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ANTENNA SYSTEMS AND PROPAGATION FOR FUTURE WIRELESS COMMUNICATIONS

Non-line-of-sight identification in ultra-wideband
systems based on received signal statistics

S. Venkatesh and R.M. Buehrer

Abstract: Non-line-of-sight (NLOS) propagation can severely degrade the reliability of communi-
cation and localisation accuracy in indoor ultra-wideband (UWB) ‘location-aware’ networks. Link
adaptation and NLOS bias mitigation techniques have respectively been proposed to alleviate these
effects, but implicitly rely on the ability to accurately distinguish between LOS and NLOS propa-
gation scenarios. A statistical NLOS identification technique based on the hypothesis-testing of
received signal parameters in UWB propagation channels is discussed. In contrast to narrowband
and wideband signals, UWB signals possess higher temporal resolution and robustness to multipath
fading. We show that these characteristics result in differences in the statistics of (a) the
time-of-arrival (TOA), (b) the received signal strength (RSS) and (c) the root-mean-squared
delay spread (RDS) of the received signals, between LOS and NLOS propagation scenarios,
which can be exploited for accurate channel identification. We statistically characterise the
ability of TOA, RSS and RDS estimates to distinguish between LOS and NLOS propagation
based on an extensive indoor measurement campaign. Our measurement results suggest that the
RDS of UWB signals can, even in isolation and without complete statistical information, serve
as a robust and computationally efficient indicator of the LOS/NLOS nature of propagation.
Finally, we demonstrate the efficacy of the discussed NLOS identification method in a location-
tracking application based on indoor UWB measurements.
1 Introduction

Impulse-based ultra-wideband (UWB) or impulse-radio [1]
is expected to achieve increased commercial use in the
near future [2], because of its robustness in harsh multipath
environments, its ability to combine accurate ranging and
localisation with low data-rate communication [3, 4] and
its covertness for tactical applications. The majority of
applications envisioned for impulse-radio networks
leverage the fusion of communications, sensing and localis-
ation capabilities, particularly in indoor scenarios. In such
networks, since the line-of-sight (LOS) path between
nodes may be obstructed or severely attenuated, (a)
communication-link quality can be significantly degraded,
and (b) range estimates based on time-of-arrival (TOA) or
received signal strength (RSS) are biased with high prob-
ability [5]. These effects result in the overall degradation
of both reliability of communication and localisation accu-
racy [6] in non-line-of-sight (NLOS) scenarios.

In order to alleviate the effects of NLOS propagation on
communication link quality and localisation accuracy, link
adaptation [7] and NLOS bias mitigation techniques (see
[5, 8], and the references therein) have, respectively, been
suggested. It has been shown that [8, 9] NLOS range esti-
mates can be utilised to improve localisation accuracy,
despite the presence of bias errors. However, such tech-
niques implicitly rely on the ability to distinguish between
LOS and NLOS propagation channels. Statistical NLOS
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identification techniques for cellular systems have been
discussed previously [6, 10] that rely on a time-series of
range measurements. A comprehensive discussion of a
decision-theoretic framework for NLOS identification
based on the statistical distributions of range estimates in
LOS and NLOS scenarios was presented in [10].

Although such approaches [6, 10], can be directly
extended to UWB networks, (i) for mobile location-aware
networks, using a time-series of range estimates may not
be feasible, and (ii) specific features of UWB multipath
channels can be exploited to enhance the accuracy of
NLOS identification. In particular, UWB signals possess
higher temporal resolution and robustness to multipath
fading than narrowband and wideband signals. These
characteristics create considerable differences in the beha-
viour of (a) the TOA, (b) RSS and (c) the temporal energy
dispersion of the received signal in different propagation
scenarios. The temporal dispersion of received signal
energy in indoor UWB propagation channels has been
extensively characterised (see, for instance, [11, 12]), and
is quantified through the delay-spread statistics, such as
the root-mean-squared delay spread (RDS) [11].

We formulate a NLOS identification technique based on the
joint statistical hypothesis testing of a single set of TOA, RSS
and RDS estimates from a given received UWB signal. We
initially assume that the statistical models for the TOA, RSS
and RDS estimates are known a priori from a statistical
characterisation of the propagation environment. Since the
distributions of these parameters are known to vary with the
distance [11, 12], between the transmit and receive nodes,
the distance is modelled as a nuisance parameter that needs
to be estimated. Given a distance estimate, we show that
combinations of conditional probabilities of the estimated
values of the TOA, RSS and RDS can provide reliable
estimates of the state of the channel (LOS or NLOS).
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We show that for the channel parameters extracted from
the UWB measurements discussed in [11], the use of RDS
estimates provides the most accurate means of identifying
the channel state, with a probability of error on the order
of 1%. Further, we show that delay-spread statistics of the
received signal remain a reliable means of channel state
identification when (a) the complete statistical characteris-
ation of the propagation environment is unknown a priori,
and (b) when an accurate estimate of the distance is not
available. Performance metrics that allow the evaluation
of the proposed techniques in other propagation scenarios
with different statistical models are provided. Finally, the
performance of the NLOS identification based on delay-
spread statistics, from the perspective of localisation accu-
racy, is investigated in a location-tracking experiment
with indoor UWB measurements.

This paper is organised as follows: in Section 2, we
discuss the modelling of the statistics of the TOA, RSS
and RDS estimates in indoor LOS and NLOS environments
based on the UWB measurement campaign discussed in
[11]. The formulation of the statistical hypothesis-testing
method is outlined in Section 3, and the corresponding
simulation results are presented in Section 4. The perform-
ance of hypothesis-testing of delay-spread statistics using
actual measurement results is presented in Section 5. We
draw conclusions in Section 6.

2 Statistics of the UWB TOA, RSS and RDS
estimates in indoor environments

The formulation of the NLOS identification problem is as
follows: we would like to identify the state H of the
channel between the transmit and receive nodes, separated
physically by a distance d, given estimates of the TOA,
RSS and RDS observed at the receive node. Here, the
channel state H ¼ H0 corresponds to LOS propagation and
H ¼ H1 corresponds to NLOS propagation. NLOS propa-
gation has popularly been classified as ‘soft’ (‘obstructed’)
NLOS, where the LOS multipath component is present
albeit attenuated, and ‘hard’ NLOS, where the LOS path
is severely attenuated or absent. From a localisation stand-
point, the soft-NLOS cases are classified as LOS scenarios,
since the TOA of the LOS multipath component can still be
estimated for ranging purposes, that is, range estimates are
not necessarily biased in soft-NLOS propagation environ-
ments. In the following development, we present statistical
models for the TOA, RSS and RDS estimates in an indoor
UWB channel, considering both LOS and NLOS scenarios.

2.1 TOA estimates

The received UWB signal, neglecting non-linear effects, can
be modelled as a function of time t:

r(t) ¼
XL�1

k¼0

akp(t� tk) þ n(t)

where p(t) is the received (LOS) pulse shape, ak, k ¼ 0,
1, . . . , L 2 1 denote the L multipath coefficients, and n(t)
represents additive white Gaussian noise at the receiver.
Here, t0 ¼ d/c represents the true TOA of the signal,
where c denotes the speed of light. In LOS propagation con-
ditions, the estimate of the TOA t̂0 is modeled as [3, 13] an
unbiased Gaussian random variable

t̂0 ¼
d

c
þ nt (H ¼ H0)
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where nt is the zero-mean Gaussian TOA measurement
noise. The corresponding density function of t̂0, con-
ditioned on the distance d is then given by

ft̂0
(tjd, H0) ¼ 2ps2

t

� ��1=2
exp �

(t� ðd=cÞ)2

2s2
t

� �

where st represents the standard deviation of the TOA
measurement noise. Since the minimum variance of an
unbiased TOA estimate is known to be inversely pro-
portional to the signal-to-noise ratio [14], the standard devi-
ation of the TOA estimates st is dependent on the distance
d, and is modeled as:

st ¼ Ktd
b=2

where Kt is a proportionality constant that depends on phys-
ical layer parameters, and b is the path-loss exponent.

In a NLOS propagation scenario, the multipath com-
ponent corresponding to the true distance d between the
nodes is either absent or severely attenuated, and the TOA
estimate t̂0 is positively biased with high probability. The
model for t̂0 in NLOS conditions is therefore the superposi-
tion of an unbiased Gaussian measurement noise and a
random positive bias

t̂0 ¼
d

c
þ nt þ bt (H ¼ H1)

where bt is the NLOS bias. The NLOS bias bt is assumed to
be independent of the range measurement noise and has
been modelled as an exponential random variable [13]
with mean lb. Based on these assumptions, as shown in
Appendix 1, the density function of t̂0, conditioned on the
distance d, can be written as

ft̂0
(tjd, H1) ¼

1

2lb

exp
s2
t

2l2
b

� �
exp �

(t� ðd=cÞ)

lb

� �

� 1 þ erf
lb(t� ðd=cÞ) � s2

tffiffiffi
2

p
stlb

 !" #

Summarising the above results, the density functions of the
TOA estimate t̂0 for the two propagation scenarios can be
written as

ft̂0
(tjd, H)¼

2ps2
t

� ��1=2
exp �

(t�ðd=cÞ)2

2s2
t

� �
, H ¼H0

1

2lb

exp
s2
t

2l2
b

� �
exp �

(t�ðd=cÞ)

lb

� �

1þ erf
lb(t�ðd=cÞ)�s2

tffiffiffi
2

p
stlb

 !" #
, H ¼H1

8>>>>>>>>><
>>>>>>>>>:

(1)

In the above equations

st ¼
Ktd

bL=2, H ¼H0

Ktd
bN =2, H ¼H1

�

where bL and bN represent the path-loss exponents in LOS
and NLOS scenarios, respectively.

2.2 RSS estimates

The normalised RSS (in dB) SdB is defined as

SdB ¼ 10 log10

1

P0T

ð
T

jr(t)j2dt

� �
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where P0 is the received power measured at a reference dis-
tance d0, and T is the measurement interval for the received
signal. Because of the absence of significant multipath
fading, the estimated RSS has been modelled as a lognormal
random variable [11, 12, 15]

ŜdB ¼ 10b log10

d

d0

� �
þ X

where b is the path loss exponent, and X is a zero-mean
Gaussian random variable with different variances in LOS
and NLOS scenarios

fX (x) ¼

2ps2
SL

� ��1=2
exp �

x2

2s2
SL

� �
, H ¼ H0

2ps2
SN

� ��1=2
exp �

x2

2s2
SN

� �
, H ¼ H1

8>>><
>>>:

Therefore in LOS and NLOS scenarios, the conditional
density functions of ŜdB can be succinctly represented by

f
ŜdB

(sjd, H) ¼

2ps2
SL

� ��1=2
exp �

(s� 10bL log10 (d))2

2s2
SL

� �
H ¼ H0

2ps2
SN

� ��1=2
exp �

s� 10bN log10 (d)
� �2

2s2
SN

 !

H ¼ H1

8>>>>>>>><
>>>>>>>>:

(2)

2.3 RDS estimates

Given the received signal r(t), and the received LOS pulse
p(t), the temporal channel impulse response hc(t) can be
estimated using a deconvolution algorithm such as the
CLEAN algorithm [16], which has previously been
applied to impulse-based UWB measurements [16, 17].
The estimated channel impulse response ĥc(t) is a superpo-
sition of L̂ discrete multipath components

ĥc(t) ¼
XL̂�1

k¼0

âkd(t� t̂k) (3)

where âk and t̂k are the estimated amplitude (including
polarity) and arrival-time of the k-th multipath component,
respectively. The estimated number of multipath com-
ponents L̂ is determined by the relative strengths of the mul-
tipath components and the amplitude threshold applied by
the deconvolution algorithm. The deconvolution algorithm
typically retains those multipath components whose ampli-
tudes are within a certain threshold of the strongest multi-
path component. The most common metric used to
quantify the dispersion of the received signal energy over
time by the channel is the RDS t̂rms, which is defined as

t̂rms ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
k â

2t̂2
kP

k â
2
k

� t̂
2
m

s
(4)

where t̂m is the mean excess delay of the channel, defined as
t̂m ¼

P
k â

2
k t̂k=

P
k â

2
k . Fig. 1 illustrates the dispersion in

the received multipath energy over time in two sample
LOS and NLOS channel measurements [11]. In the LOS
case, the energy is seen to be concentrated in the first-
arriving path, whereas in the NLOS case, the energy is
well distributed over several multipath components. We
see that this difference is captured by the values of t̂rms com-
puted for the two cases. Further, we also observe that for a
1122
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fixed amplitude threshold (20 dB in this case), the estimated
number of multipath components L̂ is much larger in the
NLOS case than the LOS case.

The RDS estimate has been observed to be positive and
Gaussian distributed in several measurement campaigns
[11, 12, 15]. Further, it has been observed [11, 12, 15, 18]
that the average RDS increases with the distance between
the nodes. The rationale behind this trend is that the
average number of significant scatterers in a typical
indoor propagation environment increases as the distance
between the transmit and receive antennas increases. The
mean of the RDS estimate (in nanoseconds) is assumed to
increase linearly with distance [11, 12, 18] as

mt̂ rms
(d) ¼

aL(d � d0) þ bL, H ¼ H0

aN (d � d0) þ bN , H ¼ H1

�

and we assume that the variance of the RDS estimates s2
t̂rms

is independent of distance. With these assumptions, the dis-
tribution of the RDS estimate can be written as

ft̂rms
(t;djH)¼

cL 2ps2
t̂rmsL

� ��1=2

exp �
(t�(aL(d�d0)þbL))2

2s2
t̂rmsL

 !
u(t), H¼H0

cN 2ps2
t̂rmsN

� ��1=2

exp �
(t�(aN (d�d0)þbN ))2

2s2
t̂rmsN

 !
u(t), H¼H1

8>>>>>>>>>>>><
>>>>>>>>>>>>:

(5)

where u(.) is the Heaviside function, and fcL, cNg are normal-
isation constants that ensure that the area under the above
probability density functions is unity (see Appendix 2).

The parameters corresponding to the above models for
the TOA, RSS and RDS estimates extracted from the
measurements in [11] are presented in Table 1. In the fol-
lowing section, we discuss a statistical NLOS identification
method based on the conditional distributions of the TOA,
RSS and RDS estimates given in (1), (2) and (5),
respectively.

Fig. 1 Sample LOS (top) and NLOS (bottom) channel impulse
responses in an indoor office propagation measurement [11]

Both channel impulse responses were computed using the CLEAN
algorithm with a threshold of 20 dB, and were subsequently normal-
ised to unit energy. The RMS delay spread and the number of signifi-
cant multipath components in the LOS and NLOS cases are,
respectively, 2.575 ns and 25 (top), and 14.90 ns and 76 (bottom)
IET Microw. Antennas Propag., Vol. 1, No. 6, December 2007
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3 Statistical NLOS identification

Suppose we are given a set of the TOA, the RSS and the RDS
estimates: S ¼ fx1, x2, x3g, where x1, x2 and x3 are realisations
of t̂0, ŜdB and t̂rms, respectively, obtained from the received
signal. As discussed in the previous section, the conditional
distributions of the TOA, RSS and RDS estimates are func-
tions of the distance d and the channel state H, given by (1),
(2) and (5), respectively. Provided the physical distance d
between the transmit and receive nodes is known exactly,
the state of the channel can be identified by comparing the like-
lihood values for each of the estimates xi, conditioned on the
distance d, for both H ¼ H0 and H ¼ H1. This is shown in
Fig. 2, where the true state of the channel is H ¼ H1, and the
a posteriori distribution of the distance, conditioned on the
values of the available estimates for both LOS and NLOS
scenarios is shown. In this example, for the known value of
d, the likelihood that the available estimates occurred
because of NLOS propagation rather than LOS propagation
is higher, and the maximum likelihood (ML) channel state
[19] would be Ĥ ¼ H1. Evidently, if d is known, based on
the likelihood values of any of the given estimates, the ML
channel state can be directly obtained from the known con-
ditional distributions of the estimates.

In reality however, we do not know the physical distance
d between the nodes. Indeed, for localisation applications,
estimating the distance d accurately is a requirement, and
is typically done using TOA or RSS estimates. For simpli-
city, we assume that the distance is estimated using the TOA

d̂ ¼ cx1

Table 1: Parameters obtained from UWB
measurements [11]

Measurement

parameters

LOS

H ¼ H0

NLOS

H ¼ H1

b 1.8 2.5

lb – 4.5 ns

sS 2.75 4.1

a 1.42 15.30

b 0.03 0.15

strms
2.17 2.41
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Although the above distance estimate is unbiased when
H ¼ H0, it is positively biased with high probability when
H ¼ H1, and therefore the likelihood of the TOA estimate
cannot be used to identify the channel state as seen in
Fig. 2. However, for the given RSS estimate x2 when
H ¼ H1, the probability that the received RSS estimate
was obtained under NLOS propagation conditions, even
with the biased distance estimate d̂, is higher than the corre-
sponding LOS probability. This suggests that joint NLOS
identification based on all three estimates can improve the
probability of successful identification, even with noisy
and/or biased distance estimates.

The formulation of the joint channel state identification is
as follows: our initial hypothesis is that the state of the
channel is LOS, that is, Ĥ ¼ H0, and that d̂ ¼ cx1. For
each of the given estimates, we determine the conditional
probabilities

pi ¼ Pr{Xi ¼ xijd̂, H0}

qi ¼ Pr{Xi ¼ xijd̂, H1}

We then compute DL ¼ Pi pi and DN ¼ Pi qi. It must be
pointed out that if the estimates are assumed to be indepen-
dent for a fixed distance and channel state, DL and DN are
the joint conditional probabilities of the estimates. The
values of DL and DN can then serve as the decision
metrics for estimating the channel state. In particular, if
DN , DL, we change our hypothesis of the channel state
from LOS to NLOS

Ĥ ¼
H0, DL . DN

H1, DL , DN

�
(6)

After the state of the channel has been determined, the range
estimate can then be updated

d̂ ¼ arg max
d

Pr{Xi ¼ xijd, Ĥ} (7)

which is the ML estimate of d for the given estimate xi and
the estimated channel state Ĥ . Once the channel state and
the new distance estimate have been computed, these can
be fed back to verify if the conditional probabilities
change, as shown in Fig. 3. The above method can be
viewed as joint iterative ML estimation of the channel
state, with the distance d treated as a nuisance parameter.
As seen in Fig. 3, the distance d is iteratively estimated
Fig. 2 A posteriori density function of the distance

a TOA estimate x and the channel state H
b RSS estimate y and the channel state H
For both plots, the true channel state is H ¼ H1
1123
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along with the channel state. The iteration is terminated
when the estimated channel state does not change with
additional iterations. It has been observed that the
above iterative scheme typically converges within two
iterations.

Clearly, there are variations to this scheme: we may
choose to use only a subset of the estimates, depending
upon their availability and/or knowledge of their statistical
distributions. Specifically, in Fig. 3, to determine the
decision metrics DL and DN, we may choose to use only
TOA, or RSS, or RDS conditional probabilities, or any com-
bination of these estimates.

In the following section, we provide simulation results
that compare the efficacy of combinations of different esti-
mates in distinguishing between LOS and NLOS propa-
gation. We show that, based on the indoor UWB
measurements in [11], the RDS estimates serve as efficient
‘differentiators’ between LOS and NLOS propagation scen-
arios. We further show that even in the absence of
information on their statistical dependence on
distance, the RDS estimates can be used through conven-
tional hypothesis-testing to accurately identify the channel
state.

Fig. 3 Block diagram of statistical decision-theoretic frame-
work: the joint probabilities DL and DN are compared to determine
the channel state estimate
1124
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4 Simulation results

The performance of decision-theoretic NLOS identification,
based on the joint statistics of combinations of TOA, RSS
and RDS estimates, is shown in Figs. 4a and b. There
exist seven combinations of these estimates: ‘only-TOA’,
‘only-RSS’, ‘only-RDS’, ‘TOA & RSS’, ‘RSS & RDS’,
‘RDS & TOA’ and ‘TOA, RSS & RDS’. A large number
of realisations of the TOA, RSS and RDS estimates are gen-
erated for each value of d between 1 and 30 m using (1), (2)
and (5). A given realisation of an estimate is generated
based on its corresponding conditional distribution for the
LOS scenario (H ¼ H0) with probability pL, and using the
conditional distribution for the NLOS scenario (H ¼ H1)
with probability pN ¼ 1 2 pL. The described hypothesis-
testing approach is then applied to each realisation of the
given parameters, and the channel state Ĥ is estimated.
For each value of the distance, the average probability of
channel state estimation error Pe is evaluated based on the
relation

Pe ¼ pL � Pr{Ĥ ¼ H1jH ¼ H0}

þ pN � Pr{Ĥ ¼ H0jH ¼ H1}
(8)

In the absence of the knowledge of a priori probabilities, the
channel states are assumed to be equiprobable:
pL ¼ PrfH ¼ H0g ¼ PrfH ¼ H1g ¼ pN ¼ 0.5, and 10 000
realisations of the TOA, RSS and the RDS were generated
for each value of d.

Fig. 4a compares the average probability of channel state
estimation error Pe, when the distance between the transmit
and receive nodes is known exactly, and the TOA, RSS and
RDS estimates obey the statistical distributions with the par-
ameters given in Table 1, defined in (1), (2) and (5), respect-
ively. Given different combinations of the estimated
parameters, the ML estimate of the channel state can be
obtained as discussed in Section 3. Although exact distance
information is typically not available, the performance of
the channel state identification with perfect distance infor-
mation (i) serves as an upper bound for the probability of
successful identification in the case where the distance d
is unknown, and (ii) helps quantify the sensitivity of the dis-
cussed channel identification techniques to the accuracy of
distance estimates.
Fig. 4 Probability of error using different methods

a d is known exactly
b d is estimated using the TOA estimate
In the above simulations, it is assumed that the probability of LOS propagation is equal to the probability of NLOS propagation
IET Microw. Antennas Propag., Vol. 1, No. 6, December 2007
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Fig. 4b compares the values of Pe obtained using different
combinations of the estimated parameters when d is
unknown and is estimated using the iterative procedure dis-
cussed in Section 3. It must be pointed out that in all these
cases, the initial distance estimate d̂ is obtained using the
TOA estimate t̂0. It is intuitive that the ‘only-TOA’
method produces approximately 50% successful identifi-
cation in Fig. 4b, as the initial hypothesis is always
Ĥ ¼ H0 and this, with high probability, results in p1 . q1.
From Figs. 4a and b, we observe that although the method
which uses all three estimates (‘TOA, RSS and RDS’)
results in the lowest value of Pe of all the methods when
perfect distance information is available (Fig. 4a), this is
not the case when perfect distance information is not avail-
able (Fig. 4b). We further note that as the distance d
increases, the average probability of channel state esti-
mation error decreases, as the regions of overlap for the
density functions in LOS and NLOS scenarios diminish,
leading to more accurate channel state identification.

A key observation in both Figs. 4a and b is that methods
incorporating the RDS estimate are most successful in dif-
ferentiating between the LOS and NLOS channel states.
Even in isolation, the RDS estimate can be used to dis-
tinguish between LOS and NLOS propagation conditions
with a high probability of success, and adding TOA and
RSS statistical information does not result in considerable
gains when accurate distance information is not available.
Indeed, for the statistical parameters observed in [11] and
listed in Table 1, in the absence of perfect distance infor-
mation, using TOA and RSS estimates in addition to the
RDS estimates actually degrades the probability of success-
ful channel state estimation, as observed in Fig. 4b.

4.1 Absence of complete statistical information

A major issue concerning the practical application of the
statistical decision-theoretic method described in Section 3
is the availability of complete statistical information corre-
sponding to received signal parameters, and particularly
their variation with distance. When the conditional distri-
butions of the received signal parameters are unknown,
we may resort to ‘conventional’ hypothesis-testing, where
the received signal parameter is compared with a threshold,
followed by a decision on the channel state depending on
whether the estimate is smaller or larger than the threshold.
Because of the strong dependence of the statistics of the
TOA and RSS estimates on the true distance between trans-
mit and receive antennas, the threshold used for hypothesis-
testing these estimates must be dependent on the true
distance. However, as seen in Fig. 4b, the lack of perfect dis-
tance information results in considerable performance
degradation when using TOA and RSS estimates with
noisy and/or biased distance estimates.

On the other hand, we observed in Fig. 4b that signifi-
cantly lower channel estimation error probabilities can be
obtained with RDS estimates, even with noisy and biased
distance estimates. Fig. 5 shows the histogram of the RDS
estimates in LOS and NLOS scenarios, for all measurement
distances (1–30 m) [11]. We see that regardless of d, the
regions of support for the density functions of the RDS esti-
mates remain sufficiently separated to use conventional
hypothesis-testing, without requiring a distance-dependent
threshold. The statistics of the RDS estimates observed in
several measurement campaigns [15, 20], summarised in
Table 2, indicate that the distinction between the RDS esti-
mates in LOS and NLOS propagation scenarios is general,
and not restricted to a given set of measurements. The stat-
istics of the RDS estimates corresponding to the channel
IET Microw. Antennas Propag., Vol. 1, No. 6, December 2007

uthorized licensed use limited to: to IEEExplore provided by Virginia Tech Libraries. Downloaded on 
model adopted by the IEEE 802.15.3a subcommittee [21]
are also shown. It is important to emphasise that for each
of the measurement scenarios listed in Table 2, differences
in the propagation environments, deconvolution algorithms
and their associated parameters, types and directionality of
antennas, and so on, result in the variation of the observed
values of the RDS across the measurement campaigns.
We would like to (a) investigate the performance of conven-
tional hypothesis-testing of the RDS estimates for the sets of
measurements listed in Table 2, and (b) quantify the extent
of performance degradation because of the lack of knowl-
edge on the statistical dependence on distance.

Table 2: RMS delay spread statistics from
measurement campaigns [20]

Measurement campaign Mean mL, ns Standard

deviation sL, ns

Indoor LOS

AT&T [18], [23] 4.71 2.31

3.55 1.65

Samsung/SAIT [24] 14.00 1.53

12.87 1.87

Time domain [17] 5.27 3.37

MPRG, VT [11] 3.34 2.17

IEEE CM1 [2] 6 1.1

Indoor NLOS

AT&T [18], [23] 8.20 3.30

7.35 3.45

Samsung/SAIT [24] 38.61 8.03

26.51 5.22

Time domain [17] 14.59 3.41

MPRG, VT [11] 16.08 2.41

IEEE CM2 [2] 8 0.75

IEEE CM3 [2] 14.5 2.26

IEEE CM4 [2] 25 3.7

Fig. 5 Hypothesis-testing of the RMS delay spread for the nature
of the UWB channel: the histogram of the RMS delay spread in
LOS and NLOS scenarios for distances 1–30 m

We see that since the PDF of the RMS delay spread for the LOS and
NLOS cases are well separated, the performance of NLOS identifi-
cation using this approach is not sensitive to the value of the threshold
selected
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4.2 Definition of a distance metric

Assuming that the RDS estimate is positive and Gaussian
[15], as given in (5), the minimum probability of error P*

e

and the optimal threshold T* for hypothesis-testing can be
computed in a straightforward manner, as detailed in
Appendix 2. In general, the values of P*

e and T*, respectively,
given by (11) and (12), depend on the means fmL,mNg and the
standard deviations fsL, sNg of the RDS estimates. In order
to allow for a unified comparison of performance using
different sets of measurements, we define a metric

M ¼

ffiffiffiffiffiffiffiffiffiffiffi
sLsN

p

jmN � mLj
(9)

Intuitively, the metric M is a measure of extent of the
overlap of the probability density functions of the RDS esti-
mates in LOS and NLOS scenarios: as M decreases, P*

e

decreases. As the parameters fmL, mN, sL, sNg vary, the
values of the metric vary as well. However, as seen in
Fig. 6, there is a strong correlation between the value of
M defined above and the value of P*

e computed using (11).
Further, we see that the value of P*

e achieved largely
depends on the value of M, rather than the specific values
of the parameters fmL, mN, sL, sNg.

Table 3: Computation of M, Pe
* and T* using the

statistics in Table 2

Metric calculations

Measurement campaign Metric M Minimum

probability

of error Pe
*

Optimal

threshold

T*, ns

AT&T (S1, S2) 0.50 0.16 6.69

0.63 0.20 5.69

Samsung/SAIT (S3, S4) 0.14 3.5 � 1023 18.35

0.23 0.024 17.1

Time domain (S5) 0.36 0.087 10.1

MPRG, VT [11] (S6) 0.18 3.3 � 1023 9.49

IEEE CM1-CM2 (S7) 0.43 0.13 6.97

IEEE CM1-CM3 (S8) 0.19 5.5 � 1023 8.86

IEEE CM1-CM4 (S9) 0.10 3.35 � 1025 10.76

Fig. 6 Minimum probability of error P*
e against the metric M for

different values of fmL, sL, mN, sNg

Value of mL is varied to obtain different values of the metric. Simulated
values of P*

e from Table 3 (S1–S9) are also shown
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Table 3 lists the values of M, P*
e and T*, respectively,

computed using (9), (11) and (12) from the RDS statistics
in Table 2. For each of these measurement statistics (S1–
S9 in Table 2), the values of P*

e are plotted against the
values of M in Fig. 6. We see that for the sets of measure-
ments S1–S9, the probability of channel state estimation
error can vary from 1025 to 0.2. It must be emphasised
that these values of Pe are obtained via simulations, under
the assumption that the distribution of the RDS estimate
under LOS and NLOS conditions is positive and Gaussian
distributed. The direct application of the hypothesis-testing
to received signal measurements over all distances [11]
results in a probability of error Pe of approximately 0.02
(see (M1) in Fig. 6). With (M1), no knowledge of the dis-
tance or statistical distributions was assumed and the RDS
estimates from received signal measurements were com-
pared to a threshold T ¼ 9.5 ns. This value of T was com-
puted using the analysis in Appendix 2, and was found to
provide robust performance over a large number of
measurement locations. The average probability of error
in scenario (M1) is about an order of magnitude larger
than the ‘Only-RDS’ scenario discussed in Section 3
equipped with distance-dependent statistical knowledge,
where Pe averaged over d was approximately 2 � 1023.
Although this suggests that the lack of knowledge on the
statistical dependence on distance does result in perform-
ance degradation, the performance may be acceptable for
localisation applications. In the following section, we
present measurement results from a location-tracking exper-
iment that demonstrate that hypothesis-testing of the RDS
estimate provides accurate channel identification from the
perspective of localisation accuracy.

5 Measurement results

In order to validate the use of RDS for distinguishing
between LOS and NLOS range estimates in localisation
applications, a mobile tracking experiment was conducted.
The schematic in Fig. 7 shows the floor plan and the
measurement locations, which comprise 71 measurement
points in the mobile’s trajectory and 18 anchor locations,
also shown in Fig. 8a. The measurement locations in the
mobile’s trajectory were separated by approximately
1.2 m. The signal received at each of these points from a

Fig. 7 Schematic of floor plan and locations of anchors and
measurement points in the mobile’s ‘trajectory’

Mobile’s trajectory, represented by the dotted line, comprises 71 recei-
ver locations, with the transmit antenna placed at one of 18 anchor
locations
IET Microw. Antennas Propag., Vol. 1, No. 6, December 2007
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Fig. 8 Measured and estimated locations of the mobile node

a Measured locations of the mobile and anchor nodes
b Estimated locations of the mobile using the LS-(pure LOS), LS-(LOS þ NLOS) and the LP-extended localisation techniques
u

transmitter located at different anchor locations was
measured, provided the signal could be captured. A bicone
antenna connected to a 30 ps pulse generator was used as
the transmitter, and the receiver consisted of a second
bicone antenna connected to a digital sampling oscilloscope.
The received signals were subsequently bandpass-filtered
with lower and upper cutoffs of 3.1 and 10.6 GHz, respect-
ively. For each measurement location, the ‘true’ state of
the channel (LOS or NLOS) was noted by observing the pre-
sence of a detectable path with a TOA corresponding to the
physical distance between the antennas.

The distance between a given point in the mobile’s trajec-
tory and a given anchor was estimated using the correspond-
ing received signal. The range estimation algorithm was
based on energy thresholding [22], and was calibrated
using a reference measurement taken at a distance
d0 ¼ 1 m. For each mobile measurement location, based
on the range estimates obtained from the set of available
anchors, the location can be estimated using a variety of
methods, and compared to the physically measured location
of the receive antenna. The errors arising from the physical
measurement and placement of the bicone antennas are
expected to be limited to within +10 cm.
IET Microw. Antennas Propag., Vol. 1, No. 6, December 2007
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In order to demonstrate the utility of NLOS identification
in particular, and the use of NLOS range information in
general, we compare the following localisation methods:
(a) the least-squares (LS) estimator, retaining only LOS
range estimates and discarding NLOS range estimates
after channel state identification when more than two LOS
range estimates are available (‘LS-(pure LOS)’), (b) the
LS estimator incorporating all available range estimates
without distinguishing between LOS and NLOS range esti-
mates (‘LS-(LOS þ NLOS)’) and (c) the linear-
programming (LP) approach discussed in [8, 9], which
treats LOS and NLOS range estimates differently following
channel state identification (‘LP-extended’). The LS-(pure
LOS) method is identical to the LS-(LOS þ NLOS)
method when fewer than three LOS range estimates are
available. The LS-(pure LOS) method essentially represents
a conservative location-estimation method where NLOS
range estimates are discarded since they are known to be
biased. The LS-(LOS þ NLOS) method represents a
‘blind’ approach, as all range estimates, unbiased or
biased, are directly incorporated into the least-squares
formulation. The LP-extended method utilises LOS range
estimates in a way similar to the LS-(pure LOS) method,
Fig. 9 Number of LOS and NLOS estimates

a LOS
b NLOS range estimates for different mobile locations observed using measurements and through channel state estimation using RMS delay-spread
hypothesis-testing
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Fig. 10 Root localisation error (metres) against mobile location index obtained using different methods when

a Perfect channel state information is available
b When the channel state information is estimated from the RMS delay spread
but utilises NLOS range estimates to create a feasible region
for potential solutions [8, 9], thereby resulting in the ‘soft-
activation’ of NLOS range information. The three localis-
ation methods are compared in terms of the ‘root localis-
ation error’ (in metres), defined as the Euclidean distance
between the true and estimated locations of the mobile.

Fig. 8b compares the performance of the three estimators
mentioned above when channel state estimation through the
hypothesis-testing of the RDS estimate is applied. A
threshold T ¼ 9.5 ns was used, as given in Table 3. We
see that the LP-extended method outperforms both the
LS-(pure LOS) and LS-(LOS þ NLOS) methods in terms
of localisation accuracy. Figs. 9a and b compare the
number of LOS and NLOS estimates, respectively, observed
during measurement and estimated using the RDS. The total
probability of error Pe in channel state estimation was found
to be approximately 9% using the RDS estimate. Although
the results presented here correspond to hypothesis-testing
of only the RDS estimate, it was verified that Pe drops to
approximately 5% when both the RDS estimate and the esti-
mated number of significant multipath components (L̂) are
used for hypothesis-testing.

Figs. 10a and b compare the root localisation error (in
metres) achieved by the three methods, with (a) ‘perfect’
channel state information, and (b) channel state estimates
based on hypothesis-testing of the RDS estimate. We see
that (i) the time-averaged localisation error achieved by
the LP-extended method is significantly lower than the
other two methods, (ii) the use of channel state estimates
based on RDS results in negligible degradation in the local-
isation error, when compared to the case with perfect
channel state information. For instance, the performance
degradation in terms of the time-averaged root localisation
error for the LS-(pure LOS) and LP-extended methods are
1.4% and 5.7% respectively. We further note that after
channel state identification, the time-averaged localisation
error for the LS-(LOS þ NLOS), LS-(pure LOS) and
LP-extended methods are approximately 2.7, 1.9 and
0.5 m, respectively. This suggests that although channel
state identification followed by the discarding of NLOS
range estimates improves localisation accuracy,
channel state identification followed by the appropriate
utilisation of NLOS range estimation can provide further
gains.

In summary, these measurement results indicate that (i)
NLOS identification can prove beneficial, as treating the
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NLOS range estimates differently from LOS range estimates
can result in considerable gains in terms of localisation accu-
racy, and (ii) the delay-spread statistics can be used success-
fully for NLOS identification in localisation applications.

6 Conclusions

We presented a statistical decision-theoretic approach to
NLOS identification based on TOA, RSS and RMS delay
spread estimates. Based on the parameters from extensive
measurement results, we characterised the ability of TOA,
RSS and RMS delay-spread estimates to distinguish
between LOS and NLOS propagation. We showed that
although utilising all three estimates jointly in detecting
the nature of propagation yields the best results in the pre-
sence of accurate distance information, the RMS delay-
spread estimate is the best indicator of the nature of propa-
gation when perfect distance information is not available.
Our results suggest that hypothesis-testing of the RMS
delay-spread estimates of UWB signals can serve as a
robust and computationally efficient means of identifying
NLOS propagation, and does not require distance infor-
mation or considerable statistical information. The efficacy
of hypothesis testing of the RMS delay spread was demon-
strated in a location-tracking experiment with indoor UWB
measurements, where we showed that utilising the RMS
delay spread for NLOS identification results in negligible
degradation in localisation accuracy when compared to the
case with perfect channel state information.
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8 Appendix 1: Distribution of t̂0 under NLOS
conditions

Under NLOS propagation conditions, the TOA estimate is
modelled as

t̂0 ¼
d

c
þ nt þ bt, H ¼ H1

where nt is a zero-mean Gaussian random variable with
variance s2

t and bt is exponentially distributed with mean
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lb. Therefore the probability density function of t̂0 is
defined by a convolution of the density functions of nt
and bt

ft̂0
(t; djH1) ¼ 2pl2

bs
2
t

� ��1=2

ð1
0

exp �
(t� ðd=cÞ � b)2

2s2
t

� �
� exp �

b

lb

� �
db,

¼ pl2
b
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ffiffi
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where erf (x) ¼ ð2=
ffiffiffiffi
p

p
Þ
Ð x

0
e�y2

dy.

9 Appendix 2: Derivation of P*
e and T* for

positive, Gaussian RDS estimates

The probability density functions of the RDS estimates in
LOS and NLOS scenarios are modelled as positive (trun-
cated) Gaussian density functions

f (x) ¼

1

Q( � mL=sL)
�

1ffiffiffiffiffiffiffiffiffiffiffi
2ps2

L

p e�(x�mL)2=2s2
L u(x),

H ¼ H0

1

Q( � mN=sN )
�

1ffiffiffiffiffiffiffiffiffiffiffiffi
2ps2

N

p e�(x�mN )2=2s2
N u(x),

H ¼ H1

8>>>>>>><
>>>>>>>:

(10)

where Q(x) ¼ 1=
ffiffiffiffiffiffi
2p

p Ð1
x

e�x2=2, and u(x) is the Heaviside
function. The means mL, mN and the standard deviations
sL, sN are specified in Table 2. Let the threshold selected
for differentiating between LOS and NLOS RDS estimates
be T. For a given sample RDS measurement Z, the prob-
ability of error in the detection of the nature of the
channel is given by

Pe(T ) ¼ pL � Pr{Z � T jH0} þ pN � Pr{Z , T jH1} (11)

It must be pointed out for a given ad hoc indoor scenario,
the probability pL that a given link between two nodes is
LOS is not necessarily equal to the probability pN that
the link is NLOS. In the absence of a priori
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knowledge, we assume pL ¼ pN ¼ 1/2. From (10) and (11),
we obtain

Pe(T )¼ pL �
Q(ðT �mLÞ=sL)

Q(�mL=sL)
þpN � 1�

Q(ðT �mN Þ=sN )

Q(�mN=sN )

� �
To find the optimal threshold T* that minimises the
probability of error, we set (d/dT)PejT¼T � ¼ 0, and it is
straightforward to show that T* is the solution of the
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quadratic equation

T�2 1

s2
L

�
1

s2
N

� �
þ 2T� mN

sN

�
mL

sL

� �
þ
m2

L

s2
L

�
m2

N

s2
N

¼ 2 log
pLsN Q( � mN=sN )

pNsLQ( � mL=sL)

� �
(12)

Then, minimum probability of channel detection error is
given by P*

e ¼ Pe(T
*).
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