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Abstract: We focus on the filter in a method proposed recently, i.e., a method to improve the state estimation accuracy of mobile
robots placed near high-rise buildings using the GPS (global positioning system) signals. In this method, it was assumed that a
GPS signal that contains a reflected and diffracted wave is denoted by the sum of the true position information and noise that
follows a time-varying Gaussian distribution. On the basis of this assumption, the time-varying bias of a GPS signal is tracked
using a Kalman filter. In addition, a particle filter, which executes sampling and likelihood evaluation using the estimated bias,
was developed. With the proposed method, a GPS signal that contains the rejected noise introduced by the conventional method
can be used efficiently, and the state estimation accuracy of the robot in a shadow area of GPS satellite can be improved. In this
research, the control system for an autonomous mobile robot incorporating the proposed state estimation mechanism is evaluated
via different simulation condition from the previous work.
Keywords: GPS, mobile robot, Kalman filter, particle filter.

1 INTRODUCTION

2 PROBABILISTIC MODEL

Theoretically, if there are four or more GPS (global
positioning system)  satellites that can carry out signal
reception directly using an antenna, position measurement is
possible [1]; the positioning quality can be improved via
reception from more visible satellites [2]. In general, the GPS
satellite that can carry out signal reception directly is called
a visible satellite and other satellites are called invisible
satellites. Moreover, an area where a required number of
visible satellites are not available is called a shadow area.
The measurement error of position becomes significant
because shadow areas occur where many high-rise buildings
exist around a mobile robot which equips GPS antenna [1].
Recently, we proposed a method to improve the state
estimation accuracy of mobile robots placed near high-rise
buildings using the statistical property of the reflected and
diffracted waves of GPS signals [3]. First, it was assumed
that a GPS signal that contains reflected and diffracted waves
is represented by true position information and the sum of
the noise that follows a time-varying Gaussian distribution.
Based on this assumption, the time-varying bias of the
Gaussian distribution is estimated using a KF (Kalman filter),
and a PF (particle filter), which executes sampling and
likelihood evaluation using the estimated bias, are developed.
According to this state estimation mechanism, a GPS signal
was effectively used and the state estimation accuracy of a
robot in the shadow area was improved. Furthermore, the
control system of an autonomous mobile robot incorporating
the proposed state estimation method was developed, and its
effectiveness was evaluated via simulation. In this paper,
first, this method is explained, and then, is evaluated using
different conditions from the previous work.

2.1 Kinematic model
Let a front-wheel steering rear-wheel drive type four
wheel mobile robot be a controlled object in this paper. The
robot’s state variables are defined by the position and angle
in the inertial reference systemܱȂ ܻܺ
࢞   ሾݔ ݕ ߠ ሿ் ൌ ሾࢠ் ߠ ሿ் (1)
where ݇ ൌ Ͳǡ ͳǡ ʹǡ is discrete time, ࢠ்   ሾݔ ݕ ሿ்
is the center position of the robot based on the center the rear
wheel axle,ߠ is the angle between the robot’s direction of
movement and the ܺ axis, and ݈ is the length of the wheel
base. Next, the motion reference input is defined as ࢛ 
ሾݒ ߶ ሿ்  where ݒ denote the direction of movement
speed, which occurs because the driving wheel and ߶
denotes the steering angle of the front wheel, which makes a
positive counterclockwise rotation. The discrete time state
equation of the mobile robot can be expressed as follows [4]:
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where ߱  ሺݒ Ȁ݈ሻ  ߶ andȟis the sampling time.

2.2 Probabilistic discrete state space model
In an actual robot system, some noise may merge with
the control input under the influence of backlash/degradation
of the drive system or an uneven road surface, etc. Therefore,
we assume that the disturbance according to a normal
distribution merges with the command input and the control
input is modeled as follows:
ݒො ݒ   ߝ௩ ǡߝ௩ ࣨ ሺͲǡ ߙଵ ݒଶ  ߙଶ ߶ଶ ሻ
(3)
ଶ
ଶ

(4)
߶ ߶   ߝథ ǡߝథ ࣨ ሺͲǡ ߙଷ ݒ  ߙସ ߶ ሻ
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where ߙ ሺ݅ ൌ ͳǡʹǡ͵ǡͶሻ is a positive constant that
determines the characteristic of the noise. In the similar
manner, considering the disturbance added in the direction of
the robot by road surface unevenness etc., the transition of
the angle of direction is modeled as follows:
ߠାଵ ൌ ߠ  ൫ݓ
ෝ   ߝఊ ൯ȟǡ ߝఊ ࣨ ሺͲǡ ߙହ ݒଶ  ߙ ߶ଶ ሻ, (5)
where ݓ
ෝ   ሺݒො Τ݈ ሻ  ߶  and ߙ ሺ݆ ൌ ͷǡሻ is the
positive constant that determines the characteristic of the
noise. For simplification, the noises are described as ࢿ 
ሾߝ௩ ߝథ ߝఊ ሿ் denotes the state variables containing the
probabilistic elements.
From the above relations, Eq. (3) can be described as a
probabilistic discrete state model as follows:
௩ොೖ
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Fig. 1. State variable diagram with Kalman filter and
particle filter.
Gaussian distribution is added to the observed signal.
When the changes in the bias and variance of the noise in
the GPS signal are large, in order to continue driving a
control system stably, it is necessary to include the statistical
characteristics of the GPS signal in the shadow area in a state
estimator as prior knowledge. Then, in order to estimate the
bias of the GPS signal, first, a KF is employed. Next, the
state estimation of the robot is executed using the bias
estimated by the KF, and the PF incorporates the statistical
characteristics of the noise of the GPS signal as prior
knowledge. Then, the control input is calculated via PF using
the estimation.

(6)

ෝ  ሾݔො ݕො ߠ ሿ் denotes the state variables
where ࢞
containing the probabilistic element.
2.3 Observation model
The mobile robot observes the self-position ࢠୋୗ


ሾݔୋୗ ݕୋୗ ሿ் at each discrete time interval using the
provided GPS antenna as ࢠୋୗ
ൌ ࢠ  ࣈ , where

ࣨሺݎ ǡ ࢳ௦ ሻ 
ࣈ ̱ ൜
(7)
ࣨሺͲǡ ࢳ ሻ Ǥ
Thus, ࣈ is a noise vector according to the time-varying
normal distribution from which its bias and variance change
with respect to the environment around of the robot. Here,
the covariance matrices are ࢳ௦ ൌ ሾߪ௦ଶ ǡ ߪ௦ଶ ሿ and ࢳ ൌ
ሾߪଶ ǡ ߪଶ ሿ . In general, because the distribution in the
shadow area becomes larger than that of a direct wave, the
condition ሺࢳ ሻ ൏ ሺࢳ௦ ሻ is fulfilled.
Next, the measurement of direction is not included in a GPS
signal, and therefore, it is calculated from the robot’s
direction as follows:
௬ ృౌି௬ො

ߠୋୗ ൌ ିଵ ൬௫ೖృౌି௫ොೖషభ ൰  ݓିଵ ȟǤ
ೖ

ೖషభ

3.2 Bias estimation by Kalman filter
The output is represented as a system including the noise
following a Gaussian distribution as follows:
ࣁାଵ ൌ ࣁ
(10)
ࢠୋୗ
ൌ
ࣁ

࣓
(11)
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࣓ ̱ࣨ ሺǡ ࢳఠ ሻǡࢳఠ  ሾߪଶ ǡ ߪଶ ሿǡ
(13)
and ݒො௫ and ݒො௬ are velocities of the  - and  -axis
orientations, respectively, and ࢳఠ is a covariance matrix of
࣓ . A KF is applied to this system to remove the noise
according to a Gaussian distribution. Here, in order to take
into consideration the noise according to a larger distribution,
we set the variance as ߪଶ ൌ ߪ௦ଶ based on the above
assumption. The bias of a GPS signal the above KF as
ݎƸ ൌ ඥݔොଶ  ݕොଶ .
(14)

(8)

An observation vector consists of these observed values as
follows:
ෝ ሻ ൌ ࢟ୋୗ
ࢎሺ࢞
 ሾݔୋୗ ݕୋୗ ߠୋୗ ሿ் .
(9)


3 STATE ESTIMATION AND CONTROL
3.1 Control system including particle filter
The state variable diagram of the robot control system
developed in this research is shown in Fig. 1. This control
system is developed for the robot which passed through the
specified domain by controlling only the steering angle
under the speed regularity of the robot. In this control system,
the state transition of the robot is represented using a
nonlinear model and the noise according to the time-varying
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3.3 Sampling
The PF executes state estimation using a set of ܯ
ሺሻ
ሺሻ
ሺሻ
particles with weight ሼ࢞ ǡ ߨ ሽெ
the
ୀଵ . Here, ࢞
ሺሻ
position of the particles in the state space and ߨ  Ͳ
represents the weight of each particle. Subsequently,
sampling, which is one of the estimation procedures using
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the PF, is described in detail.
In this research, the proposal distribution for movement
of particles and distribution is designed as follows:
ሺሻ

ሺሻ

ሺሻ

ሺሻ

 ห࢞ିଵ൯ ൌ ൝
 ̱ ൫࢞
࢞

ሺሻ

 ห࢞ିଵ ൯
 ൫࢞

ሺͻͷΨ ሻǡ

ሺሻ ሺሻ
 ห࢞ିଵ ൯
 ൫࢞

ሺͷΨ ሻǤ

(15)

In this procedure, function  ሺήሻ executes sampling for
95% of the particle set in consideration of the particle
distribution, the previous input, and system noise. In constant,
5% of particles chosen at random are executed using
sampling according to the function  ሺήሻ as shown below:
ሺሻ

ሺሻ

ሺሻ

 ൫࢞ ห࢞ିଵ ൯ ൌ ࢌ൫࢞ୣୱ୲
ିଵ ǡ ࢛ିଵ ൯  ࡾట ࣋ሺݎƸ ሻ,

Fig. 2. Likelihood function of a measurement model.

(16)

where ࢞ୣୱ୲
ିଵ is the latest posteriori estimate,
࣋ሺݎƸ ሻ  ሾߩሺݎƸ ሻ Ͳሿ் , ߩሺݎƸ ሻ  ࣨ ሺݎƸ ǡ ߪଶ ሻ, (17)
 ߰ െ ߰
ࡾట  
൨, ߰  אሾെߨǡ ߨሿ, (18)
 ߰
 ߰
Moreover, the weight of particles sampled by  ሺήሻ is given
as follows:
ሺሻ

ߨ ൌ

ଵ
ெටଶగఙೞమ

 ቄെ

ଵ ఘሺƸ ೖሻమ
ଶ

ఙೞమ

ቅ.

likelihood evaluation as follow:
ሺሻ

୲ୟ୰ୣ୲

(19)

3.5 Resampling
Execution of resampling is dependent on the ESS
(effective sample size):
ଵ
 ܵܵܧൌ
.
(25)
ሺሻ మ
σಾ
ೖ ቁ
సభቀగ

 ܵܵܧൌ  ܯwhen the weight of all the particles is equal and
when the variety of weights is the largest,  ܵܵܧൌ ͳ. This
value is an indicator of the numger of particles currently
utilized effectively and it is introduced in order to control the
frequent ୲୦ is prepared and resampling is executed if the
obtained  ܵܵܧis less than ୲ܵܵܧ୦ . Resampling of ࢞ሺሻ
is

ሺሻ
carrried out by the probability of ߨ as follows:
ሺͳሻ
ሺଵሻ
݇

࢞
Ǥߨ
ሺሻ
࢞  ൞ ڭ
ǡሺ݅ሻ
(26)
ڭ
ሺܯሻ
ሺெሻ
݇

࢞
Ǥߨ
ሺሻ
Then the weights are normalized as ߨ ؔ ͳΤ ܯሺ݅ሻ,
where ̶ ؔ ̶ denotes substitution. When resampling is
not carried out, the following is executed:
ሺሻ
ሺሻ
ሺሻ
ሺሻ
࢞ ؔ 
࢞ , ߨ  ؔ ߨ

(27)
ሺሻ
ሺሻ
From these procedures, a new set of particles ሼ࢞ ǡ ߨ ሽெ
ୀଵ
is constructed. Then, the sampling is repreated with ݇ ؔ
݇  ͳ.

3.4 Likelihood evaluation
The likelihood function based on the GPS signal in the
area that receives the signals from a GPS satellite directly is
given as follow:
ሺሻ

ୢ୧୰ୣୡ୲ ቀ࢟ୋୗ
 ቚ࢞ ቁ
ௗమ
ଵ
ௗమ
ଵ
ௗమ
൜ ൬െ ೣమ൰   ൬െ మ൰ൠ 
 ൬െ ഇమ൰ (20)
ଶఙ್
ଶఙ್
ଶఙ್
ଷగఙ್మ
గఙమ
ሺሻ
ሺሻ
where ݀௫ ൌ ߜሺ ݅݇ݔെ   ݇ݔሻ , ݀௬ ൌ ߜሺ ݅݇ݕെ   ݇ݕሻ , ݀ఏ ൌ

ൌ

ሺሻ

ߜሺߠ െ ߠୋୗ ሻ , and ߜሺήሻ is the Dirac delta function.
Furthermore, the likelihood function based on the GPS signal
in the shadow area is given as follows:
݀ʹݕݔ
ͳ
ͳ
݀ʹߠ
ሺሻ
ୱ୦ୟୢ୭୵ ቀ࢟ୋୗ
(21)
 ቚ࢞ ቁ ൌ ͵ߨߪʹ  ቀെ ʹߪʹ ቁ  ߨߪʹ  ൬െ ʹߪʹ ൰ǡ
ݏ





ሺሻ
where ݀௫௬ ൌ หߜሺ ݅݇ݖെ   ݇ݖሻห െ ݎො ݇ . The observation model
of the PF is constructed by composition of these likelihood
functions as follows:
ଵ
ଵ
ሺሻ
ୋୗ ሺሻ
ୋୗ ሺሻ
 ൫࢟ୋୗ
(22)
 ห࢞ ൯ ൌ ଶ ୢ୧୰ୣୡ୲ ൫࢟ ห࢞ ൯  ଶ ୱ୦ୟୢ୭୵ ൫࢟ ห࢞ ൯Ǥ
The weight of particle is updated using this likelihood
function as follows:
ሺሻ

ሺሻ

4 SIMULATION
4.1 Conditions
A robot on the field is controlled to pass eight targets in
order. Here, when the robot’s estimated position reaches the
distance of 0.5 [m] from a target, the current target is
switched to the next target. The velocity was set constant as
ݒ ൌ ͳͲ [m/s]. Furthermore, each parameter peculiar to the
robot was defined as follows: length of wheel base is ݈ ൌ ͳ
[m], noise parameters of velocity ߙଵ ൌ ߙଷ ൌ ߙହ ൌ ͵ǤͲ,

ሺሻ

ߨ ߨ ן  ൫࢟ୋୗ
ሺ݅ሻ
(23)
 ห࢞ ൯
wher e a l l t he we ig ht s ar e no r ma l ize d so t hat
ሺሻ
σெ
  ൌ ͳ after updating.
ୀଵ ߨ
A posteriori estimation of the PF can be computed after
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୲ୟ୰ୣ୲

߶ כൌ ିଵ ൛൫ݕ
െ ݕୣୱ୲ ൯ൗ൫ݔ
െ ݔୣୱ୲ ൯ൟ , ߶ כǡ ߶ א
ሾͲǡʹߨሻ , ٓ denotes the smallest angular difference on a
circle, and ݇థ denotes the feedback gain.

First, the particles are sampled on the basis of the state values
estimated using the kinematic model according to the
Gaussian distribution ࣨ ሺݎƸ ǡ ߪଶ ሻ. Then, random rotational
coordinate transformations with radius ݎƸ are executed on
the particles. This is a contrivance to improve the accuracy
of state estimation, and which enables it to use the GPS
signal in the shadow area. The outline of these sampling
methods is shown in Fig. 2.

ݏ

ሺሻ

ெ
࢞ୣୱ୲
(24)
 ൌ σୀଵ ߨ ߜ൫࢞ ൯Ǥ
Furthermore, a control input is drawn using this posteriori
estimation as ߶ାଵ ൌ ݇థ ሺ߶߶ ٓ כ ሻ , where ݒ ൌ Ǥ,
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The trajectories of the robot depended on the conventional
methods and proposed methods one are shown in Fig. 3(a)
and (b), respectively. These results indicate that the state
estimation in the shadow area is accurate when the proposed
method is used and a suitable control is executed. In contrast,
owing to the accumulation of errors in the kinematics mode,
the robot deviated significantly from the target trajectory
when the conventional method was used. This is attributable
to the error of state estimation being amplified by the
feedback control.

5 CONCLUSION
We proposed a method to improve the state estimation
accuracy of mobile robots near the high-rise buildings using
the statistical property of reflected and diffracted waves of a
GPS signal. A novel state observer using the KF and PF was
constructed and installed into a feedback control system.
Furthermore, the effectiveness of the control system for the
autonomous mobile robot was shown via simulation.

(a) Proposed method
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(b) Conventional method
Fig. 3 Trajectories of the estimation, measurement,
and true state values on the third track using (a)
proposed method and (b) conventional method.
noise parameters of steering ߙଶ ൌ ߙସ ൌ ߙ ൌ ͲǤ͵, feedback
gain ݇థ ൌ ͲǤͺ, and the sampling period ȟ ൌ ͲǤͲͳ [s].
Each parameter of the noise in a GPS signal was defined
as follows: ߪଶ ൌ ͲǤͲͲʹͷ, ߪଶ ൌ ͲǤͲͳ. Furthermore, it was
assumed that the area of  ݔ൏ Ͳ, i.e., half of the field, was a
shadow area and the bias and variance of a Gaussian noise
added to the GPS signal in the area were given as follow:
ݎ ൌ Ͷ [m] (const.), ߪ௦ଶ ൌ ͲǤͳ. The number of particles of
the PF was  ܯൌ ͳͲͲͲ and ୲ܵܵܧ୦ ൌ ͷǤͲ. Furthermore, for
comparison with the proposed method, the simulation was
performed using the following composition of a general PF,
i.e., the sampling follows a system mode:
ሺሻ
ሺሻ ሺሻ
ሺሻ ሺሻ
 ̱ ൫࢞
 ห࢞ିଵ ൯ ൌ  ൫࢞
 ห࢞ିଵ ൯.
࢞
(28)
Moreover, only the likelihood function is used when the
direct detection of the GPS signal can be carried out, i.e.,
ሺሻ
 ሺ݅ሻ
 ൫࢟ୋୗ
(29)
 ห࢞ ൯ ൌ   ൫࢟݇ ห࢞݇ ൯.
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