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1. INTRODUCTION

Over the last decade, significant progress has been made in aerial robotic vehicles and related
technologies, leading to a wide range of potential applications such as emergency response, traffic monitoring,
power cable inspection, package delivery, etc. [1]. Quadrotor design and technology have been able to achieve
high dynamic maneuverability due to its compact size, simple mechanical system, vertical takeoff/landing
capability [2][3], and autonomous landing [1]. Currently, almost all UAVs are equipped with global positioning
system (GPS) receivers in order to accurately provide their absolute location. Several factors contribute to the
UAV's positioning performance, in terms of its displacement, for example, satellite clock/orbit bias, thermal
noise at the receiver, and atmospheric delay. In addition, GPS signals are sensitive to interference and fraud and
may be unreliable in congested environments [4].

A navigation system is needed in a UAV to estimate orientation and track its position. Navigation
systems generally exploit data from a magneto inertial measurement unit (MIMU) formed by a three-axis
gyroscope, three-axis magnetometer, and three-axis accelerometer. On the other hand, for low-cost systems,
inertial sensors based on micro-electro-mechanical (MEMS) systems have been widely used. However, low-cost
systems with MEMS sensors have the potential to have greater errors in reporting the orientation of the UAV
due to increased noise and sensor drift [5][6].

Single sensor-based navigation systems find it difficult to provide robust, accurate, and seamless
solutions, due to their limitations. For example, the Inertial Navigation System (INS) is a relative positioning
technology and only provides an accurate solution for a limited time, because inertial sensor error and integration
error will cause the solution to deviate. Therefore, other sources of absolute positioning data are needed, such as
Global Navigation Satellite System (GNSS); however, although accurate in open sky environments, they suffer
from signal blockage and multipath in urban areas and other challenging environments [7].

Data fusion via Kalman filters has become a classic approach to dealing with noisy and perturbed
measurements. This filtering method primarily combines measurements of different sensors with a dynamic
model of the state to be estimated to achieve greater accuracy than would be obtained using standalone sensors.
In this case, the Kalman filter integrates data from the gyroscope and accelerometer with the balance between
the two sensors used. The Kalman filter algorithm runs in two steps: the first step is the prediction of the state
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vector associated with the propagation through the system dynamics model. Then, the second step is the
measurement of the data obtained by the sensor to improve predictions to achieve optimal estimation values.
Corrections are made by weighting the predicted values according to the measured values and associated
uncertainties [8] by setting the measurement noise covariance (R) to imply the weight between the measurement
update and the system prediction.

Previous studies reported that orientation can be obtained precisely from accelerometer and
magnetometer data when both sensors are static. However, in dynamic conditions, orientation predictions can be
made more precisely by using gyroscope sensor data [9][10][11]. To create a robust navigation system, data
fusion based on Kalman filters is performed to estimate the orientation of the accelerometer, magnetometer and
gyroscope sensors. The filter will improve orientation by giving higher weight to the data from the accelerometer
and magnetometer sensors when the quadrotor is in static conditions to improve accuracy [10][12].

Acceleration data from GPS sensors can be combined to estimate quadrotor position by integrating data
from INS (inertial navigation system) and GPS through Kalman filters. INS data is used for prediction purposes,
while GPS data is for measurement. In previous studies, by setting the measured noise covariance, the Kalman
filter combines data from the accelerometer and GPS sensors where available, otherwise using data only from
the accelerometer sensor.

This paper provides accurate tracking of the quadrotor's trajectory during maneuvers. This research
focuses on the cross-configuration quadrotor, where this configuration can provide higher torque to increase
maneuverability. This research develops a quadrotor orientation determination and translation method. Two
processes based on the Kalman filter are carried out on the system, first determining the orientation using the
Kalman filter and then secondly determining the translation using another Kalman filter [10]. This research
combines the two processes to increase robustness and accuracy.

2. RESEARCH METHOD

This paper proposes data fusion based on Kalman filter to estimate the orientation and displacement of
the quadrotor. This method is accomplished by integrating the accelerometer, gyroscope, magnetometer, and
GPS sensor without rebuilding the entire filter structure. The basic formulation is described as follows:

The state vector is predicted from the state dynamic equation can be written as a linear equation as
formula (1).

xp = Axy TByy )
where X is the state vector consisting of the quadrotor’s orientation w and three-dimensions displacement » as
x=[w A7 )

The subscript k denotes the k-th epoch, the subscript — denotes the state vector estimate after the state
propagation. The symbol o depicts the orientation that contains roll (¢), pitch (8), and yaw () angles and their
angular rates as follow.

w=[p ¢ 6 6 y yl 3)
Meanwhile r shows the three-dimensional displacement in x-axis (x), y-axis (y), and z-axis (z) and
followed by their velocity and acceleration,

r=[x y z X y z x y Z (4)
The A is the system propagation model and B is the matrix contains coefficients of the input terms. They
are respectively a combined model of 4,,; and A4,,,,s, B, and B,,,. from Ref [1] as follows,

A,; O

A :[ ori 6X9 ] 5
09x6 Atrans ( )
B, 0

B=|: ori 6X%3 ] 6
09><3 Btrans ( )

where 0, is the i-row and j-column zero matrix.

Then, v is the system input provided by the INS. This contains angular rates taken from gyroscope and
the acceleration obtained from accelerometer,

v=l¢ b ¥ % y A ™
where ¢, 8, i are the angular velocities of roll, pitch, and yaw obtained from the gyroscope sensor respectively.

Meanwhile, X, , and Z are the acceleration on navigation frame. These three values are obtained by using the
following equation.

y=kR|4|-a 8)
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where #, 4, and Z are the acceleration on the body frame for the x, y, and z axes obtained from the accelerometer,
and g is the acceleration due to gravity. Then, ¥R is a rotation matrix that converts values in sensor frames to
navigation frames. This matrix takes the attitude from the previous era and is formulated as follows,
COriCWis SPr1SOki Cr1-CPr1SWiks  CPii1SOk1 CWis +SPisSWis
FR= [C Or15¥k1 SP1SOk1SYr1+CPrrCW¥rs CPxsSOksSWir-SPi1 Wi | (9)
-5 0k; SPi1€Okg CPr1 €Oy

where ¢ (ang) = cos (ang) and s (ang) = sin (ang).

The predicted state error covariance matrix can be represented by the matrix in equation (10).

P = AP A"+Q (10)
where Q is the process noise covariance constructed by the combination of 9 and Q_ from Ref [1].
Q,. Yo

ori 11
Q |:06X9 t}ans ( )
The Kalman gain can be expressed as equation (12),

_ _ -1
Ki =P H' (HPH'+R) (12)

The H is the observation matrix and the R is the measurement noise covariance. They respectively combine the

models /. and /, .. R .and R in Ref [1] as follows,
09
A=y 2 13)
6x3 trans
R, 03x3]
— ori 14
R [03X3 Rtrans ( )

The Kalman gain matrix is used to correct predictions with the appropriate amount, as in equation (15).

xi= X+ Ky (G- Hxy) (15)
The g is the measurement given by the calculation results of current orientation ¢, and displacement 7, as
follows.

=4, &I (16)
Orientation contains the attitude and angle of the heading. The attitude angle consists of roll (¢) and pitch (6)
angles which are calculated from the acceleration taken from the accelerometer.

Z=l¢ 0 vl (17)
It is known that the roll and pitch angles are calculated by equations (18) and (19) [2].
— -1 4
4= tan” () (18)
_ -1 i
0=tan («/#TZ’) (19)

where £, 14, and Z are the acceleration in the x, y, and z axes read by the accelerometer in the sensor frame,
respectively. Meanwhile, the heading angle is yaw (w) which is calculated from the geomagnetic field using
equation (20) [1].

y=tan (5)- ¢ (20)

X

where ( is the magnetic declination and “m; is the component of the earth's magnetic field in an x-y navigation

frame. The final value is obtained from the earth's magnetic field which is read by the magnetometer #; (in the
sensor frame) which has been rotated on the x and y axes using the following equation.

m; = Ry(0). Ry(¢).m;

cosd sm 0
0 H cos¢ -s1n¢l

-sin @ cos 6. sing cos¢

= 0 cos ¢ -sing |m; (21)
-sinf singcosd cos¢cosb
The quadrotor displacement consists of the x-axis (north-south), y-axis (east-west), and z-axis (down-

up) in the navigation frame, which can be expressed as,
Z=x vy 7 (22)

[cos 0 s1n¢ sinf cos¢siné


http://avitec.itda.ac.id/

130 Lasmadi, et. al.: Data Fusion for Displacement Estimation....

The displacement distance of the quadrotor can be found by calculating the displacement from the origin. This
distance can be calculated by determining the difference in degrees of latitude and longitude obtained from the
GPS. If the earth is assumed to be spherical, the difference in latitude Ax can be calculated using the following

equation.
Ax = 2TrAe (23)

360
where 7~ is the radius of the earth = 6,371 kilometer, « is the degree of latitude, and A« is different degrees of
latitude. Then, the difference in longitude Ay can be expressed using the following equation.

Ay = ZHZM cosa (24)

where £ is the degree of latitude and Ap is different degrees of longitude. The current displacement can be
calculated as follows,

Xp = Xp41 T Ax
Vi = Yis1 + Ay (25)

The altitude data from sea level 7 is directly obtained from GPS data.
The final step of the Kalman filter algorithm is to update the state error covariance using the following
equation (26).

P = - KeH)P; (26)
This algorithm works according to the flowchart shown in Figure 1.
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Figure 1. Flowchart diagram of system

As shown in Figure 1, the Kalman filter combines data from the accelerometer, gyroscope,
magnetometer, and GPS. Fusing data by Kalman filters is made to estimate the orientation of the accelerometer,
gyroscope, and magnetometer sensors. The orientation of the quadrotor is calculated using data from the
accelerometer and magnetometer when both sensors are static to obtain accurate data. In dynamic conditions,
orientation is predicted more precisely using gyroscope sensor data. Detect static or dynamic conditions using
the acceleration-covariance threshold method. Further discussion of this method can be seen in reference [10].
To get higher accuracy, the filter corrects the orientation by giving higher weight to the accelerometer and
magnetometer sensor data when the quadrotor is in static condition.

Then the quadrotor displacement is done by combining data of accelerometer and GPS. At this stage,
the acceleration that has been converted into a navigation frame is used as prediction data, and the displacement
value calculated from the location data obtained from the GPS sensor is used as correction data. Since data from
GPS is available only once per second, data fusion gives heavy weight to GPS data when there is new data from



Aviation Electronics, Information Technology, Telecommunications, Electricals, Controls (AVITEC) 131

Vol. 5, No. 2, August 2023

the GPS sensor, whereas the prediction state from acceleration data fills quadrotor displacement when GPS data

is not available.
3. RESULT AND DISCUSSION

Each sensor has a maximum sampling frequency as shown in Table 1. The acceleration sensor uses a
sampling frequency of 202.1 Hz, while the GPS uses a sampling frequency of 1 Hz. With this significant
difference, there will be several conditions where the data from the GPS sensor cannot be used correctly to

determine the UAV's movement.

Table 1. Sampling-frequency for each sensor

Sensor

Sampling-frequency

Accelerometer
Gyroscope
Magnetometer
GPS

202,1 Hz
50,8 Hz
50,8 Hz
1Hz

When the UAV maneuvers quickly and causes large changes in acceleration, the displacement data can
no longer be correctly corrected by the location data from the GPS. Fault detection of GPS signals has also been
investigated in [10]. To illustrate the performance of the proposed algorithm, the quadrotor is programmed to fly
from t = 1.1 seconds with a speed of 6 km/hour. The results of this test can be seen in Figure 2.
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Figure 2. Sensor data

The quadrotor pitch angle is set to -10° at t = 1.1 s for 0.1 s to produce forward torque. The change is
marked by a change in acceleration and angular velocity as shown in Figure 1. The attitude angle obtained from
the Kalman filter output can be seen in Figure 3.

Attitude
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Figure 3. Attitude angle data

The attitude angle is entered into the rotation matrix according to equation (9). Then, by multiplying it
with the acceleration data according to equation (8), the resulting acceleration in the navigation frame is obtained.


http://avitec.itda.ac.id/

132 Lasmadi, et. al.: Data Fusion for Displacement Estimation....

Thus, a short torque causes a sudden change in acceleration as well as a change in speed and displacement as
shown in Figure 4. In this graph, all values are in the navigation frame.
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Figure 4. Velocity and displacement data of quadrotor

In Figure 4, it can be seen that the short torque causes an eastward acceleration. Note that in the
navigation frame, the x, y, and z axes indicate north, east, and down (NED) directions, respectively. This
acceleration causes a speed of 0.24 m/s so that at t = 2 s, the quadrotor experiences a displacement of 0.2 m to
the east. There is GPS data every second. At t = 2 s, the location data from the GPS is used to correct
displacement. Based on GPS data, the quadrotor's current displacement is 1 m. This correction has led to an
increase in the displacement graph as shown in Figure 4.

Acceleration inaccuracies cause velocity and displacement errors. This can be explained as follows. As
mentioned earlier, in dynamic conditions, the Kalman filter uses data from the gyroscope to determine
orientation. Because the gyroscope's sample frequency is lower than that of the accelerometer, this orientation
angle is subject to error. This causes an error in the estimation of angles by the Kalman filter so that the rotation
matrix in equation (9) does not correctly convert each acceleration component on the sensor frame (&, ¢, Z) to a
navigation frame (%,,Z). Therefore, the acceleration on the navigation frame does not reflect the actual
conditions. By using data fusion, displacement errors can be corrected every second with GPS data using Kalman
filters. The first correction occurs at t = 2 seconds. At t = 3 seconds, displacement is corrected again with data
from GPS. At that time the velocity value was also corrected to 1.5 m/s and displacement to 2.8 m.

To illustrate the performance of the proposed algorithm, the quadrotor flies following a rectangular
trajectory as shown in Figure 5 with a speed of 6 km/h in 80 seconds. The Quadrotor flies at 96° for 30 meters
for t = 0 - 18 seconds. This flight also changed the yaw angle from 96° to 6°. After that, the quadrotor flies in
the direction of 6° for 30 meters for t = 19 - 37 seconds while changing the yaw angle from 6° to 231° then flies
towards 231° for 30 meters for t = 38 - 54 seconds while changing the yaw angle from 231° to 186°. Furthermore,
the last flight to 186 degrees was not followed by a change in yaw angle. Figure 5 shows data from the
accelerometer, gyroscope, magnetometer, and GPS. Acceleration, angular velocity, and magnetic field data are
in the sensor frame while the displacement data from GPS is in the global frame. Meanwhile, the estimation of
acceleration, velocity, and displacement of the quadrotor can be obtained from the output of the Kalman filter as
shown in Figure 6.
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From comparing the displacement graphs in Figures 6 and 7, it can be shown that by applying data
fusion using the Kalman filter, we can obtain a more precise quadrotor displacement. Using only the
accelerometer, the displacement of the quadrotor cannot be precise, but the displacement graph has a high
resolution because the accelerometer sampling frequency is quite high. While from the GPS data, the quadrotor
displacement can be precise, the displacement graph is not high resolution because the sampling frequency is
only 1 Hz. By implementing data fusion using a Kalman filter, we can get quite precise displacement data with
a high enough resolution. In this case, predictive data from the accelerometer can be entered at points where GPS

data is not available.

The results of previous research [10][13], the use of INS and GPS data fusion makes the UAV
displacement more precise. However, in this study, by using two Kalman filters to estimate orientation and
displacement at the same time, displacement estimation and correction can be performed in one integrated step.
The application of Kalman filters also allows further correction algorithms to be made easily [14][15].
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Figure 7. Graphs for quadrotor acceleration, velocity and displacement

4. CONCLUSIONS

In this paper, we propose data fusion to estimate the orientation and displacement of quadrotor UAVs

based on Kalman filter. Displacement estimates can be provided by combining data from MIMU and GPS
sensors. Accelerometers are capable of providing high-speed data, while GPS sensors can provide high-precision
data. Data fusion based on the Kalman filter combines data from both sensors so that acceleration data is filled
at points where GPS data is not available. With this method, predictions of speed and displacement from the
MIMU sensor can be corrected every second from GPS data to produce accurate estimates of displacement and
trajectory.
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