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Hybrid particle filtering algorithm for GPS multipath mitigation
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Abstract: An alternative algorithm for mitigating GPS multipath was presented by integrating unscented Kalman filter (UKF) and
wavelet transform with particle filter. Within consideration of particle degeneracy, UKF was taken for drawing particle. To remove
the noise from raw data and data processing error, adaptive wavelet filtering with threshold was adopted while data preprocessing
and drawing particle. Three algorithms, named EKF-PF, UKF-PF and WM-UKF-PF, were performed for comparison. The proposed
WM-UKF-PF algorithm gives better error minimization, and significantly improves performance of multipath mitigation in terms of
SNR and coefficient even though it has computation complexity. It is of significance for high-accuracy positioning and

non-stationary deformation analysis.
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1 Introduction

The global positioning system (GPS) is a prominent
system for providing precise positioning with high
sampling rates, and has been widely applied to
monitoring deformation with real-time mode. Among the
potential sources of GPS signal degradation, multipath
maintains a major error impairing accuracy and precision
of GPS positioning [1,2]. GPS multipath phenomenon
occurs when GPS signals travel from a satellite to an
antenna of GPS receiver via several paths due to
reflection or diffraction of signals by nearby obstacles.
These systematic errors can be substantial and may lead
to range errors on the order of meters for the
pseudorange and several centimeters for phase
measurements. With the advent of high-rate applications,
errors due to multipath are now of greater concern [3].

Various multipath mitigation strategies have been
studied, which are categorized in terms of antenna design,
improved  receiver  internal  architecture, and
post-processing.  Obviously, hardware- based or
signal-based approaches have improved the positioning

accuracy to a certain extent [4]. Further improvement
taking advantage of data processing schemes has been
performed, which can be classified as time-domain and
frequency-domain processing.

Pertaining to time-domain processing, carrier
smoothing takes advantage of the fact that carrier phase
measurement errors typically are negligible compared
with code multipath. Optimal combination of carrier
phase and code measurements can efficiently reduce the
code multipath to centimeter level and have been widely
used. Backward filtering and variable length least mean
square adaptive filter for carrier phase multipath
mitigation was proposed [5,6], whereas a prerequisite is
reference station free from multipath, and signals of
interest also tend to be filtered out. Another research
interest is focused on modeling approach, which takes
advantage of periodic characteristic to map the multipath
environment [3,7].

The methods within frequency domain are based on
spectral analysis of GPS multipath using fast Fourier
transform (FFT) or wavelet decomposition [8,9].
However, multipath mitigation technique based on
wavelet transformation is affected by the determination
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of wavelet bases and wavelet decomposition levels. Thus,
an EMD-wavelet systematic error mitigation model was
proposed [10]. Furthermore, neural network method to
solve pseudorange equations has also been employed
[4,11].

In addition, a range of schemes are focused on
taking advantage of signal-to-noise (SNR) measurements
at ground reference stations [12—15].

In recent literatures [16,17], particle filtering has
received much attention in multipath estimation, which is
a promising alternative for dealing with non-stationary
observations compared with Kalman filtering and its
extensions.

In this work, an alternative particle filtering is to be
proposed to mitigate GPS multipath. It integrates
unscented Kalman filter and wavelet transformation with
particle filtering. The aim is not to find more accurate
modeling for multipath, but reduce multipath effect
within the solutions from GPS relative positioning.
Therefore, this work focuses on studying hybrid particle
filtering for multipath mitigation and analyzing its
performance.

2 GPS multipath

2.1 Description of GPS multipath

The reflected signal caused by the vicinity of GPS
stations takes more time to reach GPS receiver antenna
than the direct or LOS (line-of-sight) signal. The
magnitude and the phase of reflected signals depend on
surface property of the reflecting objects and on the
geometry between GPS satellite, receiver antenna and
reflectors. For illustrating GPS multipath propagation, it
is assumed that a signal from a single incoming direction
is reflected along a single outgoing direction (Fig. 1)
[16]. In practice, this assumption is an exception rather
than a rule.

2.2 GPS observation models

The multipath distorts the C/A-code and P-code
modulations, as well as the carrier phase observations [4].
There are some carrier phase frequencies for GPS, such
as L, (1575.42 MHz), L, (1227.60 MHz), Ls (1176.45
MHz). These frequencies can also be expressed as a
wavelength, where the wavelengths of L;, L,, and Lsare
19.03 cm, 24.42 cm and 25.48 cm, respectively. The
mathematical models for GPS code measurements and
carrier phase measurements are given as Egs. (1) and (2)
[1,2].

p=r+c6t, -8t ]+ 1+T+M”" +0” )
gL=r+c[6t, -6t ]-T+T+NA+M? +0vf (2)

where p and ¢ indicate code measurement and carrier
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Fig. 1 Schematic diagram of GPS multipath propagation

phase measurement. Certainly, the measurements for
different frequencies are similar. » is the true range from
a satellite to a receiver, and ¢ is WGS-84 propagation
constant. Jt, and d¢, stand for satellite and receiver clock
bias whereas 1, 7, M”, v/, M?, v? denote ionospheric
refraction, tropospheric delay, code multipath, random
noise on code, carrier phase multipath, random noise on
carrier respectively. N and A are carrier phase ambiguities
in cycles and wavelength of GPS signal, respectively.
While processing by double difference scheme for
GPS observables, most spatially correlated errors within
direct observables are eliminated within context of short
GPS baseline. The residual can be considered multipath,
antenna phase center variation and noise. Thus it is
significant to study error sources and outlier
identification [18,19]. Carrier phase multipath and
receiver noise are independent for each receiver. Because
the antennas at both ends of the baseline view the
satellites at approximately the same elevation angles,
differential solution can largely eliminate antenna errors
while utilizing the antennas from the same type. It is
acceptable that the remaining errors for a short baseline
would be multipath and noise [2]. Therefore, removal of
multipath becomes essential for high-accuracy GPS
applications.
3 Hybrid particle GPS
multipath mitigation

filtering for

3.1 Particle filtering algorithm

About an introduction to particle filtering theory
and practice with positioning applications, it can be cited
in Refs. [20—23]. The particle filtering algorithm is to
perform a recursive Bayesian filter by Monte Carlo
simulations. The key is to represent the required
posterior density function by a set of random samples,
which is called particles with associated weights, and to
compute estimates based on these samples as well as
weights.
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Its goal is to compute filtered estimates of xo, taking
into account all available measurement up to time ¢, z;...
In practice, the solution is to recursively obtain a
posterior probability density function p(x.|z;,) of states
at time ¢ given all available measurements. Particle filter
represents the posterior probability density function by a
set of random samples with associated weight as follows:

NP
p(x | z,) = Za)zl -0(x, —x7) (3)
i=1
where each particle with index i has a state x;; o(x) is
Dirac delta function; @, is associated weight with x/;
N, stands for the particle number; z;., denotes the
measurements accumulated up to 7. The weight is always
positive, @/ >0, and sum over all weights is equal to 1.
If computation load can bear, N, is expected large
enough.

The state of each particle is drawn randomly from
the importance sampling distribution, and one choice for
the distribution is a prior probability distribution. The
state can therefore be represented as

X~ p(x, x5 =x) = p(x, | x,) 4)

where  p(x, |xf_1) denotes the state transition
probabilities.
The sequential weight updated at each step can be

calculated from
@ = o p(z | %) )

where the initial weight is set as @) = I/N,.

3.2 Hybrid filtering algorithm

Even though particle filtering is effective for
nonlinear filtering, particle degeneracy and the selection
of importance density function are still essential to be
studied. Herein, the work intends to put forward a hybrid
particle filtering algorithm for GPS multipath mitigation,
named WM-UKF-PF which takes advantage of
unscented Kalman filtering and wavelet transformation.
While drawing new particles, unscented Kalman filtering
is taken into account. Because direct measurements are
to be utilized, the proposed algorithm becomes more
robust. In particular, wavelet transformation is taken to
denoise while data preprocessing and drawing particles.
The procedure is described as follows.

1) Decompose: to  perform
decomposition for original data, and find out a prior
distribution. In this research, original data is a certain
solution with respect to GPS data processing scheme,
which is recognized as a compound signal composed of
multipath bias, receiver noise and environmental noise.

2) Initialise: to draw new particle xf) in terms of a
prior distribution p(x).

3) Predict and update with UKF: to calculate

multi-scale

x! with unscented Kalman filter and to update the weight
for each sampling x;_l by Eq. (6).

Xi =Xt + K, (Z, = Zii1)
K, = F)x,z, F’z, (6)
P

te = Pz|z—1 - KzPZ, KtT
where K and P denote gain matrix and error variance
matrix, respectively.

4) Denoise and draw new particle: Firstly, denoising
by wavelet adaptive filtering with threshold is performed.
Then, new particle is to be drawn according to
importance sampling. Finally, the new weight is
calculated by Egs. (7) and (8), and normalized to sum to

unit.

p(zlzt | xO:t )p('x():t)
q(x, | X0:—1,%1: )9 (X1 | Z14-1)

(7

@, (xg,) =

wt — a)t—l p(zt |xz)p(xt |xz—1) (8)

q(x; | X415 Z141)

where ¢ (XO:t ‘ Zl:t) stands for importance density
function and can be expressed as

q(xo, [ 21,) = p(x, | x,21)
5) Resample and compute effective number of

) i .
particles: N = , where @ is the normalized

N o
> (@)
i=1
weight of particle i on the time step z. While Nog<MNy,
resampling is necessary to be performed. In general, the
threshold Ny, is specified 2/3N,. The degree of
degeneracy can be assessed by the effective number of
particles approximately, which is
Resampling is to be applied whenever N falls below a
threshold.

given by N

6) State output: x, = 2)2 Xk .

i=1
7) Update with time and draw new patrticle.
8) Set k to k+1, and then go to step 3).

4 Experimental

To evaluate the performance of proposed algorithm,
an experimental study is described.

4.1 GPS experiment

In this experiment, two receivers, named as GPS
base station and rover station, were taken to acquire
original observables [24]. Figure 2 illustrates the
configuration of GPS positioning experiment. GPS base
station is located at the open surroundings, in other
words, no obstacle affects GPS signal transmission and
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the site station has excellent satellite visibility and
minimal multipath sources. GPS rover station is set
nearby the higher building, where is susceptible to be
suffered from multipath due to obstacles. The baseline
length between two GPS receivers is around 25 m. The
sampling interval of GPS receivers is 5 s. Because
multipath bias is environment-dependent, the differential
GPS which is employed to minimize the spatially
correlated errors does not sufficiently work for GPS
multipath mitigation. Here, to evaluate proposed
algorithm, the differential solution of both GPS stations
was taken as study object.

——-_.__,'_-_‘_

Base

Fig. 2 Configuration of GPS instruments

The coordinate sequences of two consecutive days
in latitudinal/longitudinal direction are calculated by
differential positioning scheme, as shown in Figs. 3 and
4. The correlation of multipath error is not significant in
adjacent period. In general, the precision of horizontal
component of GPS solutions is more satisfactory
than that of its elevation component for high-precision
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Fig. 3 Coordinate difference sequences of two consecutive days
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Fig. 4 Coordinate difference sequences of two consecutive days

in longitudinal direction

deformation monitoring, herein
components are taken into account.

only horizontal

4.2 Filtering algorithms for GPS multipath mitigation

To mitigate GPS multipath effects, it aims to
estimate the state of the multipath x; at the current time
step k, given a set of measurements (observations)
Zi=4{zy, ***, z;x } acquired at time steps 0, 1,---, k. The
state of GPS multipath is composed of two components
of latitude and longitude.

The state transition model (system or motion model)
is given by

X = f (X1, @p1) ©)

where @,_; is the process noise that is independent of
the past and current states, which is assumed to obey
normal distribution N(0, 0.0017) in this experiment.

The state measurement model is described as

z, =h(x,)+V, (10)

where v, is the measurement noise independent of the
past and current states as well as the process noise, which
accounts for uncertainty in observations.

To take advantage of exceptional characteristics of
particle filtering and to evaluate the performance of
proposed algorithm, three algorithms related to particle
filter for mitigating GPS multipath are performed,
extended Kalman filtering and particle filtering
(EKF-PF), unscented particle filtering (UKF-PF), and
wavelet transformation and unscented particle filtering
(WM-UKF-PF). In particular, the performance of the
proposed algorithm WM-UKF-PF is compared with the
other two approaches, namely EKF-PF and UKF-PF.



1558 Nan-shan ZHENG, et al/Trans. Nonferrous Met. Soc. China 24(2014) 1554-1561

For particle filtering algorithm, it is not significant
to select initial value because the state vector becomes
convergent gradually after updating. However, the
distribution of measurement noise has much more effect
on filtering. Therefore, it is of great significance to
determine a priori distribution of measurement noise.

4.3 Performance of filtering algorithms for multipath
mitigation

Taken the 1st day observation as instance, wavelet
adaptive filtering was conducted, where Daubechies 3
wavelet was selected and the decomposition scale was
specified to be 4 (Fig. 5). It shows that observation noise
dominantly distributes in the layers of d1, d2, d3 and d4
corresponding to this experiment. The mean and variance
of observation noise are —1.33x10™* (close to 0) and
1.26x10°*, respectively (Fig. 6).

Suppose that a prior probability is normal
distribution p(x,)~N(0, 0.001%), the initial x, is sampled
in terms of p(x,), particle number # is given as 500, the
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Fig. 6 Noise extracted within observation signal

important density function is specified as p(x; | x;_;),
and the resampling threshold is set as Ny=n/3.

Before proposed algorithms are taken to deal with
the GPS differential solutions from two consecutive
days, they have been processed to be two components of
latitude and longitude in advance. To illustrate the
performance of different algorithms, firstly both EKF-PF
and UKF-PF have been adopted for multipath mitigation,
and the results are shown in Figs. 7 and 8. This indicates
that EKF-PF is not satisfactory to complicated signal,
and observation noise has much more effect on the
filtering solution. While suffering from observation
noise, GPS receiver noise and random noise, the
precision processed by EKF-PF has not provided good
performance, moreover, it is sensitive to
anomalies and prone to be divergent.

signal
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Fig. 7 Multipath in latitudinal component with EKF-PF
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Fig. 8 Multipath in latitudinal component with UKF-PF

In contrast, unscented particle filtering is able to
identify multipath from the observation noise. However,
random noise is still included in the filtering solution and
regional divergence occurs. It is found that the initial
error has been recognized little in advance, as to result in
denoising insufficiently. Hence, the hybrid algorithm of
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wavelet transformation and unscented particle filtering
(WM-UKF-PF) is presented, and the result is shown in
Fig. 9.
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Fig. 9 Multipath of two consecutive days in longitudinal
direction extracted by WM-UKF-PF

After comparing filtering results from three
algorithms, the performance of EKF-PF is not acceptable
enough because the initial value and system equation are
hard to be defined in advance. Extended Kalman filtering
has divergence according to final solution and error
scatter graph (Fig. 10 and Fig. 11). However, it is found
that the hybrid algorithm of unscented particle filtering
and wavelet transformation has better performance.

30 EKF-PF
UKE-PF
254+ WM-UKF-PF

15

Latitudinal multipath/mm

0 100 200 300 400 500 600 700
Epoch

Fig. 10 Multipath in latitudinal direction identified by three
methods (West—East)

In Table 1 and Table 2, root mean square (RMS) and
signal noise ratio (SNR) with respect to three algorithms
are computed. Herein the SNR calculated by TEQC
software is taken as the reference.

20 ~EKF-PF
5l . " UKF-PF
s - . WM-UKF-PF

.
’- -

Error/mm

-15
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Fig. 11 Errors in latitudinal direction derived from three
filtering methods (West—East)

Table 1 RMS of three algorithms (m)

EKF-PF UKF-PF WM-UKF-PF
0.0060 0.0043 0.0019
Table 2 SNR of filtered signal (db)
EKF-PF  UKF-PF ~ WM-UKF-PF TEQC reference
28.38 42.74 48.83 45

WM-UKF-PF gives the error minimization and
maximal SNR. In other words, the results indicate that
WM-UKF-PF has better performance for removing
multipath from GPS differential solutions.

The periods of GPS satellite are 11 h and 58 min. In
two consecutive sidereal days, the satellite on the second
day occurs 3 min and 56 s earlier than that on the first
day. The correlations of two consecutive days in two
directions are calculated (see Table 3). Because
WM-UKF-PF can effectively eliminate noise, the
correlation has been improved by 54.75% and 41.78%,
respectively after filtering. This demonstrates that the
proposed method can mitigate multipath bias effectively.
In addition, random noises are still included in the
filtered results to some extent, which are likely to
multipath signal from far away and GPS receiver noise.
They have no significant effect on the variation of
multipath bias and can be ignored.

Table 3 Correlation coefficients of two directions before and

after filtering
Correlation coefficient
L Improvement/
Direction Before After o
()
filtering filtering
Latitudinal
L 0.5792 0.8963 54.75
direction
Longitudinal
e 0.6472 0.9176 41.78
direction
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5 Conclusions

1) A hybrid algorithm of unscented Kalman filtering
and wavelet transformation with particle filter for
mitigating GPS multipath effects is provided. The main
advantages of proposed WM-UKF-PF algorithm are
error minimization and greater SNR corresponding to
final solution. Within context of this study case, RMS
reaches 1.9 mm, and SNR is higher than that by TEQC
solution.

2) The correlations of filtered solution in two
consecutive days have been improved by over 40% with
the application of WM-UKF-PF. It also demonstrates
that the proposed methodology has better performance
for GPS multipath mitigation. In addition, this method is
independent of the GPS receiver technology so that it can
be widely utilized for post-processing. It is necessary to
be mentioned that the hybrid algorithm has computation
complexity.

3) GPS multipath by far has been especially
challenged due to its nature, remaining as the most
significant obstacle to high-accuracy positioning and
non-stationary deformation extraction. Due to the
further
research is recommended to thoroughly understand the
effects of propagation for GNSS signal within different
scenarios as well as to make full use of GNSS reflected

complexity and variation of environments,

signal.
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