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Machine Learning Model of Gyro Sensor Data for
Drone Flight Control

Hyunsoo HaT, Byung-Yeon HwangTT

ABSTRACT

As the technology of drone develops, the use of drone is increasing, In addition, the types of sensors
that are inside of smart phones are becoming various and the accuracy is enhancing day by day. Various
of researches are being progressed. Therefore, we need to control drone by using smart phone’s sensors.
In this paper, we propose the most suitable machine learning model that matches the gyro sensor data
with drone’s moving. First, we classified drone by it’'s moving of the gyro sensor value of 4 and 8 degree
of freedom. After that, we made it to study machine learning. For the method of machine learning, we
applied the One-Rule, Neural Network, Decision Tree, and Navie Bayesian. According to the result of
experiment that we designated the value from gyro sensor as the attribute, we had the 97.3 percent
of highest accuracy that came out from Naive Bayesian method using 2 attributes in 4 degree of freedom.
On and the same, in 8 degree of freedom, Naive Bayesian method using 2 attributes showed the highest

accuracy of 93.1 percent.
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Table 1, Experimental Environment

CPU INTEL(R) Core(TM) 2 Quad
HDD 298 GB

RAM 6.00 GB

OS(PC) Windows 7

Device Galaxy S4
(O8] Android 4.4.2
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One Neural Network Decision Naive
Rule H2 H3 Tree Bayesian
Number of Attributes 3 2 3 2 3 2 3 2 3 2
Accuracy(%) 77.3 77.3 93.2 93.2 94.2 94.2 90 90.2 97 97.3
Table 3. 8 Direction's Accuracy of each Learning Method
One Neural Network Decision Naive
Rule H2 H3 Tree Bayesian
Number of Attributes 3 2 3 2 3 2 3 2 3 2
Accuracy(%) 44.1 44 90.1 90.1 91.2 91.4 83 83.4 93 93.1
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