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ABSTRACT

In GPS navigation, existing solutions allow
high performance of position estimation but are
still restricted to low dynamics (non stationary
speed and acceleration). To overcome high dy-
namics, GPS receivers are usually coupled to ad-
ditional sensors, like inertial units. Such costly
and non-autonomous solutions are not appro-
priate in many case, especially in highly con-
strained applications.
Therefore, we introduce in this paper a perfor-
mant stand-alone GPS signal receiving method
for unpredictable high dynamics, as in aeronau-
tic navigation applications. Our method, based
on Dirac-Gauss Deterministic Particle Filter, is
able to deal with highly maneuvring receiver
bearer, with unpredicted acceleration change up
to 10g. Since standard receiving methods are
unable to overcome such dynamics, the pro-
posed solution performance is compared to the
"standard" particle ¯lter based on randomized
sampling of state-space. Additionnaly to the
high precision reacheable by both particle ¯l-
ter technics, their comparison points out reduc-
tion of particle number achived by deterministic
method, specially for low signal to noise ratio.

1. INTRODUCTION

The GPS user's position and velocity estima-
tion is obtained from several stallite to receiver
pseudo-ranging given by GPS signal delay and
Doppler.

Based on separated phase/frequency and de-
lay estimators, available receivers o®er good po-
sitionning peformance. However, those perfor-
mances degrade seriously under harsh operating

conditions, especially for low signal to noise ra-
tio and high dynamics non-stationarity.

Usual e®ective techniques to mitigate random
receiver maneuvre integrate GPS receiver and
other sensors, such as inertial units. Indeed
such sensors provide instant acceleration mea-
surement and allow cancellation of its e®ect on
position estimation. Those techniques require
additionnal hard-ware, and may not be suitable
for some applications, like civil aviation.

Therefore, we present in this paper a new
autonomous GPS signal receiving technique,
which is able to overcome the aforemen-
tioned harsh operating condition. Our method
adresses the global problem of joint estima-
tion/decoding of both discret and continuous
state variables (Delay, Doppler, Navigation
symbols). Unlike usual techniques, it doesn't
assume parameters' estimation separability nor
availability of external aid to compensate high
acceleration e®ects.

Proposed solutions are based on Particle ¯l-
tering techniques, well-known for their ability
to provide a general ¯nite-dimensionnal solution
for the non-linear estimation problem.

Early particle solutions, as introduced inde-
pendently in [7, 6], [3] and [4], were wholy ran-
dom. They proceed by random sampling for a
priori as well as a posteriori steps.

As soon as 1995, drawback of random resam-
pling was pointed out and several more e±-
cient deterministic resampling were introduced
[10, 11, 12].
Quickly, the advantage of deterministic ap-
proach was extended to the exploration step,
¯rst in the discrete state-space in [9, 1] then
in the general case of continuous/hybrid one
[2, 13, 14]. In fact, such a scheme provides the



most likely ¯nite-dimensionnal sampling of the
state space for a given computational ressource.

GPS signal receiving problem, as consid-
ered in this paper, can be modeled as
an hybrid(discrete/continuous) markov process,
formed by the navigation message, the ampli-
tude, the phase, the Doppler frequency, delay
and user's acceleration, observed through the
complex matched ¯lter output. We therefore
present a mixed discrete/continuous state-space
maximum likelihood particle ¯lter using Dirac-
Gauss rather than Dirac particles and determin-
istic branching exploration of the state space.
Performances of our particle receiving method
are compared to more usual "random" parti-
cle approach. This comparaison shows a much
lower particle number allowed by determinstic
solution.

2. DIRAC-GAUSS PARTICLE FILTER

Let, 8
<

:

dk = f k (dk¡ 1; uk )
xk = gk (xk¡ 1; dk ; wk )
yk = hk (xk¡ 1; dk ) + vk

(1)

be the discrete-time dynamical system.
where:

² The ¯rst equation is the process one of the dis-
crete part of the state dk involving the process
noiseuk .

² The second is th continuous statexk process
equation conditionnel to dk and the process
noisewk .

² the last equation is the measurement equation,
where observations are corrupted byv(k) an
Additive White Gaussian Noise (AWGN).

Functions gk and hk are assumed to be non-linear.

2.1. Random sampling technique

Random Dirac-Gauss particle ¯ltering considered
here, is the same as that presented in [14].

In a such algorithm, Extented Kalman ¯lters are
used along particles trajectories. This method, also
known as Rao-Blackwellization [16], allows particle
number reduction, namely for high state-space di-
mensions.

Moreover, Deterministic resampling is used here
rather than random. In fact, drawback of ran-
dom drawing was pointed out since 1995 and more
e±cient deterministic solutions was proposed in
[11, 10, 12].

For more details, refer to [15, 14].

Algorithm

Initialization: The N particles are distributed ac-
cording to a priori probability density
Prediction

² Draw ui
k and wi

k from their respectiv prior den-
sities.

² Compute di
k = f k (di

k ¡ 1; ui
k ).

² Calculate predicted estimate bx i
k jk ¡ 1 and error

covariance matrix P i
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Correction

² Update estimate bx i
k jk and error covariance ma-

trix P i
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² update the particles' weights according to½i
k /

½i
k ¡ 1p(yk jdi

k ; x i
k ; y0:k ¡ 1)

Resampling
N particle are redistributed according to the multi-
nomial distribution induced by weights ½i

k :
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¡
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2.2. Deterministic sampling technique

The deterministic particle ¯lter algorithm is com-
posed of ¯ve steps [14]:

1. Initialization: Gaussian particles are dis-
tributed according to the initial information,
and linearization condition.

E0 = f (x i ; di ; P i
0; ½i ); i = 0 : : : N g

2. Deterministic Branching: New particle tra-
jectories are created from each particle accord-
ing to deterministic noise sampling grid.
New particle grid is, then given by :

Ek = Ek ¡ 1 ­ F

where, Ek ¡ 1 = f x i ; di ; i = 0 : : : N g is the for-
mer state space grid at the time stepk ¡ 1, and
F = f wm ; m = 0 : : : M g a ¯xed process noise
grid.(cf.[2] for details)

3. Local estimations: Extended optimal linear
¯ltering is performed for each state and noise
hypotheses in the new particle gridEk .

4. Weighting: Given the observation at the cur-
rent time step, elementary likelihoods (́ non-
normalized weights) are updated.

5. Maximum likelihood selection: A constant
particle number implies elimination of unlikely
particles in the increasing gaussian sum approx-
imation. This is achieved by retaining only the
N most likely particles:

² Local selection (non-overlapping) :

{ Detection of sets of overlapping par-
ticle.

{ Only the most massive particle of
each overlapping set is retained.

² Global selection : Only, the N heighest
weight particles are retained for next time
step.

3. SYSTEM MODEL

The sampled output of the matched ¯lter can be
written as:

yk =
Ak

Rk
h(k ¢T ¡ Rk =c)D k e¡ 2¼f1 R k =c+ Ák + º k

where h(¢) denote the triangular pulse, and º k an
additive white Gaussian noise.
And the state parameters are:

² Ak and Ák respectively amplitude and phase of
the received signal with gaussian drift (±Ak and
±Ák ). ½

Ak+1 = Ak + ±Ak

Ák+1 = Ák + ±Ák

² Rk , vk and ° k relative kinematic user's pa-
rameters (pseudo-range, velocity, acceleration)
evolving according to a modi¯ed Singer model:

8
<

:

Rk+1 = Rk + vk T
vk+1 = vk (1 ¡ ®T) + ° k T
° k+1 = ° k + ¼k wk

¼k is an independant Poisson noise,wk is a zero-
mean gaussian white noise.

² D k 2 f¡ 1; +1g is the navigation bit, constant
during 20 consecutive Gold sequence, and mod-
eled as a two-state discrete Markov chain with
transition probability of 1 =2. Starting of navi-
gation bit is supposed unkown and must be de-
tected by the ¯lter as well as bits themselves.

4. NUMERICAL EXAMPLE

Experimental numerical values

² S=N ratio: 0 to ¡ 3dB (against +10 dB for
usual receiver),

² User's acceleration jump (¼k wk ): § 10g=s
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Fig. 1 . Signal to noise Ratio [dB]

Figure 1 shows evolution of SNR during simula-
tion. Red plot present the maximum SNR in case of
perfect code synchronisation. Green one the actual
SNR with up to 3 dB SNR loss due to delay.



In addition to parameter estimation, the particle
¯lter provides a detection probability which guar-
antees integrity of delivered GPS measurements. In
order to demonstrate such indicator reliability, the
presented results include signal lack scenario (at 50
s).

Deterministic Particle Filter For:

² N = 144,

² M w = 10

² and an overlapping ratio threshold ® = 1=3,

Performances of Deterministic particle ¯lter
are as follow:
Figure 2 present navigation bit detection, with a bit
error rate as low as 4 10¡ 4.
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Fig. 2 . Navigation bits detection by deterministic
particle algorithm

Performance of deteministic particle ¯lter for ac-
celeration estimation are shown through ¯gure 3
where blue line present the simulated accelerations
and red one the particle ¯lter estimated ones. This
¯gure points out ability of the ¯lter to detect jump
occurence as well as to estimate its value.

An important parameter in GPS receiving prob-
lem is the Doppler frequency. In fact, frequency lock
optimizes performance of the code correlation and
insure global performances of the navigation. In ¯g-
ure 4, we present:

² Top: Simulated frequency is represented by
the blue solid line and deterministic particle es-
timated one by the red dashed line.
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Fig. 3 . User acceleration [m=s2] estimation of de-
terministic particle algorithm

² middle: This ¯gure shows frequency estima-
tion error (red line). Green line in this ¯g-
ure represent the § standard deviation tube
around zero. Maximum estimation error of al-
most 40Hz preserve frequency lock.

² bottom: This ¯gure is a zoom of previous one.
It shows high precision of frequency estimation
(< 0:25Hz) in the stationnary stages (between
two consecutives acceleration jumps).

Fig. 4 . Doppler frequency estimation [Hz] (a) and
error [Hz] (b and c) of deterministic particle algo-
rithm

The pseudo-range estimation performances (<
2:5m)of particle ¯lter are shown in ¯gure 5:

² Top: Simulated pseudo-range is represented
by the blue solid line and deterministic parti-
cle estimated one by the red dashed line. The



green line in this ¯gure represent the higher cor-
relation sample used for ¯letring. Pseudo-range
higher than this value correspond to GPS signal
extinction ( ' 50s).

² bottom: This ¯gure shows pseudo range esti-
mation error (red line). Green line in this ¯gure
represent the§ standard deviation tube around
zero.
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Fig. 5 . Pseudo-range estimation [kilometer] (a) and
error [meter] (b) of deterministic particle algorithm

Reliability of particle ¯lter estimations is given by
the ¯lter's probability of detection (¯gure 6) which
collapses to zero as GPS signal is lost (' 50s).

Random Particle Filter Similar performances
are obtained with Random particle ¯ltering only for
a particle number of N = 10000.
Smaller particle number (' 4000) results in higher
navigation bit error rate and continuous parameter
estimation error.

5. CONCLUSION

In this paper, we recall the deterministic Gaussian
particle ¯lter combining weighted gaussian sum
abilites with deterministic particle sampling of non-
linear ¯ltering equations. We point out performance
of such ¯lter for GPS signal receinving under harsh
operating conditions (high dynamics, low SNR).
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Such conditions yield to the failure of usual acqui-
sition technics. In fact, initial frequency incertitude
defeats code correlation, as shown in ¯gure 7.
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Therefore in an upcoming paper will present a de-
terministic particle ¯lter solution based on adapted
signal receiving architecure to the aquisition stage.

Moreover, an e±cient particle solution to multi-
path problem was introduced in [17]. Merging of
both particle solutions: harsh conditions one pre-
sented here and multipath one presented in [17] is
the purpose of further work.
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