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Abstract— Noise is unwanted signals in a communication or
information system. Kalman filter has a good ability to handle
noise. This study uses the Kalman filter algorithm that works to
reduce noise at the accelerometer and gyroscope sensor output.
Data were taken using the accelerometer sensor and the
gyroscope sensor in a stationary condition. The device is
Arduino Uno for processing the data and MPU6050 for
accelerometer and gyroscope sensor. In the Kalman filter
algorithm, there is process variance matrix and measurement
variance matrix parameters that affect noise attenuation or
reduction at the accelerometer and gyroscope output. If the
difference between the two parameters is too large, then the
attenuation becomes very large and eliminates the original value
of the sensor output. Thus, the value cannot be chosen carelessly.
The best value is the measurement variance matrix must bigger
than the process variance matrix.
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L INTRODUCTION

The accelerometer is a device used to measure
acceleration, detect and measure vibrations (vibrations), and
measure the acceleration due to gravity [1][2]. The
accelerometer sensor can be used to measure the angle of a
plane or space [3], and changes in angle based on the value
of the acceleration due to gravity but is influenced by
vibration and acceleration [4]. Gyroscope an angular speed
sensor that is used to measure the rotational speed of an
object, the output generated by the gyroscope in the form of
angular velocity [5][6]. One of the advantages of
accelerometer and gyroscope sensors is that it can provide an
accurate reading of the tilt angle of an object, but on the other
hand, this sensor also has the disadvantage of being
vulnerable to vibration or noise [7] [8][9]. Applications of
these sensors include attitude detection on flying vehicle
models [10], the design and implementation of Real Segway
on a one-wheel skateboard [11], humanoid robot [12],
quadrotor [13], and implementation on balance control
[14][15].

According to the Indonesian Dictionary, Noise is
unwanted signals in a communication or information system.
These noise signals can disrupt the quality of signal reception
and reproduction of the signal to be emitted. Noise can also
limit the range of the system at a certain emission power,

affect the sensitivity or sensitivity of the reception signal, and
even lead to a reduction in bandwidth in a system.

Kalman filter is a series of mathematical equations that
have the ability to estimate the state of a process recursively
and efficiently by minimizing the average square error
[16][17]. Kalman filter has a good ability to handle noise [§]
and has a lot of application [18][19][20][21][22][23]. The use
of filtering methods on data sensor output is quite important,
because there is noise or interference that can be reduced the
accuracy of the output value of the sensor [24]. In the
research, the Kalman filter algorithm is used to reduce noise
at the output of the accelerometer and gyroscope sensors so
that more accurate data is obtained.

IL METHODS

In this study, the experimental method was used by using
the values of variables process variance matrix (Q) and
measurement variance matrix (R) as Q>R, Q=R, and Q<R.
The designed Kalman filter algorithm is then implemented in
the accelerometer and gyroscope sensor output data. Output
data before being given the Kalman filter algorithm is
compared with the output data that has been given the
Kalman filter algorithm. The output analyzed is the estimated
value of the state and speed to achieve stable conditions at
each output. Data from each variable value is then compared
to determine the value of the variable that produces the best
Kalman filter algorithm output

A. System Design

The design of this system consists of several things,
including system block diagrams, wiring diagrams. The
system block diagram images can be seen in Figure 1, and the
wiring diagram can be seen in Figure 2.
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Fig. 1. System Block Diagram
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In Figure 1, it is explained that the data entered through
the MPUG6050 sensor as input and then given an additional
Kalman filter algorithm to reduce noise, then processed on
Arduino Uno R3 [25], then the data is displayed on a laptop
using the Arduino IDE software. Figure 2 shows the Arduino
Uno R3 [26] cabling with the MPU6050 sensor [27]. Data
communication is 12C, the pin connections between the
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MPU6050 sensor [28] with Arduino Uno R3 [29], among
others, VCC with 5V, GND with GND, SCL with AS, and
SDA with A4.

Sensor - -
MPUG050 | —

L [N
Uno R3

Fig. 2. Wiring diagram

B. MPUG6050 accelerometer and gyroscope sensors

In this study, data were taken using the accelerometer
sensor and the MPU6050 gyroscope in a stationary condition.
The sensor data is then read by the Arduino Uno
microcontroller using I12C data communication. The sensor
reading data is then sent to a computer using 9600 Bps serial
communication. The data recorded is the accelerometer data
and x-axis gyroscope, y-axis, and z-axis. The data is then
logged at 0.1-second intervals. The accelerometer data is an
integer number that has a lot of noise, so it needs to be filtered
first. The accelerometer and gyroscope output data used are
illustrated in Figure 3 and Figure 4.
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Fig. 3. The x-axis accelerometer output
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Fig. 4. The x-axis gyroscope output

Figure 3 and Figure 4 show the MPU6050 sensor output,
the x-axis accelerometer, and the x-axis gyroscope. It can be
seen that the output is unstable and has a very rapid change
in value even though the sensor when retrieval of data is at
rest.

C. Kalman Filter

Kalman filter is a series of mathematical equations that
have the ability to estimate the state of a process recursively
and efficiently by minimizing the average square error. One
of the advantages of the Kalman filter is that it is able to
estimate a situation based on minimal data. The Kalman filter
equation is divided into two groups [30]: the time update
equation and the measurement update equation. Time update
can also be called a predicted process, which uses a state
estimate from a previous time to get a state estimate at this
time. At the same time, the measurement update is also called
the correct process, which is the measurement information
currently used to improve predictions, with the hope that a
more accurate state estimate will be obtained. The Kalman
filter algorithm process is illustrated in Figure 5.

Data Sensor

Measurement
Update (Correct)

Time Update
(Predict)

|

Fig. 5. The Kalman filter algorithm process

The following are the predictions and correct equations in
the Kalman filter:

Predict:
tht—l = Ft)?t—llt—l + B U; (1
Py = FePe_qje1 FE 4+ Qp (2)

correct:.
XAt|t = )?t|t—1 + K (ye — Ht)?t|t—1) 3)
K, =P, HI (H,.P HI + R)™? 4
t t)t—1 1t (e byp—1 Mg t “4)
Pt|t ={- Kth)Pt|t—1 )

Where X is an estimated state, F is a state transition
matrix, U is a control variable, B is a control matrix, H is a
measurement matrix, y is a measurement variable., T is a
process variance matrix, P is a state variance matrix, K is a
Kalman filter gain, Q is the process variance matrix, and R is
a measurement variance matrix.

Adjustments to some conditions are needed to be able to
make the Kalman filter algorithm work on the output of the
accelerometer and gyroscope sensors. Adjustments include:

1. Predict the State

To predict the state at the beginning of the process used
Equation (1), where the value F = 1, control variables B and
U are not used. Both of them are value 0. Thus the Equation
which is used to predict the state is,
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XAt|t—1 = XAt—1|t—1 (6)

Equation (6) is then translated into a programming
language becomes

Xt 1=Xt 1t _1;
2. Predict Error

In this process, the Equation is used in Equation (2). The
value of F = 1 was previously determined. Thus the Equation
used to predict errors is,

Pyeo1 = Peoqpe—1 + @ (7

Equation (7) is then translated to the programming
language as:

Pt 1=Pt 1t 1+Q;
3. Calculate Kalman Gain

Kalman Gain calculation can be done using Equation (4)
for an adjustment given the value of H = 1. Thus the Equation
used to calculate Kalman Gain is,

K, = Pt|t—1/(Pt|t—1 +Ry) (3

Equation (8) is then translated into a programming
language becomes,

Kt=Pt 1/(Pt 1 +R);
4. Update the State Value based on measurement results

State value update can be done by using Equation (3). The
results of Equation (6), which is the initial state prediction
and Equation (8) which is the Kalman Gain value, is used to
update the state value. previously determined the value of H
=1, Thus the Equation used to update state values is,

tht = XAtlt—l + K (ye — tht—l) )

Where y is the accelerometer/gyroscope sensor output
value, Equation (9) is then translated to the programming
language as:

Xt=Xt 1+ Kt * (accelerometer x-Xt 1);
5. Update Error value

Update Error Value can be done using Equation (5). The
results of Equation (7), which is the initial error prediction,
and Equation (8), which is the Kalman Gain value is used to
update the error value. Previously determined the value of H
= 1. Thus the Equation used to update the error value is

Pt|t =(1- Kt)Pt|t—1 (10)

Equation (10) is then translated to the programming
language as:

Pt=(1-Kt) * Pt _1;

To run the Kalman filter algorithm, initialization is
needed which aims to determine the initial value of some
variables because the actual value of the variable has not been
obtained. Variables that have initialization values include
Xt 1t 1 (prior state value), Pt 1t 1 (prior error value), Q

(process error) and R (measurement error). These variables
are randomly assigned values , and the results obtained are
observed so that they get good filter results. In this study, the
values of variables Q and R are divided into 3, namely Q> R,
Q =R, and Q <R. To ensure the algorithm can run with
repetitive and continuous processes, Equation (6) and
Equation (7) are written down again under equation 10.
Flowchart system design can be seen in Figure 10.

4
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4
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Display
Results

Fig. 1. Flow chart system

MPU6050 sensor output data is sent to Arduino Uno
using [2C communication, inside Arduino data is processed
using the Kalman filter algorithm, then the results are
displayed on Arduino ideas using a laptop.

I1I1. RESULTS AND DISCUSSIONS

A. Variables Process Variance Matrix (Q) > Measurement
Variance Matrix (R)

Comparison of the values of Q> R is given 3 variations,
Q=10,withR=0.1,Q=10withR=10.01, and Q = 100 with
R =0.1. The results of the comparison of the accelerometer x
output can be seen in Figure 7, Figure 8, and Figure 9.
Gyroscope x output can be seen in Figure 10, Figure 11, and
Figure 12. In the figure shows the comparison between the
accelerometer sensor output data and the unfiltered
gyroscope (blue) and filtered accelerometer and gyroscope
sensor output data (red).

Figure 7 shows that the Kalman filter has not worked well
to reduce noise at the accelerometer x sensor output with
variable values Q = 10 and R = 0.1. It can be seen in the
picture, which shows the output of the accelerometer sensor
before and after being given the Kalman filter algorithm.
From these two lines, the red line almost covers the blue line,
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which means that it makes almost no difference before and
after the Kalman filter algorithm is given.
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Fig. 2. Accelerometer sensor output x (Q = 10, and R =0.1)

Figure 8 shows that the Kalman filter has not worked well
to reduce noise at the accelerometer x sensor output with a
variable value Q = 10 and R = 0.01. It can be seen in the
picture, which shows the output of the accelerometer sensor
before and after being given the Kalman filter algorithm.
From these two lines, the red line almost covers the blue line,
which means that it makes almost no difference before and
after the Kalman filter algorithm is given.
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Fig. 3. Accelerometer sensor output x (Q = 10, and R =0.01)

Figure 9 shows that the Kalman filter has not worked well
to reduce noise at the accelerometer x sensor output with a
variable value Q = 100 and R = 0.1. It can be seen in the
picture, which shows the output of the accelerometer sensor
before and after being given the Kalman filter algorithm.
From these two lines, the red line almost covers the blue line,
which means that it makes almost no difference before and
after the Kalman filter algorithm is given.
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Fig. 4. Accelerometer sensor output x (Q = 100, and R =0.1)

Figure 10 shows that the Kalman filter has not worked
well to reduce noise at the gyroscope x sensor output with a
variable value Q = 10, and R = 0.1. It can be seen in the

picture that shows the gyroscope sensor output before and
after being given the Kalman filter algorithm. From these two
lines, the red line almost covers the blue line, which means
that it makes almost no difference before and after the
Kalman filter algorithm is given.
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Fig. 5. Gyroscope sensor output X (Q =10, and R=0.1)

Figure 11 shows that the Kalman filter has not worked
well to reduce noise at the gyroscope x sensor output with a
variable value Q = 10 and R = 0.01. It can be seen in the
picture that shows the gyroscope sensor output before and
after being given the Kalman filter algorithm. From these two
lines, the red line almost covers the blue line, which means
that it makes almost no difference before and after the
Kalman filter algorithm is given.
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Fig. 6. Gyroscope sensor output x (Q = 10, and R =0.01)

Figure 12 shows that the Kalman filter has not worked
well to reduce noise at the gyroscope x sensor output with a
variable value Q = 100, and R = 0.1. It can be seen in the
picture that shows the gyroscope sensor output before and
after being given the Kalman filter algorithm. From these two
lines, the red line almost covers the blue line, which means
that it makes almost no difference before and after the
Kalman filter algorithm is given.
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Fig. 7. Gyroscope sensor output X (Q =100, and R =0.1)
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For more details, it can be seen in Tables 1 through Table
6. These tables contain a comparison of the differences
between the data before and after being given the Kalman
filter algorithm and the difference in data between before and
after being given the Kalman filter algorithm. Data taken
from each variable is data from 1 to 300, then the data is
divided into 6. data 1 (1-50), data 2 (51-100), data 3 (101-
150), data 4 (151-200), data 5 (201-250) and data 6 (251-
300). The displayed value is the average value of each data.
The difference between data is obtained from n-1 data - n-
data. The difference in data is obtained from the data with the
Kalman filter algorithm - data without the Kalman filter
algorithm.

TABLE I. SUMMARY OF ACCELEROMETER SENSOR OUTPUT X (Q = 10, AND

R=0.1)
Kalman Filter Difference betw_een
Variabl Data T Algorithm Data (Kalman Filter Data
arable ata 1o & Algorithm) Difference
Without With Without With
AX 1 (1-50) -6171.04 -5929.12 241.92
AX ?0(3)1_ -6162.48 -6160.08 8.56 -230.96 2.4
AX 3 (01 -6174.88 -6176.4 -12.4 -16.32 -1.52
150)
4 (151-
AX 200) -6172.64 -6170.8 2.24 5.6 1.84
5(201-
AX 250) -6157.92 -6159.6 14.72 11.2 -1.68
6(251-
AX 300) -6161.92 -6162.16 -4 -2.56 -0.24

Table I shows the results of the x-axis accelerometer
sensor output with variable values Q = 10 and R = 0.1. the
difference in data between data 1 and 2 at the accelerometer
output without the Kalman filter algorithm is 8.56, which
means that the data to 2 increased by 8.56 while the output of
the accelerometer with the Kalman filter decreased by
230.96. In the third data, there was a decrease of 12.4 for the
accelerometer output without the Kalman filter and a
decrease of 16.32 for the accelerometer output with the
Kalman filter. In the 4th data, there was an increase of 2.24
for the accelerometer output without the Kalman filter and an
increase of 5.6 for the accelerometer output with the Kalman
filter. In the 5th data there was an increase of 14.72 for the
accelerometer output without the Kalman filter and an
increase of 11, 2 for the accelerometer output with the
Kalman filter. In the 6th data, there was a decrease of 4 for
the accelerometer output without the Kalman filter and an
increase of 2.56 for the accelerometer output with the Kalman
filter.

From the reading of Table 1, it can be concluded for the
x-axis accelerometer output using the Kalman filter algorithm
with variable values Q = 10 and R = 0.1 has a more stable
movement compared to the accelerometer x output without
the Kalman filter algorithm. The new output is stable in data
5 or iteration to 201. However, if we pay attention to the
difference in data between the output of the accelerometer x
using the Kalman filter algorithm with the output of the
accelerometer x without the Kalman filter algorithm getting
smaller and approaching 0, which means that both of them
are almost equal in value and indicate Kalman filter does not
work well.

TABLE II. SUMMARY OF ACCELEROMETER SENSOR OUTPUT X (Q =10, AND
R=0.01)

Kalman Filter Difference between
. - Data (Kalman Filter Data
Variable Data To Algorithm Algorithm) Difference
Without | With | Without With
AX 1(1-50) | -6179.6 | -5933.12 246.48
2 Gl
AX T00) -6180.16 | -6180.96 | -0.56 247.84 08
3 (101-
AX 50y 615928 | -6182.48 | 20.88 152 232
AX ‘2‘00()1 Sl 619192 | -592424 | -32.64 25824 267.68
AX ;50()201' 61668 | -6164.48 | 25.12 24024 232
6 (251-
AX | S0y 616272 | -616248 | 4.08 2 0.24

At the accelerometer x sensor output with variable values
Q =10, and R = 0.01 in Table II, the new output is stable in
data 6 or iteration to 251 wherein the output without the
Kalman filter algorithm an increase of 4.08 and an increase
of 2 in the output with the Kalman algorithm filter. The
difference in data between the accelerometer x output using
the Kalman filter algorithm and the accelerometer x output
without the Kalman filter algorithm is getting smaller and
closer to 0, which means that both outputs are of almost the
same value and indicate the Kalman filter is not working
correctly.

TABLE III. SUMMARY OF ACCELEROMETER SENSOR OUTPUT X (Q =100,

ANDR=0.1)
Kalman Filter Difference betwgen
Variabl Data T Algorithm Data (Kalman Filter Data
anable ata To & Algorithm) Difference
Without With Without With
AX 1 (1-50) -6183.04 -5936.8 246.24
2(51-
AX 100) -6176.08 | -6171.92 6.96 -235.12 4.16
AX ?5((;)01- -6172.48 -6177.2 3.6 -5.28 -4.72
4(151-
AX 200) -6168.48 | -6166.96 4 10.24 1.52
AX 5 201- -6173.04 -6173.28 -4.56 -6.32 -0.24
250)
AX 20(3)51' 618442 | 63064 | -1138 | -13312 | -12198

At the accelerometer x sensor output with variable values
Q =100 and R = 0.1 until the end of the 6th data or 300th
iteration in Table II, the output cannot be said to be stable
because the difference between the accelerometer x data
using the Kalman filter algorithm is greater than the output of
the accelerometer x without Kalman filter algorithm. This
shows Kalman filter cannot work properly.

TABLE IV. GYROSCOPE SENSOR OUTPUT SUMMARY X (Q =10, ANDR =

0.1)
. Difference between
Kalman Filter .
. N Data (Kalman Filter Data
Variable Data To Algorithm Algorithm) Difference
Without With Without With
GX 1 (1-50) -6207.6 -5959.98 247.62
2(51-
GX 100) -6193.84 -6195.92 13.76 -235.937 -2.077
3(101-
GX 150) -6210.08 -6210.57 -16.24 -14.654 -0.491
4 (151-
GX 200 -6177.04 -6172.55 33.04 38.019 4.488
GX ;5(3)0] -6183.76 -6186.48 -6.72 -13.925 -2.717
6(251-
GX 300) -6211.36 -6213.92 -27.6 -27.446 -2.563

At the gyroscope x sensor output with variable values Q
=10, and R =0.1 in Table IV, the new output is stable on the
6th data or iteration to 251, were at the output without the
Kalman filter algorithm, a decrease of 27.6 and a decrease of
27.444 at the output with Kalman filter algorithm. The
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difference in data between the gyroscope x output using the
Kalman filter algorithm with the gyroscope x output without
the kalman filter algorithm tends to be stable. The value is not
close to 0 and not too far from the actual value. This indicates
that the Kalman filter works well.

TABLE V. GYROSCOPE SENSOR OUTPUT SUMMARY X (Q =10, AND R =

0.01)
. Difference between
Variabl Data T KaAlrnzl:“li‘lxl:ler Data (Kalman Filter Data
anable ata 1o & Algorithm) Difference
Withowt | With | Without |  With
GX | 1(150) | -614632 | -590045 245.872
GX fo(g)l' 614808 | -6147.04 | -176 | -246.504 1,038
GX ?5(&)01- -6139.92 | -614128 |  8.16 5763 -1359
Gx | 40st- 61392 | -614048 | 072 0798 1.281
200, -61392 | -614o. ) 1.
GX 25(3)01» -6139.52 | -6137.76 | -0.32 272 1,759
GX 20(3)51. 615176 | -6149.92 | -1224 | -12.157 1,842

At the gyroscope x sensor output with variable values Q
=10, and R =0.01 in Table V, the new output is stable on the
6th data or iteration to 251, were at the output without the
Kalman filter algorithm, a decrease of 12.24 and a decrease
of 12.157 at the output with Kalman filter algorithm. The
difference in data between the gyroscope x output using the
Kalman filter algorithm and the gyroscope x output without
the Kalman algorithm is close to 0, which means that both
outputs are almost identical and indicate the Kalman filter is
not working well.

TABLE VI. GYROSCOPE SENSOR OUTPUT SUMMARY X (Q =100, AND R =

0.1)
Kalman Filtr Dats (Kot Fien Data
Variable Data To Algorithm Algorithm) Difference
Without With Without With
GX | 1(1-50) | -6143.44 | -5897.96 245.482
261
GO 6138.16 | -6138.4 528 240443 | -0241
GX ?5%)01’ -6148.64 | -6149.76 |  -10.48 11358 1119
G
ax | 300 614112 | -6140.16 7.52 9.597 0.958
x| 3201 613808 | -6138 3.04 2.164 0.082
250)
GX ;’0(3)5 1 613392 | -6133.04 4.16 4956 0887

At the gyroscope x sensor output with variable values Q
=100, and R = 0.1 in Table VI, the output cannot be said to
be stable until the end of the 6th data or 300th iteration. The
new output is said to be stable if the difference between the
output data of the Kalman filter algorithm is smaller than the
output without the Kalman filter algorithm and does not
change until the end of the iteration. This shows the Kalman
filter algorithm does not work well.

B. Variables Process Variance Matrix (Q) = Measurement
Variance Matrix (R)

Comparison of the value of Q = R is given 1 variation,
namely Q = 1, and R = 1. The results of the accelerometer x
output estimation can be seen in Figure 13, and the gyroscope
x output can be seen in Figure 14. The picture shows the
comparison between the accelerometer sensor output data

and the unfiltered gyroscope (blue) and the accelerometer
sensor output data that has been filtered (Red).

Figure 13 shows the accelerometer x output sensor with
variable values Q = 1, and R = 1. In the figure, the
accelerometer sensor output can be seen before and after the
Kalman filter algorithm is given. Of the two lines, it appears
that the red line is still close to the blue line, which means the
difference before and after being given the Kalman filter
algorithm is still very small. This shows the Kalman filter has
not worked well.
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Fig. 8. Accelerometer sensor output x

Figure 14 shows that the Kalman filter has not worked
well to reduce noise at the gyroscope x sensor output with
variable values Q = 1, and R = 1. It can be seen in the picture
that shows the gyroscope sensor output before and after being
given the Kalman filter algorithm. Of the two lines, it appears
that the red line is still close to the blue line, which means that
the difference before and after being given the Kalman filter
algorithm is still very small.
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Fig. 9. Gyroscope sensor output x

For more details, it can be seen in Table 7 and Table 8.
These tables contain a comparison of the differences between
the data before and after being given the Kalman filter
algorithm and the difference in data between before and after
being given the Kalman filter algorithm. Data taken from
each variable is data from 1 to 300, then the data is divided
into 6. data 1 (1-50), data 2 (51-100), data 3 (101-150), data
4 (151-200), data 5 (201-250) and data 6 (251-300). The
displayed value is the average value of each data. The
difference between data is obtained from n-1 data - n-data.
The difference is obtained from the data with the Kalman
filter algorithm subtracting with data without the Kalman
filter algorithm.

TABLE VII. SUMMARY OF ACCELEROMETER SENSOR OUTPUT X (Q =1,
ANDR=1)
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Kalman Filter Difference betwleen
Variabl Data T Algorithm Data (Kalman Filter Data
anable ata 1o & Algorithm) Difference
Without With Without With
AX 1 (1-50) -6180.4 -5866.07 313433
2 (51-
AX 100) -6181.12 -6180.86 -0.72 -314.787 0.265
AX ?5((;)01_ -6170.24 -6170.41 10.88 10444 -0.171
4(151-
AX 200) -6175.76 -6179.54 -5.52 -9.127 -3.778
AX 5 (201- -6156.96 -6155.38 18.8 24.157 1.579
250)
AX 20(3)51- -7288.12 -6170.81 -1131.16 -15.432 1117.31

At the x-axis accelerometer sensor output with variable
values Q =1, and R = 1 in Table VII, the new output is stable
in the 6th data or iterations to 251 were at the output without
the Kalman filter algorithm a decrease of 1131.16 and a
decrease of 15.432 in the output with the algorithm Kalman
filter. But if you pay attention to the difference in data
between the output of the accelerometer x using the Kalman
filter algorithm with the output of the accelerometer x without
the Kalman filter algorithm getting smaller and closer to the
number 0 in the 101st iteration and away from the O in the
151st iteration, the 251st iteration in the data reaches 1117,
31. A too-large difference also indicates that the filter is not
working properly.

At the x-axis gyroscope sensor output with variable
values Q =1, and R =1 in Table VIII, the new output is stable
in data 5 or iteration to 201, were at the output without the
Kalman filter algorithm an increase of 12.16 and an increase
of 7.196 in the output with the algorithm Kalman filter. The
difference in data between the gyroscope x output using the
Kalman filter algorithm with the gyroscope x output without
the Kalman filter algorithm tends to be stable. The value is
not close to 0 and not too far from the actual value. This
indicates that the Kalman filter works well.

TABLE VIII. GYROSCOPE X SENSOR OUTPUT SUMMARY (Q=1,ANDR=1)

. Difference between
Kalman Filter Data (Kalman Filter Dat:
. ata
i Algorith .
Variable Data To gorithm Algorithm) Difference
Without With Without With
GX 1 (1-50) -6193.28 -5881.87 311406
2(51-
GX 100) -6214.88 -6212.03 -21.6 -330.152 2.854
GX TS(S;)L -6212.08 -6214.94 2.8 -2.91 -2.856
GX ;(;éfk -6203.04 | -6200.87 9.04 14,065 2.169
GX 3 (201- -6190.88 -6193.68 12.16 7.196 -2.795
250)
GX ;)0(;)51- -6204.8 -6200.52 -13.92 -6.846 4.279

C. Variables Process Variance Matrix (Q) < Measurement
Variance Matrix (R)

Comparison of the values of Q <R given 2 variations, Q
=1, with R =10, and Q = 1 with R = 100. The results of the
comparison of the accelerometer x output can be seen in
Figure 15 and Figure 16. The output of the gyroscope x can
be seen in Figure 17 and Figure 18. The picture shows the
comparison between the accelerometer sensor output data
and the unfiltered gyroscope (blue) and the output data
filtered accelerometer and gyroscope sensors (red).

Figure 15 shows the accelerometer x output sensor with
variable values Q = 1, and R = 10. In the figure, the
accelerometer sensor output can be seen before and after the
Kalman filter algorithm is given. Of the two lines, the red line
appears more stable than the blue line, but still visible noise
on the red line. This shows Kalman filter can work well, but
the results are not optimal.
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Fig. 10. Output of accelerometer sensor x (Q = 1, and R = 10)

Figure 16 shows that the Kalman filter can work well, and
the maximum result is to reduce noise at the accelerometer x
sensor output with variable values Q = 1 and R = 100. It can
be seen in the picture that shows the results of the
accelerometer x sensor output before and after being given
the Kalman filter algorithm. From these two lines, the red line
tends to be more stable than the blue line, and there is no
visible noise on the red line.
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Fig. 11. Accelerometer sensor output x (Q = 1, and R = 100)

Figure 17 shows the gyroscope x sensor output with
variable values Q = 1, and R = 10. In the picture can be seen
the results of the gyroscope x sensor output before and after
the Kalman filter algorithm is given. Of the two lines, the red
line appears more stable than the blue line, but still visible
noise on the red line. This shows Kalman filter can work well,
but the results are not optimal.
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Fig. 12. Gyroscope sensor output x (Q = 1, and R = 10)

Figure 18 shows that the Kalman filter can work well, and
the maximum result is to reduce noise at the gyroscope x
sensor output with variable values Q =1 and R = 100. It can
be seen in the picture that shows the results of the gyroscope
x sensor output before and after being given the Kalman filter
algorithm. From these two lines, the red line tends to be more
stable than the blue line, and there is no visible noise on the
red line.
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Fig. 13 Gyroscope sensor output x (Q = 1, and R = 100)

For more details, it can be seen in Table IX to Table XII.
These tables contain a comparison of the differences between
the data before and after being given the Kalman filter
algorithm and the difference in data between before and after
being given the Kalman filter algorithm. Data taken from
each variable is data from 1 to 300, then the data is divided
into 6. data 1 (1-50), data 2 (51-100), data 3 (101-150), data
4 (151-200), data 5 (201-250) and data 6 (251-300). The
displayed value is the average value of each data. The
difference between data is obtained from n-1 data - n-data.
The difference is obtained from the data with the Kalman
filter algorithm subtracting data without the Kalman filter
algorithm.

TABLE IX. SUMMARY OF ACCELEROMETER SENSOR OUTPUT X (Q = l, AND
R=10)

Kalman Filter Difference between
R 5 Data (Kalman Filter Data
Algorith
Variable Data To gorithm Algorithm) Difference
Without With Without With
AX 1 (1-50) -6179.28 -5512.48 666.8
2(51-
AX 100) -6174.88 -6174.63 44 -662.145 0.255
3(101-
AX -6171.2 -6171 3.68 3.625 0.2
150)
4(151-
AX -6178.32 -6176.44 -7.12 -5.439 1,881
200)
AX 3 (201- -6172.72 -6173.18 5.6 3.256 -0,463
250)
6 (251-
AX -61 -6179. 5.2 6.1 -1
300) 6178 6179.37 5.28 6.186 ,369

At the x-axis accelerometer sensor output with variable
values Q = 1, and R = 10 Table IX, the output starts to
stabilize on the 3rd data or the 101st iteration were at the
output without the Kalman filter algorithm an increase of 3.68
and an increase of 3.625 on the output with the Kalman filter
algorithm. However, if pay attention to the difference in data
between the output of the accelerometer x using the Kalman
filter algorithm with the output of the accelerometer x without
the Kalman filter algorithm getting smaller and approaching

0, which means that both outputs are of almost equal value
and indicate the Kalman filter is not working properly.

TABLE X. SUMMARY OF ACCELEROMETER SENSOR OUTPUT X (Q =1, AND

R = 100)
Kalman Filter Difference betw.een
Variabl Data T Algorithm Data (Kalman Filter Data
arable ata 1o s Algorithm) Difference
Without With Without With
AX 1 (0-50) -5966.16 | -4091.93 1874.23
AX 2 (51-100) -5990 -5965.63 -23.84 -1873.7 24.368
3(101-
AX 150) -5960.08 | -5967.97 29.92 -2.34 -7.892
4 (151-
AX -5978.64 -5971.5 -18.56 -3.527 7141
200)
AX ;5(3)01_ -5957.92 | -5965.52 20.72 5.978 -7.601
AX go(g)Sl- -5959.28 -5952.3 -1.36 13.226 6.985

At the x-axis accelerometer sensor output with variable
values Q = 1, and R = 100 Table X, the output starts to
stabilize on the 3rd data or the 101th iteration where at the
output without the Kalman filter algorithm an increase of
29.92 and a decrease of 2.34 on the output with the Kalman
filter algorithm. The difference in data between the
accelerometer x output using the kalman filter algorithm with
the accelerometer x output without the kalman filter
algorithm tends to be stable, the value is not close to 0 and
not too far from the actual value. This indicates that the
Kalman filter works well.

TABLE XI. GYROSCOPE SENSOR OUTPUT SUMMARY X (Q =1, AND R = 10)

Kalman Filter Difference between Data
Able Data . . . Data
variable To i Algorithm i (Ka.lman Filter Algor}thm) Difference
Without With Without With

GX ;0()1_ -6200.56 -5531.37 669.19
2

GX (51- -6189.2 -6189.04 11.36 -657.665 0.165
100)
3

GX (101- -6219.92 -6218.98 -30.72 -29.945 0.94
150)
4

GX (151- -6180.56 -6185.54 39.36 33.438 -4,982
200)
5

GX (201- -6189.76 -6184.52 -9.2 1.023 5,241
250)
6

GX (251- -6158.56 -6158.95 312 25.57 -0,389
300)

At the x-axis gyroscope sensor output with variable
values Q = 1, and R = 10 in Table XI, the output starts to
stabilize in data 3 or iteration to 101, were at the output
without the Kalman filter algorithm, a decrease of 30.72 and
a decrease of 29,945 in output with the algorithm Kalman
filter. The difference in data between the gyroscope x output
using the Kalman filter algorithm and the gyroscope x output
without the Kalman filter algorithm is close to 0, which
means that both outputs have almost the same value and
indicate the Kalman filter is not working properly.

TABLE XII. GYROSCOPE SENSOR OUTPUT SUMMARY X (Q=1, ANDR =

100)
s Fler | e | ow
. ata
i Algorith
Variable Data To gorithm Algorithm) Difference
Without With Without [ With
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GX 1(0-50) -6002.96 | -4108.95 1894.01
2(51-

GX J00) 60044 | -6110.84 -1.44 -2001.89 -106.44
3(101-

GX 150) 599208 | -5996.21 12.32 114.628 -4.133

GX 40s1- -5988.16 | -5987.94 3.92 8.273 0.22
200)

GX ;5%01' -6007.92 | -6005.77 | -19.76 -17.831 2.149

GX 20(5)5 - 600072 | -6000.41 72 5363 0312

At the x-axis gyroscope sensor output with variable
values Q = 1, and R = 100 in Table XII, the output starts to
stabilize in data 5 or iteration to 201, were at the output
without the Kalman filter algorithm, a decrease of 19.76 and
a decrease of 17.831 in the output with the algorithm Kalman
filter. The difference in data between the gyroscope x output
using the Kalman filter algorithm and the gyroscope x output
without the Kalman algorithm is close to 0, which means that
both outputs are almost identical and indicate the Kalman
filter is not working well.

IVv. CONCLUSION

Based on research that has been done, the Kalman filter
algorithm is able to reduce noise on the accelerometer and
gyroscope sensors. The value of the variable Q and variable
R affects the attenuation or reduction of noise at the output of
the accelerometer and gyroscope using the Kalman filter
algorithm. In the variable value, Q> R Kalman filter cannot
work properly because the attenuation results approach the
original value of the sensor output, the value of the variable
Q =R still cannot work well even though the damping results
start away from the original value of the sensor family, but
the distance is still too close and at the variable value Q <R
can work well, the damping results away from the original
value of the sensor output at Q = 1, and R = 10, and get
maximum results at Q = 1, and R = 100. The greater the
difference between the variables Q and R, the greater the
attenuation. If the difference between the two parameters is
too wide, it will make a very large attenuation and eliminate
the original value of the sensor output.
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