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Abstract

Precise and robust positioning is essential for many applications, so-much so that the ubiquitous
Global Position System (GPS) may not be adequate, such as in the case of severe multipath. In
such situations, the navigation system can be improved by fusing extra sensors, such as inertial
measurement units (IMU), which has presented a synergy with the GPS and has experience a decrease
in it’s cost. There are two main obstacles to this approach, for one the inertial equations are highly
nonlinear, additionally the low-cost sensors present errors which tend to grow quickly and without
bounds. To overcome these difficulties, error estimation techniques were employed, in contrast to the
classical techniques. A loosely-coupled integration, relying on quaternion rotations of the computer-
frame was studied, leading to the implementation of various algorithms, based on the Extended
Kalman Filter (EKF) and the Unscented Kalman Filter (UKF), both with a simplified 10-state
version and an augmented 34 state version. Through a simulation environment, it was able to
conclude that the UKF was consistently more precise than the EKF. Moreover, the augmented
version of the UKF presented an even higher performance than it’s simpler counterpart, while the
same did not consistently occur with the EKF versions. Finally, the algorithms were tested in an
empirical environment, providing a proof of concept. The implemented system presented a higher
performance relative to the GPS and at a low cost increment. However, in situations of substantial
GPS errors, the system was unable to improve the estimation.

Keywords — Inertial Navigation System, Global Positioning System, Quaternion, Loosely-Coupled
Integration, Nonlinear filtering, Unscented Kalman Filter

1 Introduction

One of the biggest advancements in the field of
navigation was the invention of the Global Posi-
tioning System (GPS), the first functional form of
a Global Navigation Satellite System (GNSS). It’s
main advantage is that it’s errors are time-invariant,
however, it is not without it’s flaws. For one, the
GPS presents a relatively low throughput of typ-
ically 1Hz. Moreover, it’s accuracy is dependent
on external factors, since the GPS receiver requires
an unobstructed line-of-sight to at least four satel-
lites. These external factors include multipath, at-
mospheric effects and the geometry of the available
satellites [1].

To overcome these obstacles, it is common to
integrate this system with additional sensors, most
notably, with an Inertial Measurement Unit (IMU).
An IMU, when coupled with a microcontroller, is
able to compute a navigation solution, hence com-

prising an Inertial Navigation System (INS).

This system, presents a complementary nature
with the GPS in regards to it’s advantages and
disadvantages. Particularly, an INS is capable of
outputting navigation solutions at a relatively high
rate of typically 100Hz. Additionally, it’s a self-
contained system, meaning that is not effected by
external factors. It’s sole disadvantage is in the fact
that it’s errors grow without bounds as time passes.

The anti-symmetry between the GPS and INS
is what makes them a popular candidate for sensor
fusion. Yet, there another relevant argument for
the INS/GPS integration which is the reduction in
the cost of IMUs due to the development of Micro
Electro-Mechanical Systems (MEMS). As a result,
the lowest grades of IMUs can be integrated with
the GNSS at a negligible cost increment.

These low-cost IMU can accumulate errors in
the order of kilometers if left unattended for min-
utes [2, 3], meaning that a lot of care must be placed
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on the integration algorithm to mitigate the error
growth of the whole system.

1.1 Previous Work

Studies on this topic has been made since the
1970’s, with the derivation of the psi angle error
model. Yet, only decades later in the 2000s did this
model mature to the point were it can be used in
low-cost IMUs [4, 5]. Additionally, the performance
of a standard microcontroller has grown vastly over
the past years and the adoption of computer ef-
ficient ways of dealing with 3D rotations such as
quaternions have made possible the implementation
of advanced integration and filtering techniques,
which would otherwise be impossible in the past [6].

Examples of filtering techniques used today is
the Extended Kalman Filter (EKF) and the Un-
scented Kalman Filter (UKF), two different forms
of nonlinear Kalman filtering. It has been observed
that the UKF outperforms the EKF in most situa-
tions. Yet, there has been some dispute on whether
this improvement compensates the increase compu-
tation load that the UKF entails [7, 8]. Similar
discussion still stands on the effectiveness of aug-
menting the estimator states to encompass the IMU
sensor errors [9].

1.2 Contributions

This document focuses on the filtering techniques
yielded in low-cost INS/GPS integration. It’s ob-
jectives it to develop a modular and robust naviga-
tion system capable filtering out noise errors from
both the GPS and IMU sensors at a considerable
range of motion-dynamics.

To this end, various filters will are implemented
and compared in various test cases, as to conclude
on the best solution for the problem at hand.

1.3 Outline

This document is divided in six sections. Sections 1
and 2 provide an introduction to the topics at hand,
where section 2 goes into detail on the common in-
tegration techniques, including nonlinear filtering
approaches.

Sections 3 and 4, expresses the implementa-
tion of the navigation algorithms, detailing the INS
equations and the system error model.

Finally, section 5 validates the conceived system,
through tests in both a simulated and experimen-
tal environment, concluding on section 6 which sur-
mises the contributions of this document and pro-
vides some final remarks.

2 Integration Approach

The conceived INS/GPS integration revolves
around a Loosely Coupled approach, where both
a GNSS and INS solutions are computed prior to
the integration of the two systems.

This approach has various advantageous, most
notably, it’s a modular solution, since, existing GPS
units and IMUs can be used without modification.
Additionally, it provides redundancy, since in the
situation of a failure of the integration block, sep-
arate navigation solutions can still be supplied by
either the GPS or INS.

2.1 Indirect Kalman Filter

The various filtering techniques can be applied in
many ways and to different degrees of success. A
particular structure frequently employed in this ap-
plication is the Indirect Kalman Filter, illustrated
in figure 1.

IMU
INS

Kinematics
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+

+

GPS Unit
∑−+ Kalman

Filter

Measurement
Prediction

ũ x̂−

ẑ
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δx̂
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Figure 1: Implementation of the Indirect Kalman
Filter structure to the Loosely Coupled INS/GPS
Integration problem.

It can be observed that the INS solution is com-
puted by the INS Kinematics block and that the
GNSS solution is used to estimate the error of the
INS estimate, through the used of a Kalman Filter
block.

The advantage of this structure, it that the error
propagation model is more linear than the nominal
INS Kinematic equations. Moreover, the error dy-
namics model are of lower frequency [10, 11].

2.2 Filtering Techniques

For low-cost IMUs, no linear dynamics model ex-
ists, even employing an Indirect Filtering structure.
Consequently, nonlinear versions of the Kalman Fil-
ter are required, such as the EKF or UKF.

2.2.1 Extended Kalman Filter

The Extended Kalman Filter relies on the first or-
der Taylor expansion to approximate the nonlinear
model to a linear one, provided that the filter time
step is short enough for this approximation to be
valid.
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Various problems may arise from this implemen-
tation. There is no guarantee that the Jacobian
of the dynamics/observation model exist or even if
they present a finite value.

Algorithm 1 surmises the Extended Kalman Fil-
ter.

Algorithm 1 Extended Kalman Filter
Prediction Step
1: Evaluate State Transition Jacobian

Fk =

[
∂f(x)

∂x

]
x=x+

k−1

2: Propagate state vector

x−
k = f(x+

k−1)

3: Propagate covariance matrix

P−
k = FkP

+
k−1Fk +Qk

Filtering Step
1: Evaluate Observation Jacobian

Hk =

[
∂h(x)

∂x

]
x=x−

k

2: Evaluate Kalman gain

Kk = P−
k HT

k

(
HkP

−
k HT

k +RT
k

)−1

3: Update state vector

x+
k = x−

k +Kk

(
zk − h(x−

k )
)

4: Update covariance matrix

P+
k = (I−KkHk)P

−
k

2.2.2 Unscented Kalman Filter

The Unscented Kalman Filter aims to improve upon
the shortcomings of the Extended Kalman Filter by
applying Unscented Transforms (UT) instead of lin-
earising the models.

The UT acquires a number of samples from a
certain statistics and applies the nonlinear func-
tion to each point individually. From the resulting
points, the statistics of the output of the nonlinear
function can be deduced, most notably the mean
and the covariance. The input samples, referred to
as the sigma vectors X , can be defined as follows:

X (0) = x̄

X (i) = x̄ + (
√
n+ κ)rowi

(√
P
)

i = 1, · · · , n

X (i) = x̄− (
√
n+ κ)rowi

(√
P
)

i = n+ 1, · · · , 2n
(1)

where the input statistics x of length n is described
by the mean x̄ and covariance P. Additionally, κ
is a scaling parameter and the rowi() row function
returns the ith row of the input matrix.

√
P can be

computed by the Cholesky decomposition.
Each sigma vector can be individually propa-

gated through,

Y(i) = f(X (i)) i = 0, · · · , 2n (2)

From the propagated sigma vectors, the output can

be described has having the following statistics:

ȳ ≈
2L∑
i=0

WiY(i)

Pyy ≈
2L∑
i=0

Wi

(
Y(i) − ȳ

)(
Y(i) − ȳ

)T (3)

Algorithm 2 Unscented Kalman Filter
A Posteriori Sampling Step
1: Factorize a posteriori state covariance matrix

P+
k−1 =

√
P+

k−1

√
P+

k−1

T

2: Evaluate a posteriori sigma vectors[
X (0)+

k−1 · · · X (2n)+
k−1

]
=
[
x+
k−1 ±

√
n+ κ

√
P+

k−1

]
Prediction Step
1: Propagate a posteriori sigma vectors

X (i)−
k = f

(
X (i)+

k−1

)
, i = 0, · · · , 2n

2: Propagate state vector

x−
k =

2n∑
i=0

WiX (i)−
k

3: Propagate covariance matrix

P−
k =

2n∑
i=0

Wi

(
X (i)−

k − x−
k

)(
X (i)−

k − x−
k

)T
+Qk

A Priori Sampling Step
1: Factorize a priori state covariance matrix

P−
k =

√
P−

k

√
P−

k

T

2: Evaluate a priori sigma vectors[
X (0)−

k · · · X (2n)−
k

]
=
[
x−
k ±

√
n+ κ

√
P−

k

]
Filtering Step
1: Predict measurement

Z(i)−
k = h

(
X (i)−

k

)
z−k =

2n∑
i=0

WiZ(i)−
k

2: Evaluate Kalman gain

Pzz =

2n∑
i=0

Wi

(
Z(i)−

k − zk

)(
Z(i)−

k − zk

)T
+Rk

Pxz =

2n∑
i=0

Wi

(
X (i)−

k − xk

)(
Z(i)−

k − zk

)T
Kk = PxzP

−1
zz

3: Update state vector

x+
k = x−

k +Kk

(
zk − z−k

)
4: Update covariance matrix

P+
k = P−

k −KkPzzK
T
k

where the weight can be calculated as follows,

W0 =
κ

n+ κ

Wi =
1

2(n+ κ)
i = 1, · · · , 2n

(4)

This transform can be directly used has the pre-
diction step of the kalman filter. The same can be
applied to the filtering step if the observation model
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is nonlinear. Algorithm 2 surmises the Unscented
Kalman Filter.

3 INS Kinematics

The aim of this block is to translate the IMU mea-
surements into a position solution as quickly as pos-
sible, in order to keep up with the relatively high
IMU output frequencies.

In the ECEF coordinate system, denoted by the
e superscript, the INS kinematic equations are the
following [12],

ṙe = ve

v̇e = ge(re)− 2Ωe
iev

e + C(qeb)f
b

q̇eb =
1

2

(
Ω̄b~
ib −Ωe~

ie

)
qeb

(5)

where g() is a gravitational field model, such as
the Somigliana model [13]. Ω is the skew symmetric
matrix representation of [ω×],

Ω =

 0 −ωz ωy
ωz 0 −ωx
−ωy ωx 0

 (6)

Hence, Ωe
ie is a constant that can be calculated

from the earth rotation rate. Additionally, Ω~ and
Ω̄~ are also related to angular rate ω by,

Ω~ =

[
0 −ωT
ω [ω×]

]
; Ω̄~ =

[
0 −ωT
ω −[ω×]

]
(7)

For this implementation, the attitude of the user
vehicle is described by the quaternion,

qeb =
[
q0 q1 q2 q3

]T
(8)

which relates the user body-frame to the ECEF
frame. This quaternion can be converted into a
direction cosine matrix, through the following ex-
pression [14],

Ce
b = C(qeb) =

q20 + q21 − q22 − q23
2q3q0 + 2q1q2
2q1q3 − 2q2q0

2q1q2 − 2q3q0 2q1q3 + 2q2q0
q20 − q21 + q22 − q23 2q2q3 − 2q1q0

2q2q3 + 2q1q0 q20 − q21 − q22 + q23

 (9)

4 Error Propagation Model

The state vector selected is the following,

x =


δr
δv
qcb
δxa
δxg

 (10)

in which c denotes the computer frame, which
describes the erroneous frame computed by the INS.
The error variables are given by,

δr = r− r̂

δv = v − v̂

δxa = xa − x̂a

δxg = xg − x̂g

(11)

where xa and xg correspond to the calibration
parameters of the accelerometer and gyroscope clus-
ters respectively,

xa =

ba
sfa
ma

 ; xg =

bg
sfg
mg

 (12)

where b is the sensor bias, sf is the sensor scale-
factor and m is the sensor axis misalignment. In
total, the state vector has a size of 34.

4.1 Dynamics Model

The dynamics model is given by the following equa-
tion [6, 2, 1],

ẋ(t) = fc(x, t) + Gc(t)uc(t) (13)

where,

fc(x, t) =


δv

∂g
∂r δr − 2Ωieδv + Ce

b(I − Cb
c)f

b + Ce
bCb

cFvaδxa

B(I − Cb
c)ω

c
ic − BFqgδxg

0
0


(14)

The sensor transition matrices Fva and Fqg are
given by [2],

Fva =

1 0 0 fx 0 0
0 1 0 0 fy 0
0 0 1 0 0 fz

−fy fz 0 0 0 0
0 0 fx −fz 0 0
0 0 0 0 −fx fy

 (15)

Fva =

1 0 0 ωx 0 0
0 1 0 0 ωy 0
0 0 1 0 0 ωz

−ωy ωz 0 0 0 0
0 0 ωx −ωz 0 0
0 0 0 0 −ωx ωy

 (16)

Additionally,
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Gc(t) =


03×3 03×3 03×12 03×12

Ce
bC

b
c 03×3 03×12 03×12

04×3 −B 04×12 04×12

012×3 012×3 I12×12 012×12

012×3 012×3 012×12 I12×12

 (17)

and B is related to qcb =
[
q0 q1 q2 q3

]T
,

B =
1

2


−q1 −q2 −q3
q0 −q3 q2
q3 q0 −q1
−q2 q1 q0

 (18)

Finally, the local gravitational field derivative
can stated as,

∂g

∂r

∣∣∣∣
r̂

=
−GM
R5

R2 − 3r̂2x −3r̂xr̂y −3r̂xr̂z
−3r̂xr̂y R2 − 3r̂2y −3r̂y r̂z
−3r̂xr̂z −3r̂y r̂z R2 − 3r̂2z


−ΩieΩie

(19)

The discrete form of this dynamics model is
given by,

xk+1 = fd(xk) + wk (20)

where,
fd(xk) = xk +4tfc(xk, tk) (21)

and wk can be approximated as being white Gaus-
sian noise of covariance,

Qk ≈ Gc(tk)QcG
T
c (tk)4t (22)

The continuous dynamics covariance is given by,

Qc =


Qνa 03×3 03×12 03×12

03×3 Qνg 03×12 03×12

012×3 012×3 Qωa
012×12

012×3 012×3 012×12 Qωg

 (23)

where the Qνa , Qνg , Qωa
and Qωg

matrices are the
covariances of each process noise component, given
by,

Qνa =

σ2
νa,x 0 0
0 σ2

νa,y 0
0 0 σ2

νa,z



Qωa
=


σ2
ωa,0 0 · · · 0
0 σ2

ωa,1
...

. . .

0 σ2
ωa,11


Qνg =

σ2
νg,x 0 0

0 σ2
νg,y 0

0 0 σ2
νg,z



Qωg
=


σ2
ωg,0 0 · · · 0

0 σ2
ωg,1

...
. . .

0 σ2
ωg,11



(24)

4.2 Observation Model

For a loosely coupled integration, the navigation
system must rely only on the position and velocity
output of the GPS for the filtering step. Since we
are estimating the errors of the INS/GPS solution,
the KF measurements are of the form:

z =

[
rGPS − rINS
vGPS − vINS

]
=

[
δr̃
δṽ

]
(25)

As a result, the observation model will be a lin-
ear system,

zk =

[
I3×3 03×3 03×4 03×12 03×12

03×3 I3×3 03×4 03×12 03×12

]
xk + vk

(26)

This model assumes that the GPS antenna is
placed closely enough to the IMU. If this isn’t the
case, lever-arm compensation techniques must be
applied. The vk is white noise, with covariance,

Rk =

[
QrGPS

03×3

03×3 QvGPS

]
(27)

where the QrGPS
and QvGPS

matrices are the co-
variances of each GPS measurement, given by,

QrGPS
=

σ2
rGPS,x

0 0

0 σ2
rGPS,y

0

0 0 σ2
rGPS,z


QvGPS

=

σ2
vGPS,x

0 0

0 σ2
vGPS,y

0

0 0 σ2
vGPS,z


(28)

5 Evaluation

To validate the conceived navigation system, two
different methodologies were applied. First the sys-
tem is tested under a simulated environment and
finally an experimental environment.

To benchmark the performance of the Kalman
Filter, 3 additional systems were implemented,
based on a non-augmented 10 state model and/or
an EKF system. In total, 4 systems were tested:

• 10 state EKF;
• 10 state UKF;
• 34 state augmented EKF;
• 34 state augmented UKF, which is the sug-

gested system;
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5.1 Simulation Test Cases

Only two trajectory cases will be studied, a rela-
tively slow uniform circular trajectory on a hori-
zontal plane and a high-dynamic trajectory, which
tries to emulate the take-off of an aircraft.

In both simulated cases, the GPS and IMU mea-
surement noise behavior are described by table 1.

Table 1: Simulated instrument noise.

Instrument Standard Deviation Unit

GPS Position 10 m
GPS Velocity 0.1 m/s
Accelerometer 1× 10−2 m/s2

Gyroscope 5× 10−5 rad/s

Additionally, deterministic calibration errors
were also implemented for the IMU, which are as
presented in table 2.

Table 2: Simulated IMU calibration error.

Instrument Error Value Unit

Bias 0.1 m/s2

Accelerometer Scale Factor 1 %
Misalignment 1 %

Bias 0.1 rad/s
Gyroscope Scale Factor 6 %

Misalignment 2 %

5.1.1 Case 1 - 2D Circular Motion

It can be observed that, in spite of the low-quality
IMUs, the estimation has improved over the GPS
only solution. A more precise comparison of the rel-
ative performance can be observed in table 3, where
the Root Mean Square Error (RMSE) is presented.

Figure 2: Algorithm comparison for case 1.

As expected, the UKF performed better than
the EKF and the augmented versions of these fil-
ters outperformed their simpler counterparts. It

should also be noted that the improvement from
the augmented EKF in relation to the basic EKF is
barely noticeable (0.5%), whereas on the UKF the
improvement from the augmented states is consid-
erable (12.2%).

Table 3: RMSE of each implementation for 100
Monte Carlo iterations for test case 1.

Algorithm Pos RMSE [m] Improvement2 [%]

Actual GPS1 5.64842 -
Theoretical GPS1 5.47723 -

EKF 4.84217 11.6
AEKF 4.81594 12.1
UKF 4.44444 18.9

AUKF 3.77275 31.1

1 The theoretical GPS refers to extending the normally 1Hz
GPS solution to the IMU frequency (100Hz), whereas the ac-
tual GPS compares the true path with the last available GPS
solution. The latter value would increase at higher-speed mo-
tions, making it a inappropriate baseline, hence the need for
the use of the former parameter.
2 Relative to the theoretical GPS solution.

It is also important to check the robustness of
each implementation against a situation of GPS
outage. To this end, a GPS outage is implemented
in the interval [30; 35]s, which is at about a third
of the curve. The results of this modification are
presented on figure 3. It can be observed that each
filter starts to accumulate high amounts of error due
to the IMU noise and calibration errors.

Figure 3: Behavior of algorithm in the presence of
a 5s GPS outage for simulation case 1.

Of the four filters, only the AUKF can be said
to still produce practical results, by deviating from
the true path by around 5m, while all the other
solutions gain at least 20m of error, which is con-
sistent with the expected performance of low-grade
IMU only solution. The higher performance of the
AUKF is due to the fact that it can estimate the
IMU sensors more accurately than the AEKF. Af-
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ter the outage, all filters converge back to their pre-
outage behavior.

5.1.2 Case 2 - 3D Hybrid Motion

The results of the algorithms during one run are
represented in figure 4, where it can be observed
that the effectiveness of the EKF is questionable.

Figure 4: Algorithm comparison for case 2.

Table 4: RMSE of each implementation for 100
Monte Carlo iterations for test case 2.

Algorithm Pos RMSE [m] Improvement1 [%]

Actual GPS 6.11155 -
Theoretical GPS 5.47723 -

EKF 5.43946 0.7
AEKF 5.53496 -1.1
UKF 4.78879 12.6

AUKF 4.74571 13.4

1 Relative to the theoretical GPS solution.

According to table 4, it can be stated that the
EKF performed poorly, providing an improvement
of less than 1% in it’s basic form and hampering
the systems performance in the augmented case, al-
though both still show a considerable improvement
relative to the actual GPS.

The UKF on the other hand shows an improve-
ment of at least 10% in both variations, demonstrat-
ing robustness in relation to the user motion. The

augmented version presented an increase of 0.8% in
the improvement, which can be considered negligi-
ble.

As in test case 1, a GPS outage can be emulated
for this trajectory. In this situation, the outage dur-
ing the interval [160; 165]s, which is at the start of
the high-dynamic section of the trajectory (sections
H-I). Because of the high speeds of the motions, the
estimated paths deviate highly from the true path,
with up to 50m of error accumulated. As occurred
in case 1, the AUKF presented the best results, in-
dicating that at least part of the sensor errors were
correctly estimated.

Figure 5: Behavior of algorithm in the presence of
a 5s GPS outage for simulation case 2.

5.2 Experimental Test Case

For the experimental tests, the following equipment
was used,

• Sparkfun’s 6 DOF IMU Digital Combo
Board [15, 16]

• u-blox’s EVU-6T [17]
• Teensy 3.5 Development Board [18]

The implementation of the navigation system is
presented in figure 6, where a Raspberry Pi 3B (dis-
played on the left side) is being used as a Host PC.
This will receive the measurements from the GPS
unit and Teensy microcontroller through two differ-
ent RS-232 serial ports.

The Teensy microcontroller is used to interface
with the IMU Digital Combo, which uses an I2C
communication protocol.

The algorithms were tested with the pedestrian
trajectory illustrated in figure 7. This path is char-
acterized by sections with a clear view of sky and
sections traveled very close to buildings, specially
during the last phase of path. As a result, it is
expected that received GPS signals will degrade,
resulting in an inaccurate GPS solution.
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Figure 6: Implementation of experimental measure-
ment system.

The initial position of this trajectory has the
following coordinates:{

φ = 38.75973oN

λ = 9.22823oW
(29)

Figure 7: Algorithm comparison for experimental
trajectory.

The filtered solutions present largely similar be-
haviors. Even so, the AUKF seem to give a slightly
more accurate solution. During the initial stages,
the GPS measurements are noisy, but the filters are
able to correctly estimate the actual motion at this
phase and through most of the trajectory.

6 Conclusions

A INS/GPS integration algorithm was achieved by
using a close-looped indirect estimation approach,
based on the evolution of the error values rather
than the estimate itself. This included a formula-
tion of an INS error propagation model, based on
the established psi-angle error model. This model
was able to be augmented to provide IMU calibra-
tion errors, particularly, accelerometer and gyro-
scope bias, scale-factor and misalignment.

Two sets of filters where implemented in the ar-
chitecture, the EKF and the UKF. Both versions
where benchmarked through a simulation frame-
work, wherein the IMU and GPS measurements
could be emulated in two paths: a slow and uni-
form 2-D circular motion, and a high-dynamics 3-D
motion, similar to that of an aircraft take-off. From
these simulations, it was concluded that the UKF
outperformed the EKF by up to 15%.

The augmented versions of these algorithms
demonstrated inconsistent improvement in relation
to theirs simpler version, to be more precise, the
improvement from the augmented EKF was neg-
ligible and in some cases it even jeopardized the
navigation system; the augmented UKF always re-
sulted in a increase in accuracy, but the degree of
this improvement showed to be dependent on the
user motion, with improvements from 1% to 12%.
As a result, unless the user motion is known before
hand and filter is tuned accordingly to that motion,
a navigation system would be better off relying on
a basic 10 state UKF, which would come at a sig-
nificantly lower computational load.

The implemented algorithms were finally put to
the test in an empirical environment, where the rel-
ative performance of each filter was confirmed. It
should be noted that in the experiments, situations
of large errors for the GPS were also experienced in
the implemented systems, which may be due to the
low-quality of the IMU sensors.
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