% applied sciences

Article

Enhancing Drone Navigation and Control: Gesture-Based
Piloting, Obstacle Avoidance, and 3D Trajectory Mapping

Ben Taylor, Mathew Allen, Preston Henson, Xu Gao, Haroon Malik and Pingping Zhu *

check for
updates

Academic Editor: Rui Aratjo

Received: 18 May 2025
Revised: 21 June 2025
Accepted: 23 June 2025
Published: 30 June 2025

Citation: Taylor, B.; Allen, M,;
Henson, P; Gao, X.; Malik, H.; Zhu, P.
Enhancing Drone Navigation and
Control: Gesture-Based Piloting,
Obstacle Avoidance, and 3D Trajectory
Mapping. Appl. Sci. 2025, 15, 7340.
https:/ /doi.org/10.3390/app15137340

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

Department of Computer Sciences and Electrical Engineering, Marshall University, Huntington, WV 25755, USA;
taylor924@marshall.edu (B.T.); allen490@marshall.edu (M.A.); sellards11@marshall.edu (P.H.);
gao32@marshall.edu (X.G.); malikh@marshall.edu (H.M.)

* Correspondence: zhup@marshall.edu

Abstract

Autonomous drone navigation presents challenges for users unfamiliar with manual flight
controls, increasing the risk of collisions. This research addresses this issue by developing
a multifunctional drone control system that integrates hand gesture recognition, obsta-
cle avoidance, and 3D mapping to improve accessibility and safety. The system utilizes
Google’s MediaPipe Hands software library, which employs machine learning to track
21 key landmarks of the user’s hand, enabling gesture-based control of the drone. Each
recognized gesture is mapped to a flight command, eliminating the need for a traditional
controller. The obstacle avoidance system, utilizing the Flow Deck V2 and Multi-Ranger
Deck, detects objects within a safety threshold and autonomously moves the drone by a
predefined avoidance distance away to prevent collisions. A mapping system continuously
logs the drone’s flight path and detects obstacles, enabling 3D visualization of drone’s
trajectory after the drone landing. Also, an Al-Deck streams live video, enabling navigation
beyond the user’s direct line of sight. Experimental validation with the Crazyflie drone
demonstrates seamless integration of these systems, providing a beginner-friendly expe-
rience where users can fly drones safely without prior expertise. This research enhances
human-drone interaction, making drone technology more accessible for education, training,
and intuitive navigation.

Keywords: gesture-based drone control; autonomous obstacle avoidance; human-drone
interaction; 3D mapping and navigation

1. Introduction

Drones have become essential for multiple fields, including disaster response, in-
dustrial inspection, and autonomous delivery systems [1-3]. Their versatility has led to
widespread adoption in both commercial and research applications, but traditional drone
operation requires precise manual control, often demanding significant training and ex-
perience [4]. This challenge is particularly evident in cluttered or dynamic environments
where human pilots must react quickly to avoid obstacles [5]. To enhance accessibility
and usability, researchers have explored alternative control methods such as gesture-based
interfaces, brain—-computer interaction, and voice-controlled navigation [6,7]. While these
technologies have been studied independently, integrating them with other features into a
seamless, user-friendly system remains an ongoing challenge.

Gesture-based control offers a natural alternative to conventional remote control sys-
tems. It leverages computer vision techniques to interpret human hand movements [8].
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Specifically, Google’s MediaPipe (Version 0.10.21) Hands software library can detect 21 land-
marks of the human hand from static images and track these landmarks in videos, utilizing
a machine learning model [9]. These landmark positions distinguish between different
gestures [10]. Prior research has demonstrated the effectiveness of gesture-based interfaces
in robotic control, virtual reality, assistive technology, and human-robot interaction [11-13].
However, their application in drone piloting—particularly when combined with au-
tonomous safety mechanisms—remains underexplored. Some studies have attempted
to integrate gesture recognition with drone control, but they often suffer from high latency,
gesture misclassification with differing hand sizes, lighting issues, or limited adaptability
in dynamic environments [14].

Autonomous obstacle avoidance, another key component of drone navigation, has
been successfully implemented using infrared time-of-flight sensors, LIDAR, and deep-
learning-based object detection [15,16]. These systems enable drones to detect and avoid
obstacles, significantly reducing the risk of collisions in unknown environments [17]. How-
ever, many autonomous systems override user control entirely when avoiding obstacles,
reducing pilot interaction and flexibility [18]. This raises important questions about how
to balance human input with autonomous safety mechanisms to provide a smooth and
responsive user experience.

This study proposes a multifunctional drone control system that integrates hand
gesture recognition, autonomous obstacle avoidance, and 3D mapping using Bitcraze’s
Crazyflie drone to create an intuitive and beginner-friendly piloting experience [19]. The
system ensures safe and interactive flight, allowing users to control drones with hand
gestures. At the same time, an autonomous safety feature prevents collisions by detecting
obstacles within a safety threshold py, and retreating the drone by a fixed avoidance
distance, p,p0i4- A 3D mapping system visualizes the flight path and detected obstacles,
and an Al-Deck streams live video, enabling navigation beyond direct line-of-sight. Unlike
prior research, which often focuses on one aspect of drone control, this system bridges
the gap between human interaction and autonomous safety, allowing for greater user
engagement while maintaining obstacle avoidance [20,21].

By integrating gesture-based control with autonomous safety mechanisms and 3D
mapping, this research advances human—drone interaction in a novel and practical way.
Unlike many existing systems that treat gesture recognition and obstacle avoidance as sepa-
rate functionalities, this work combines them to create a cohesive, intuitive user experience.
This multifaceted integration directly addresses challenges in drone accessibility, offering a
scalable and user-friendly solution for applications in education, training, and real-world
navigation. The system contributes to the fields of robotic control, autonomous navigation,
and interactive machine learning by lowering the barrier to entry for novice users while
maintaining flight safety and environmental awareness.

Nonetheless, the system is not without limitations. Challenges such as occasional
gesture misclassification, command latency, and sensitivity to lighting conditions remain
areas for improvement. A recent overview of the UAV field emphasizes the growing need
for multimodal and adaptive drone interfaces, underscoring the relevance and timeliness
of this research [22]. Future efforts will aim to enhance gesture recognition reliability,
reduce latency through software optimization, and increase system usability through better
camera modules or dual-view configurations. Also, scaling the platform to support multi-
drone coordination and adapting it for outdoor environments using GPS or SLAM-based
localization would further expand its applicability and impact.
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2. Materials and Methods
2.1. Integrated System Architecture and Workflow

The architecture of the proposed drone control system integrates multiple hardware
and software components to enable intuitive, gesture-based drone navigation with obstacle
avoidance and 3D mapping. The user initiates control by performing predefined hand
gestures in front of a webcam. These gestures are captured and processed using Google’s
MediaPipe Hands framework. The landmark data are analyzed using custom Python
classification functions that determine the type of gesture being shown. Using a command-
mapping module, each recognized gesture is mapped to a specific flight command.

The mapped flight commands are wirelessly transmitted to the Bitcraze Crazyflie
2.1 drone via the Crazyflie Python library. Once airborne, the drone operates with three
key expansion decks: the Multi-Ranger Deck for obstacle detection, the Flow Deck V2 for
position estimation, and the Al-Deck for First-Person View (FPV) video streaming. The
Multi-Ranger Deck uses infrared sensors to monitor proximity to objects in the front, back,
left, and right directions.

Meanwhile, the Flow Deck V2 provides position data through a Kalman filter, which
is logged every 0.1 s by a flight data logger. These coordinates generate a 3D map of the
drone’s path using Python’s Plotly (Version 6.0.0) visualization library. Obstacle encounters
are also marked on the map as red rectangular prisms. The Al-Deck streams live grayscale
or color video to the user’s screen using socket communication, enabling remote navigation
beyond the user’s direct line of sight. The FPV video feed and the interactive 3D map are
displayed to the user, offering system feedback. This modular system functions in parallel,
creating a responsive platform for safe, beginner-friendly drone piloting and for advanced
mission-based piloting. This workflow and architecture can be visualized in Figure 1 below.

User Webcam MediaPipe Hands
(Performs Hand ——> (Captures Hand ——> (Hand Tracking &
Gestures) Input) Landmark Detection)

Gesture Classifier
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Figure 1. System architecture diagram illustrating the integrated components of the multifunctional
drone control framework.

2.2. Hardware and Software Components

The Bitcraze Crazyflie 2.1 drone served as the experimental platform, selected for its
compact size, modular design, and expandability. Several expansion decks and components
were integrated to enhance its sensing and flight capabilities:

e  Crazyflie 2.1 Drone: Figure 2a illustrates the main aerial platform for this research.
It is a lightweight, open-source nano quadcopter developed by Bitcraze, equipped
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(a)

with an STM32F405 microcontroller, built-in IMU, and expansion deck support via an
easy-to-use pin header system [23]. Its modular design allows seamless integration of
multiple decks for advanced sensing and control functionalities.

e  Crazyradio PA: Figure 2b is a 2.4 GHz radio dongle used to establish wireless com-
munication between the host computer and the Crazyflie 2.1 drone [24]. The PA
(Power Amplifier) version enhances signal strength and communication reliability,
particularly in environments with interference or extended range requirements.

e  Flow Deck V2: Figure 2c provides optical flow-based position estimation and altitude
measurement using a downward-facing time-of-flight (ToF) sensor and an optical
flow camera [25]. This enables the drone to maintain stable flight without external
positioning systems.

e  Multi-Ranger Deck: Figure 2d utilizes infrared ToF distance sensors to detect obstacles
in five directions—front, back, left, and right [26]. This facilitates obstacle avoidance
by continuously monitoring the drone’s surroundings.

e  Al-Deck 1.1: Figure 2e features a camera module for video streaming, allowing users
to navigate the drone beyond their direct line of sight [27]. The Al-Deck includes
a GAPS8 RISC-V multi-core processor, enabling onboard image processing and low-
latency streaming to a ground station. A Linux system is required for setting up and
flashing the AI-Deck, as the software tools provided by Bitcraze (Malmo, Sweden),
such as the GAP8 SDK, are optimized for Linux-based environments.

(b) (c) (d) (e)

Figure 2. (a) Crazyflie 2.1 Drone; (b) Crazyradio PA; (c) Flow Deck V2 Component; (d) Multi-Ranger
Deck Component; (e) Al-Deck 1.1 Component.

Gesture-based control was implemented using Google’s MediaPipe Hands, a computer
vision framework capable of tracking 21 key landmarks on a user’s hand. The gesture
recognition software was implemented in Python (Version 3.11.0), processing webcam
input to identify predefined gestures and mapping them to corresponding flight control
commands for the drone. The system was executed in Visual Studio Code (Version 1.101)
on a laptop running Windows 11 with an Intel Core i9 processor, 64 GB of RAM, and
an integrated webcam, which provided sufficient performance for processing and drone
communication. The system leveraged Bitcraze’s Crazyflie Python library for wireless
communication, ensuring seamless execution of gesture-based commands.

2.3. Code Implementation and System Logic

The full drone control system was implemented in Python, integrating hand gesture
recognition, autonomous obstacle avoidance, 3D mapping, and Al-Deck video streaming.
Upon startup, all necessary software libraries are imported, and the system establishes a
wireless radio connection to the Crazyflie 2.1 drone. A socket connection is simultaneously
opened to the Al-Deck for FPV streaming. Google’s MediaPipe Hands framework is
initialized to process webcam input and track 21 hand landmarks, which are later used
for gesture classification. In parallel, the drone’s position is logged using the Kalman filter
output from the Flow Deck V2, and a blank 3D map is initialized using Plotly to visualize
flight data and obstacle encounters.
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Once the system is fully initialized, the main loop begins and handles multiple tasks
concurrently. The Al-Deck continuously streams grayscale or color video, which is de-
coded and displayed in a live feed using OpenCV, enabling remote FPV-based navigation.
Simultaneously, the Multi-Ranger Deck monitors the proximity of obstacles in the front,
back, left, and right. If an object is detected within py, in any direction, the drone overrides
gesture commands and automatically moves p,,,;; away from the object to avoid collision.
The location of each obstacle encounter is recorded and visualized as a red rectangular
prism on the 3D map.

Meanwhile, MediaPipe Hands detects the user’s hand in the webcam frame and calcu-
lates geometric angles between finger joints and distances between landmark pairs. These
features are passed into custom classification functions that recognize specific gestures
such as “point”, “thumb up”, or “closed fist”. Each gesture is mapped to a unique drone
command. For example, a “point” gesture triggers forward motion, “hand open” results in
vertical ascent, and “thumb up” moves the drone laterally to the left. The drone executes
each command in small increments (typically 0.05 m) to ensure precision and responsive-
ness. When the landing gesture is detected, the drone initiates a landing sequence and
stops logging data. At that point, the full 3D map is saved as an interactive HTML file, and
flight coordinates are exported as a CSV dataset.

Throughout the flight, x, y, and z positions are recorded every 0.1 s using data from the
Flow Deck. These positions are plotted and dynamically adjust the axis range of the 3D map.
The Al-deck’s FPV stream provides additional spatial awareness for navigating beyond
the user’s direct line of sight. These modules function in parallel, creating a responsive,
beginner-friendly system that allows intuitive control while maintaining autonomous safety
and environmental visualization. This system is visualized in Figure 3 below.
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Figure 3. A block flowchart illustrating the full system logic of the multifunctional drone
control framework.
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2.4. Hand Gesture Recognition and Control

Gesture recognition in this study was implemented using Google’s MediaPipe Hands,
an open-source framework that leverages machine learning to detect and track 21 key
hand landmarks using a single RGB webcam (Bitcraze, Malmo, Sweden), as illustrated in
Figure 4. Each landmark corresponds to specific joints and tips of the fingers and wrist.
Once detected, these landmark coordinates are used to classify predefined hand gestures
by calculating joint angles and Euclidean distances between specific landmark pairs.

®
. - *16 0. WRIST 11. MIDDLE_FINGER_DIP
y 117§ 1. THUMB_CMC 12. MIDDLE_FINGER_TIP
7 o |15 2. THUMB_MCP 13. RING_FINGER_MCP
6% 107 ¢, 20 3. THUMBIP 14. RING_FINGER_PIP
- —od 19 4. THUMB_TIP 15. RING_FINGER_DIP
4 519 3 S 18 5. INDEX_FINGER_.MCP  16. RING_FINGER_TIP
3® 17 6. INDEX_FINGER_PIP 17. PINKY_MCP
- 7. INDEX_FINGER_DIP 18. PINKY_PIP
2 8. INDEX_FINGER_TIP 19. PINKY_DIP
1@ 9. MIDDLE_FINGER_MCP  20. PINKY_TIP
Y0 10. MIDDLE_FINGER_PIP

Figure 4. Hand landmark points used for gesture recognition [9].

The system evaluates angles at key finger joints by applying geometric calculations
to three-point sequences. For example, to detect if a finger is extended or bent, the angles
formed at the carpometacarpal (CMC), metacarpophalangeal (MCP), proximal interpha-
langeal (PIP), and distal interphalangeal (DIP) joints are measured. An extended finger
typically shows an angle greater than 120°, whereas a bent finger produces a significantly
smaller angle (usually <100°). In addition to angles, distances between landmark points
(e.g., between the thumb tip and the base of the index finger) are used to determine the
spread of the hand or proximity of fingers, further enhancing gesture classification. To
control the drones using the different hand gestures, furthermore, we select eight common
gestures in this paper, including “pointing”, “peace”, “thumbs up”, “pinky”, “open hand”,
“fist”, “okay”, and “love”, to indicate the corresponding drone commands, as described
below and demonstrated in Figure 5.

A “pointing” gesture moves the drone forward.

A “peace” gesture moves the drone backward.

A “thumbs up” gesture moves the drone to the left.

A “pinky” gesture moves the drone to the right.

An “open hand” gesture triggers the drone to ascend (up).

A “fist” gesture triggers the drone to descend (down).

An “okay” gesture triggers the drone to land.
e A ”love” gesture triggers the drone to rotate.
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¢ 5 ¢ &

pointing: Forward peace: Forward thumbs up: Left pinky: Right
open hand: Up fist: Down okay: Land love: Rotate

Figure 5. Visual representation of all hand gestures showing each mapped drone command and its
corresponding hand pose for clarity.

First, the system detects i = 0, 1, 2, ..., 20 hand landmarks per frame and each
landmark is represented by v; € R? in 2D image coordinates:

v; = [x;,yi]" fori=0,1, ..., 20 1)

where “T” indicates the transpose. Then, a gesture in a frame can be represented by a

21 X 2 matrix V= [vo . vzo] T, which are the raw data for the gestures.

To classify hand gestures into the eight classes, such that G = {Gpoiming, Gpeace,
Gttumbstipr Gpinkyr GopenHands Gfists Gokays Glove } as shown in Figure 5, in the next step, the
system extracts two types of features from the matrix V, including the distance feature d;;
and the angle feature gijk where i, j, k € {0, 1, ..., 20}. Specifically, the distance features
are defined by the Euclidean distances between landmark pairs i and j, such that

dij = |v; —vj| = \/(xi - xj)Z + (vi _]/j)z )

In addition, the joint angles features are defined using the cosine rule for three consec-
utive landmarks, 7,” j, and k, such that

(v — )" (vx — v)) ) ©)

ijk = urccos( s dkj

Finally, considering the system effectiveness and efficiency, we implemented this hand
gesture classification only based a subset of ten features, such that @ = {Gi}?:o Udp, where
0o = bose, 1 = 6090, 2 = G134, 03 = G178, 04 = O567, 65 = 568, 06 = 09,1011,
07 = 0131415, 03 = 0171819 do = d417. Specifically, the gesture classification can be determined
by using the following Boolean combinations of these features:
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Gpointing:  if 61 > 120° 65 > 120° 6 > 100° 67 > 100° g > 120°
Gpeaces if 6p>120° 605 > 120° 67 > 120° 6 > 120° 67 > 100° 6z > 100°
GthumbsUp/ lf 64 > 100° 8¢ > 100° 67 > 100° g > 100° dy > 225
Gpinky/ lf 03 > 120° 05 > 130° 6 > 130° 67 > 130° Og > 120°
G =1 Goponriands if 60> 120°65 > 120° 65 > 120° 6; > 120° 6 > 120° 4)
Gfistr lf 04 > 100° 6 > 120° 67 > 100° g > 100° dy < 225
Gokayr Zf 04 < 100° 07 > 120° 6, > 120° 63 > 120° 64 > 120° 67 > 120° g > 120°
Glover if 89> 120°6; > 120° 65 > 120° 6 < 130° 6, < 130° 6 > 120°
Gothers otherwise

where the determined gesture class G € G U Gy and Gy indicates any unspecified hand
gestures. This classification can also be implemented using a decision tree, as demonstrated
in Figure 6. It is noteworthy that in the decision-tree diagram, the unspecified hand gesture

YES NO.

Gother 1s ignored.

6 = 100°
J-
b3 = 130°
=225 YES NO. YES
YES N|O YES NO VT_S
%) (o] o) 5] (ee]
YE:ES Y:ES Y%S Y:ES YJES
oe) () o) [oe] (e
YES N;O Yl:ES YES N“O Y:ES vES
wiw ) [wre ) [won ] (wm ] [oon ] [oee)
Y‘ES Y:ES Y:ES YJES V%S Y:ES
C ) { 05 > ¢, } { 07 > ¢ J { 00 > ¢ J { 04> 61 } { 03 > ¢ }
Y:Es Y:Es vES vis vEs
Coon] [won] G
, .

Figure 6. The decision-tree diagram of eight-class gesture classification.

Once a gesture was classified, it was mapped to a corresponding drone flight command
through a gesture-command control function implemented in Python. Using the Crazyflie
Python API and the MotionCommander interface, each recognized gesture triggered a
predefined flight behavior. For instance, when the system detected an open hand gesture,
G = GypenHand, the drone executed a vertical ascent using the mc.up() command [10]. This
mapping system allowed for smooth, real-time gesture-to-command execution and was
designed to be modular, enabling additional gestures and flight behaviors to be added with
minimal modification to the underlying code.

These mappings enabled the drone to be controlled solely through hand gestures,
offering an intuitive and accessible user experience. The system processed webcam input
frame-by-frame, continuously checking for changes in gesture state and executing flight
commands accordingly. This approach eliminated the need for physical controllers and
reduced the learning curve for beginner users.
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2.5. Obstacle Avoidance System

The obstacle avoidance system utilized sensor data from the Multi-Ranger Deck to
detect obstacles in the front, back, left, and right directions. Unlike autonomous navigation
systems that follow a predetermined path, this drone only moves in response to user
hand gestures. While executing a commanded movement, the drone continuously scans
its surroundings.

Let the drone be situated in a 3D space with its local coordinate system aligned such
that the front direction corresponds to the positive x-axis and left to the positive y-axis.
To assess the proximity of obstacles, the system defines directional obstacle distances
by ps € {pr, pB, pr, pr} indicating the measured distances to obstacles in the front,
back, left, and right directions. These distances are obtained using infrared time-of-flight
(ToF) sensors on the Multi-Ranger Deck, which actively measure the shortest line-of-sight
distance between the drone and any nearby surface in the specified directions.

To ensure safe navigation, the obstacle avoidance algorithm uses a dynamic safety
threshold, denoted as p;,. This value accounts for the physical limitations of the Crazyflie
drone and its ability to decelerate upon detecting an obstacle. This safety threshold is
computed using principles derived from Newton’s Laws of Motion, such that

02
Pth = Utlatency + 24 ®)

where v represents the drone’s velocity, #;4tenc, indicates the command execution latency,
and a indicates the deceleration rate of the drone, respectively. This equation calculates
how far ahead the drone should start reacting to an obstacle, based on its current velocity
and ability to decelerate, including the first term reaction distance and the second term
braking distance. The reaction distance, vfjsepcy, indicates the distance the drone travels
during the delay in command execution, and the braking distance, v>/(24), indicates the
distance needed to decelerate to a stop. The reaction distance contributes minimally to the
threshold due to its small magnitude, making the braking distance the dominant factor
at higher velocities. The deceleration rate is inherent to the drone’s hardware and was
verified through controlled testing. This formulation enables the safety threshold to scale
dynamically with velocity, providing a greater margin at higher speeds to prevent collisions,
while at lower speeds, decreasing the margin for more precise navigation.

In this paper, specifically, we consider the maximum velocity of the Crazyflie,
Umax = 1 m/s, according to Bitcraze Forums, the command execution latency,
tiatency = 5 milliseconds (ms) (more details are provided in Section 3.4.3), and the de-
celeration rate of the drone a = 1.5 m/s2. Here, the deceleration rate is obtained
from experimental measurements, which vary depending on the different weights of
the drones and the sensors equipped. Then, the safety threshold can be obtained as,
p = 0.3383 ~ 0.35 m, by substituting these specifications into (5). Furthermore, a
reasonable avoidance distance is set by 0,07 = 0.2 m.

When any detection distance p; between the drone and the obstacles falls below
this threshold, the system initiates an automatic avoidance maneuver, moving it by
Pavoid = 0.2 m in the opposite direction to maintain a buffer from the obstacle.

Ax =) ~Pavoids EOF <P Ay =] ~Pavoid: ifor < pum ©)
+Pavoid, if PB < P +0avoid, if pr < P

These avoidance movements are issued using the Bitcraze Python API's Motion Com-
mander interface, allowing precise, small-scale control of the Crazyflie drone’s trajectory. It
is noteworthy that, since the safety threshold, p;;, = 0.35, is calculated based on the maxi-
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mum velocity, v,z = 1 m/s, this approach results in safe navigation while maintaining
user control as long as the velocity is lower than v,,,y. Furthermore, an adjustable safety
threshold associated with the time-varying velocities can be proposed and implemented
easily according to (5), although we did not apply it in our experiments for simplicity.

2.6. 3D Mapping and Flight Data Logging

A 3D mapping system was implemented to visualize the drone’s flight path and
detect obstacles. The system recorded the drone’s x, y, and z coordinates at 0.1 s intervals,
logging its movement throughout the flight. Obstacle detection data from the Multi-Ranger
Deck were incorporated into the map, with obstacles represented as rectangular prisms
positioned at a distance from the detection point based on the safety threshold.

The collected flight data were processed and visualized using Python’s Plotly library,
generating an interactive 3D representation of the environment. The resulting visualization
provided a clear depiction of the drone’s trajectory and mapped obstacles, aiding in post-
flight analysis and system evaluation.

2.7. Experimental Setup and Testing Procedure

Experiments were conducted in a controlled indoor environment to evaluate the
performance of the integrated system, focusing on gesture recognition, obstacle avoidance,
and 3D mapping accuracy. The testing procedure consisted of three primary evaluations:

e Hand Gesture Control Test: Users performed predefined hand gestures in front
of a webcam to verify accurate classification and execution of drone commands.
Each gesture was tested multiple times to assess recognition accuracy and command
responsiveness.

e  Obstacle Avoidance Test: The drone was commanded to move forward while obsta-
cles were placed in randomized positions along its path. The system’s ability to detect
and avoid obstacles within the safety threshold was analyzed, recording the reliability
of avoidance maneuvers and any unintended collisions.

e 3D Mapping Validation: To assess mapping accuracy, the recorded flight path and
obstacle locations were compared to real-world measurements. Errors in obstacle
placement and discrepancies in flight path representation were quantified.

Each test was repeated multiple times to ensure consistency.

2.8. Data Availability

The Python code used for gesture recognition, obstacle avoidance, 3D mapping, Al-
Deck streaming, and supporting resources will be publicly available in a GitHub repository
upon publication. The repository will also include images of the generated 3D maps and a
YouTube video demonstrating the system’s functionality.

3. Results

3.1. Obstacle Avoidance Performance
3.1.1. Obstacle Detection and Response

The obstacle avoidance system was designed to prevent collisions by integrating
the Multi-Ranger Deck, which utilizes time-of-flight (ToF) sensors to detect objects in
the drone’s surroundings. Upon detecting an obstacle within p;; = 0.35 m, the drone
autonomously retreats p,,,i7 = 0.2 m to ensure safe clearance. These values were selected
to ensure the drone reacts promptly without excessive movement, striking a balance
between responsiveness and stability.

The Multi-Ranger Deck can measure distance up to 4 m within a few millimeters, as
provided by Bitcraze [26]. This level of accuracy allowed for consistent and reliable obstacle
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detection throughout testing, as proved by Table 1. Also, the avoidance parameters were
implemented as adjustable variables in the code, enabling customization based on the
user’s specific requirements or environmental constraints.

Table 1. Obstacle avoidance success rates based on the direction of obstacle encounter relative to
the drone.

Obstacle Location Avoidance Success Rate (%)
Forward 100
Backward 100
Left 100
Right 100
Angled 100

To evaluate the obstacle avoidance system’s reliability, structured tests were conducted
where the drone was flown perpendicularly toward an obstacle placed at various orienta-
tions. For each direction—front, back, left, right, and angled (with the obstacle positioned
diagonally)—the drone was commanded via gesture control to fly directly toward the
object. Each scenario was tested 25 times, for a total of 125 trials. As shown in Table 1, the
drone successfully avoided collisions in all cases, achieving a 100% avoidance rate across
all directions.

During testing, when the drone’s battery was fully charged and all systems were
functioning optimally, there were no instances where the drone failed to react to an obstacle
and flew directly into it. The system reliably detected and responded to obstacles, enhancing
the drone’s ability to navigate safely in constrained environments.

3.1.2. Obstacle Response During Perpendicular vs. Angled Approaches

During testing, the drone’s reaction to obstacles differed depending on how it ap-
proached them—either perpendicularly as seen in Figure 7a or at an angle as seen in
Figure 7b. When flying straight toward an obstacle, the Multi-Ranger Deck reliably de-
tected the object within the 0.35 m threshold and immediately retreated 0.2 m to avoid a
collision. These perpendicular encounters typically resulted in smooth, consistent avoid-
ance maneuvers, as the object was well aligned with the front-facing sensor.

* X

(@) (b)

Figure 7. (a) Typical scenario of drone encountering obstacle perpendicularly. (b) Scenario of drone
encountering an obstacle at an angle.

However, when the drone encountered an object at an angle, avoidance behavior
became more nuanced. Angled obstacles—such as those turned or placed diagonally—
were not always detected symmetrically by the front or side sensors. This asymmetry
increased the possibility of the drone clipping a propeller on the edge of the object, par-
ticularly when the contact point fell between two sensor fields. Despite this, the drone
successfully avoided collisions in these situations by responding based on whichever side
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of the drone’s boundary was first triggered. The system adjusted, initiating a horizontal
or vertical avoidance maneuver depending on which sensor crossed the safety threshold
first. A demonstration video of these two scenarios is available in Supplementary Materials
(Video S1).

Furthermore, the drone could approach obstacles at awkward angles due to its ability
to rotate and then fly forward. Although the control system does not include a specific
gesture for diagonal flight, this functionality effectively allows the drone to fly at an
angle relative to its original grid orientation. As a result, obstacles may be encountered
off-axis, challenging the avoidance system’s ability to interpret directionality accurately.
Nonetheless, the obstacle detection logic proved adaptive enough to handle these situations,
maintaining safe distances and adjusting flight paths as needed.

3.2. Hand Gesture Recognition Performance
3.2.1. Gesture Recognition Accuracy

To assess the accuracy of the hand gesture recognition system, a controlled test was
performed using all eight predefined gestures: pointing, peace, thumbs up, pinky, open
hand, fist, okay, and love. Each gesture was presented perpendicularly and approximately
one foot away from the laptop’s webcam—identified as the optimal distance and orientation
for consistent detection. The gesture was raised and removed from the frame 25 times per
test. The pointing, pinky, open hand, fist, okay, and love gestures were correctly identified
in all 25 attempts, achieving a 100% recognition rate. However, the peace and thumbs
up gestures occasionally exhibited inconsistencies in recognition. The peace gesture was
sometimes initially misclassified as an open hand before correcting itself shortly after.
Similarly, the thumbs up gesture was misidentified once as a fist, likely due to the visual
similarity between the two gestures when the thumb is bent. Despite these minor issues,
the system demonstrated high overall accuracy, as proven in Table 2, particularly when
gestures were presented in the ideal position relative to the camera.

Table 2. Accuracy of gesture recognition for each predefined hand gesture used in the system.

Hand Gesture Accuracy
Pointing 100
Peace 88
Thumbs Up 96

Pinky 100
Open Hand 100
Fist 100
Okay 100
Love 100

While MediaPipe Hands provided tracking capabilities, its accuracy could be inconsis-
tent due to the system’s sensitivity to hand positioning. For optimal recognition, the user’s
hand needed to be perfectly perpendicular and close to the camera as seen in Figure 8a. If
the hand was at an angle or too far away, the system sometimes failed to recognize gestures
properly, leading to delays as users had to adjust their hand positioning multiple times.

Several factors impacted the system’s reliability:

o  Gesture Misclassification: The system occasionally misinterpreted one gesture as
another (Figure 8b), especially when switching between gestures, leading to unin-
tended drone movements. Also, if a gesture was presented at an unfavorable angle or
partially obscured, it sometimes failed to register as any labeled gesture (Figure 8c),
resulting in no response from the drone.
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e Lighting Conditions: Bright, even lighting improved recognition, while dim or uneven
lighting sometimes led to unstable tracking of landmarks.

e  External Hand Interference: If another person’s hand entered the camera’s field of
view, the system sometimes detected it as an input, disrupting the control process.

(b)

Figure 8. (a) Correct gesture representing “left”; (b) “Left” gesture misclassified as “down”; (c) Ges-

ture failing to register as “left.” The red points in the figures indicate the land marks of hands.

Despite these limitations, keeping the hand close to the camera and maintaining a
stable positioning significantly improved detection reliability. Future improvements could
include additional filtering techniques to reduce misclassification and enhance reliability in
changing scenarios.

3.2.2. User Experience and Usability

The hand gesture control system provided an intuitive and engaging way to interact
with the drone, especially for users with little to no prior experience in drone piloting. By
eliminating the need for a traditional controller, the system allowed users to fly the drone
using natural hand movements, making the experience more accessible.

Most users required some initial practice to become comfortable with the system. The
main learning curve involved the following;:

e  Memorizing multiple gestures and associating them with their corresponding drone
commands.

e Maintaining proper hand positioning in front of the camera to ensure accurate
recognition.

e Balancing attention between their hand gestures and the drone’s movement, particu-
larly when not relying on the Al deck’s streamed FPV footage.

Once users became familiar with the system, they found it to be a responsive and
effective alternative to traditional control methods. The ability to adjust hand positioning
and recognize gestures contributed to an overall smooth and immersive control experience.

3.3. 3D Mapping and Flight Path Analysis

The 3D mapping system recorded obstacles and the drone’s flight path based on sensor
data collected during flight. The accuracy of the mapping in Table 3 was evaluated by
comparing the generated 3D representations with the physical obstacle and path locations.

The drone’s movements during this test, including minor wobbles and deviations,
were consistently captured on the 3D map, resulting in zero deviation between the recorded
flight path and the 3D map. For obstacle placement accuracy, the dimensions and layout
of the physical maze were measured and compared with the mapped results. The first
obstacle showed the most deviation, likely due to instability during the drone’s initial
takeoff. The obstacle placement is based on the safety threshold distance of p;;, = 0.35 m,
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meaning that any adjustments to the code could easily result in misplaced obstacles: a flaw
within the customizable system.

Table 3. Deviation between the generated 3D map and the actual real-world flight path.

Components Deviation (cm)
Flight Path 0
Obstacle 1 11
Obstacle 2 5
Obstacle 3 4

The mapping system only placed encountered obstacles on the map—meaning ob-
stacles that directly affected the drone’s path. If the drone flew near a wall or in front of
an obstacle without attempting to move into it, that obstacle was not recorded in the 3D
map. Instead, when the drone needed to determine a viable flight direction and an obstacle
blocked that path, its location was noted and placed on the map. This explains why the 3D
map (Figure 9b) contained fewer obstacles than the physical course (Figure 9a), and this
discrepancy should not be interpreted as inaccuracy.

OBSTACLE

OBSTACLE -

(w) uonISod X

@ (b)

Figure 9. (a) Physical maze setup for drone navigation testing; (b) 3D map reconstruction of the
drone’s flight path and encountered obstacles.

The flight path mapping was highly accurate, consistently starting at (0,0,0) and
tracking movement relative to the takeoff position. Even when the drone wobbled or
slightly deviated from a straight path, these deviations were accurately reflected in the 3D
map. However, obstacle placement accuracy depended on sensor-based distance estimation.
When an obstacle was detected, it was mapped at 0.35 m from the detection point. Any
slight sensor inconsistencies in distance measurement could lead to minor errors in obstacle
placement, but the overall flight path remained precise and reliable. This 3D mapping
example along with gesture control, obstacle avoidance, and drone FPV streaming can be
seen in the Supplementary Materials (Video S2).

3.4. Integrated System Performance: Gesture Control and Obstacle Avoidance
3.4.1. Interaction Between Gesture Control and Obstacle Avoidance

Integrating gesture control with obstacle avoidance introduced an interactive dynamic
where user commands had to coexist with the drone’s autonomous safety responses. When
a user issued a command directing the drone toward an obstacle, the avoidance system
overrode the gesture-based movement, causing the drone to back away from the detected
object. This ensured collision prevention but occasionally led to unexpected movements
from the user’s perspective.
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Despite this, users retained control over the drone’s flight, as they could immediately
issue a new gesture command after the avoidance maneuver. The 0.35 m safety threshold
and 0.2 m retreat distance traded off safety and responsiveness, preventing crashes without
making the drone feel unresponsive. Also, since these values were adjustable in the code,
the system could be fine-tuned for different user preferences or environments.

During testing, users found that while the avoidance system sometimes interrupted
their intended flight path, it did not completely disrupt their ability to navigate the drone.
However, in confined spaces with multiple obstacles, the drone could enter a cycle of
avoidance maneuvers, requiring the user to adjust their gestures to navigate effectively.
Overall, the system provided a safe yet intuitive method for controlling the drone, even for
users unfamiliar with manual drone operation.

3.4.2. Al-Deck Streaming and Remote Navigation

The Al-Deck’s video streaming feature allowed for navigation beyond line of sight us-
ing both greyscale and color modes, enhancing user control and environmental awareness.
While the color mode (Figure 10a) provided better scene interpretation, the greyscale mode
(Figure 10b) offered better contrast, which could be beneficial in certain lighting conditions.

(a) (b)

Figure 10. (a) Image of Al-Deck streamed footage in color mode. (b) Image of Al-Deck streamed

footage in greyscale mode.

The limited field of view (FOV) of the Al-Deck stream meant that users could only
see directly in front of the drone, making it difficult to gauge surroundings beyond the
camera’s perspective. Combined with the low, 324 x 324 pixel resolution, this limitation
made it challenging to discern fine details and detect distant obstacles during navigation.
These constraints posed difficulties when maneuvering through complex environments.
However, the obstacle avoidance system compensated for this limitation by detecting
nearby obstacles outside the camera’s view and preventing collisions. This combination
of Al-Deck streaming and autonomous obstacle avoidance allowed for a more reliable
navigation experience, even with the limitations of the video feed.

3.4.3. System Latency Analysis

The latency in gesture-based control primarily stems from the looping sequence of
detecting a hand gesture and executing the corresponding drone movement. In each loop
cycle, the system first detects the user’s hand gesture, then issues a movement command
to the drone, and only after completing the movement does it begin detecting the next
gesture. To obtain prompt responsiveness, the movement distance per gesture is set to
0.05 m. This execution interval allows the drone’s overall gesture-to-command latency
to be approximately 209 milliseconds (£53 ms). This delay includes 200 milliseconds
(£50 ms) for gesture recognition, 4 milliseconds (£1 ms) for command transmission via
Crazyradio, and 5 milliseconds (£2 ms) for drone command execution. These values were
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obtained through repeated experimental trials using custom Python commands designed
to benchmark each phase of the control loop. A complete summary of these measured
latencies is presented in Table 4.

Table 4. Latency measurements for key phases in the gesture-to-command control loop.

Action Latency (ms) Std Dev (ms)
Al-Deck to Host PC 100 +50
Gesture Detection 200 +50
Command Transmission 4 +1
Command Execution 5 +2

The latency associated with the Al-Deck’s live video stream was measured at approxi-
mately 100 milliseconds, with a standard deviation of £50 milliseconds. Although slightly
noticeable, this delay did not significantly impair situational awareness or the user’s ability
to issue commands based on the visual feedback.

For the obstacle avoidance system, latency was even lower. Since obstacle detection
and response are handled entirely within the internal logic loop of the Python program,
without requiring gesture recognition or external input, the response time was limited to
the drone’s command execution delay. This resulted in a rapid, near-instantaneous obstacle
avoidance reaction time of approximately 5 milliseconds (£2 ms), ensuring timely evasion
of objects detected within the safety threshold.

3.5. Comparison with Existing Gesture-Controlled Drone Systems

To contextualize the novelty and performance of the proposed system, we compared
it with two recent state-of-the-art gesture-based drone control systems from Yun et al. [28]
and Lee and Yu [29]. Each system focused on hand gesture recognition for drone navigation
but differed significantly in terms of autonomy, user feedback, and mapping capabilities.

The system proposed by Yun et al. [28] utilized an RGB camera to recognize mul-
tiple different single-handed gestures for drone control. While their system achieved a
high accuracy of +90% using both motion- and posture-based gestures and introduces a
lightweight architecture for mobile and edge devices, it lacks a built-in obstacle avoidance
system. In contrast, our system not only offers gesture-based navigation with similarly
high recognition accuracy but also integrates autonomous obstacle avoidance. This feature
is valuable in gesture-controlled drone systems because it enables novice users to operate
the drone intuitively while minimizing the risk of collision.

Lee and Yu’s wearable drone controller [29] uses an inertial measurement unit (IMU)
on the hand to classify gestures via machine learning and includes vibrotactile feedback to
alert users of nearby obstacles. Although this provides a helpful sensory cue, the user must
interpret the vibration and manually respond by steering the drone to avoid collisions.
In contrast, our system eliminates this burden: the drone’s obstacle avoidance is entirely
autonomous, requiring no user input to prevent crashes. This makes our platform more
accessible and safer, especially in obstacle-dense environments.

Also, neither of the two compared systems offers a mapping system. Our solution
includes 3D mapping that visualizes the drone’s flight trajectory and marks obstacles as
red prisms in a virtual space. This capability provides insights into the environment and
drone behavior over time and is especially useful for post-flight analysis.

In summary, unlike existing systems that rely heavily on manual control or external
feedback, the proposed system is distinguished by its tight integration of gesture control,
autonomous obstacle avoidance, real-time 3D mapping, and FPV video streaming, offering
a unique and user-friendly platform for advanced drone interaction.
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4. Discussion
4.1. Gesture Recognition and User Interaction

This study demonstrates the successful integration of gesture-based drone control,
autonomous obstacle avoidance, and 3D mapping, providing a more accessible and intu-
itive method for drone navigation. The hand gesture control system, implemented using
Google’s MediaPipe Hands, accurately recognized predefined gestures and converted them
into flight commands. However, lighting conditions, hand positioning, and background
noise affected recognition accuracy, a limitation observed in prior research on vision-based
gesture interfaces [30]. Despite this, the system provided hands-free control, reducing the
need for traditional controllers and lowering the barrier to drone operation, aligning with
previous studies that highlight the benefits of gesture-based interfaces for robotics and
UAY applications [31].

A key aspect of this research was the integration of gesture control with autonomous
navigation, allowing users to interact with the drone while ensuring safety through auto-
matic collision avoidance. Studies on human-robot interaction suggest that balancing user
input with autonomous decision-making is critical to achieving an effective shared control
system [32]. Future work could focus on refining the balance between manual input and
autonomous intervention, ensuring that the system adapts dynamically to user intentions
while maintaining safety protocols. One possible approach is to use reinforcement learning
or adaptive Al models to adjust the system’s response based on feedback [33].

4.2. Obstacle Avoidance and Power Limitations

The obstacle avoidance system, utilizing infrared time-of-flight sensors, effectively
detected and prevented collisions by identifying obstacles within 0.35 m and retreating
0.2 m. This mechanism ensured continuous flight in cluttered environments, where mul-
tiple directions were sometimes obstructed simultaneously. While the system performed
reliably, occasional issues occurred due to the drone’s battery size, which led to rapid
power depletion after only a few flights. This constraint not only restricted the duration
of each test session but also introduced risks during extended flight operations, such as
mid-flight shutdowns or degraded sensor performance. Power limitations affecting drone
performance have been discussed in previous research, suggesting that optimizing power
management strategies or using energy-efficient algorithms could enhance flight dura-
tion [34]. Furthermore, improving obstacle detection through sensor fusion with LiDAR
or ultrasonic sensors has been proposed as a way to increase reliability in within differ-
ent environments [35]. While the obstacle avoidance mechanism performed well in the
given test setup, the experimental conditions were limited to short-range, single-obstacle
scenarios. This system could be explored further to enhance its operation in more complex
environments by incorporating real-time path planning and adaptive behavior to maintain
safe navigation amid multiple obstacles or irregular layouts.

4.3. 3D Mapping and Visualization Accuracy

The 3D mapping system provided valuable insight into the drone’s flight path and
surrounding environment. By logging x, y, and z coordinates every 0.1 s, the system gen-
erated a spatial representation of obstacles as rectangular prisms positioned 0.35 m from
the detection point. While the maps closely matched the lab’s layouts, minor positioning
inaccuracies were sometimes observed, likely due to improper coding adjustments. Such
errors, though small, can compound over time and undermine the system’s reliability,
particularly in more complex environments where precise localization in essential. Prior
research on SLAM (Simultaneous Localization and Mapping) systems suggests that incor-
porating adaptive filtering techniques, such as Kalman filtering, could improve mapping
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precision [36]. Also, incorporating higher-resolution spatial data processing could enhance
the system’s ability to visualize complex environments [37].

The addition of an Al-Deck for live video streaming introduced a new capability:
beyond-line-of-sight control. This feature allows users to pilot the drone remotely using
live footage, which has promising applications in search and rescue, reconnaissance, and
surveillance. However, the AI-Deck camera was limited by its low resolution and fixed
focus, resulting in poor image quality. Prior research has explored alternative small-scale
camera modules that improve image quality while maintaining low latency [38]. Exploring
better hardware options or implementing image-processing techniques such as super-
resolution reconstruction could enhance the user experience [39].

The integrated system functioned effectively as a cohesive unit, enabling intuitive
control while maintaining a safety layer through obstacle avoidance. However, improve-
ments are needed to enhance usability, responsiveness, and overall performance. The
system’s responsiveness was limited by occasional processing delays, likely caused by the
computational overhead of gesture recognition and obstacle detection running simultane-
ously. Optimizing the software pipeline by utilizing multi-threading or GPU acceleration
could improve processing efficiency [40]. Furthermore, reducing latency in the gesture
recognition system could improve user experience, as research has shown that delays
exceeding 100 milliseconds negatively impact interactive control systems [41].

4.4. Validity Considerations and Future Work

Although this system presents a significant advancement in human-drone interaction,
several limitations remain. The gesture recognition system remains susceptible to improper
hand positioning, lighting variations, and occlusion. Additionally, the obstacle avoidance
system currently lacks adaptive decision-making capabilities and does not incorporate
learning from prior interactions. To better evaluate and interpret the system’s performance,
we acknowledge the following potential threats to validity:

e Internal Validity—The gesture recognition and drone control were tested under con-
trolled indoor conditions with stable lighting and minimal distractions. Performance
may decline in less controlled, real-world environments where lighting, background
activity, or camera positioning vary significantly.

e  Construct Validity—The predefined gestures selected for this study may not be
universally intuitive for all users, potentially influencing usability outcomes. Fur-
thermore, users” hand size, motion speed, and articulation could impact gesture
recognition reliability.

e  External Validity—The findings are based on a specific hardware setup (Crazyflie 2.1,
MediaPipe Hands, and Al-Deck). Results may not generalize to other drone models
or hardware configurations without significant reengineering.

e  Reliability Threats—System performance may degrade over prolonged use due to
sensor drift, thermal effects, or battery limitations. Additionally, the gesture classifica-
tion system may face reduced robustness in multi-user settings or when exposed to
unintended hand movements.

The paper aims to mitigate these threats in future work through more diverse testing
environments, user studies across broader demographics, and hardware-agnostic system
design to ensure greater generalizability and robustness. Specifically, future research could
explore deep learning models for more robust gesture recognition, sensor fusion techniques
for improved obstacle detection, and adaptive control strategies to enhance user autonomy
while maintaining safety [42,43]. Also, expanding the 3D mapping system with SLAM
integration could enable more detailed environmental awareness, improving applications in
multi-drone coordination and autonomous exploration [44]. By addressing these challenges,
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future modifications of this system could improve accuracy, usability, and adaptability,
making drone technology more accessible to a broader range of users and applications.
Furthermore, another promising research direction is the application of hand gesture
control to robotic swarm systems and very large-scale robotic systems [45]. Finally, it is
worth noting that to improve the gesture classification rate, we have implemented gesture
classification using the support vector machine (§SVM) method, rather than the method
proposed in Section 2.4. The results and findings will be reported in our future paper.

5. Conclusions

This research demonstrated a gesture-controlled drone system integrating obstacle
avoidance, 3D mapping, and drone FPV streaming via the Al-Deck, offering an intuitive and
accessible approach to drone navigation. The combination of hand gesture recognition and
autonomous safety mechanisms reduces reliance on traditional controllers, making drone
operation more approachable, particularly for beginners. While limitations such as gesture
recognition sensitivity, video streaming quality, and processing delays were observed,
the system successfully provided a safer and more interactive user experience. Future
improvements could further refine usability, responsiveness, and reliability, including
two camera views for better gesture recognition, a new camera module for higher-quality
streaming, and further code optimization. Also, expanding the obstacle avoidance system
to detect and respond to moving objects would enhance the drone’s adaptability, opening
pathways for use in unpredictable spaces.

Looking ahead, the system could be scaled to support multi-drone coordination,
enabling collaborative missions in larger or more complex spaces. Moreover, generalizing
the platform for outdoor use with improved localization, such as integrating GPS or
SLAM, could extend its utility to critical applications like search and rescue, environmental
monitoring, or infrastructure inspection. Altogether, this multifunctional system represents
a meaningful step toward safer, more intuitive human—drone interaction and paves the way
for broader adoption of drone technology in education, training, and mission applications.

Supplementary Materials: The following supporting materials are available: Video S1: Obstacle
avoidance demonstration https://youtu.be/K5psfzL.2qEo?si=YkmpECxuSVcb_bB] (accessed on
22 June 2025); Video S2: Integrated system demonstration https://youtu.be/L6OvuF558Q1?si=]P9
HjhYPmkpfdgq6 (accessed on 22 June 2025).
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Abbreviations

The following abbreviations are used in this manuscript:

CMC  Carpometacarpal

DIP Distal Interphalangeal
FOV Field of View

FPV First-Person View

IMU Inertial Measurement Unit
MCP  Metacarpophalangeal

PA Power Amplifier

pIP Proximal Interphalangeal
SLAM  Simultaneous Localization and Mapping
ToF Time-of-Flight

UAV Unmanned Aerial Vehicle
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