL ID + RTT

—ACCURACY CAN BE IMPROVED WITH
OTHER METHODS

E-ODT
Hyperbolic

i
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systems. OTD calculates the time difference between signals
traveling from two different base transceiver stations (BTSs) to
a mobile station (MS), as illustrated in Figure 2. Many factors,

E-OTD estimation.

OUTDOOR CELLULAR NETWORK POSITIONING
(NONSTANDARD)

SMART ANTENNA TECHNIQUES

—NO CHANGES IN THE HANDSET

—CHANGES REQUIRED IN EACH BASE STATION

—ZONING IMPLICATIONS OF ANTENNA CHANGES

—NOT AS ACCURATE AS A-GPS IN MOST
SITUATIONS

—PROVIDE MORE ACCURATE ESTIMATION

—NO CHANGE IN HANDSET, BUT SPECIAL
ANTENNA
AT THE BASE STATION IS REQUIRED

HYBRID POSITIONING USING DATA FUSION

—REDUCTION OF HANDSET HARDWARE
COMPLEXITY
HYBRID TOA/TDOA/AOA CAN IMPROVE
ACCURACY

—GPS + CDMA CAN IMPROVE ACCURACY AND
COVERAGE

PATTERN MATCHING FOR POSITIONING

—ONLY SERVER BASE STATION REQUIRED

—SOFTWARE SOLUTION WITH HARDWARE
MODIFICATION

d

Base Station #k

E-ODT
Hyperbolic

TDOA
TDOA

Base Station
Controller

TDOA

[FIG2] E-OTD positioning solution. Here TDOA; = OTD; — RTDj;.

including the relative positions of a BTS and an MS, multipath
fading, and channel conditions, can impact the accuracy of the

The E-OTD method, based on time differ-

ence of arrival (TDOA) measurements, requires a “synchro-
nous” network. A GSM network, however, is not synchronous.

Location measurement unit (LMU) devices
are therefore required to compute the
clock differences between base stations and
send this information to the corresponding
BTSs. The BTSs then broadcast the syn-
chronization information to various mobile
devices. Yet, this is quite an expensive solu-
tion for operators. TDOAs can then be
derived, as illustrated in Figure 2. TDOAs
are combined to produce intersecting
hyperbolic lines from which the location
is estimated. Recent field studies imple-
menting the E-OTD have shown two-
dimensional (2-D) position estimation
accuracies ranging from 50 to 500 ms. E-
OTD methods offer greater positioning
accuracy than OTDs but have a slower
response time, typically around 5 s. In
addition, they require software-modified
handsets, which means that they cannot
be used to provide location-specific servic-
es to existing customer bases.

Assisted-GPS for Narrowband CDMA
Assisted GPS (A-GPS) uses a terrestrial cellu-
lar network to improve GPS receiver perform-
ance by providing satellite constellation
information directly to the GPS receiver [5].
A-GPS consists of three parts: a location serv-
er, a mobile station with partial or full GPS
receiver, and wireless communication link.
The mobile station and location server trans-
fer information to the GPS receiver. This
information is called “assistance information,”
which is used by the A-GPS. There are two
kinds of A-GPS: MS-assisted GPS and MS-
based GPS.

MS-assisted GPS: MSs provide assistance
data to the location sever in MS-assisted GPS
design. An individual MS acquires GPS satel-
lite signals and determines the corresponding
pseudoranges. These time-stamped satellite
pseudoranges are sent to the location server,
which then calculates the location. The func-
tion of the location sever is to monitor satel-
lites and compute a particular user’s location
based on data obtained from the user. The
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information transferred from a mobile user to a location server
includes location requests, the rough position of the user, and
GPS pseudoranges with time tags. The information transferred
from the location server to the user includes service satellites
with which it is communicating and corresponding Doppler
frequency correction.
Compared to the stand-
alone GPS solution, the
benefits of A-GPS include:
1) an increase in the sen-
sitivity of the GPS receiver
by providing the receiver
with auxiliary information
to ensure that positioning functions accurately even in bad
communication environments, 2) a reduction in the initial
time to synchronize the GPS receiver with its serving satellites
from more than 30 s to just a few seconds, and 3) an increased
positioning accuracy.

MS-based GPS: MS-based GPS is defined as a GPS imple-
mentation where the location server provides assistance data
to the MS so that the MS can calculate its own location. The
major drawback to this design is that cellular handsets must
be equipped with a separate receiver.

OTDOA for Wideband CDMA (WCDMA)

Observed TDOA (OTDOA), as its name indicates, is a TDOA-based
approach. It is designed to operate over wideband-code division
multiple access (WCDMA) networks. Similar to the E-OTD,
OTDOA uses LMUs to calibrate the downlink measurements from
neighbor base stations for individual mobile users. If measure-
ments from three or more stations are available, a position can be
estimated [1]. Considering the similarities between the systems,
we can view OTDOA as a WCDMA version of an E-OTD. It has the
same weaknesses as E-OTD: location estimation cannot be per-
formed in areas without at least three visible base stations, a multi-
path can degrade the location measurements, and it is not
compatible with other networks. The OTDOA has an additional
inherent characteristic that results in performance inferior to that
of E-OTD: the WCDMA network is based on CDMA and all base sta-
tions therefore share the same downlink frequency. Compared to
the GSM design in which different frequencies can be assigned to
neighboring base stations, the most significant challenge encoun-
tered by WCDMA location algorithms is in-band interference. This
effect is particularly noticeable if a mobile station is near its serv-
ing site and is required to take measurements from neighbor base
stations, a situation known as the “Near-Far” problem.

The OTDOA location method, on the other hand, faces other
challenges, such as those posed by unsynchronized base stations
in the FDD mode [4]. Attempts to solve these problems have led
to the modification of OTDOA, namely the creation of idle peri-
od downlink (IPDL), synchronized IPDL (TA-IPDL), and posi-
tioning elements (OTDOA-PE) to enhance OTDOA's locational
accuracy [4]. The basic idea behind IPDL design is that base sta-
tions pseudo randomly disable their downlink for a short period
so that mobile stations are able to receive signals from neigh-

DIFFERENT NETWORK TOPOLOGIES, PHYSICAL
LAYER CHARACTERISTICS, AND MEDIA
ACCESS CONTROL LAYER CHARACTERISTICS
REQUIRE REMARKABLY DIFFERENT
POSITIONING SYSTEM SOLUTIONS.

boring base stations during that short period. IPDL is a solution
to the near-far problem; it is difficult to observe neighboring
BTSs when a mobile is near its serving BTS. In OTDOA-PE,
positioning elements synchronize with adjacent base stations
and are capable of inserting a short synchronization pulse along
with the transmission sig-
nal. Since the positioning
elements are deployed at
known locations, this design
enables mobile stations to
use their transmitted signals
as references in OTDOA to
estimate their MS locations.
Simulations suggest that these methods enable OTDOA to meet
FCC E911 requirements. However, no large-scale field tests have
yet verified this conclusion.

Cell-ID

Cell-ID is a simple positioning method based on cell sector infor-
mation recommended by the 3rd Generation Partnership Project
(3GPP) [1]. In current cellular networks, coverage is provided by
a number of distributed base stations (cells). Each cell is normal-
ly divided into three sectors. Cell size varies from 1 to 3 km in
urban areas and 3-20 km in suburban/rural areas. The current
sector is known only during an active voice or data call. With this
method, no air interface resources are required to obtain cell sec-
tor information (if the user is active), and no modifications to
handset hardware are required. The method’s disadvantage is
obvious: location estimation accuracy depends strictly on the size
of the cell sector. To improve the method’s accuracy, Cell-ID +
TA (timing advance) and Cell-ID + RTT (round trip time) hybrid
positioning methods are proposed in [6].

NONSTANDARD POSITIONING SOLUTIONS

Besides the previously mentioned standard-based solutions, new
nonstandard approaches have been proposed to improve the
performance of positioning in cellular networks.

Smart Antennas Techniques for Localization

Multilateral location is based on pseudorange measurements,
while smart-antenna-based location systems use the angle of
arrival (AOA) as the measurement parameter. The AOA signals at
the base station are determined by electronically steering the main
lobe of an adaptive phased array antenna in the direction of the
arriving mobile signal [7], [8]. An adaptive antenna system consists
of an array of sensor elements and a real-time adaptive signal
processor. The system can automatically adjust the antenna’s beam
pattern, frequency response, and other parameters to enhance
location performance. A receiver structure for an advanced adap-
tive array antenna that can increase capacity in cellular mobile
radio is discussed in [9]. The position of an MS is calculated from
the intersection of a minimum of two lines of bearing using smart
antennas techniques, as shown in Figure 3. To combat inaccura-
cies introduced by multipath propagation effects, more than two
base stations may be employed, along with highly directional
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[FIG3] Smart antennas techniques for localization. The system can automatically adjust
the antenna’s beam pattern, frequency response, and other parameters.

antennas. In the area of using smart antenna techniques for local-
ization, some work has been done on space-time processing with
multiple transmitting and receiving antennas, the employment of
coding, and the exploitation of spatial diversity for synchronous 3G
CDMA networks, using blind Alamouti space-time block codes in
fading channels to increase capacity [10]. AOA-based solutions
have the advantage of not requiring changes in the handset. A sig-
nificant drawback to AOA systems is that AOA requires specialized
receivers at the base stations in addition to the construction of
directional antenna arrays on the existing cell tower. Existing cell
site antennas are not suitable for the AOA method. Another draw-
back to this method is that angular error in the antenna array can
translate into a significant error in lateral distance if the cellular
telephone is far from the cell site. Location finding for CDMA sub-
scribers using a multiple-input, multiple-output (MIMO) antenna
array at the base station and deploying multiple base stations has
been studied in [11]. An algorithm for estimating the TOA and
AOA in a multi-user CDMA system that employs interference can-
cellation techniques to improve accuracy has been described in
[11]. The other new class of receivers uses linearly constrained
interference cancellation (IC), as presented in [12]. The system
operates over channels from 5 to 15 MHz. AOA does not require an
accurate (sub-microsecond) timing reference at each site and also
does not require system-wide synchronization (to within less than
a microsecond). However, it does require calibration at each indi-
vidual receiver site to compensate for receiver mismatches and
temperature variations. The AOA technique is particularly suitable
for future wideband spread-spectrum systems thanks to its
improved immunity to multipath propagation effects.

Hybrid Positioning Using Data Fusion
Data fusion is a group of methods for merging various types of
information. The idea of data fusion is derived from the basic

“Cell Phone
\

TOA, TDOA, and AOA techniques [13] as

previously discussed. Smart integration of

measurements obtained from different

sources, known as data fusion, helps to
i improve positioning accuracy. Different
' sources, however, are subject to different
propagation errors that contribute
unequally to global position estimation
errors. Adaptive data fusion and hybrid
localization techniques are employed to
better integrate different types of position
and navigation information. The work in
[14] and [15] shows that combined hyper-
bolic-based position location systems, such
as GPS and cellular networks, can achieve
better performance than single-source
methods. Tight integration of a GPS
receiver and a CDMA handset can signifi-
cantly reduce hardware complexity, memo-
ry allocation, and the computational load
upon a mobile station [13]. In addition to
system fusion, various types of measure-
ment data can also be combined to achieve more robust per-
formance. A TOA/TDOA data fusion model for increasing the
accuracy of position estimates within wireless networks is pre-
sented in [13]. The accuracy with which a TOA-AOA system with
a single base station in a line-of-sight scenario can determine
location is analyzed in [16]. AOA and TDOA have also been com-
bined to improve accuracy and to limit multipath effects [17].
An enhanced two-step least squared approach for TDOA/AOA
wireless location is proposed in [14]. Another TOA-AOA hybrid
location determination method based on a hierarchical multi-
layer perception neural network is described in [18].

Pattern Matching for Positioning

Both AOA and TOA/TDOA may encounter difficulties when the
multipath problem is quite severe, especially in urban areas
[18], [19]. To solve this problem, we can use pattern matching
based positioning, which considers multipath characteristics as
the “fingerprinting” of mobile phones, as shown in Figure 4.
The design involves a location server with a database that
includes measured and predicted signal characteristics for a spe-
cific area. When an E911 call is made, the location of the mobile
phone can be computed by comparing signals received by the
mobile with the signal values stored in the database. Various sig-
nal characteristics, including received signal levels and time
delays, may be utilized. For GSM location, it is natural to use
measured signal levels, since it is then possible to locate GSM
handsets without any modifications. Wideband signals from 3G
cellular networks enable accurate timing measurements to be
made as well as accurate measurement of the channel multipath
profile. Using a multipath delay profile to locate a mobile termi-
nal is possible with pattern matching. This avoids many of the
problems that multipath propagation poses for conventional
location methods based on distance measurements.
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POSITIONING IN WIRELESS LAN

The recent increase in interest in context-aware computing and
location-aware services has motivated the development of wire-
less LAN-based indoor positioning systems, such as Bluetooth
and Wi-Fi. In [20], Salazar compared typical WLAN systems in
terms of markets, architectures, usage, mobility, capacities, and
industrial concerns. Many customers install WLANs to reduce
positioning costs. The technical challenges faced by WLANs and
their performance with different frequency spectrums are dis-
cussed in [21]. WLAN-based indoor positioning solutions mostly
depend on signal strength utilization.

CLIENT-BASED SYSTEM DESIGN

Many signal processing techniques have been proposed for loca-
tion estimation for 802.11-based wireless networks [2], [22].
Location estimation is usually performed by scene analysis of RF
or ultra wideband (UWB) signal strength characteristics, which
works much like pattern matching in cellular location systems.
Because signal strength measurement is part of the normal oper-
ating mode of wireless equipment, as in wi-fi systems, no other
hardware infrastructure is required. A basic design utilizes two
phases. First, in the offline phase, the system is calibrated and a
model is constructed based on received signal strengths at a
finite number of locations within a targeted area. Second, during
online operation in the target area, mobile units report the signal
strengths received from each access point (AP) and the system
determines the best match between online observations and the
offline model. The best matching point

is then reported as the estimated posi-

tion. Specific algorithms (e.g., finger-

printing) that use existing WLAN

infrastructures will be addressed in the

section “Positioning Algorithms.”

CLIENT-ASSISTED SYSTEM DESIGN

To ease the burden of system manage-
ment (provisioning, security, deploy-
ment, and maintenance), many
enterprises prefer client-assisted and
infrastructure-based deployments in
which simple sniffers monitor client
activity and measure the signal strength
of transmissions received from clients
[23]. In client-assisted location system
design, client terminals, access points,
and sniffers collaborate to locate the
clients in a WLAN. The sniffers operate in
a passive scanning mode and sense trans-
missions on all channels or on predeter-
mined channels with sniffing tools
(software). They listen to communication
from mobile terminals and record time-
stamp information. The sniffers then put
together estimations from all sniffers

based on a prior model. A client’s  of mobile phones.

received signal strength at each sniffer is compared to this model
using nearest neighbor searching to estimate the client’s location
[24]. In terms of system deployment, sniffers can either be colocat-
ed with APs or be located at other positions and function just like
the LMUs in a cellular-based location system.

POSITIONING IN AD HOC SENSOR NETWORKS

Due to the ad hoc nature of sensor networks, it is important to
extract location information from data collected for location
aware routing and from information dissemination protocols and
query processing in a sensor network. It is especially difficult to
estimate node positions in ad hoc networks without a common
clock as well as in absolutely unsynchronized networks. Most
localization methods in sensor networks are based on RF signals.
However, UWB techniques are quite promising for indoor posi-
tioning. The UWB technique is a viable approach for future giga-
bit indoor communications and geolocation problems [25]. A
UWB signal is a series of very short base band pulses with time
durations of only a few nanoseconds that exist on all frequencies
simultaneously, resembling a blast of electrical noise [25]. The
fine time resolution of UWB signals makes them promising for
use in high-resolution ranging. A generalized maximum-likeli-
hood (ML) detector for multipaths in UWB propagation measure-
ment is described in [26]. In terms of systems, the types of
localization solutions can generally be classified into three cate-
gories: localization with beacons, localization with moving bea-
cons, and beacon-free localization.

s I
Positioning Processing Center
—Fingerprint for Mapping the Location

Communications
Tower

[FIG4] Pattern matching method collecting multipath characteristics as the “fingerprinting”
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localization. This work significantly builds
upon prior approaches, incorporating addi-
tional constraints over time through sen-

Prior RSSI Info. Known Position sor measurements of the distance to an
RSS! Fingerprint 1 Position 1 unknown target rather than a beacon.
RSSI Fingerprint2 |- Position 2 SR S Results indicate that mobility of targets
: : S D%ta%ase g can be used to significantly enhance posi-
RSSI Fingerprint N-1 | Position N-1 . . .

RSSI Fingerprint N | Position N tion estimation accuracy, even when the

number of reference nodes is small.

BEACON-FREE LOCALIZATION

Positioning = Estimated In nonurban outdoor environments, local-
Signal anen Position izati i i _
PEciver > Matching ization ma;li be achle'ved using several bea

Algorithm cons equipped with GPS. However,

[FIG5] Pattern matching algorithm for location estimation.

LOCALIZATION WITH BEACONS

In sensor networks, some nodes are equipped with special posi-
tioning devices that are aware of their locations (e.g., equipped
with a GPS receiver). These nodes are called beacons. Other
nodes that do not initially know their locations are called
unknowns. When these systems perform localization, the
unknowns are located using ranging or connectivity (also
known as proximity) based methods [27], [28]. Generally, an
unknown can estimate its location if three or more beacons are
available in its 2-D coverage. Once an unknown has estimated
its position, it becomes a beacon and other unknowns can use it
in their position estimations. The major challenge in localiza-
tion with beacons is to make localization algorithms as robust
as possible using as few beacons as possible. The resulting
design consumes little energy and few radio resources.

LOCALIZATION WITH MOVING BEACONS

Using moving beacons in a system design can significantly
reduce power consumption and cost. In this type of system,
nodes determine their own locations by estimating their dis-
tance from moving beacons (also referred to as mobile
observers) in a coordinated fashion by applying a transform to
the range estimations to determine each node’s position within
a global coordinate system. The impact of predictable observer
mobility upon power consumption in a sensor network is dis-
cussed in [29]. A localization system design for processing infor-
mation using a single mobile beacon aware of its position is
proposed in [30]. Sensor nodes receiving beacon packets infer
their distance from a mobile beacon and use these measure-
ments as constraints to construct and maintain position esti-
mates. However, optimizing mobility is not feasible for full
coverage in some areas. The relationship between mobility, navi-
gation, and localization in the context of wireless sensor net-
works with mobile beacons or targets has been studied in [31].
Mobility can aid in network node localization. Also, once local-
ized, network nodes can localize and track a mobile object
(robot) and guide its navigation. Work in [31] exploits the appli-
cation-specific nature of sensor networks to further optimize for

equipping sensors with GPS does not work
in indoor or urban environments. In addi-
tion, the use of beacons, even assuming
that sensors are scattered randomly at the start, increases the
cost of building a sensor network. In practice, a larger network
may be designed to operate without beacons, which is known as
beacon-free design. Such a design determines the position of
every node via local node-to-node communication. Beacon-free
positioning should be a fully decentralized solution: all nodes
start from a random initial coordinate assignment. Then, they
cooperate with each other using only local distance estimations
to figure out a coordinate assignment. The resulting coordinate
assignment has both translation and orientation degrees of
freedom and has to be correctly scaled. A post-process is needed
to convert the translation and orientation coordinate assign-
ment to absolute position information based on reference infor-
mation, such as information from GPS [32].

POSITIONING ALGORITHMS

In the previous section, we addressed different system design
solutions for cellular, WLAN, and sensor network aided posi-
tioning. We will focus on presenting different positioning algo-
rithms and comparing their characteristics in this section.
Note that some algorithms are designed specifically for a sin-
gle network configuration (e.g., sensor network) while others
can be applied for two or more types of wireless networks. For
example, the characteristics of offline training and online posi-
tion estimation in fingerprinting algorithms make it possible
for many statistical learning methods to be applied in mobile
positioning. A novel mobile positioning method using GSM
cellular phones and an artificial neural network (ANN) has
been developed [33]. A hybrid vehicular location method based
on pattern recognition using hidden Markov models (HMM:s)
and TOA measurements has also been proposed in [19].
Fingerprinting algorithms remain the most viable solution for
WLAN-based indoor geolocation. Most recently developed
indoor geolocation algorithms based on statistical learning
theory require a substantial amount of site profiling to build
their signal strength models [2], [34]. In this section, various
algorithms will be compared and their advantages and disad-
vantages will be discussed.
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POSITIONING ALGORITHMS FOR CELLULAR NETWORKS

FINGERPRINTING VERSUS TRIANGLE ALGORITHM
Fingerprinting positioning algorithms have been developed,
especially for urban and indoor areas [35]. The location of a
mobile phone can be calculated by comparing a multipath sig-
nal pattern received by a base station with prior known informa-
tion stored in a database through pattern matching algorithms
known as fingerprinting, as shown in Figure 5. In fact, finger-
printing algorithms need only one base station and several mul-
tipath copies of a signal to locate a user. Fingerprinting
algorithms can therefore overcome many problems in conven-
tional TOA, AOA, and TDOA algorithms, including errors in
pseudorange measurement, multipath resolution, and NLOS
propagation, without requiring handset modification. Other fin-
gerprinting algorithms, including the K-nearest neighbor
(KNN), the Kalman filter, ANN, and the support vector machine,
are discussed in [34]. More robust location algorithms [36] have
also been developed for indoor tracking and location problems.
While probabilistic-based signal processing algorithms like the
Bayesian method [37] can provide accurate estimation, they do
require the knowledge of the signal propagation model in the
form of a probability distribution. The main limitation of finger-
printing algorithms, however, is that they are not suitable for
use in many outdoor applications because they require a more
stable and secure radio environment for mapmaking in the ini-
tialization phase. The dynamic nature of the outdoor radio envi-
ronment makes fingerprinting infeasible and requires the use of
a triangle-based algorithm.

Based on their mathematical model characteristics, most
multilateral range-based location algorithms are classified as
deterministic and probabilistic models.

Deterministic Models

In a range-based deterministic model, the mobile positioning
problem is usually modeled as the intersection of a set of hyper-
bolic curves defined by TOA/TDOA estimates. Very important
contributions to the field of wireless location have been made in
designing robust algorithms to compute mobile handset posi-
tion using TOA/TDOA measurements. Smith and Abel have pro-
posed a closed-form solution based on a spherical interpolation
estimator in [38], but their solution is not optimal. To improve
location accuracy at reasonable noise levels, the Taylor series
method [39] is commonly employed. In addition, Chan’s estima-
tor for hyperbolic location is a well-known method that can be
used as an approximation of the maximum likelihood (ML) esti-
mator when the TDOA error is small [40]. In range-based loca-
tion schemes, a generalized estimator is normally used for TOA
in determinate models, as shown here:

X=argemin ) p(r; — lx = Xil). o)
ieS
No a priori information about the distribution of the range
or range difference measurements is required. In (1), || - ||
denotes the norm operation over a vector, |x — X;|| represents

the distance between vectors x and X; (where S is the BSs index
set), 7; is the range measurement from the MS to ith BS, i € S.
x is an MS position, and X is an estimate of MS position.
rillx — X;|| is called the 7th residual for a particular x. If the
residual follows the Gaussian distribution, the least square (LS)
estimator can be applied to solve p(-) for the optimal solution.
Actual measurements are often corrupted by some error, includ-
ing errors due to loss of sight, inaccurate synchronization
errors, and non-loss of sight (NLOS) errors. In practical com-
munications, the residual most likely will follow an unknown
distribution beyond the Gaussian; thus, many robust estimators
have been proposed to enhance positioning accuracy [41].

Probabilistic Models

Interestingly, (1) can be also represented in probability form based
on the maximum likelihood estimator (MLE). Without prior
information, the MLE location estimate éMLE is calculated as [42]:

OvLe = arg max £ (2/0) @)

where 7:(z]0) is the conditional probability density function
(PDF) of the location measurements. The estimated location
vector is § = (X, ), which can be used to estimate a mobile ter-
minal’s coordinates. In practice, the cellular network does have
some knowledge of a mobile terminal’s location. Under these
circumstances, the optimal estimator is the minimum mean
square error (MMSE) estimator, which can be expressed as

bwmse = El012] = fs 0f(012)do 6))

where f(0]2) is the posterior conditional PDF of location 6
given the measurement vector z and S is the region in which
the mobile terminal is known to reside [42]. Another novel loca-
tion algorithm based on Bayes’ rule was proposed; it uses RSSI
path loss and an empirical formula in the Okumura model [43].
A detailed survey of Bayesian techniques for use in location esti-
mation is provided in [37].

NLOS VERSUS LOS ALGORITHM

Traditional triangle positioning algorithms assume LOS propaga-
tion from the reference stations to establish geometric equations
for position determination. In microcellular environments, mul-
tipath propagation is usually NLOS, and individual measure-
ments are thus biased. NLOS propagation still poses a challenge
in cellular positioning design. To overcome the error inherent in
NLOS location estimations, NLOS error mitigation algorithms
have been developed. A residual weighting algorithm that does
not require prior knowledge of NLOS error distribution has been
proposed for use in a TOA location system [44]. This mechanism,
however, performs poorly if a large amount of NLOS error is
present when the algorithm is used for TOA measurements. To
overcome this problem, another related NLOS mitigation tech-
nique based on ML detection has been developed [45]. This
approach exploits redundant time measurements using a
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minimum number of base stations. This design is quite promis-
ing because it can select the best hypothesis, rather than averag-
ing the results of all possible hypotheses based on the heuristic
arguments used in previous approaches. Generally, NLOS range
measurements vary more than LOS range measurements, espe-
cially when the MS is moving. A time-history-based hypothesis
test is proposed in [46] to identify and then reconstruct the
NLOS error. The drawback of this algorithm is that it can consid-
erably delay real-time positioning. Kalman filter-based algo-
rithms are suggested in [47] as a promising alternative to range
measurement for smoothing and mitigating NLOS error. If the
NLOS error is known to appear only intermittently or as outliers,
tests can be performed for both outliers and normality, as dis-
cussed in [46]. The NLOS problem occurs regularly in urban and
microcellular environments; developing cellular positioning
techniques that work well in these areas require that we develop
algorithms to handle it. However, most LOS algorithms are feasi-
ble for use in rural or suburban environments, and thus remain
foundational for NLOS positioning algorithms.

POSITIONING ALGORITHMS FOR WLAN

EMPIRICAL MODEL VERSUS PROPAGATION MODEL

In a WLAN-based deployment location system, signal strength
models are built by profiling the site and using measurements from
visible access points based on two major models, the empirical
model and the propagation model. The empirical model is con-
structed by placing a client at each of a number of sample reference
points and measuring the received signal strength over several sec-
onds. The measurement values are averaged and stored in a precon-
structed database. When a client is to be located, it reports back
measurements from visible access points, and these measurements
are compared with the measurements in the database. However,
there are some disadvantages associated with empirical model-
based design. To track dynamic changes in environments, the data-
base must be manually updated. Also, system performance is
influenced by environmental situations. For example, errors can
arise because moving objects, including people, can cause variation
in the radio wave properties in an indoor environment.

The propagation model tends to be more flexible than the
empirical model. The propagation model is constructed based on
the fact that a radio wave traveling through a certain environ-
ment will undergo specific types of signal distortion. This loss of
signal strength is modeled using known radio propagation and
path-loss theories. Utilizing these theories, the distance from a
wireless device to an access point can be calculated given a
received signal strength loss value. Using the distances from
three or more access points, a triangle algorithm can be utilized
to determine the location of the device. Through this process, we
also can construct a premeasurement database based on the
propagation model. However, varying radio conditions at a site
caused by environmental factors such as changes in humidity
may alter the effectiveness of signal propagation models. It has
been shown that location estimation signal strength models need
to adapt, even in seemingly static environments [23].

SIGNAL-PROCESSING-BASED VERSUS

PROTOCOL-BASED ALGORITHMS

Many signal processing-based location algorithms for cellular
networks and WLANs generally include two stages: parameter
measuring and position estimation. For example, TOA can be
determined either by measuring the phase of the received nar-
rowband carrier signal or by directly measuring the arrival time
of a wideband pulse. In conventional geolocation systems, TOA
estimation techniques have been widely used for GPS, radar, and
sonar applications. Because the indoor multipath environment
is very different from an outdoor environment, traditional TOA
estimation algorithms, like the ML TOA estimation technique,
have been derived for applications where the radio propagation
channel can be simply modeled as a single-path AWGN channel.
Traditional TOA estimation is not suitable for indoor geoloca-
tion systems with severe multipath propagation.

To improve the performance of TOA estimation for use in an
indoor multipath environment, one may attempt to increase the
resolution of the estimation by increasing signal bandwidth or
by employing advanced signal processing algorithms. For exam-
ple, diversity techniques have been considered in the practical
implementation of indoor geolocation systems [8]. Although
signal processing may accelerate the development of indoor
geolocation methods, mobile positioning also can be achieved
by exploiting timing protocols as suggested in [48]. Emerging
broadband communication systems, such as 802.11a, have great
potential for accurate position estimation due to their inherent
timing accuracy, which provides a protocol-based solution for
indoor geolocation. OFDM has also been adopted by ETSI
HIPERLAN/2 and IEEE 802.11a as a physical layer standard for
next-generation WLANs [47]. A novel method for measuring
geolocation metrics, TOA and TDOA exploits the OFDM-based
HIPERLAN/2 MAC frame structure [35]. This feature of MAC
structure can be exploited in measuring geolocation metrics,
TOA, and TDOA from OFDM burst signals. This has led us to
consider other possible indoor positioning solutions for WLANs
and sensor networks based on timing protocols.

POSITIONING ALGORITHMS

FOR AD HOC SENSOR NETWORKS

The unique properties of sensor networks cause them to
require somewhat different positioning algorithms than those
used in cellular networks and WLANs. There are various possi-
bilities for constructing a localization algorithm that balances
computation among sensor network nodes. These algorithm
designs include: the distributed (every node should be able to
estimate its own location), the localized (each node gathers
information from other nodes in its immediate neighborhood),
the asymptotic convergence design (computation stops when a
certain degree of accuracy has been achieved), the self-organiz-
ing scheme (node functioning does not depend on the global
infrastructure), the robust design (the algorithm can tolerant
node failures and range errors), and the cost-effective and ener-
gy-efficient approach (this algorithm requires little computa-
tion overhead).
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BEACON-BASED VERSUS BEACON-FREE ALGORITHMS
Beacon-based algorithms assume that a certain minimum number
of nodes know their own positions through manual configuration
or GPS. Individual nodes’ location could then be determined by
referring to a beacon’s position. A detailed survey of various bea-
con-based localization algorithms has been provided in [28]. All bea-
con-based positioning algorithms, however, have their limitations
because they need another positioning scheme to bootstrap the
beacon node positions, and they cannot be easily employed in envi-
ronments where other location systems are unavailable; thus, they
are unsuitable for use indoors. It turns out, in practice, that a large
number of beacon nodes are
required to achieve an accept-
able level of position error [28].
In contrast, beacon-free algo-
rithms use local distance infor-
mation to attempt to determine
each node’s relative coordinates
without relying on beacons that
are aware of their positions. Of course, any algorithm that does not
use beacon nodes can be easily converted to one that uses a small
number of beacon nodes by adding a final step in the procedure, in
which all node coordinates are transformed using three (in 2-D
positioning) or four (in 3-D positioning) beacon nodes. For exam-
ple, multidimensional scaling (MDS) has been investigated for use
in solving the localization problem in sensor networks [49], [50].
Without using beacons, all MDS-based localization algorithms are
able to produce maps that represent the relative positions of nodes.
With three or more beacons, the absolute coordinates of all the
nodes can be determined at the same time. Another fully distrib-
uted and beacon-free localization algorithm, proposed in [51],
operates in two stages. In the first stage, a heuristic is employed to
create a well-spread, fold-free graph layout that resembles the
desired layout. The second stage uses a mass-spring model analog.
The optimized localization estimates analog can be found to be the
minimum energy stage of the mass-spring model.

INCREMENTAL VERSUS CONCURRENT ALGORITHMS

Incremental algorithms begin with only three or four core nodes
being aware of their own coordinates. They then recursively add
appropriate nodes to this set by calculating each node’s coordi-
nates using measured relative distances from nodes with previ-
ously known coordinates. These coordinate calculations are based
on either simple triangle algorithms or on local optimization
schemes [52]. However, incremental algorithms have limitations
because they can propagate measurement error, resulting in poor
overall network localization. Some incremental algorithms can
thus be applied in later stages of global optimization to reduce
propagation error. Escaping from local minima and reaching
global minima in the incremental stage continues to be a major
challenge. In concurrent algorithms, all nodes calculate and then
refine their coordinates in parallel using local information. Some
of these algorithms use iterative optimization schemes that
reduce the differences between measured distances and calculated
distances based on current coordinate estimates [51]. Concurrent

optimization algorithms have a better chance of avoiding local
minima than incremental schemes. They can also avoid error
propagation by continuously reducing global errors.

RANGE-BASED VERSUS RANGE-FREE ALGORITHMS

Many localization algorithms rely on the distances between
nodes: this is known as range-based localization. This type of dis-
tance estimation is usually implemented using signal strength
decay, TOA, or TDOA for internode range estimation [53]. While
range-based algorithms require absolute point-to-point distance
estimation (range) or angle estimation for positioning, range-
free algorithms do not require
this information. In addition to
measuring range information,
range-free localization algo-
rithms achieve position esti-
mation by solving a convex
optimization problem using a
connectivity matrix of sensor
nodes [54]. However, due to the unique ad hoc character of wire-
less sensor networks, many distributed solutions are more
attractive than centralized designs. Sensors locate themselves at
the centroid of the locations of beacons they can detect [55].
Other algorithms have assumed node-to-node communication
can be used to convey the locations of all the beacons to all the
sensors [27], [32]. Using hop-count as an estimate of Euclidian
distance (by computing the average distance between sensors in
[27] or by analytically deriving it in [32]), a sensor can estimate
its position via triangulation. Another novel “range-free” algo-
rithm determines whether a node lies inside or outside of the tri-
angles formed by all possible sets of three beacons (called the
APIT test) [56].

WE ARE FACING TREMENDOUS
CHALLENGES WHILE EXPLORING NOVEL
MOBILE POSITIONING TECHNIQUES TO
DESIGN FASTER, MORE ROBUST, AND
MORE ACCURATE POSITIONING SYSTEMS.

SINGLE-HOP VERSUS MULTIPLE-HOP ALGORITHMS

In multihop positioning systems, nodes typically do not receive
beacon nodes’ signals directly. Given the influence of single-hop
positioning systems such as cellular networks and WLANS, it is not
surprising that the first multihop localization algorithms tried to
adapt single-hop technologies. TDOA, RSSI, and/or AOA informa-
tion is collected, and the position of each node is then computed
using triangulation [27]. A number of connectivity-based solutions
have been proposed for multihop localization. One of the simplest
and earliest is DV-hop [27]. In this system, each node determines
its own position based on how many hops away it is from a beacon
node. A method similar to APS was suggested in [32]. It first deter-
mines the hop distance (called gradient) to the beacons (called
seeds) and, as a function of the average node density, calculates the
actual average hop distance to a beacon.

CONCLUSION AND FUTURE DIRECTIONS

Wireless positioning is becoming increasingly important. In
this article, a state-of-the-art positioning system and the algo-
rithm it uses have been presented. However, some important
problems still remain unsolved; there continues to be a need
for seamless positioning, fault-tolerance, privacy, and security
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[57]. Although many positioning devices and services are cur-
rently available, it is necessary to develop an integrated and
seamless positioning platform to provide a uniform solution
for different network configurations. Directions for future
research in this area can be summarized as follows:
1) Fusion techniques: Fusion techniques include system
fusion and measurement data fusion. For outdoor geoloca-
tion, a combination of GPS and cellular networks can provide
greater location accuracy. Data fusion combines different
positioning techniques to improve accuracy and coverage. In
addition, data fusion techniques have been designed to utilize
ad hoc sensor networks to save energy, but little work has
been done on the localization problem to date.
2) Direct localization: Conventional two-step localization
processes that include parameter measurement and position
estimation have been studied extensively. In these methods,
computational complexity is low in the position estimation
stage. However, these methods have the disadvantage of making
a premature decision on an intermediate TDOA in their first
step, discarding useful information. A better approach is direct
localization, which uses the least commitment principle; these
algorithms preserve and propagate all intermediate informa-
tion until the end of the process and make an informed deci-
sion as a very last step [58]. Little progress has so far been
made in developing RF-based network-aided positioning.
3) Smart antennas: Smart antennas will be available for 3G
wireless networks and beyond. The application of antenna arrays
in ad hoc networks to improve communication capacities has
been investigated. Though promising, these techniques pose
new challenges in data fusion and AOA resource allocation.
4) Network topology: Because different positioning tech-
niques and algorithms work in various ways with different
topology structures, we can conclude that network topology
has a significant impact on network-aided positioning, espe-
cially for ad hoc networks with random topologies. To the
best of our knowledge, no work has been done on this topic.
5) System interoperation: Nowadays, researchers are build-
ing ubiquitous communication and computing platforms.
Positioning systems can be included by integrating local-
ization systems within various networks. Much work
remains to be done in this area.

AUTHORS

Guolin Sun received the B.S. and M.S. degrees in electronic
engineering from the University of Electronic Science and
Technology of China (UESTC), Chengdu, China, in 2000 and
2003, respectively. He is now pursuing his Ph.D. degree at the
National Key Lab of Communication, UESTC. His current
research interests include signal processing techniques in net-
work-aided positioning, and cross-layer design in ad hoc net-
works and sensor networks.

Jie Chen received the M.S. and Ph.D. degrees in electrical
engineering from the University of Maryland, College Park. He is
currently an assistant professor in the Division of Engineering at
Brown University. His research interests include circuit design for

wireless communications and networking, nanoscale device and
circuit design, and nanotechnology for interdisciplinary biomed-
ical applications. He has received the IEEE Distinguished
Lecturer Award of the Circuits and Systems Society. He has pub-
lished 45 scientific papers in refereed journals and conference
proceedings and has coauthored two books and two book chap-
ters. He is an associate editor of IEEE Signal Processing
Magazine. He was an associate editor of IEEE Transactions on
Multimedia and EURASIP Journal on Applied Signal Processing.
He is the technical program cochair of the IEEE Genomic Signal
Processing and Statistics Workshop 2005 and the chair-elect of
Life-Science Systems and Applications Technical Committee of
the IEEE Circuits and Systems Society. He is a Senior Member of
the IEEE.

Wei Guo received the B.S. and M.S. degrees in electronic engi-
neering from the University of Electronic Science and Technology of
China (UESTC), Chengdu, China, in 1985 and 1988, respectively. He
is a professor with the School of Communication and Information
Engineering, UESTC. His current research interests include self-
organizing networks, wireless communication protocols, and signal
processing techniques in spread-spectrum communication.

K. J. Ray Liu is a professor and director of Communications
and Signal Processing Laboratories of Electrical and Computer
Engineering Department and Institute for Systems Research,
University of Maryland, College Park. His research contributions
encompass broad aspects of wireless communications and net-
working, information forensics and security, multimedia commu-
nications and signal processing, signal processing algorithms and
architectures, and bioinformatics. He has published over 350 ref-
ereed papers. He received the IEEE Signal Processing Society
2004 Distinguished Lecturer Award, the 1994 National Science
Foundation Young Investigator Award, the IEEE Signal
Processing Society’s 1993 Senior Award (Best Paper Award),the
1999 IEEE 50th Vehicular Technology Conference Best Paper
Award, and the EURASIP 2004 Meritorious Service Award. He
received the 2005 Poole & Kent Company Teaching Award from
the A. James Clark School of Engineering, University of Maryland.
He is editor-in-chief of IEEE Signal Processing Magazine and the
prime proposer and architect of the new IEEE Transactions on
Information Forensics and Securify. He was also the founding
editor-in-chief of the FURASIP Journal on Applied Signal
Processing. He is a member of the IEEE Signal Processing
Society’s Board of Governors and a Fellow of the IEEE.

REFERENCES
[1] Y. Zhao, “Standardization of mobile phone positioning for 3G systems,” IEEE
Commun. Mag., vol. 40, no. 7, pp. 108-116, Jul. 2002.

[2] J. Hightower and G. Borriello, “Location systems for ubiquitous computing,”
IEEE Computer, vol. 34, no. 8, pp. 57-66, Aug. 2001.

[3] M. Mauve, J. Widmer, and H. Hartenstein, “A survey on position-based routing in
mobile ad-hoc networks,” IEEE Network, vol. 15, no. 6, pp. 30-39, Nov—Dec. 2001.

[4] Special Issue on Wireless Geo-Location System and Services, IEEE Commun.
Mag., vol. 36, no. 4, Apr. 1998.

[5] G.M. Djuknic, and R.E. Richton, “Geo-location and assisted GPS,” IEEE
Computer, vol. 34, no. 2, pp. 123-125, Feb. 2001.

[6] J. Borkowski, J. Niemeld, and J. Lempiiinen, “Performance of cell ID+RTT
hybrid positioning method for UMTS radio networks,” in Proc. 5th European
Wireless Conf. 2004, Feb. 2004

IEEE SIGNAL PROCESSING MAGAZINE [22

JULY 2005



[7] A. Pages-Zamora, J. Vidal Manzano, and D.H. Brooks, “Closed-form solution for
positioning based on angle of arrival measurements,” in Proc. 13th IEEE Int.
Symp. Personal, Indoor and Mobile Radio Communications, Lisbon, Portugal,
Sep. 15-18, 2002, pp. 1522-1526.

[8] G. Seco and J.A. Férnandez-Rubio, “Single-user timing estimation in DS-CDMA
mobile communication systems using a receiving antenna array,” AMADEIA
Control, Computer Science Signal Processing J., 2000.

[9] PM. Grant, J.S. Thompson, and B. Mulgrew, “Adpative arrays for narrowband
CDMA base stations,” IEE Electronics Commun. J., vol. 10, no. 4, pp. 156-168,
Aug. 1998.

[10] D. Reynolds, X. Wang, and V. Poor, “Blind adaptive space-time multiuser
detection with multiple transmitter and receiver antennas,” IEEE Tran. Signal
Processing, vol. 50, no. 6, pp. 1261-1276, Jun. 2002.

[11] A. Tarighat, N. Khajehnouri, and A.H. Sayed, “Improved wireless location
accuracy using antenna arrays with interference cancellation,” in Proc. IEEE Int.
Contf. Acoustics, Speech, and Signal Processing (ICASSP), Hong Kong, Apr. 2003,
vol. 4, pp. 616-619.

[12] S. Affes, H. Hansen, and P. Mermelstein, “Interference subspace rejection: A
framework for multiuser detection in wideband CDMA,” IEEE J. Selected Areas
Commun., vol. 20, no. 2, pp. 287-302, Feb. 2002.

[13] R.I. Reza, “Data fusion for improved TOA/TDOA position determination in
wireless systems,” Ph.D. dissertation, Virginia Tech., 2000.

[14] C. Ma, “Techniques to improve ground-based wireless location performance
using a cellular telephone network,” Ph.D. dissertation, Dept. Geomatics Eng.,
Univ. Calgary, Rep. 20177, 2002.

[15] H.C. Son, J.G. Lee, and G.I. Jee, “Mobile station location using hybrid GPS
and a wireless network,” in Proc. IEEE Vehicular Technology Conf., Apr. 2003, pp.
2716-2720.

[16] H.C. So and E.M.K. Shiu, “Performance of TOA-AOA hybrid mobile location,”
IEICE Trans. Fund. Elect., Commun. Computer Sciences, vol. E86-A, no. 8, pp.
2136-2138, Aug. 2003.

[17] L. Cong and W. Zhuang, “Hybrid TDOA/AOA mobile user location for wide-
band CDMA cellular systems,” IEEE Trans. Wireless Commun., vol. 1, pp.
439-447, Jul. 2002.

[18] Z. Jafarian, H. Mirsalehi, M.M.I. Ahadi-Akhlaghi, and H. Keshavarz, “A neural
network-based mobile positioning with hierarchical structure,” in Proc. 57th IEEE
Semiannual Vehicular Technology Conf. 2003, Apr. 2003, vol. 3, pp. 2003-2007.

[19] S. Mangold, and S. Kyriazakos, “Applying pattern recognition techniques
based on hidden Markov models for vehicular position location in cellular net-
works,” in Proc. 50th IEEE Vehicular Technology Conf. Fall—1999, Amsterdam,
The Netherlands, Sept. 1999, pp. 780-784.

[20] A.E.S. Salazar, “Positioning bluetooth and Wi-Fi systems,” IEEE Trans.
Consumer Electron., vol. 50, no. 1, pp. 151-157, Feb. 2004.

[21] M. Unbehaun and M. Kamenetsky, “On the deployment of picocellular wireless
infrastructure,” IEEE Wireless Commun. Mag., vol. 10, no. 6, pp. 70-80, Dec. 2003.

[22] K. Pahlavan, X. Li, and J.P. Makela, “Indoor geolocation science and technology,”
IEEE Commun. Mag., vol. 40, no. 2, pp. 112-118, Feb. 2002.

[23] P. Krishnan, A.S. Krishnakumar, W.H. Ju, C. Mallows, and S. Ganu, “A system
for LEASE: System for location estimation assisted by stationary emitters for
indoor RF wireless networks,” in Proc. IEEE Infocom 2004, Hong Kong, Mar.
2004, pp. 1001-1011.

[24] S. Ganu, A.S. Krishnakumar, and P. Krishnan, “Infrastructure-based location
estimation in WLAN networks,” in Proc. IEEE Wireless Communications and
Networking Conf. (WCNC 2004), 2004, pp. 465-470.

[25] R. Fontana and S. Gunderson, “Ultra wideband precision asset location
system,” in Proc. IEEE Conf. Ultra Wideband Systems and Technologies, May
2002, pp. 147-150.

[26] J.Y. Lee, “Ultra-wideband ranging in dense multipath environments,” Ph.D.
dissertation, Dept. Elect. Eng., Univ. Southern California, May 2002.

[27] D. Niculescu and B. Nath, “Ad hoc positioning system (APS) using AoA,” in
Proc. IEEE INFOCOM 2003, San Francisco, CA, vol. 3, pp. 1734-1743.

[28] N. Bulusu, J. Heidemann, D. Estrin, and T. Tran, “Self-configuring localization
systems: Design and experimental evaluation,” ACM Trans. Embedded Comput.
Syst., May 2003, vol. 3, no. 1, pp. 24-60, Feb. 2004.

[29] A. Chakrabarti, A. Sabharwal, and B. Aazhang, “Using predictable observer mobil-
ity for power efficient design of sensor networks,” in Proc. IPSN 2003, pp. 129-145.

[30] M.L. Sichitiu and V. Ramadurai, “Localization of wireless sensor networks
with a mobile beacon,” Center for Advances in Computing and Communications
(CACC), Raleigh, NC, Tech. Rep. TR-03/06, July 2003.

[31] A. Galstyan, B. Krishnamachari, S. Pattem, and K. Lerman, “Distributed
online localization in sensor networks using a moving target,” in Proc.
Information Processing in Sensor Networks (IPSN-2004), Berkeley, CA, pp. 61-70.

[32] R. Nagpal, H. Shrobe, and J. Bachrach, “Organizing a global coordinate system
from local information on an ad hoc sensor network,” in Proc. 2nd Int. Workshop
Information Processing in Sensor Networks (IPSN ‘03), Apr. 2003, pp. 333-348.

[33] Z. Salcic, “GSM mobile station location using reference stations and artificial
neural networks,” J. Wireless Personal Commun., vol. 19, no. 3, pp. 205-266, 2001.

[34] R. Battiti, M. Brunato, and A. Villani, “Statistical learning theory for location

fingerprinting in wireless LANs,” Tech. Rep. DIT-02-0086, Dept. Inform.
Telecomun., Universita di Trento, 2002.

[35] X. Li, K. Pahlavan, M. Latva-aho, and M. Ylianttila, “Indoor geolocation using
OFDM signals in HIPERLAN/2 wireless LANs,” in Proc. PIMRC 2000 11th IEEE
Int. Symp. Personal, Indoor, and Mobile Radio Communications, London, UK, vol.
2, Sept. 18-21 2000, pp. 1449-1453.

[36] Y. Gwon, R. Jain, and T. Kawahara, “Robust indoor location estimation of
stationary and mobile users,” in Proc. IEEE Infocom, Hong Kong, Mar. 2004, pp.
1032-1043.

[37] D. Fox, J. Hightower, H. Kautz, L. Liao, and D.J. Patterson, “Bayesian tech-
niques for location estimation,” in Proc. UBIComp Workshop, 2003, pp. 16-18.

[38] J.S. Abel and J.0. Smith, “The spherical interpolation method for closed-form
passive source localization using range difference measurements,” in Proc. ICAS-
SP-87, Dallas, TX, pp. 471-474.

[39] D. Torrieri, “Statistical theory of passive location systems,” IEEE Trans.
Aerosp. Electron. Syst., vol. AES-20, no. 2, pp. 183-198, Mar. 1984

[40] Y.T. Chan and K.C. Ho, “A simple and efficient estimator for hyperbolic loca-
tion,” IEEE Trans. Signal Processing, vol. 42, pp. 1905-1915, Aug. 1994.

[41] G.-L. Sun and W. Guo, “Bootstrapping M-estimators for reducing errors due
to non line-of-sight (NLOS) propagation,” IEEE Commun. Lett., vol. 8, no. 8, pp.
509-510, Aug. 2004.

[42] M. McGuire, K.N. Plataniotis, and A.N. Venetsanopoulos, “Location of mobile
terminals using time measurements and survey points,” IEEE Trans. Veh.
Technol., vol. 52, no. 4, pp. 999-1011, Jul. 2003.

[43] S. Al-Jazzar and J. Caffery, “ML and Bayesian TOA location estimators for
NLOS environments,” in Proc. IEEE Veh. Technology Conf. (VTC) Fall, Vancouver,
BC, Sept. 2002, pp. 1178-1181.

[44] P.C. Chen, “A non-line-of-sight error mitigation algorithm in location estima-
tion,” in Proc. IEEE Wireless Communications Networking Conf., 1999, vol. 1,
pp. 316-320.

[45] J. Riba and A. Urruela, “A non-line-of-sight mitigation technique based on ML-
detection,” in Proc. ICASSE, Montreal, Quebec, Canada, May 17-21, 2004, pp. 153-156.

[46] S. Venkatraman and J. Caffery, Jr., “Statistical approach to non-line-of-sight
BS identification,” in Proc. 5th Int. Symp. Wireless Personal Multimedia
Communications, Oct. 2002, vol. 1, pp. 296-300.

[47] B.L. Le, K. Ahmed, and H. Tsuji, “Mobile location estimator with NLOS miti-
gation using kalman filtering,” IEEE Wireless Commun. Network., vol. 3, pp.
1969-1973, Mar. 2003.

[48] S. Saha, K. Chaudhuri, D. Sanghi, and P. Bhagwat, “Location determination of
a mobile device using IEEE 802.11b access point signals,” in Proc. IEEE Wireless
Communications and Networking Conf. 2003 New Orleans, LA, Mar. 16-20, 2003,
pp. 1987-1992.

[49] Y. Shang, W. Ruml, “Improved MDS-based localization,” in Proc. 23rd Conf.
IEEE Communicatons Society (Infocom 2004), Hong Kong, Mar. 7-11, 2004, pp.
2640-2651.

[50] X. Ji and H. Zha, “Sensor positioning in wireless ad-hoc sensor networks with
multidimensional scaling,” in Proc. IEEE Infocom 2004, pp. 2652-2661.

[51] N.B. Priyantha, H. Balakrishnan, and S. Teller, “Anchor-free distributed local-
ization in sensor networks,” in Proc. Ist Int. Conf. Embedded Networked Sensor
Systems (SenSys 2003), Los Angeles, CA, Nov. 5-7, 2003, pp. 340-341.

[52] C. Savarese, J.M. Rabaey, and J. Beutel, “Location in distributed ad-hoc wire-
less sensor networks,” in Proc. Int. Conf. Acoustics, Speech and Signal Processing
(ICASSP 2001), pp. 2037-2040.

[53] N. Patwari, A.O. Hero, III, M. Perkins, N.S. Correal, and R.J. O’'Dea, “Relative
location estimation in wireless sensor networks,” IEEE Trans. Signal Processing,
(Special Issue on Signal Processing in Networks), pp. 2137-2148, Nov. 2002.

[54] L. Doherty, K. Pister, and L. Ghaoui, “Convex position estimation in wireless
sensor networks”, in Proc. IEEE Infocom 2001, Anchorage, AK, Apr. 22-26, 2001,
vol. 3, pp. 1655- 1663.

[55] N. Bulusu, J. Heidemann, and D. Estrin, “GPS-less low cost outdoor localiza-
tion for very small devices IEEE personal communications,” (Special Issue on
Smart Spaces and Environments), vol. 7, no. 5, pp. 28-34, Oct. 2000, pp. 28-34.
[56] T. He, C. Huang, B. Blum, J.A. Stankovic, and T. Abdelzaher, “Range-free local-
ization schemes in large scale sensor networks,” in Proc. 9th Annu. ACM Int. Conf.
Mobile Computing and Networking (MobiCom), Sept. 2003, pp. 81-95.

[57] B. Schilit, J. Hong, and M. Gruteser. “Wireless location privacy protection.”
IEEE Computer, pp. 135-137, pp. 135-137, Dec. 2003.

[58] Y. Rui and D. Florencio, “New direct approaches to robust sound source localiza-
tion,” in Proc. IEEE Int. Conf. Multimedia and Expo, MD, Jul. 6-9, 2003, pp. 737-740.
[59] A. Sayed, A. Tarighat, and N. Khajehnouri, “Network-based wireless location,”
IEEE Signal Processing Mag., vol. 22, no. 4, pp. 24-40, July 2005.

[60] N. Patwari, J. Ash, S. Kyperountas, A. Hero, R. Moses, and N. Correal, “Locating
the nodes,” IEEE Signal Processing Mag., vol. 22, no. 4, pp. 54-69, July 2005.

[61] S. Gezici, Z. Tian, G. Giannakis, H. Kobayashi, A. Molisch, H.V. Poor, and Z.
Sahinoglu, “Localization via ultra-wideband radios,” IEEE Signal Processing Mag.,
vol. 22, no. 4, pp. 70-84, July 2005.

[62] F. Gustafsson and F. Gunnarsson, “Mobile positioning using wireless net-
works,” IEEE Signal Processing Mag., vol. 22, no. 4, pp. 41-53, July 2005. SP

IEEE SIGNAL PROCESSING MAGAZINE [23] JULY 2005





