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Outdoor position estimation based on
a combination system of GPS-INS by using UPF
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Abstract: This paper proposes a technique that global positioning system (GPS) combines inertial navigation system (INS) by
using unscented particle filter (UPF) to estimate the exact outdoor position. This system can make up for the weak point on
position estimation by the merits of GPS and INS. In general, extended Kalman filter (EKF) has been widely used in order
to combine GPS with INS. However, UPF can get the position more accurately and correctly than EKF when it is applied to
real-system included non-linear, irregular distribution errors. In this paper, the accuracy of UPF is proved through the simu-
lation experiment, using the virtual-data needed for the test.
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The position estimation of the moving objects is
of great interest to be studied, especially for global
positioning system(GPS) and inertial navigation sys-
tem (INS), a lot of researches are in progress ' .

INS is navigation system that assumes position,
posture and the direction by calculating according to
the initial location and direction of the acceleration
of the fuselage with inertial measurement unit
(IMU)"™. IMU consists of inertial sensors gyro-
scope, accelerometer, etc, and it can provide small
and accurate information with the development of
micro electro mechanical systems (MEMS). Espe-
cially, it has been used in aviation and marine
fields. IMU can provide precise location informa-
tion during short time. However, if it is used for a
long time, due to errors and disturbances, the final
estimated value is very different from the original
value. To compensate for this kind of absolute val-
ue, the sensor fusion is used”*' . GPS is used mainly
outdoors. which can provide accurate and absolute
position based on satellite radio navigation system.

Extended Kalman filter (EKF) is mainly used to
amalgamate both INS and GPS data. EKF transfers
nonlinear system to linear system by using Taylor se-
ries expansion. Therefore, there is disadvantage
that according to change of time, tolerance can be
greater. To solve these limitations, unscented Kal-
man filter (UKF) or Hybrid type filter, toting both
particle filter (PF) and other filters”®', are used.

This paper introduces unscented particle filter
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(UPF), which consists of particle filter and UKF
for combination of INS and GPS, into outdoor loca-
tion estimation system.

The paper is organized as follows: Section 1 in-
troduces INS; Section 2 describes the characteristics
of various probability-based filters; Section 3 gives
the simulation experiments to verify the validity of
UPF; and finally, a conclusion is drawn.

1 INS
1.1 Strapdown INS (SDINS)

SDINS is the system in which inertial sensors are
directly attached to an antibody. Here, sensor’ s
output angular velocity and acceleration value are
expressed as variations on body frame.

So, the process changing measurement value to
navigation frame is needed® . First, measured an-
gular velocity is cumulative to estimate position.
transformation matrix is calculated to change from
body frame to navigation frame, which transfers
the measured value from body frame’s acceleration
to navigation frame. Then, gravity included in ac-
celeration is removed and a value is got. By accumu-
lating acceleration to the initial values of velocity,
current speed and position can be obtained.

Fig. 1 shows strapdown inertial navigation algo-
rithm. What primarily used in strapdown system for
coordinate transformation are direction cosine, Eul-
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er angle and a way of quaternions. Comparison of

method is shown in Table 1.

features, advantages and disadvantages of each
Rate;igyr;)lsscope — f Orientation
gn Initial Initial
velocity position
{ ¥ )
Project
Accelerometer accelerations
signals — onto Correct for — f f
navigation gravity Navigation Velocity Position
axes acceleration
Fig.1 Strapdown inertial navigation algorithm
Table 1 Pros and cons of the various coordinate transformation method
Coordinate .
. advantages disadvantages
transformation

- Calculated with minimum parameters ( roll,

pitch, yaw)
+Easy to understand physically

Euler Angles

+Nonlinear differential equations

*Singularity problem of trigonometric functions
may occur

- Rotation sequence is important

. . +Singularity does not exist
Direction Co- & y

+ Transformation matrix can be calculated di-

*There is burden for the amount of computation
because of having 9 kinds of differential

sines .
rectly equations
+Calculatin is relatively simple since it is done . .
by 4 linear diferential cquations *Difficult to understand physically
Quaternions y aed * An initial value must be obtained using Euler

phenomenon can be avoided

+ Singularity does not exist, so Gimbal-Lock

angles

This paper is oriented for fast and accurate sys-
tem. Thus, 3-D position of the antibody is deter-
mined using the quaternion method.

1.2 Aided inertial navigation

Aided INS amalgamated sensor with the absolute

value in order to overcome the shortcomings that
cumulate errors of the inertial sensor to get the val-
ue of the position by INS™' . Fig.2 shows a block di-
agram of aided SDINS which corrects position and
location using information obtained from the iner-
tial sensors and GPS™*" .
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Fig.2 Block diagram of aided inertial navigation

A formula is updated from position equation ex-
pressed in quaternion attitude (g ) using the infor-
mation obtained from angular rate (% ) gyroscope.
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The attitude expressed with quaternion can obtain

transformation matrix by converting antibodies in
the coordinate system to coordinate navigation

Rb —
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8p = p — p is defined with the difference obtained
the position (p) that is cumulative acceleration of
navigation coordinate twice and the position ( p)
that is got from GPS. Measured value (m”) from
the geomagnetic sensor is changed using transforma-
tion matrix to navigation coordinate values (m"=
R!m"). By doing so, the value of the Earth’s mag-
netic field is measured. The difference between the
actual Earth’s magnetic field (m") and the calculat-
ed value of the Earth’s magnetic field is defined as

n" = m" — m". State-space equation of the proba-
bility-based filter which is as the measure of dp  and
om" is designed as follows. Then, the attitude error
(p) and the position error (dp") are estimated. Us-
ing error information, corrected information is ob-
tained by updating the position and location*’. At
this point, k is defined as the estimated value of k,
and k is as k.

ox, = flz(axk )+ o,
oy, = hk(é\xlz> t+ v, (3)

where f, is state wave function (system equation),
h, is measurement equation (measurement Eq. ), @
is the system error, v, is the measurement error and
0y 1s the measured value.

State which is used in esuimation filter shown
Fig. 2 has respective 3-D position error (dp), the
speed error (dv), the attitude error (6p), and the
acceleration sensor and the gyro sensor bias errors
(6b,.,0b,,,) as random variables. The variables
have a total of 15 dimensions as dox =
[op" ov' op' ob.' ObL,]. At this point, Ok
= k — k is defined, and each element of random
variable is defined as

-p=la y =]",
v, 1",

EI)JT, (4)

where — ey and ¢ are tilt errors; — ¢p is heading er-
ror.

—v=[v, v

_PE[EN €L

2 Probability based filters

Various fields have tried actively to solve the
problem about the estimation of the state variables
for dynamic systems. Of them, methods based on
stochastic constitute probability space consisting of
state variables. Using system’s dynamic characteris-
tics and measurement, when the initial probability
density (p(x,)), the state transition density (p(x, |
X)), and likelihood in the measurement model
(p(yelx,)) are given, the optimal current state val-
ue which is based on input and measures, and essen-
tially posterior probabilities (p(x; | yo.x) or p(xg |

Yo:x )) are estimated. This method is generally based
on Bayesian estimation. In the field of localization,
EKF, which is the extended one of Kalman filter,
UKF and the particle filter are notably being st-
udied”’. Filters are applied differently depending
on how to define the system model and the charac-
teristics of the noise distribution. Table 2 summari-
zes the characteristics of typical filters.

In the case of KF, it can be only used for linear
systems, and it leads the result that many fields can
not apply to using it. For this reason, EKF was de-
veloped right after KF had been developed. EKEF is
the probability-based filter which is largely used in
various fields. For every estimation, the nonlinear
system is estimated as the value of the state, and de-
velops Taylor series for linearization'"" . This meth-
od has an advantage that it is fast and simply. On
the other hand, it is a disadvantage that the error
may become bigger when nonlinear is severe or the
noise strays from the normal distribution a lot.
Thus, the proposed method is UKF. The filter, like
EKF, can be used in nonlinear and models having
normal distribution noise. However, unlike EKF
which linearizes, UKF generates expected value of
sample points (sigma points) by calculating disper-
sion. It is the method that obtains more correct

state of the expected value and dispersion' >’

Table 2 Mean of the error of attitude and position

Noise

T Filter System Model Distribution
KF Linear Normal Distribution
EKF Nonlinear Normal Distribution
UPF Nonlinear Normal Distribution
PF Nonlinear Irregular Distribution

Fig. 3(a) is got by actual mean and variance
through passing all sampling points to f, nonlinear
system. Fig. 3(b) is got by unscented transform
(UT) of UKF, and Fig.3(c) predicts the following
conditions and variance through EKF’s linearization
method.

As you can see in Fig.3, UPF than EKF in non-
linear systems can predict the next state more accu-
rately.

Therefore, UKF is more suitable than EKF in
nonlinear systems* . However, the UKF also as-
sumes that the errors follow a normal distribution,
and thus there are some differences from the actual
system model. PF repeatedly performs the Monte
Carlo integration, unlike the other filters to mini-
mize non-linear system assumption, irregular distri-
bution of the error model takes advantage of high
accuracy can be estimation. For outdoor mobile ro-
bot, because of environmental factors, disturbance
and tolerance, using PF increases the accuracy. PF
algorithm, as shown in Fig. 3, using the state transi-
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tion function, can predict the following state and
the weight, and using measurement value, particle
weight update and normalize is the weighted effec-
tive bias reduction in the number of particles to pre-
vent the re-sampling of particles will be seq-
uenced '’

Actual(sampling) uT Linearized (EKF)

Covariance g% .

*  Sigma
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Fig.3 Estimation comparison of UKF and EKF

At this point in the EKF or UKF prediction step
of the way, the more accurate the next state and the
weight of the particle can be predicted” " . In this
paper, using UPF, combining PF and UKF, more
precise positioning estimation can be got.

3 Experiment

This paper compares performance according to
the kind of filter for system estimating outdoor loca-
tion using UPF. To compare performance of filter,
driving information of arbitrary circle path is gener-
ated. The generated driving information (posture,
position) are compared. To prove excellence of
UPF, comparison is made in case applying no filter,
applying EKF and UPK, respectirely. Particle num-
ber of UPF is experimented by setting 250.

4
3
2
1
0 1
1 : = real trajectory
1 = = : Non filtering
2l o GPS
\‘ » = s« EKF
3 ~, = UPF
-10 -5 0 5

Fig.4 Estimated position (particle number =250)

Fig.4 is the estimated position of antibodies. The

actual path starts at (0,0) —3 m straight to the
right 2 m radius semicircle path rotation =6 m
straight =—2 m radius semicircle path rotation —3
m straight(Initial position). Non filtering is in case
if do not apply, and GPS is local information got
from GPS.

To quantitatively compare performance of each
filter, appear average value of posture error and lo-
cal error are got through 10 times experiment. Ta-
ble 3 shows posture error and local error.

Table 3 Mean of the error of attitude and position

Filter Attitude error Position error
Non filtering 0.001 7 4.1527

EKF 0.001 5 0.2299

UPF 0.002 9 0.196 1

4 Conclusion

EKF is the quick and simple method to estimate
indoor local error by combining GPS and INS,
which has been used recently and will be used for a
long time and be verified. But it is difficulty to use
in non-linear system. To apply model in close actual
system, another method is needed. The UPF is kind
of PF, being non-linear and using the model similar
to the actual system. And it is the filters that has
more enhanced estimation accuracy by using method
of UPF. The usefulness of UPF is proved through
experiments. From now, leave fusion methods that
be used in real time position estimation through
combining various filters more quickly estimated as
a next project.
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