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Abstract—In ad hoc position-location networks, location in-
formation is obtained through the sequential estimation of node
locations. An unlocalized node can estimate its location based
on range and location estimates of nearby localized (“anchor”)
nodes, and subsequently provide range and location information
to other unlocalized nodes in its vicinity. In such distributed
location-estimation scenarios, the accuracy of node location
estimates is degraded due to the propagation of localization
errors, particularly in NLOS propagation environments. This
paper discusses the use of a novel method of mitigating the
propagation of localization error using the linear programming
framework proposed by the authors in [1]. This method utilizes
multi-hop distance estimates to create additional constraints on
the feasible region for a node’s location, thereby limiting the
propagation of error even in NLOS propagation environments.

Index Terms — ad hoc localization, Ultra-wideband
(UWB), position-location networks, TOA-based ranging,
NLOS environments.

I. INTRODUCTION

The envisioned applications for ad hoc wireless networks
often depend on the automatic and accurate location of de-
ployed nodes. Accurate node location estimation enables
applications such as inventory management [2], intrusion de-
tection [3], traffic monitoring, and locating emergency workers
in buildings [4]. In outdoor situations with a clear view of
the sky, the Global Positioning System (GPS) is a prac-
tical means of obtaining position information. However, if
GPS receivers are too bulky for the sensor application or
GPS is not available (e.g., indoors or in dense forestation),
network-based positioning becomes a reasonable alternative.
In infrastructure-based position-location networks (PoLoNets),
“anchor” nodes are extensively deployed within the area of
interest and programmed with their location coordinates. This
allows direct tracking of the locations of unlocalized or mobile
nodes through ranging and triangulation. In an ad hoc network
architecture without pre-deployed fixed infrastructure, anchor
nodes can be deployed inside or outside the area of interest
with connectivity to a relatively small subset of nodes. The
network then relies on those nodes to propagate location
information into the area of interest, thereby allowing node
localization.

In this paper, we focus our attention on location-estimation
in ad hoc PoLoNets which must propagate location informa-
tion throughout the network from a limited number of anchors.
In this type of location-aware network, unlocalized nodes that
obtain a sufficient number of range estimates from the fixed
anchors can estimate their own locations in a distributed fash-

ion, and then can act as anchors for other unlocalized nodes.
Thus, location information is sequentially propagated from the
“true” anchors to the unlocalized nodes. In such networks, the
resulting location estimation error can grow as the information
propagates through the network. This is referred to as error
propagation and can severely degrade localization accuracy
at locations distant from the true anchors. This propagation
of localization error limits the area over which a desired
localization accuracy can be attained. As an example, consider
a group of fire-fighters entering a building without position-
location infrastructure. By rapidly deploying sensors into the
environment, an ad hoc sensor network could be established
to provide position location information to the fire-fighters.
For such an application, it is desirable that the requisite local-
ization accuracy be maintained throughout the network. Thus,
techniques which mitigate the impact of error propagation on
localization accuracy are needed. In addition, as we will show
in this work, in networks which are based on time-of-arrival
(TOA) or received signal strength, error propagation can be
exacerbated by non-line-of-sight (NLOS) connections between
nodes. Since NLOS propagation environments are common in
indoor or urban scenarios where traditional position location
techniques may not be directly applicable [1], it is important
that NLOS conditions be considered.

The propagation of localization error problem and its mit-
igation are discussed in [5], and briefly in [6]. In [5], radio
implementation constraints on the maximum angle-of-arrival
(AOA) errors and range estimation errors from one-hop neigh-
bors of a given node are used to constrain the set of possible
locations for the node. The main drawback to such an approach
is that additional information such as AOA information or
radio limits may not be available in the absence of multiple
antennas. Due to the complexity constraints, it is unlikely that
multiple antennas will be available on many typical sensors.
The approach proposed in this paper does not require such
information. Additionally, if the information were available,
the proposed method can incorporate AOA information as well
and potentially improve performance. In [6] the covariance
matrix of the anchor position errors is relayed from node to
node to provide a better estimate of the weighting matrix
in the weighted least-square (WLS) formulation. However,
estimating and feeding back the connectivity matrix for WLS
estimation may prove to be impractical in many cases.

The method presented here is based on a novel NLOS
mitigation method which uses linear programming and was
first presented in [1] for mitigating the adverse effect of
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NLOS range estimates. In the current work, we extend the
technique to provide a more general method which (in addition
to mitigating the impact of NLOS connections) limits the
propagation of localization error. Although we will apply the
technique to Ultrawideband (UWB) based ranging data, the
approach is more general and can be applied to any range-
based position location system that allows for LOS/NLOS
classification.

This paper is organized as follows: in Section II, we discuss
the propagation of localization error, its implications, and
methods of mitigation. Section III discusses a novel approach
of mitigation based on linear programming. Simulation and
measurement results that demonstrate the efficacy of the
proposed method are presented in Section IV. Section V
concludes this paper.

II. PROPAGATION OF LOCALIZATION ERROR

For a given network of nodes, there are two basic classes
of location estimation approaches: fully-distributed approaches
and centralized approaches. In fully-distributed approaches,
each node can determine its own location based on range
estimates to at least three (for two-dimensional location-
estimation) anchor nodes (i.e., nodes which have location
awareness). Centralized location-estimation approaches con-
sider all connectivity and range information simultaneously
and use a centralized position solver to determine the location
of all nodes. These location estimates are then routed back
to the individual nodes. The former approach requires that
all nodes have connectivity to at least three anchor nodes,
and may be impractical in many situations, especially indoors.
Centralized approaches require fewer anchor nodes, but require
centralized processing which has a very high communication
and routing cost, and places a computational burden on the
centralized solver.

A compromise approach is one which uses distributed
location estimation but requires any node which is able to
determine its location to become a virtual anchor, as opposed
to true anchors whose locations are known apriori, to aid in
localizing other nodes in the network. As a result, location es-
timation information propagates through the network. We will
refer to methods which must propagate location information
in such a manner as sequential estimation techniques.

In this work, we assume that each unlocalized node is able
to obtain range estimates to a minimum of three localized
neighbors. These range estimates could be either LOS or
NLOS. For an unlocalized node with coordinate x = (x, y)T ,
its jth LOS range estimate can be modeled as [7]:

rLj = RLj + nLj , j = 1, 2, . . . ,mL (1)

where mL is the total number of LOS range estimates.
RLj = ||x−xLj || is the true inter-node distance where xLj is
the coordinate of the jth localized LOS node. nLj is a zero-
mean Gaussian noise with a variance σ2

Lj = KERβ
Lj , where β

is the path loss exponent, and KE is a constant that represents
the combined effects of the physical layer communication
parameters. Similarly, the jth NLOS range estimate can be
modeled as [8]

rNj = RNj + nNj + bNj , j = 1, 2, . . . ,mN (2)

where mN is the total number of NLOS range estimates. RNj

and nNj are defined similarly as in the LOS case, and bNj is an
exponentially distributed bias term due to NLOS propagation,
which is assumed to be much larger than the range noise.

A least-square (LS) estimator has been proposed to estimate
node locations based on minimizing the sum of the square
residuals from the unlocalized node to the lines formed by
subtracting two circular equations defined by two distinct
range estimates [9]. As shown in [1], blindly incorporating
NLOS range estimates into the LS estimator may degrade the
localization accuracy, and a safe bet would be to utilize only
LOS range estimates. Based on this, we formulate the LS
estimator using only LOS range estimates as follows. First,
the jth LOS range estimate defines

||x − xLj ||2 = r2
Lj = (x − xLj)2 + (y − yLj)2. (3)

Subtracting (3) with the ith circular equation, we obtain

aijx + bijy = cij , i, j = 1, 2, . . . ,mL, i < j (4)

where

aij = xLi − xLj , bij = yLi − yLj

cij =
1
2

[
(x2

Li − x2
Lj) + (y2

Li − y2
Lj) − (r2

Li − r2
Lj)

]
(5)

In the presence of noise, equations defined in (4) can not be
satisfied simultaneously. By minimizing the sum of the square
residuals

x̂ = arg min
x

Q = arg min
x

∑
i

∑
j,j>i

e2
ij (6)

where

eij = aijx + bijy − cij , i, j = 1, 2, . . . ,mL, i < j, (7)

the LS location estimate is then given by [9]

x̂ = (AT A)−1AT c (8)

where

A =
[

a12 a13 . . . a1mL
a23 . . . a(mL−1)mL

b12 b13 . . . b1mL
b23 . . . b(mL−1)mL

]T

c =
[

c12 c13 . . . c1mL
c23 . . . c(mL−1)mL

]T

Note that in 2D localization, (8) requires mL ≥ 3 to form an
unambiguous solution.

In Figs. 1 and 2, we demonstrate the effect of the propa-
gation of localization error when the LS estimator is applied
in the sequential manner we mentioned early. We consider
an L × L square area, and N sensor nodes are randomly
deployed in this area, with NA = 5 anchors located around
the origin. If the distance between two nodes is less than the
transmission radius Rmax, they can estimate ranges to each
other. For brevity, we only present the results in a pure LOS
range estimate scenario. In fact the localization error in an
LOS/NLOS scenario becomes far more worse. Fig. 1 plots
example location estimates of one network realization, while
Fig. 2 plots the average localization error versus distance. We
observe that as the distance from the true anchors increases,
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Fig. 1. Illustration of the propagation of error for one network realization
when N = 50, L = 50 m, KE = 0.001, β = 2 and Rmax = 30 m, and
the LS estimator is applied sequentially. The estimated locations for 30 noise
realizations are shown.
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Fig. 2. The root localization error (meters) versus the distance from nodes
to the centroid of the anchors, for KE = 0.001, β = 2, Rmax = 30 m, and
different values of N and L

the root localization error (i.e., the Euclidean distance between
the true and estimated distances) increases.

In LOS scenarios, several methods can be used to reduce
the propagation of localization error, such as (i) increasing
transmit power; this can increase the number and accuracy
of range estimates [10], (ii) increasing the deployed node
density; this reduces the average inter-node distances, which
reduces the variance of range estimates, (iii) deploying a
larger number of true anchors around the area of interest; this
reduces the geometric dilution of precision [7], (iv) improving
the accuracy of location estimators; it was shown in [11]
that reducing the bias in practical location estimators can
significantly reduce the propagation of error. However, in ad
hoc NLOS scenarios, such modifications may not be viable,
and we need other methods to mitigate the impact of the
propagation of localization error.

III. MULTI-HOP PROPAGATION OF ERROR MITIGATION

A. Linear programming method for NLOS mitigation

The linear programming (LP) method developed in [1]
provides a computationally efficient means of incorporating
(biased) NLOS range estimates into location estimation with-
out degrading the localization accuracy. This method assumes
that an NLOS identification has been performed so that we
know which range estimates are LOS and which are NLOS.
For instance, in UWB-base ranging, this can be achieved by
examining the received signal characteristic [12]. With this
knowledge, LOS range estimates are used to define a linear
objective function, which is realized by replacing e2

ij in (6)
by |eij |, then substituting the unconstrained variable eij by
constrained variables e+

ij − e−ij where e+
ij ≥ 0, e−ij ≥ 0 [13].

Finally, the objective function is linearized and the position
solution is given by

x̂ = arg min
z

Q =
∑

i

∑
j,j>i

(
e+
ij + e−ij

)
(9)

Then, by considering the constraints given by (7) (substituting
eij by e+

ij −e−ij), an LP can be properly formulated and solved
using standard techniques. The mathematical details of the LP
defined by LOS range estimates are omitted here due to space
limitation.

On the other hand, NLOS range estimates are not incorpo-
rated into the formulation of (9). Instead, they are only utilized
to define additional constraints based on the fact that in indoor
environments, the NLOS bias errors are typically much larger
than the range estimation noise. Therefore, the true location
of the unlocalized node generally lies within the circle defined
by each NLOS range estimate. This can be shown by the
following circular inequality,

||x − xNj ||2 = (x − xNj)2 + (y − yNj)2 ≤ r2
Nj , (10)

for j = 1, 2, . . . ,mN . Then, we can linearize each of these
circular constraints into linear one by relaxing it to four
rectangular inequalities,

x − xNj ≤ rNj , −x + xNj ≤ rNj

y − yNj ≤ rNj , −y + yNj ≤ rNj (11)

These linear inequalities can be incorporated into the LP
formed by the LOS range estimates to constrain the location
estimate. It has been shown that this complete LP achieves
similar performance as the LS estimator when only LOS range
estimates are present, while it outperforms the LS estimator
when both LOS and NLOS range estimates are provided. Due
to space limitation, we omit the full description of the method
and refer interested readers to [1] for details.

B. Mitigating the propagation of localization error

Our proposed approach of partially mitigating the propaga-
tion of localization error is based on similar principles as the
way of utilizing NLOS range estimates in our proposed LP
method. Consider a scenario where an unlocalized node can
obtain range estimates from its one-hop localized neighbor A,
but not from its two-hop localized neighbor B. However, A
and B are one-hop neighbors, and A can estimate its distance

This full text paper was peer reviewed at the direction of IEEE Communications Society subject matter experts for publication in the WCNC 2008 proceedings.

3011

Authorized licensed use limited to: to IEEExplore provided by Virginia Tech Libraries. Downloaded on February 5, 2009 at 16:52 from IEEE Xplore.  Restrictions apply.



Localized node jnkjik RRR

kjik RR
ikR

kjR

i

k
j

n

jnR

Fig. 3. Illustration of bounds in the multi-hop case.

to B. If we define the distance between the unlocalized node
and one-hop neighbor as ‖x−xA‖ = a, the distance between
A and B as ‖xA − xB‖ = b, and the distance between the
unlocalized node and B as ‖x − xB‖ = c, then clearly

c2 = a2 + b2 − 2ab cos θ.

where θ is angle between the two distances a and b. From the
above equation (or the Triangle inequality),

c ≤ a + b,

with equality achieved when θ = π. This implies that when
anchor nodes A and B are collinear, the sum of the distances
a and b is also equal to the distance between the unlocalized
node and B. Otherwise, the sum of the distances a and b is
always larger than the true distance between the unlocalized
node and B. This implies that we can bound the location of the
unlocalized node using the sum of single-hop distances from
a localized node to the unlocalized node. In the presence of
range measurement noise, we can ensure that the unlocalized
node lies within this distance by using a multiplicative factor
α > 1:

c < α(a + b).

The above upper bound becomes tighter as the angle θ in-
creases and tends toward π. The bound can be extended to the
general multiple two-hop localized nodes case. Specifically,
if xi is the location of a localized node, the location of an
unlocalized node is defined as xj , and cij = {0, 1} where
cij = 1 if nodes i and j are one-hop neighbors, cij = 0 if
they are not. Then

‖xi − xj‖ ≤ Rik + Rkj < α(Rik + Rkj), (12)

cij = 0, cik = 1, ckj = 1, α > 1

where Rij denotes the distance between nodes i and j. This
can also be extended to the 3-hop case:

‖xi −xn‖ ≤ Rik +Rkj +Rjn < α(Rik +Rkj +Rjn), (13)

cin = cij = cnk = 0, cik = ckj = cjn = 1, α > 1.

The above bounds can be illustrated (by the dash lines) in
Fig. 3. Each of the constraints in (12) or (13) can be used to
limit the feasible region for localizing the unlocalized node.
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Fig. 4. Improvements in the average root localization error when the
sequential LP with 2-hop bounding is applied with all LOS range estimates.
Here, N = 36, NA = 5, L = 50m, KE = 0.001, β = 2, α = 1.1. Full
connectivity is assumed.

For example, if a location solution for node j happens to
fall outside the circle defined by (12), the inclusion of the
2-hop bounding given by (12) can rule out this solution and
try to improve it. In fact, the constraints in (12) or (13)
are similar to the NLOS constraints discussed in [1], which
implies that the above multi-hop constraints can be linearized
as in (11) and combined with the NLOS constraints in the LP
approach, constraining the feasible region for a given node’s
location. This results in the straightforward formulation of a
sequential LP scheme that uses LOS range estimates to define
the objective function and constraints, with both NLOS and
multi-hop constraints defining the feasible region. As shown
later, this effectively reduces the propagation of localization
error, at the expense of additional computational complexity.
Although the technique can be extended to include an arbitrary
number of hops, typically using more than three hops has
been observed to not provide significant additional gains.
Since the computational complexity required to track n-hop
neighbors increases exponentially with n, and their bounding
power decreases (due to the fact that in an increasing number
of cases the triangle inequality becomes loose) leading to
diminishing returns, it is not generally useful to consider more
than 2-3 hops in the bounding. Therefore, in the following
section, we only present simulation and measurement results
corresponding to 2-hop bounding.

IV. SIMULATION AND MEASUREMENT RESULTS

To test the usefulness of the algorithm, we examined its
performance through both simulation and measurements. In
the following sections we describe both studies.

A. Simulation Results

The first set of tests use simulation to examine the efficacy
of the proposed approach. Specifically, we compare the per-
formance of the sequential LS estimator with the sequential
LP approach with 2-hop bounding when all range estimates
are LOS. The network setup is the same as mentioned in
Section II, with N = 36, NA = 5, L = 50m, α = 1.1.
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Fig. 5. Comparison of the performance of the sequential LP with 2-hop
bounding and sequential LS approaches, when NLOS range estimates are
present (with probability p) and partial connectivity (with Rmax = 30m). As
before, N = 36, NA = 5, KE = 0.001, β = 2, α = 1.1.

Note that the choice of α = 1.1 does not guarantee (12) to
be valid in the presence of measurement noise. The larger
α is, the more likely (12) is to be valid, but the looser
the multi-hop bound becomes. Based on these simulation
parameters, Fig. 4 plots the root localization error versus the
distance from the origin for the two localization algorithms.
For both algorithms we find that due to error propagation,
the localization error increases with distance from the anchor
nodes. If we define L̃(Ω0) as the max distance at which an
average root localization error of Ω0 or better is achieved, we
find L̃LS(2) = 20m is less than L̃LP(2) = 30m, which means
the proposed approach improves the localization accuracy.
Note that the improvements are due entirely to the multi-hop
bounding, because the LP approach without 2-hop bounding
performs similar to the LS estimator with pure LOS range
estimates when localizing a single node.

The previous example showed that performance gains can
be achieved in LOS measurement scenarios. However, a larger
advantage is possible in NLOS environments. Fig. 5 compares
the performance of the sequential LS estimator with the
sequential-LP approach with 2-hop bounding when both LOS
and NLOS range estimates are present. The simulation param-
eters are the same as those used in Fig. 4, with the addition
of partial connectivity (Rmax = 30m) and a probability p
that a given range estimate is NLOS. Only 2-hop constraints
were considered in the sequential LP approach. The sequential
LS estimator uses only LOS range estimates, since blindly
using a mixture of LOS and NLOS range estimates in the LS
estimator without any NLOS mitigation can severely degrade
its performance [1]. From Fig. 5, we see that as p increases,
the localization accuracy degrades, and the advantage of the
sequential LP approach with 2-hop bounding over the sequen-
tial LS estimator progressively increases. When p = 0.1, we
find L̃LS(2) = 15m as compared to L̃LP(2) = 25m, which
again demonstrates the efficacy of our proposed approach in
mitigating the propagation of localization error. The error for
a small number of nodes is large, as the links to the true
anchors may be NLOS, and only a small number of LOS

range estimates may be available. Another observation is that
the average localization error of the sequential LS estimator
when at a distance of 50m from the true anchors is 5m, 10m,
and 30m when the probability of NLOS connectivity is 0.1,
0.25 and 0.5 respectively. This is in contrast to our proposed
approach which achieves an average localization error of 3m,
5m and 10m respectively.

B. Measurement Results

In addition to simulation tests, we examined the perfor-
mance of the algorithm in an indoor environment using UWB
measurement results. The schematic in Fig. 6 shows the floor
plan for the 4th floor of Durham Hall at Virginia Tech.
Specifically, we collect the received signal measurements from
N = 71 unlocalized nodes communicating with NA = 5
anchors in the corridors of a typical office building. The five
anchors, represented by triangles, are located around the left
side of the schematic. The 71 unlocalized node locations were
sequentially selected (starting from the left) along the trajec-
tory shown by the dots, and separated by approximately 1.2m.
The received signal at each of these points from the transmitter
placed at different anchor locations was measured, provided
the signal could be captured. A bicone antenna connected to
a 30ps pulse generator was used as the transmitter, and the
receiver consisted of a second bicone antenna connected to a
digital sampling oscilloscope that was triggered by the pulser.
The pulse repetition frequency was set at 200 kHz, and the
effective sampling frequency of the oscilloscope was 20 GHz.
The averaged received signals from the oscilloscope were
extracted, and subsequently bandpass-filtered with lower and
upper cutoffs of 3.1 GHz and 10.6 GHz respectively. For each
measurement location, the state of the channel (LOS or NLOS)
was noted. The “soft NLOS” cases, where the LOS path was
present albeit attenuated, were classified as LOS scenarios, as
the TOA of the first path could still be estimated. The channel
was stationary for the duration of each measurement.

The inter-node distance was estimated using the correspond-
ing received signal, if available (i.e., if the signal was not
blocked). The range estimation algorithm was based on energy
thresholding of the received multipath profile discussed in
[14], [15], [16]. The range estimation method was calibrated
using a reference measurement taken at a distance d0 = 1
meter. For each measurement location, based on the range
estimates obtained from the set of available localized nodes,
the location can be estimated using LS or LP approaches.
These location estimates can then be compared to the physi-
cally measured locations. The errors arising from the physical
measurement and placement of the Bicone antennas were
within ±5cm. Due to the nature of the measurement locations,
10% of the measurements were NLOS, i.e., p = 0.1. It must
be pointed out that the probability of NLOS links can be
significantly higher in indoor scenarios.

Fig. 7 compares the performance of the sequential LS
estimator using LOS range estimates only with that of the
sequential LP approach which uses both NLOS range esti-
mates and 2-hop bounding. We see that the proposed method
considerably limits the propagation of error, and displays sig-
nificant gains over the sequential LS estimator. Specifically, the
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Fig. 6. Floor-plan [17] of 4th floor, Durham Hall, Virginia Tech.
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Fig. 7. Performances of the sequential LS and the sequential LP approach
using measurement results.

average root localization error decreases from approximately
10m when the LS estimator is used to just over 2m when the
proposed method is utilized. Although the root localization
error achieved by the sequential LP method is larger than
1 meter (a typical target accuracy), further constraints can
be added to improve the localization accuracy at the cost of
computational complexity. In general, as the local map of node
locations remains intact, creating a feasible region for node
locations can considerably limit the propagation of error by
“guiding” the local map to the true locations. In addition,
physical constraints of the area of interest can be used to
further reduce the size of the feasible region.

V. CONCLUSION

In this paper we have examined the ability of a linear
programming-based method for position location to mitigate
the propagation of localization error problem in multi-hop
position location networks which use a sequential estimation
approach. It was shown that the approach provides modest
gains (30% localization error reduction) when localization is
based on all line-of-sight connections. However, in the more
practical case where non-line-of-sight connections represent
a substantial portion of the connections (10%-50%), the im-
provement in localization error was much more dramatic.

Specifically, the localization error can be reduced by a factor
of 2-3 at distances of 10-50m from the anchors (i.e., those
nodes with absolute position information). Additionally, the
technique can easily be extended to include other constraints.

ACKNOWLEDGEMENTS

This work was supported by the National Science Founda-
tion under Award Number 0515019.

REFERENCES

[1] S. Venkatesh and R. M. Buehrer, “NLOS Mitigation using Linear Pro-
gramming in Ultra-Wideband Location-Aware Networks,” IEEE trans-
actions on Vehicular Technology, vol. 56, no. 5, pp. 3182 – 3198, 2007.

[2] R. Fleming and C. Kushner, “Low-power, miniature, distributed position
location and communication devices using ultra-wideband, nonsinu-
soidal communication technology,” tech. rep., July 1995. Aetherwire
Inc. Semi-Annual Tech. Rep., ARPA Contract J-FBI-94-058.

[3] R. L. Moses, D. Krishnamurthy, and R. Patterson, “An auto-calibration
method for unattended ground sensors,” in ICASSP 2002, pp. 2941–
2944, May 2002.

[4] S. J. Ingram, D. Harmer, and M. Quinlan, “Ultra-wideband Indoor
Positioning Systems and their Use in Emergencies,” in Position Location
and Navigation Symposium, 2004. PLANS 2004, (Rome, Italy), April
2004.

[5] S. Basagni, M. Battelli, M. Iachizzi, C. Petrioli, and M. Salehi, “Limiting
the propagation of localization errors in multi-hop wireless network,” in
Pervasive Computing and Communications Workshops, 2006. PerCom
Workshops 2006. Fourth Annual IEEE International Conference on,
Mar. 13–17, 2006.

[6] D. Niculescu and B. Nath, “Error characteristics of ad hoc positioning
systems (APS),” in Proceedings of the 5th ACM international symposium
on Mobile ad hoc networking and computing, (Tokyo, Japan), pp. 20–30,
May 2004.

[7] N. Patwari, A. O. Hero, M. Perkins, N. S. Correal, and R. J. O’Dea,
“Relative location estimation in wireless sensor networks,” IEEE Trans-
actions on Signal Processing, vol. 51, pp. 2137–2148, Aug. 2003.

[8] B. Denis, J. Keignart, and N. Daniele, “Impact of NLOS propagation
upon ranging precision in UWB systems,” in 2003 IEEE Conference on
Ultra Wideband Systems and Technologies, pp. 379 – 383, November
2003.

[9] J. J. Caffery, “A new approach to the geometry of TOA location,” in
2000 IEEE Vehicular Technology Conference, vol. 4, pp. 1943 – 1949,
September 2000.

[10] S. Venkatesh and R. M. Buehrer, “Power Control in UWB Position-
Location Networks,” in 2006 IEEE International Conference on Com-
munications, vol. 9, pp. 3953 – 3959, June 2006.

[11] S. Venkatesh, The design and modeling of Ultra-wideband position-
location networks. PhD thesis, Virginia Polytechnic Institute and State
University (Virginia Tech), 2007.

[12] S. Venkatesh and R. M. Buehrer, “NLOS Identification in Ultra-
Wideband Systems based on Received Signal Statistics,” To appear in
IEE Proceeding on Microwaves, Antennas and Propagation: Special
Issue on Antenna Systems and Propagation for Future Wireless Com-
munications, April 2006.

[13] M. S. Bazaraa, J. J. Jarvis, and H. D. Sherali, Linear Programming and
Network Flows. John Wiley and Sons, New York, 1995.

[14] I. Guvenc and Z. Sahinoglu, “Threshold selection for UWB TOA
estimation based on kurtosis analysis,” IEEE Communication Letters,
vol. 9, pp. 1025–1027, December 2005.

[15] D. Dardari and M. Z. Win, “Threshold-based Time-of-arrival Estimators
in UWB Dense Multipath Channels,” in 2006 IEEE International
Conference on Communications, vol. 10, (Istanbul), pp. 4723–4728, June
2006.

[16] C. Falsi, D. Dardari, L. Mucchi, and M. Z. Win, “Time of Arrival
Estimation for UWB Localizers in Realistic Environments,” EURASIP
Journal on Applied Signal Processing, vol. 1, pp. 1–13, June 2006.

[17] R. Buehrer, W. Davis, A. Safaai-Jazi, and D. Sweeney, “Ultra-wideband
Propagation Measurements and Modeling - DARPA NETEX Final
Report,” tech. rep., Virginia Tech, January 2004. Available online at
http://www.mprg.org/ people/buehrer/ultra/ darpa netex.shtml.

This full text paper was peer reviewed at the direction of IEEE Communications Society subject matter experts for publication in the WCNC 2008 proceedings.

3014

Authorized licensed use limited to: to IEEExplore provided by Virginia Tech Libraries. Downloaded on February 5, 2009 at 16:52 from IEEE Xplore.  Restrictions apply.


