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ABSTRACT: This study proposes a method for operating drones using natural human movements. The operator simply wears
virtual reality (VR) goggles. An image from the drone camera was displayed on the goggles. When the operator changes the
direction of his or her face, the drone changes the direction to match that of the operator. When the operator moves their head up
or down, the drone rises or falls accordingly. When the operator walks in place, rather than walking, the drone moves forward. This
allows the operator to control the drone as if they were walking in the air. Each of these movements was detected by the values of
the acceleration and magnetic field sensors of the smartphone mounted on the VR goggles. A machine learning method was adopted
to distinguish between walking and non-walking movements. Compared with operation via conventional remote control, it was
observed that the remote controller performed better than the proposed approach in the early stages. However, when the participants
familiarized themselves with the natural operation, these differences became relatively small. This study combined drones, VR, and
machine learning. VR provides drone pilots with a sense of realism and immersion, whereas machine learning enables the use of
natural movements.
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1. Introduction

The technology for small flying drone vehicles has rapidly developed over the past decade. Some expected
applications of drones include delivery services [1]; management of disasters such as earthquakes, floods, and forest
fires [2]; agriculture [3]; and security patrols and monitoring [4,5]. The Global Positioning System (GPS) is the main
technology used by drones for navigational control [5,6]. Therefore, the aforementioned outdoor applications are the primary
focus of this research. However, some studies have been conducted on other topics, including manual controller design [7],
localization methods [8—10], and landing and navigation methods [11,12] for autonomous flying in an indoor environment.

In general, drones are controlled using a smartphone or special remote controller, except for autonomous flights,
which are controlled by software programming. In this study, a method by which a user can operate a drone using
natural human movements was proposed. A drone operator wears a set of virtual reality (VR) goggles into which a
smartphone is inserted. The operator can view the video feed captured by the drone camera in the VR display. The
smartphone detects the movements of the operator based on the data collected by its acceleration and magnetic field
sensors. When the operator turns their face or body to the right or left, the drone turns accordingly. When the operator
turned their face up or down, the drone turned up and down, respectively. Moreover, the drone moved forward when
the operator walked in place.

Some drones include a first-person view (FPV) mode, in which an operator can view a camera image in VR, as in
this study. However, these drones are still operated using remote controllers. In the proposed approach, the flight of the
drone is synchronized with the facial movements of the operator. Therefore, the operator can perceive the surroundings
of the vehicle more immersively, as if they are onboard. This study is an extended version of [13] and is related to
human computer interaction (HMI) and Natural User Interface (NUI) research for drone operation. Other studies have
reported controlling drones using human body gestures [14], eye trackers, and hand gestures [15], and even using a VR
environment, such as that in this study, to control the drone using voice and body postures [16]. This study differs from
previous ones by not using special gestures, voice commands, or sensors to control the drone; instead, it relies on natural
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human movements, which is a key feature of the study. The remainder of this paper is organized as follows. The
architecture of the proposed system is presented in Section 2. Section 3 describes the method for detecting the facial
movements of an operator. Section 4 presents the method used to detect stepping using machine learning. Section 5
presents the results of the experiments conducted to verify the effectiveness of the proposed approach, and Section 6
concludes the paper.

2. System Architecture

In this study, a Tello quadcopter (Ryze Technology) was used. The Tello is a small toy-type drone that is suitable
for indoor flights and can be operated easily and safely. Tello focused on its educational use. Therefore, the
programming library is public, which allowed us to develop our own software [17].

Figure 1 illustrates the drone operation scenario and the hardware setup. An operator wears VR goggles to watch
camera images from the Tello drone and operates the drone by moving the face and body and walking on the spot. The
smartphone shown in Figure 1b was inserted into the VR goggles. Therefore, the camera image from the drone was
displayed in two parts: the left eye and the right eye.

Bl VR goggles |

(b)
Figure 1. (a) Situation of drone operation; (b) Hardware set.

The main program of the system performs flight control based on user input and was developed to run on a PC
(specifically, Apple MacBook Air). Flight control of Tello was executed using the main program. The PC communicates
with Tello through Wi-Fi to send control commands and receive camera images.

The smartphone installed in the VR goggles was connected to a PC using a USB cable. Bluetooth is also available
but is slower than USB. The smartphone in the goggles detects human movements. The direction of the smartphone
was detected using acceleration and magnetic field sensors, and stepping was detected using the acceleration sensor. A
support vector machine (SVM) is a powerful machine learning method adopted in a wide variety of applications. An
SVM classifier [18] is used to distinguish stepping from other movements. The camera images were sent to the
smartphone from the PC, and the direction of the smartphone and the stepping state were sent to the PC.

The Tello can also be operated using the included remote controls. The effectiveness of the operation with that of
the proposed natural approach and remote controller was compared, and the results are described in Section 5.
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3. Detecting Face Movement

Acceleration and magnetic field sensors in smartphones can be used to detect facial movements. A smartphone
program was developed for the Android operating system. The program was developed to support a library that queries
sensor data to detect smartphone orientation using the aforementioned sensors.

Figure 2 shows the orientation of the smartphone. Azimuth refers to the horizontal orientation, pitch indicates the
vertical orientation, and roll indicates the tilt in the left and right directions. The smartphone was placed in the VR
goggles. Therefore, azimuth corresponds to turning left and right, pitch corresponds to looking up and down, and roll
corresponds to the user leaning their face in some direction. The Tello synchronizes with the user’s facial movement,
as detected by the smartphone in their VR goggles.

The main program on the PC detected the difference between the azimuth of the smartphone and that of the Tello
drone when the operator turned. If the difference was greater than 15 degrees, the main program sent a command to
turn toward the operator’s azimuth. The system directs Tello to turn 15 degrees at each command. The main program
continued to send commands until the difference became less than 15 degrees. If the pitch varies by 5 degrees or more
from the horizontal direction toward the upward direction, Tello moves up by 20 cm. In contrast, if the pitch varied by
10 degrees or more from the horizontal to the downward direction, Tello moved down by 20 cm. In general, operators
naturally face slightly down when wearing VR goggles. Therefore, the thresholds differed between the up and down
controls. If the operator continues to look up or down, the command to move up or down is sent continuously. If the
roll angle deviates by more than 15 degrees from the horizontal, the Tello is directed to move left or right by 20 cm.
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Figure 2. Hardware set operation overview.

4. Detecting Walking in Place

Detecting facial movements enables the direct control of the drone ’s facing direction. The user can walk to move
the drone forward. Acceleration data were used to detect steps. These data comprise three dimensions, labeled the X-,
Y-, and Z-axes. When facing the smartphone screen, the X-axis is in the horizontal direction, the Y-axis is in the vertical
direction, and the Z-axis is in the front-back direction.

In this study, a SVM classifier was applied to distinguish stepping from other movements. The data from these two
classes were collected to create the classification model. One class included data recorded while the user walked in
place, whereas the other included data recorded while the user stood in place and turned their faces and bodies. Five
acceleration data samples were collected per second. In this study, 1 s of data for each of the two classes were set to
one dataset (three dimensions X five data x two classes = 30 data samples).

Fifty datasets for each of the three subjects (male students) were collected to train the model, and ten datasets were
collected to evaluate its performance. Figure 3 shows the change in accuracy with an increasing number of datasets.
ALL indicate accuracy when the data from the three subjects were merged. For the most part, the accuracy improved
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with increasing amounts of data, peaking at 30 or 40 datasets. For Subject A, the accuracy gradually improved from
60% to 85% with 40 datasets. The accuracy decreased slightly for 50 datasets. This is thought to be due to overfitting,
which is specific to machine learning. Next, for Subject B, the accuracy was initially 65%, but eventually reached 70%,
with little improvement. For Subject C, the accuracy was initially low at 55% but reached nearly 100% for the 30
datasets and then stabilized at 95%.

The accuracy for Subject B was not as high as that of the other subjects. This may be attributed to the slower step
speed compared to that of the other subjects. However, the ALL exceeded 80% even with only 10 datasets. The
maximum accuracy was 88%, and it reached a stable level. Therefore, the model used in this study was created using
all the collected data.

In the case of low accuracy, the stepping state was not recognized, and the user was judged as having stopped.
There were no cases in which stopping was considered as stepping. Therefore, the drone never moved forward when
the user stopped. Faster stepping is easier to recognize. The system was designed to make the drone move forward by
40 cm when it detected a walking step.
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Figure 3. Accuracy of the classification model.

5. Experiments

To verify the effectiveness of the proposed approach, natural operation was compared with remote controller
operation. During the remote controller operation, the subjects operated the controller while watching the camera image
from the drone on the PC monitor, as shown in Figure 4a, rather than using VR goggles.

To eliminate the difference in control, the moving distance or angle assigned to one command of the remote
controller was set to be the same as that of the natural operation. Figure 4b shows the assignment of each control. The
cross keys on the left correspond to each movement, the top key corresponds to the walking step, and the left and right
keys correspond to the left and right leaning of the head, respectively. The cross buttons on the right correspond to
heading up and down, and turning right and left. In addition, to eliminate the difference in real-time performance, the
image from the drone was sent to the smartphone, even during the remote controller operation. These settings allowed
us to evaluate VR and natural operations.

Two types of experiments were conducted in this study. The first aim was to verify the operations in terms of face
direction. The other was performed to evaluate the overall natural operation methods, including the stepping function.
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Figure 4. (a) The situation of the remote controller operation; (b) Control assignments for the remote controller.

5.1. Evaluation of the Face Operation

First, only facial operations were evaluated using the experimental environment shown in Figure 5. The
environment was set up with two virtual cubes, each of which was 90 cm square. Four X-marks were placed on the
walls at positions 1, 2, 3, and 4. The drone was located at the initial position and directed toward the first marker.

Initial position @

Figure 5. Experimental environment for the face operation.
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After the drone performed takeoff, the operator moved the drone up until its camera caught marker No. 1 at the
center of the image, as shown in Figure 5. This initiates the experimental data collection process. The operator moved
the drone up until the camera found marker No. 2 at the center of the image. Next, the operator turned the drone to the
left until the camera found the No. 3 marker at the center of the image. The operator then moved the drone down until
the camera captured marker No. 4 at the center of the image. Finally, the operator turned the drone to the right until the
camera found the marker No. 1 at the center of the image again. The experiment was then completed. For this experiment,
the operator must face up until marker No. 1 is found and must still face up until marker No. 2 is found. After finding
marker No. 2, the operator must turn left until marker No. 3 is found. Next, the operator faces down until maker No. 4
is found. Finally, the operator must turn right until maker No. 1 is found again. The execution time is measured in
seconds. Figures 6 and 7 show the experimental results for the three subjects (male students other than those who
participated, as noted in Section 4). Each subject executed the experimental process three times for both remote control
and natural operations.
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Figure 6. Results of the operation by remote controller.

For the remote control, as shown in Figure 6, the execution time for Subject A at first time was approximately 55
s. This took much longer than for the other subjects. However, the difference between the other subjects became much
smaller the second time. The execution time for Subject B was approximately 45 s the first time. TThe time improved
during the second attempt, just as it did for Subject A. In the case of Subject C, the execution time was less than 40 s
even for the first time. The execution time gradually decreased and eventually dropped to less than 35 s. As indicated
by the average time, the execution time for each subject was reduced to a relatively low level in the second trial. The
remote controller is a general game controller. Because each subject was already familiar with this type of controller, a
single trial may have been sufficient for them to learn the process well.

In the case of the natural operation method, as shown in Figure 7, the execution time decreased gradually. The
execution time for Subject A improved linearly: 55 s for the first time, 48 s for the second time, and 41 s for the third
time. The shape of the time for Subject B was similar to that of the remote controller. It was thought that Subject B
understood how to operate it by the first trial. Subject C was fast for the first time, but worsened for the second time. It
was assumed that the time of the first attempt was by chance, and the time improved gradually. As indicated by the
average time, the execution time gradually improves. This indicates that users needed more time to familiarize
themselves with the natural operation compared to the remote controller. However, this difference decreased as the
number of trials increased.
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Figure 7. Results of the face operation.

5.2. Total Evaluation of the Natural Operation

Figure 8 shows the experimental environment used for the evaluation. An operator flies the drone along the course
shown on the left of Figure 8. The drone was maintained automatically at a height of 1m. Therefore, height control was
not considered in the experiment. The operator controlled the drone by stepping, leaning their face, and changing the
direction they faced. The operator was directed to hover the drone over its initial position. The experiment began when the
flight stabilized. The drone flew along the course. The experiment was completed when the drone crossed the goal line. The
execution time was measured in seconds from the designated starting point to the time when the goal was reached.

Initial position

90cm

Figure 8. Experimental environment.

Goal line
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Three subjects (male students other than those who participated, as noted in Sections 4 and 5.1) performed the
experiment with both the remote controller and natural operation. Table 1 lists the results of the operation using the
remote controller, and Table 2 lists the results of the natural operation.

Table 1. Results of the remote controller (s).

Number of Trials 1 2 3
Subject A 108 103 88
Subject B 86 96 115
Subject C 110 102 88

Average 101.3 100.3 97.0

Table 2. Results of the natural operation (s).

Number of Trials 1 2 3
Subject A 153 118 116
Subject B 129 116 99
Subject C 116 97 88
Average 132.7 110.3 101.0

As listed Table 1, the execution time of Subject A decreased gradually. In contrast, the execution time of Subject
B gradually increased. Subject B collided with an obstacle in the third trial. The execution time of Subject C gradually
decreased, similar to that of Subject A. Subject B recorded the best time of all at first time. However, the execution time
was not stable. Therefore, it was considered that Subject B could not learn the operation steadily after only three trials.
However, the average time decreased as the number of trials increased.

As shown in Table 2, the execution time of Subject A was 153 s during the first trial, which significantly improved
in the second trial. The execution time of Subject B gradually decreased during the three trials. The execution time of
Subject C also gradually improved, similar to that of Subject B. Furthermore, Subject C achieved the same operation
time as the remote controller with natural operation.

Comparing the average times for both results, the difference between the two operations decreased for each trial.
Therefore, it has been considered that the proposed method can be used to operate drones as effectively as the remote
controller after users become familiar with the process. Operating the drone with remote control took relatively more
time in the third trial for Subject B, owing to a collision with an obstacle. The participants operated the device while
watching the camera image on a PC monitor. They encountered some difficulty in understanding the distance to
obstacles in relation to their flight speed. Natural operations with VR goggles provide a more immersive sense of
distance. This result is similar to those of previous studies [14,15]. The proposed system allows users to control the
viewing angle and movements in the remote space more intuitively.

6. Conclusions

This study proposes a method by which drones can be operated using natural human movements. The operator
wears VR goggles to view the camera image from the drone and operated the drone by changing the face direction,
leaning the head, and stepping on a spot. This natural operation is compared with that of a conventional remote controller.
The remote controller performed better during the initial stages of the experiment. However, as the subjects became
more familiar with the proposed approach, this difference became relatively small, and the proposed system allowed
users to actively control the viewing angle and movements in the remote space more intuitively.

The software library included with the Tello Craft for general developers permits only step-wise control, such as
moving a certain distance or turning to a specified degree. Because speed control cannot be performed in real-time,
commands such as movements of 20 cm and 15 degrees must be sent continually. The movement of the Tello unit was
irregular. Therefore, future research should apply the proposed approach to other drones with more precise control
systems to achieve smoother operation.

This study combined drones, VR, and machine learning. VR provides drone pilots with a sense of realism and
immersion, whereas machine learning enables the use of natural movements. This type of research could lead to intuitive
operating experiences in entertainment and education, the ability to control drones with facial movements even when
their hands are full during rescue missions and disaster sites, and assistance for people with disabilities in medical and
rehabilitation applications by controlling the movements of specific body parts. To achieve these applications, issues



Drones and Autonomous Vehicles 2025, 2, 10011 9 of 10

such as operational stability, adoption of differences between users, and ensuring safety need to be resolved. Human-
centered design and user-adaptive interface design will become increasingly important in the future.
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