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School of Computer Science and Informatics, University
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Abstract – In recent years, research interest in location systems
has increased due to the emergence of mobile computing devices
and the promise of Ubiquitous Computing. This paper considers
the problem arising in ultrasonic location systems of Non-Line of
Sight (NLOS) between Base Stations and Mobile Devices, which can
give significant location errors. Herein, a Dual Kalman Filtering
method is proposed to mitigate NLOS effects, using an a-priori
partial knowledge of the ultrasonic signals. The main advantage
of this method is that the first filter provides a set of filtered ranges
that mitigates the NLOS ranging error, while the second filter, by
taking these measurements, provides a second positioning filtering
that mitigates the overall positioning error. The method is shown to
reduce location errors providing a maximum error in location of 9
cm.
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I. INTRODUCTION

In the past few years, interest in location systems has
increased significantly. Location is an essential element
of Context-Aware, Pervasive Computing systems [16], [17].
The explosive development of GPS based navigation systems
together with wireless computing and communication technolo-
gies, such as PDAs and 3G, is changing the way people live
and work. Ultrasonic location systems have 3 advantages over
RF based systems. Firstly, the lower speed of propagation
of ultrasonic signals facilitates accurate ranging. Secondly,
ultrasonic signals do not propagate through walls so are easier
to model and control. Thirdly, RF systems are prohibited or
unusable in certain situations, for example in hospitals, on ships
and underwater.

In Location-Aware systems, where a set of Mobile Devices
able to know their own position are necessary, accuracy in the
estimations is usually one of the most important parameters.
However, a second important factor is the reliability, defined as
the percentage of estimations with an error under a set amount.
Typically, these measurements are done under the assumption
that any other effect degrades the test. But when a system works

in a real scenario, other secondary effects occur that degrade its
performance.

There are two main sources of errors in ultrasonic location
systems in indoor environments. They are multipath interference
and Non-line of Sight (NLOS) between the Base Stations and
the Mobile Device. Multipath interference is usually mitigated
using specific modulation techniques such as Spread Spectrum
[10]. NLOS, called in the bibliography a ”killer effect” can only
be mitigated.

Previous work on NLOS mitigation has focused on Bayesian
methods [9] [7] or simple Kalman filtering approaches [6]. All
of them need a a great amount of a-priori statistical information
or provide a blind mitigation whose accuracy can be overcome
by other methods. Unlike these previous systems, the system
proposed herein employs a Dual Kalman filter to track range
and the position independently. The system uses an algorithm
to detect NLOS conditions and estimates the most probable
position of the device, given the set of received signals.

Usually the direct path between transmitter and receiver is
severely attenuated, and the signal is not detected by typical
cross-correlation peak detection techniques. The algorithm
proposed herein uses range tracking to identify the attenuated
direct path and uses positioning tracking to allow for the range
errors arising from the low Signal to Noise Ratio (SNR) of the
range estimate.

The Double Kalman Filter provides a set of Time of Flight
(ToF) measurements and a window where the peak is expected
to be. If a NLOS condition is detected, a local peak search is
performed in the window. Those possible ToFs are used by the
second filter, which estimates the position where the mobile is
expected to be, by using a Kalman Filter. The set of possible
ToFs are used to estimate several location estimates, choosing
the estimate that is closest to the expected position.

This paper is structured as follows. Previous related work
is described in Section 2. A theoretical study of the issues
is provided in Section 3. Section 4 describes the proposed



NLOS mitigation algorithm. Section 5 explains the method used
for performance assessment. Section 6 gives the results and
discusses their implications. Section 7 concludes the paper.

II. RELATED WORK

In recent years, Bayesian techniques have been successfully
used in several applications. In [1] the capacity to detect a
NLOS error is proved, so that it can be mitigated with a-priori
knowledge of the statistical characteristics of the noise in the
system. But this knowledge is not always available and if it
is, its measurement is not a trivial procedure. That kind of
knowledge necessity is avoided in the proposed method. A
good overview of NLOS detection methods is provided in [3].
They explain 3 methods to detect a NLOS condition. Running
variance, which is based on calculating temporal means of a
measurement to detect high deviations, Confidence metric, based
on the idea that later multipath components have less power
than the direct component (LOS) and Delay spread, which states
that the RMS delay spread could be used as a NLOS detection
method. All these methods need a set of a-priori statistical
information, which as it was explained previously, is avoided
in the proposed approach.

The authors of [2] write about a mitigation algorithm, which
assumes redundancy in the number of beacons. Using a
high density of beacons, they are able to avoid the corrupted
measurement. But this redundancy is not always possible, and
increases the deployment cost of the system.

In [6], two kinds of Kalman Filters are used, depending on
the NLOS condition. If the NLOS is detected, a biased Kalman
Filter smooths the error. If it is not detected, a unbiased filter is
used to track locations. This is a case of blind mitigation, but
a location system has some knowledge of the signals received,
whose use is expected to improve the error mitigation.

In [13], a Kalman Filter in the measurements was used, with a
different application. In this work, the authors use it to reduce the
computational cost of the cross-correlation to find the ToF peak
doing only the cross-correlation over a window whose center is
the tracked ToF. The proposed method uses a similar Kalman
Filter but with a different application.

The main disadvantage with these methods is that they use
a single technique for NLOS mitigation. Normally, location
estimation is performed in two steps, information measurement
and location estimation. The proposed system mitigates errors
in both of these processes which provides better results than
singular mitigation algorithms.

III. THEORY

A. Kalman Filter

A Kalman filter [6], [7] is essentially a set of mathematical
equations that implement a predictor and a corrector step and
is optimal in the sense that it minimizes the estimated error
covariance. Kalman filters try to solve the problem of estimating

the state x ∈ <n of a discrete system that is ruled by a linear
stochastic equation:

xk = Axk−1 + Buk +wk−1 (1)

where A is a matrix that relates the previous state to the new
one and B an optional matrix that relates a control input to the
state x.

The measurement z ∈ <m is zk = Hxk + vk where H is a
matrix that relates the state to the measurement zk. wk and
vk are noise independent, white and with normal probability
distributions.

The next state is provided by using two set of equations.
The filter firstly estimates the next state and later performs a
feedback process using the measurements. The equations can
be divided in two groups: time update equations, also called
predictor equations that are responsible of obtaining an a-priori
estimation of the state:

x̂−k = Ax̂k−1 +Buk

P−k = APk−1A
T +Q

(2)

and measurement update equations also called corrector
equations that are responsible for the feedback. The set of time
update equations are:

Kk = P−k HT (HP−k HT + R)−1

x̂k = x̂−k + Kk(zk −Hx̂−k )
Pk = (I −KkH)P−k

(3)

where P−k is the a-priori estimate error covariance, Pk is the
a-posteriori estimate error covariance, K is a gain factor, and
x̂−k , x̂k are the a priori and posteriori state estimation respective.

B. Non Line of Sight Contamination

Assuming a signal from a Base Station m (BSm), arriving to
a Mobile Station (MS) as follows:

Xm(t) = am · s(t− dm)+ ηm (4)

where am is the attenuation due to signal propagation from
BSm to MS, s(t) is the signal transmitted by BSm, dm is the
delay from BSm to MS and ηm is white gaussian noise.

If a NLOS condition occurs, the signal is strongly attenuated,
modeled by the absorbtion coefficient of the interferer object,
and a set of new rays are produced by diffraction in the edges of
the interferer object, modifying Equation 4 as follows:

Xm(t) = am ·Kabs ·s(t−dm)+
N∑

i=1

ai ·Krefl · s(t− di)+ηm(5)

where ai is the is the attenuation due to the new path ′i′, di is
the delay due to the path ′i′ and Krefl is the reflection coefficient
of the interferer object. A common assumption is that the direct
path is completely canceled, Kabs << 1 and only one signal
is diffracted by the interferer object. This assumption is shown



here for a clearer explanation of NLOS problem, but the system
proposed herein deals with the NLOS problem without it.

XRX m(t) = anlos
m · s(t− dnlos

m )+ ηm (6)

A NLOS condition has diverse effects: the signal is attenuated
by the coefficient of absorption of the object. the trajectory is
increased due to the diffraction of the acoustic waves and the
angle of arrival is also modified in a drastic way. The diffraction
process in the object causes attenuation which is dependent of
frequency, such that greater frequencies are attenuated more
strongly than lower frequencies.

IV. NLOS MITIGATION ALGORITHM

A. Range Filter

The Range Filter limits the range of measurements errors
under NLOS conditions. A Kalman filter has been incorporated
to the measurement process, which is based on Time of Flight,
similar to [13]. This filter provides an estimation of the position
of the correlation peak between the received and expected
signals, based on the position of the correlation peak in the
previous estimations. The search size is defined as the interval
centered on the estimation of the Kalman filter where the search
of the correlation peak is made. The estimation of the Kalman
filter, following the description given in Section III is:

x̂i+1 = Aixi + wi (7)

where Ai is the state transition matrix and wi is a noise
process with covariance matrix Qi and xk the state vector
defined as x = [rṙ] being r the range and ṙ the range velocity.
The transition matrix was performed as follows:

A =
[

1 k/fs
0 1

]
(8)

where fs is the sampling frequency, k is the number of
samples between iterations and was chosen empirically based
on the update time of the system (most of the simulations were
done using a update time of 0.1 s.) and H = [1,0]

B. Location Filter

This filter mitigates the effects of a NLOS problem on
location estimates. To achieve this, errors detection is necessary,
to detect When a measurement is in a NLOS scenario, and
know How to mitigate it. This is divided into two sublayers,
’Detection’ and ’Mitigation’.

Detection Sublayer
This sublayer identifies which measurements suffer NLOS

contamination. To detect it, a metric is necessary, whose value
depends on the LOS/NLOS scenario.

The system proposed herein uses a ”Running Variance”
metric [3]. Running variance has a mean calculated over

K previous iterations, and if the measurement is out of the
bounds fixed for the algorithm it gives an NLOS condition.
Mathematically:

θrv =

N∑
n=1

(d̂n−µd)2

N−1

{
< Θrv → LOS

> Θrv →NLOS
(9)

with µd = 1
N

N∑
n=1

d̂n and as threshold Θrv = σ2
LOS .

Mitigation Sublayer
This sublayer takes as input a set of ranges, separated into

LOS/NLOS categories. The estimation problem is based on
estimating the most probable position for the Mobile Device,
taking into account the estimated ranges and the NLOS/LOS
condition.

The main idea is to use a 3D position estimator, ’Initial
Position Estimate’ (IPE), which is based on the history of the
movement of the MS, and is able to estimate the next position.
This factor is necessary but not enough to cover the NLOS
mitigation functionality.

The IPE is obtained by using a 3D location Kalman Filter.
Following the description provided in Section III, the state
variable is x =

[
x ẋ y ẏ z ż

]T
and the state

transition matrix and the measurement transition matrix are as
follows:

A =




1 k/fs 0 0 0 0
0 1 0 0 0 0
0 0 1 k/fs 0 0
0 0 0 1 0 0
0 0 0 0 1 k/fs

0 0 0 0 0 1




(10)

Q =




a b 0 0 0 0
b c 0 0 0 0
0 0 a b 0 0
0 0 b c 0 0
0 0 0 0 a b
0 0 0 0 b c




(11)

where a = q2
x∗(k/fs)3

3 , b = q2
x∗(k/fs)2

2 and c = q2
x ∗ k/fs

H = J(h(x,v)) =




xx−mx

h(x,v)

0
xy−my

h(x,v)

0
xz−mz

h(x,v)

0




(12)

A typical trilateration method provides based on a set of
measurements the estimated location of the mobile. In a NLOS
situation, the Measurement Filter provides a window where the
measurement is expected to be and a set of peaks which are
candidates to be the correct ToF. Applying this window to the
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Fig. 1. ESTIMATION PROBLEM

trilateration method, in spite of 1 location, an area of possible
estimates is provided. In that area, the candidate peaks provide
candidate location estimates, as can be seen in Figure B

The place where is expected to be the mobile is provided by
the IPE filter. It is chosen the estimate that is closest to the IPE
estimate. It means, using the real information in the peaks of
cross-correlation, the closest estimation to the expected one is
used.

Resuming, the system performance is as done follows: For
each distance measured (Lm), the NLOS condition is checked.
If it is detected, the Measurement Kalman Filter provides the
place where the peak should be and a window of ambiguity is
placed centered on the expected peak. This procedure is done
for all the distances. When all the distances are measured,
the Positioning Kalman Filter obtains the IPE and for each
contaminated distance, a Local Maximum peak search is done,
obtaining a set of M peaks for each contaminated signal. With
these peaks, all the possible positions are calculated, obtaining
a situation as was shown in Figure B. After that, the closest
estimate to the IPE is chosen.

V. METHOD

In order to assess the performance of the proposed system,
a simulation using MATLAB-Simulink was performed. A FH-
CDMA modulation with BPSK was used. FH-CDMA was
used instead of DS-CDMA to enhance robustness to noise and
multipath as was presented in [10]. A carrier frequency of 35
KHz was used to be consequent with the resonant frequency
of most of the ultrasonic transducers [14]. A bandwidth of 15
KHz was used because of most of the real transducers do not
provide greater bandwidth. A data frequency of 2500 Hz and a
M-sequence of 64 chirps with a sampling frequency of 120 KHz
was used. A room of 6x6x4 meters, with 3 BSs situated in 3
corners, at [0,0,4],[6,0,4] and [0,6,4] was simulated. Gaussian
random noise with a SNR of 6 dB was added to the system to
be consequent with typical noise in a office. The walls, floor
and ceiling were simulated with an absorption coefficient of 0.6.
The multipath impulse response was generated using the Image
Method [15]. This provided a set of 200 interferences per BS.

The NLOS condition was simulated with an object in the Line
of Sight between a BS and the MS. The object introduces an
attenuation of -40 dB on the direct path. Spherical objects were
used to simplify the simulation. Another important parameter
tested is the error depending on the number of iterations with a
NLOS condition. Several simulations were done, using a MS
moving in the room with a random path characterized by its
initial position, velocity and acceleration. The NLOS condition
was simulated with a duration between 10 an 20 iterations, which
using an update time of 0.01 seconds provides a NLOS condition
between 1 and 2 seconds.

VI. RESULTS

In order to characterize the proposed NLOS mitigation
algorithm, two factors were considered, the shape of the
interferer object that causes the NLOS condition, and duration
of the condition. Both of them have been characterized, and
a comparison between the performance with and without the
NLOS mitigation algorithm has been done.
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Fig. 2. ERROR ESTIMATION WITH AND WITHOUT ALGORITHM

In Figure 2,it is shown how the application of the proposed
algorithm improves the accuracy of the system under NLOS
conditions. Two plots are shown in the figure, the error in
the position estimates with a NLOS condition if no mitigation
algorithm is used, and a graph with the same error if the proposed
algorithm is used. The algorithm provides the position, choosing
between the set of possible estimates, that is closest to the
estimated one, and as it is shown, it provides a good position
estimation. As can be seen, the error is reduced from an error
higher than 1 meter in the estimation to an error around 9 cm.
In order to compare the method presented herein, the algorithm
described in [5] achieves an error of around 20 centimeters in
the best case, worse than the error provided by the proposed



algorithm. Similarly, in [9] a MSE of 0.534 meters was quoted
as the best case.
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Figure 3 shows how the interferer object shape affects the
system. 3 plots are presented in the figure. When the interferer
object is small, 0.1 and .3 meters size, the NLOS contamination
is not so destructive. With a larger object, as it is shown in the
object of 1 meter, the signal is totally attenuated to below the
noise floor and delayed in such a way to become useless in the
estimation process. The worst effect can be seen in the plot of
1 meter size, where the signal is totally destroyed and the real
potential of the proposed algorithm is performed, obtaining an
average maximum error around 9 centimeters.
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Figure 4 shows the Mean Square Error in the positioning
estimation versus the number of estimations with a NLOS
condition. MSE was computed as:

M∑
i=1

|(xest−xreal) + (yest− yreal) + (zest− zreal)|2 (13)

where (xreal, yreal, zreal) is the real position of the MS, and
(xest,yest,zest) the estimated one. As was expected, the error is
proportional to the number of iterations. The difference in error
depending on a small interferer object or a big one can also be
seen in this plot. The greater MSE is around 8 cm, which is a
great result, obtaining in NLOS situations accurate positioning
estimation, that can be used for most of the nowadays location
applications.

Figure 5 shows some interesting results. This plot presents
the performance of the Range Filter and the Location Filter
separately. It can be checked with Figure 2 that the error is
mitigated by the Range Filter, obtaining good results. The
Range Filter limits the maximum error depending on the window
of search length. That, by its own, provides a mitigation in
the maximum error, but when the second filter is introduced,
as can be seen, is when the system provides the best results,
mitigating the NLOS error more, choosing in that window the
most probable position to be the real one.

VII. CONCLUSIONS

In an environment where the NLOS condition does not occur
during a long time, around one and a half seconds, the proposed
algorithm mitigates this effect in a satisfactory way. The use
of a dual filter allows the system to mitigate ranging errors and
to use knowledge of the previous position to limit errors in the
final location estimate. The benefits of both filters has been



presented, comparing the performance of each filter separately
and in conjunction.

The double filtering has proved to be a good solution
to mitigate NLOS signals where, as it is usual in location
frameworks, the signal transmitted can be known. A maximum
error of 9 cm was provided in the simulation, and a maximum
MSE of 8 cm, which are accurate results, allowing good
estimations in NLOS situations, and although a decrease of
accuracy is obtained, which cannot be avoided, that decrease is
enough small to allow useful estimations for most of the location
applications.

Some important sources of error have been characterized,
showing that the measurements of the initial estimation with
the Kalman Filter are critical to obtain good results. The most
significant source of errors is that the Location Filter estimates
are used to generate current estimates under an NLOS condition
and the error can be accumulated from one estimation to the next.

Further work will be focused on reducing that error sources.
The authors think that a tuning of the Kalman Filter parameters
will provide better results, that is, the error will not grow so much
depending on the number of iterations. To obtain it, accurate
IPE estimations are necessary. A study on Doppler effect to
obtain information about the velocity to improve that accuracy
is planned, as it is thought it is a set of information that could
improve the system performance.
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