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Accurate Kinematic-Parameters Estimation
Using IMU and GPS Sensors Fusion

S. Paul and T. K. Maiti, Member, IEEE

Abstract—In this work, we developed a kinematic
parameters estimator (KPE) using Global Positioning
System (GPS) and Inertial Measurement Unit (IMU)
sensors embedded with a microcontroller. A Kalman
filter is implemented in KPE to fuse IMU and GPS
information. The filter estimates the short-range and
long-rage positions simultaneously with the
combination of the GPS data and IMU orientation
information. We considered Kalman filter for sensor
fusion which provides accurate position estimation
despite of noise and drift. We have also performed
the field trials to demonstrate the usability of the
developed KPE. Evaluation of proposed solution
through experiments in indoor and outdoor
environments, demonstrating the position accuracy
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|. Introduction

NE of the essential constrain in a robot system is the

estimating accurate kinematics parameters such as
position, velocity, and acceleration in physical environments
to control robot movements [1]-[5]. Numerous sensor devices
such as GPS, camera, LiDAR (Light Detection and Ranging),
IMU etc., were considered for position detection within
accuracy less than a centimeter [6]-[17]. However, they all
have certain limitations, for example, sensors like cameras and
LiDAR cannot function appropriately in dark, dust, or foggy
environments [11], [13]. In these scenarios, IMUs (Inertial
Measurement Units) are used which consists an accelerometer,
a gyroscope, and a magnetometer [8], [9], [12]. IMU is
independent of the surroundings, used to detect the local
position where accuracy less than a meter is not sufficient or
needs the accuracy within few centimeters. Hellmers et. al.,
reported an indoor positioning system that uses an IMU and
magneto-inductive tracking technique to estimate the robot's
position using a Kalman filter to achieve an accuracy of 0.44m
in a 100m trajectory [18]. Poulose et. al., developed an indoor
position estimation algorithm in smartphone embedded with
IMU sensor which estimates the robot position with an
accuracy of 0.25m in a 40m trajectory [19]. Yao et al.,
proposed an integrated IMU and ultra-wideband (UWB)
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sensor-based indoor positioning system. They implemented a
particle filter algorithm to estimate the robot position with an
accuracy of 0.2m in a 50m trajectory [20]. Liu et al., also
developed an indoor localization system using smartphone
inertial sensors [21]. They achieved an accuracy of 1.26m in a
150m trajectory which is more accurate than reported results
in [18], [19], [20]. Accelerometers measure linear
acceleration, gyroscopes measure angular velocity, and
magnetometers measure the magnetic field. Combining these
measurements makes estimating a moving robot kinematics
parameters such as position, velocity, and orientation possible
[1][22].

GPS also gives a reasonable position estimation which is
used in the scenarios where accuracy with in a meter is
sufficient. It has certain drawbacks for ground robot
localization such as requires a clear sky to function correctly
and not a reliable option in case of indoor use [15]-[17].
Elsheikh et al., proposed an integrated global navigation
satellite system (GNSS) precise point positioning and reduced
inertial sensor system for lane-level car navigation [15]. They
used a tightly coupled integration method to combine the
GNSS and inertial sensor measurements to an accuracy of
0.2m in a 500m trajectory. Abd Rabbou and El-Rabbany
investigated the tightly coupled integration of GPS precise
point positioning and MEMS-based inertial systems to an
accuracy of 1.68m in a 20km trajectory [17]. Fastellini et al.
demonstrate that integrating GNSS with IMU enhances
positioning accuracy, crucial for precise road surveying as
required by Italian law [28]. Ku et al., develops a motion
capture system combining Differential Global Positioning
Systems (DGPS) and MEMS IMUs for sub-millimetre
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accuracy in animal locomotion studies [29], [30]. Zhang et al.,
propose a novel framework combining GPS/IMU data with
vehicular-to-everything (V2X) networks to improve vehicular
positioning accuracy in weak GPS signal conditions [31]. In
another work, Zhang et al. use Variational Mode
Decomposition—Improved Wavelet Denoising (VMD-IWD)
and Temporal Dynamic Attention Neural Network (TDANN)
to maintain inertial sensor-based systems (INS) /GPS
navigation accuracy during GPS outages [32]. Zhang et al.,
also present a GNSS/IMU/Camera integrated system for
comprehensive positioning in various scenarios [33].
Recently, Park et al., use the Iterative Closest Point (ICP)
algorithm to align GPS and IMU data, improving indoor
positioning accuracy for applications like factory navigation
[34].

Most of the research group reported their work on only the
position estimation [6]-[17]. Very few research group reported
their results are either on velocity or acceleration estimations
[1]-[5], [22] which are necessary for the accurate control of
robot movements. This paper presents an accurate estimation
of all three kinematics parameters such as position, velocity,
and acceleration. In this paper, we present the implementation
of a Kinematic Parameters Estimator (KPE) designed to
integrate data from IMU and Global Positioning System
(GPS) sensors using a Kalman filter for position estimation in
GPS-denied environments. We have conducted experimental
validations to assess the advantages and limitations of GPS-
based global positioning and IMU-based local positioning
systems. By fusing data from GPS and IMU sensors, our
system addresses the challenges associated with each
individual method. It effectively manages GPS outages and
reduces errors inherent in IMU measurements, thereby
providing a stable and highly accurate position in global
coordinates (latitude and longitude). The system operates
efficiently in real-time and ensures precise location detection
when GPS signals are unavailable or compromised, such as in
underpasses, tunnels, urban canyons, underground
environments, and dense forests. The system's performance
has been verified through multiple field trials and
demonstrations. During these trials, we achieved centimeter-
level accuracy for short-range positioning in the local frame
and meter-level accuracy for long-range positioning in global
coordinates.

The rest of the paper organized as follows: a kinematic-
parameter estimators is developed using an IMU and GPS
sensor fusion which is described in Section [I. A Kalman filter
is implemented in the estimator to fuse IMU and GPS
measurements. The filter estimates the position by combining
the GPS reading and the orientation information from the
IMU. The implementation technique is described in Section
[II.  We considered Kalman filter for sensor fusion which
provides accurate estimation despite noise and drift. The
results of the field trials have been evaluated and discussed in
Section [V. Evaluation of proposed solution through
experiments in indoor and outdoor environments,
demonstrating accuracy and reliability. Several key insights
and comparisons with previous works have been drawn and
discussed.

[I. KINEMATIC PARAMETER ESTIMATOR

To build the kinematic parameter estimator (KPE), we used
BNOO055 IMU and MTK3339 on Chip (SoC) GPS sensors,
embedded with an ATmega328 microcontroller [23]-[25]. The
BNOO055 IMU is a 9-DOF (degree-of-freedom) sensor,
acceleration ranges +2g/+4g/+8g/+16g, outputs the quaternion,
Euler angles, linear acceleration; operates between - 40°C to
85°C. MTK3339 on chip (SoC) GPS system has position
accuracy of 1.8m, velocity accuracy of 0.1 m/s, and operating
temperature ranges from -40°C to 85°C. The ATmega328 is a
low-power, low-cost, high-performance AVR® RISC-based
microcontroller integrated with 32KB Flash memory, 1KB
EEPROM, 2KB SRAM, 23-GPIO (general-purpose
input/output), serial programmable USART, SPI serial port, 6-
channel 10-bit A/D converter, etc., and operates between 1.8V
to 5.5V. The architectural flow diagram for interfacing
BNOO055 and MTK3339 with the ATmega328 microcontroller
is shown in the Fig. 1. The BNOO055 IMU measures
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AVR® RISC, 32KB Flash memory, 1KB
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Fig. 1. The architectural flow diagram of the system, interfacing
MTK3339 on Chip (SoC) GPS and BNOO055 IMU sensors with the
ATmega328 microcontroller, also IMU and GPS sensors data flow
process through Madgwik and Kalman filter are schematically
illustrated.

determines location and speed through satellite signals. The
raw GPS and IMU data, i.e., latitude, longitude, altitude, pitch,
yaw, roll, absolute north acceleration, absolute east
acceleration, absolute up acceleration, velocity north, velocity
east, velocity down, velocity error, altitude error are sent over
the serial port from microcontroller.

We performed a series of experiments to validate our
current localization system. At first, we started with distance
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measurements using only IMU sensor within accuracy few
centimeters in range and gives incorrect results in
measurements of long distances. We found reasons for this
inaccuracy: the acceleration values, obtained from IMU are
highly sensitive, oriented along the axis of IMU, and not with
a global axis or earth frame. To overcome this problem, we
used angular velocity to find the orientation of the IMU which
consists of build in accelerometers and gyro sensors [23].
These sensors work together to provide accurate
measurements of an object's movement. Accelerometer
measures acceleration ax, ay, and a, in the x, y, and z
directions, respectively as depicted in Fig. 2. Figure 3 shows
angular velocity wx, wy, and w, around the x, y, and z axes,
respectively obtained from gyroscope. One of the advantages
of using an IMU is that it provides accurate measurements of
an object's movement without requiring external references,
such as GPS or landmarks. This makes it worthwhile when

Acceleration [m/s?]
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Time [s]

Fig. 2. Measured acceleration data a., ay, and a, along the x, y, and
z, axis, respectively. The magnitude of a, is higher than the ax and a,
due to the effect of gravitational force on IMU sensor.
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Fig. 3. Measured gyro-sensor data wy, wy, and w,. Here wy, wy, and
w, are angular velocity along the x, y, and z, axis, respectively. Both
acceleration components (shown in Fig. 2) and angular velocity
components are fed to Kalman filter via Madgwik algorithm for
accurate short-range position detection.
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Fig. 4. Long-range outdoor position measured with GPS sensor
(MTK3339 SoC) and mapped in Google Earth. Position accuracy
within a meter is acceptable for outdoor application.

or indoors. GPS receivers provides accurate location
information within a few meters, making it useful for
navigation and mapping as illustrated in Fig. 4 with Google
Earth map.

[ll. IMU AND GPS SENSORS FUSION

The GPS and IMU data obtained from the micro controller,
processed using Kalman filter [5], [18], [26]. We considered
the Kalman filter to fuse IMU and GPS data and measure the
accurate position. This process helps to generate a detailed and
accurate mapping of the path traveled by the object locally as
well as globally. To implement the Kalman filter for sensor
fusion in KPE, we used the following approach (1).

Pitch,Yaw,Roll

a, a,

[0)

“)Xa a)y; z

(M

Accelerometer} a,
MU —»
GerSCOpe aNORTH 4 aEAST ’ aDOWN

The equation 1 is the overview of the process of getting the
earth frame acceleration from accelerometer and gyroscope
data. This method has implemented in several steps. First, we
obtained the acceleration components (ax, ay, @,), and angular
velocity components (@x, @y, @,) in all three directions x, y,
and z, respectively, and then fed it to an AHRS (Attitude and
Heading Reference Systems) algorithm. We used the
Madgwik filter [27] as AHRS, which gives the quaternion as
output. The quaternion is a mathematical construct
representing rotations and orientations in three-dimensional
space which has a four-component number system that
extends the properties of complex numbers to three
dimensions. We expressed quaternion as qo, ¢i, g2, ¢3 as
presented in (2).

AHRS .
- Quaternion
a,a,, a, Madgwik T
%
o O O, Quaternion (4-41-02045) @)
update

The Madgwik AHRS uses the following equations to find the
quaternion gqo, qi, ¢q2, and ¢3. The initial orientation is
calibrated with assumptions,
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T
2'(q1'q3_q0'q2)
and v={2-(q,-q,+¢,-9;)| (3)
X 1-2-(q; +43)

Here gesti-1 is the estimated g at time #-1. By using (3), the

qest,tfl =

1 T
0
0

error in angular velocity, @eror 1S calibrated using
accelerometer reading as,

a)errar = I:ax ay aZ ] x v (4)

a) = I:a)x a)y a)Z] = a)measured + a)L’}"V{H‘ (5)

Then we found the angular velocity w; at time ¢ as w; = [wx @y
w,]. Change in quaternion value with At change in time is
given by,

. 1 .
qm,l = E . qesl,tfl ® a)l (6)
Therefore, we obtained the value of new quaternion as,
9o = éest,t—l + qw,t At (7

Using the quaternion values of (7), we get end up with rotation
matrix (8), implemented in kinematic parameter estimator
(KPE),

1-2(q; +47)

R= 2(q1 4, +QO'q3)

2(49-%9) 2(49.+44)
1-2(¢7+a3)  2(¢2-a:-40-0,)| ®
20 -99) 2(9%-9+a-9) 1-2(q +q)
We used the rotation matrix to find the earth frame

acceleration, i.e., acceleration in north (anorth), €ast (agasr),
and down (apown).

ANorTH a,
Appst |=RX|a, )
Apown a,

We convert the acceleration data to the earth frame (North,
East, Down) coordinate system using this orientation which is
depicted in Fig. 5. A significant change with respect to the
measured acceleration data (see Fig. 2) is highlighted with
dotted circle (green) where the anorth, @past, and apown
values represent along the earth global.

We used a first order low-pass (LF) Butterworth filter to
overcome the sensitivity issue of accelerometers. The
frequency response of an n" order LF Butterworth filter is
given as,

H(f)= .

1+e*(f/1)"

Here n, f, f;, and ¢ are the order of the filter, operating
frequency (pass-band frequency), cut-off frequency, and
maximum pass-band gain at Am, = 1 respectively. These
modifications successfully reduced the initial limitations to an
extent which results the accuracy to a few meters of distance,
is also not wildly fluctuating in a short time. Further
experimentation and analysis show that long-term drift of the
gyroscope creates the incorrect orientation value as output.
This phenomenon results from the earth's rotation along its
axis. To overcome this drift problem, we implemented a first
order Butterworth high pass filter (HF). The frequency
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Fig. 5. Earth frame acceleration in north (anortH), €ast (aeast), and
down (apown) are obtained using Madgwik AHRS. Significant variation
with respect to the measured data (shown in Fig. 2) is highlighted.
These acceleration values represent along the earth global direction
and irrespective of the KPE axis.

response of the filter is given by,

4,(f11)
1+(f/ 1)

Here Am, f, and fi are the maximum pass-band gain (4m, = 1),
operating frequency (pass-band frequency), and cut-off
frequency, respectively. The HF and LF help reduce the drift
and sensitivity problem of IMU and stabilize the
measurements but cannot provide any global position. It
measures the distance from its starting position and not from
any globally indexed position. However, it does not give any
absolute position of the KPE, always have to know about the
initial position of the KPE. Although these results are obvious,
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H(f)= (11)
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Fig.6. Compare the velocity components v, vy, and v, along x, y, and
z directions, respectively with and without high-pass filter (HF). We
observed that the slope of velocity components decreases for the use
of HF which indicates the reduction of long-term drift effect in IMU
Sensor responses.
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Fig. 7. Comparisons of position components x, y, and z with and
without high-pass filter (HF). Long-term drift effect have been reduced
with use of HF which is clearly shown in the dotted lines.

conducting these initial experiments creates a basic
understanding of IMU and its parameters affecting the
accuracy of measurements. We developed the orientation
detection process through these experiments, reducing the
long-term drift and sensitivity issues for distance
measurements. Figures 6 and 7 shows different output profiles
of velocity and position, respectively of the KPE. Figure 6
compare the velocity components vy, vy, and v, with and
without HF. It shows that the slope of vy, vy, and v, decreases
with HF which indicates the reduction of long-term drift effect
in KPE. Figure 7 illustrates the position components x, y, and
z variation with respect to the time with and without HF. We
observed that the long-term drift effect has been reduced with
use of HF which is clearly presented with dotted lines. In Figs.
6 and 7 the values at t=0 is not zero, which may look like zero-
drift error. However, prior to commencing the measurements,
we calibrated the sensor to eliminate any potential zero-drift.
The results in Figures 6 and 7 present a 20s sample of the data.
The values observed at t=0 reflect the initial velocity and
position at the onset of the experiment, rather than any zero-
drift error. Thus, the observed behaviour in the graphs is a
representation of the initial conditions and the high-pass
filtering process, and not an artifact of zero-drift.

Using the earth frame acceleration, we performed the course
correction of the location whenever there is a loss of GPS
signal. When the GPS signal is available KPE update the
actual location, however when there is no GPS signal the KPE
impose the Kalman filter prediction algorithm as describe in

(12),
_ % + 2 xa
Vv O 1 v PreviousState Al

Here p represents the position, and velocity is defined as v.
The Earth frame acceleration is denoted as a. Here the
previous state is basically the previous known position and
velocity. At is the time difference. IMU and GPS fused
coordinates are depicted with dot (green) symbols in Fig. 8.

(12)

o : 1 00

Fig. 8. IMU and GPS fused coordinates are depicted with dot (green)
symbols. Solid line (light blue) indicates the estimated path obtained
from KPE.
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Fig. 9. Comparison of measured GPS data (depicted earlier in Fig. 4)
and estimated path obtained using KPE. The yellow square box
highlighted that the missing of few red points measured from GPS
which results inaccurate response of GPS for indoor navigation. This
inaccuracy is solved with the help of fused IMU and GPS responses.

Solid line (light blue) indicates the estimated path obtained
from KPE. In the Fig. 9 we observed that the path formed by
GPS measured data and our proposed GPS IMU integrated
system data remain same in the outdoor environment as there
is no GPS outrageous. Whereas when we enter into the indoor
environment the GPS sensor losses its ability to connect to the
satellite due to thick wall. Hence, we observed a discontinuity
in the GPS measured data. In this scenario the IMU sensor
takes the control, we have seen that the output of our proposed
algorithm closely follows the actual path of travel through the
indoor environment. In the indoor environment when the GPS
signal is not available it gives the error values which is around
20m deviated from the actual position whereas the fusion
algorithm gives the output value with less than 1 m error.

IV. EVALUATION OF KINEMATIC PARAMETERS ESTIMATOR

For global position, we used a GPS sensor which gives the
KPE longitude, latitude and altitude after connecting with the
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of the indoor environment we noticed some sudden jump in Precise Point Positioning (PPP) . 0.2m
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GPS signal in indoor area is because GPS signals work by ) outdoor

line-of-sight communication, meaning that the receiver needs
to have a direct view of the GPS satellites in the sky to receive
accurate position information. When obstacles block the direct
path between the GPS receiver and the satellites, the signal
can be reflected, refracted, or absorbed by the obstacles,
leading to signal degradation or loss.

Conversely, within an indoor environment, IMU sensors
exhibit good accuracy in determining relative position,
specifically distance traveled on a two-dimensional plane. We
conducted several experimental tests to determine the average
error in our calculations. We traced an approximately
rectangular path and, through comparison, evaluated the
accuracy. Figure 10 illustrates experimental data acquired
solely from the IMU sensor, compared to a ground truth
reference path. However, this functionality is limited to short
ranges, typically within a few meters. Additionally, IMU
sensors are not suited for absolute coordinate determination
(e.g., mapping with GPS readings). Notably, the drift and
sensor noise introduce significant errors during long-range
distance measurements. Therefore, IMUs alone are incapable
of establishing a device's global position and are not
recommended for long-distance applications.

We fused the GPS and IMU sensors for position estimation

to mitigate these challenges. This results an accurate position
from GPS when it is connected to the satellite, and IMU
assists the positioning system during GPS signal attenuation.
Once the GPS signal got restored, it does the course correction
for the position determined by the IMU. In this way, the
system handled the GPS outages and also reduce the error
associated with the IMU measurements. This gives a stable
and highly accurate position in the form of the global
coordinate (latitude, longitude). Validating experimental data
in GPS-denied environments presents a significant challenge,
as none of the devices used in our study were capable of
recording actual ground truth data under such conditions. This
limitation renders direct comparison between experimental
results and ground truth data infeasible. To address this, we
manually established ground truth values in specific scenarios.
For instance, we selected a straight road with an underpass,
measuring over 500m in total length, with the underpass itself
extending approximately 160m. Despite the lack of GPS
signals within the underpass, our device demonstrated a high
accuracy in approximating the path when compared to the
manually established ground truth. The device achieves an
error of less than 1 meter. In our visual representations in Fig.
11, the ground truth path is indicated by a blue line, and the
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underpass area is highlighted in red. The comparison in
position accuracy of existing literatures with our proposed
method is summarized in Table I. It shows that the research
results published for individual sort-range or long-range
solution. However, our proposed method demonstrates that the
KPE can be used for the both case with higher accuracy.

V. CONCLUSIONS

In this study, we developed a kinematic parameters
estimator (KPE) for both indoor and outdoor positioning by
integrating data from IMU and GPS sensors using a Kalman
filter. This fusion enables accurate short-range and long-range
position estimation. Experimental validations in various
environments have demonstrated the effectiveness of the
proposed KPE. Our system effectively addresses the
challenges posed by individual positioning methods. By fusing
GPS and IMU data, it mitigates the impact of GPS outages
and reduces the errors inherent in IMU measurements,
ensuring stable and highly accurate positioning in global
coordinates (latitude and longitude). The KPE operates
efficiently in real-time and maintains precise location
detection even in GPS-denied environments such as
underpasses, tunnels, urban canyons, underground settings,
and dense forests.

Specifically, we achieved a short-range position accuracy of
approximately 0.04m using only the IMU. For indoor
environments, GPS alone provided an accuracy of around
20m, while the KPE achieved an accuracy of less than 1m in
both indoor and outdoor settings. These results highlight that
while GPS delivers highly accurate location information in
outdoor environments, its performance significantly degrades
indoors due to signal attenuation and reflection. In contrast,
the IMU's contribution becomes critical in indoor
environments, providing essential data for the KPE's position
and orientation estimates when GPS signals are unreliable.
The performance of the KPE has been rigorously verified
through multiple field trials, demonstrating centimeter-level
accuracy for short-range positioning in the local frame and
meter-level accuracy for long-range positioning in global
coordinates. This robust performance highlights the potential
of the KPE to enhance positioning accuracy in diverse and
challenging environments.
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