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Abstract:

Perimeter monitoring in agricultural fields is essential for
maintaining security and ensuring continuous observation of field
conditions. This study develops a real-time human-drone
interaction system using hand-gesture recognition based on
MediaPipe Hands and a Support Vector Machine (SVM) classifier. A
custom dataset of 24,000 images across 12 gesture classes was
collected and converted into 42 hand landmarks (x, y, 2),
normalized relative to the wrist point. The SVM model with an RBF
kernel was trained using an 80:20 split and achieved a testing
accuracy of 99.18%. The system operates at 109 FPS with an
average latency of 9.16 ms, enabling rapid and reliable drone
responses to gesture commands. Field testing in a cornfield with
FPV camera visualization demonstrated that the system
consistently recognized gestures in varying outdoor lighting,
allowing drones to execute precise perimeter checks and
maneuvers. These results highlight the significant potential of
integrating gesture recognition with drone control, providing a
practical, real-world solution that advances smart farming,
increases agricultural efficiency, and supports technological
progress toward Sustainable Development Goals. The proposed
system thus offers a lightweight, responsive, and impactful tool for
modern agricultural perimeter monitoring.

INTRODUCTION

Perimeter monitoring in agricultural fields is essential for maintaining security, observing
activities around crop areas, and ensuring that no disturbances occur that could reduce
productivity [1][2]. In large cornfields, monitoring is generally still carried out manually by field
operators, a method that requires considerable time and labor while offering limited visibility.
Advances in drone technology have opened new opportunities for more efficient area surveillance
[3] [4], as drones are capable of covering wider areas in relatively short periods. However, the
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effectiveness of drone operations still depends heavily on the interaction method between the
operator and the system. One increasingly adopted approach is the use of hand gestures as a
more intuitive form of communication between humans and drones.

Various studies have explored hand gesture recognition for drone control using different
approaches [5], including deep learning methods (techniques that allow systems to learn from
data using neural networks) [6], motion sensors (devices that detect movement), and keypoint
extraction—based systems (which identify and track specific points on the hand) [7]. Convolutional
Neural Network (CNN) based approaches are popular due to their strong automatic feature
extraction capabilities [8]. One study, for example, employed a CNN combined with HSV (Hue,
Saturation, Value—a color-based image segmentation method) segmentation to recognize
upper-body gestures for controlling a mobile robot [9]. Despite achieving high accuracy, CNN-
based methods have notable limitations, particularly in outdoor environments [10]. These models
typically require stable backgrounds, sufficient lighting, and higher computational resources. In
cornfields, where lighting conditions are dynamic and visual elements are highly complex, such
approaches become less optimal. Other research has demonstrated that drone control through
gestures can be performed in simulated environments using Leap Motion (an optical hand-
tracking sensor) and Unity (a game development platform) [11]. The results showed that while
some static gestures were recognized well, dynamic gestures often suffered reduced accuracy due
to sensor field-of-view limitations and hand occlusion.

Moreover, the system operated only within a simulation environment, without involving
real drones or field conditions that demand rapid response and stable communication. Another
study developed a dynamic gesture recognition system for UAV (Unmanned Aerial Vehicle)
control using deep learning with a Leap Motion Controller [12]. Although the method achieved
high accuracy under controlled conditions, it faced significant limitations. Leap Motion works
optimally only indoors, requires a fixed operational range, and struggles with lighting variation
and complex outdoor backgrounds [13]. The reliance on a specialized sensor also reduces system
flexibility, making it unsuitable for open agricultural environments. Most previous studies have
focused primarily on gesture recognition itself, rather than on the full integration of gesture
systems, drone platforms, and field monitoring processes. In addition, only a limited number of
works have examined how gesture-based systems respond to varying lighting conditions in
outdoor agricultural settings. Research that specifically highlights human—drone interaction in real
operational contexts, such as perimeter monitoring in cornfields, remains scarce.

The main objective of this study is to develop a human—drone interaction system [14], [15]
based on hand gesture recognition using MediaPipe Hands (a framework for real-time hand
tracking and keypoint detection) [14], [15], [16] and a Support Vector Machine (SVM) classifier
(an algorithm for classifying data into different categories) for real-time perimeter monitoring in
cornfields [17]. The system enables operators to control the drone directly through twelve
predefined gestures without requiring a controlled background or ideal lighting conditions.
Gesture detection is processed on a computer and transmitted to the drone to execute maneuvers
such as arm, backward, disarm, down, forward, hover, landing, left, left_rotation, right,
right_rotation, and up. This system is expected to support smart farming practices by improving
labor efficiency, enhancing field security, and utilizing drones as real-time monitoring devices with
a more intuitive form of interaction.

The subsequent sections of this manuscript are structured to provide a comprehensive
overview of the proposed system: Section 2 details the research methodology, including dataset
preparation, feature extraction via MediaPipe Hands, SVM-based classification, and the
integration of the system with the drone platform. Section 3 presents a rigorous evaluation of the
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experimental results and discussion, encompassing gesture recognition performance, real-time
field testing, and a comparative analysis with existing literature. Finally, Section 4 concludes the
study by synthesizing the core findings and outlining strategic directions for future research and
system optimization.

METHOD

This section provides a comprehensive explanation of the research stages, beginning with
the development of the gesture dataset, feature extraction using MediaPipe Hands, the design of
the Support Vector Machine (SVM) classification model, and the integration of the gesture
detection system with the drone for perimeter monitoring in cornfields.
Research Flow

This study employs an experimental approach in which the gesture recognition system is
built and tested directly on a real drone operating in an actual cornfield environment. The overall
workflow consists of four main phases: dataset collection, hand landmark extraction using
MediaPipe, SVM model training, and real-time gesture detection integrated with drone control.
The complete workflow of the proposed system is illustrated in Figure 1.
Gesture Dataset Collection

The gesture dataset was developed independently. Video recordings were converted into
JPG images for each frame. The dataset contains 24,000 images that represent 12 gesture classes,
with 2,000 samples for each. The gestures include: arm, backward, disarm, down, forward, hover,
landing, left, left_rotation, right, right_rotation, and up. All gestures were recorded using two
hands, and 21 landmarks were extracted per hand. The twelve gestures used for drone control are
shown in Figure 2. The dataset was captured with a webcam at 30 FPS and stored in separate
folders for each gesture class, as shown in Figure 3. This folder structure allows systematic labeling
and simplifies supervised learning. Data collection was automated with a Python script to ensure
cleanliness and minimize noise. This script verified the detection of all hand landmarks, as

illustrated in Figure 4.

IMAGE DATASET
COLLECTION
Yy

MEDIAPIPE EXTRACTION
KEYPOINT (X, Y, Z)

¥
SVM TRAINING MODEL

)

REALTIME GESTURE
DETECTION & DRONE
CONTROL

Figure 1. Research Workflow Flowchart
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) j , D)
Figure 2. The Twelve Gesture Classes Representing (a) arm, (b) backward, (c) disarm, (d) down, (e)
forward, (f) hover, (g) landing, (h) left, (i) left_rotation, (j) right, (k) right_rotation, dan (i) up

X dataset X +

[ > Documents > xyz_svm_improve > dataset >

A sort - = View -
Name . Date modified Type
arm 14/10/2025 12:52 File folder
backward 14/10/2025 12:52 File folder
disarm 14/10/2025 12:53 File folder
down 14/10/2025 12:53 File folder
forward 14/10/2025 12:54 File folder
hover 14/10/2025 12:54 File folder
landing 14/10/2025 12:54 File folder
left 14/10/2025 12:55 File folder
left_rotation 14/10/2025 12:55 File folder
right 14/10/2025 12:56 File folder
right_rotation 14/10/2025 12:56 File folder
up 14/10/2025 1257 File folder

Figure 3. Dataset Folder Structure

ENTER GE STURE LABEL
NAME

AMERA INITIALIZATION
HAND LANDMARK
DETECTION

ARE 21 NODES
DETECTED?

LANDMARK NOT DETECTED /

SAVE IMAGE (JPG) TO
THE SPECIFIED LABEL
FOLDER

HECK TARGET SAMPLE
COUNT (2000)

Figure 4. Dataset Acquisition Flowchart
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MediaPipe Keypoint Extraction

Each landmark was normalized relative to the wrist point to ensure that variations in hand
position and distance from the camera did not affect the extracted feature patterns. Feature
extraction was performed using Google’'s MediaPipe Hands Detection framework [18], which
detects hand landmarks from input images and converts them into three-dimensional coordinate
data (x, y, and z). The spatial structure and indexing of the 21 hand landmarks detected by
MediaPipe Hands are illustrated in Figure 5. This representation provides a clear reference for
understanding the positional relationships among landmarks used as features in the classification
process. Following landmark detection, the extracted coordinates were organized and stored in
comma-separated values (CSV) files for further processing and model training. The overall
workflow of the feature extraction process, from image input to normalized landmark output, is
summarized in the flowchart shown in Figure 6.

Support Vector Machine Classification Model

The gesture classification model was developed using a Support Vector Machine (SVM)
with a Radial Basis Function (RBF) kernel. The SVM algorithm was selected due to its high
effectiveness in handling non-linear classification tasks and its robustness against overfitting in
high-dimensional feature spaces [20]. Moreover, SVM offers lower computational cost and shorter
training time compared to more complex deep learning models, making it suitable for real-time
applications detection scenarios. The configuration parameters used during the training process
are presented in Table 1.

-
st 2 e 0. WRIST 11. MIDDLE_FINGER_DIP
. 11T, 1. THUME_CMC 12 MIDDLE_FINGER_TIP
. 15 . 2. THUMEB_MCP 13. RING_FINGER_MCP
6% 107 #, 20 3 THUMEIP 14. RING_FINGER_PIP
. vty G194 THUMBETIP 15. RING_FINGER_DIP
4 A S 5 INDEX_FINGER_MCP 16, RING_FINGER_TIP
3" 17 6, INDEX_FINGER_PIP 17. PINKY_MCP
- 7. INDEX_FINGER_DIP 18. FINKY_PIF
2 B, INDEX_FINGER_TIP 19. FINKY_MP
| 0. MIDDLE_FINGER_MCP  20. PINKY_TIP
Lo 10. MIDDLE_FINGER_PIP

Figure 5. MediaPipe Hand Landmarks Coordinates Explanation [19]
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Figure 6. Feature Extraction Flowchart
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Table 1. Parameter Configuration

Parameter Description Value

Kernel Type of kernel function RBF

C penalty parameter 0.1

Y Kernel coefficient Scale

Input Features 3D coordinates (x, y, z) of 21 landmarks (both 126 features
hands)

Scalling Normalization method Z—scorg .

normalization

Cross Validaton Validation method for hyperparameter tuning  5-fold

Parameter :

Optimization Search strategy Grid search

Data Split Train : test 80:20

For the RBF kernel, the coefficient y was set to “scale” in the implementation, which
automatically adjusts the value based on the number of features and the variance of the input
data. The formulation used is shown (1):

- - ()
Nfeqtures X Var(x)
Description:
Y > gamma
Nfeatures : number of input features
Var(x) : feature variance in the training set

Gesture Integration with the Drone

After the gesture classification process, the recognized gesture commands were
transmitted from the laptop to the drone control system. The overall architecture of the gesture-
to-drone integration, including data flow between the gesture recognition module and the drone
control unit, is illustrated in Figure 7.

RESULTS AND DISCUSSION

This section presents the experimental results of the proposed system, focusing on gesture
recognition performance and real-time field implementation. The SVM-based classifier achieved
an accuracy of 99.18%, while the real-time system operated at an average speed of 109 FPS with
a mean latency of 9.16 ms. These results indicate that the system is capable of recognizing hand
gestures accurately and responding quickly during drone operation. The analysis is conducted at
two levels: algorithmic performance and operational system performance under outdoor field
conditions.

78



Fadzillah Akbar S., et al. / Journal of Technology Informatics (JoTl), Vol.8, No.1, April 2026, Page 73-83

| LCHD MODEL |
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Figure 7. Flowchart Gesture Integration to Drone Control

Model Training Result

The SVM model with an RBF kernel was trained using a dataset of 24,000 normalized
gesture images, where normalization was performed based on the relative distance to the wrist
landmark. Of the total dataset, 80% was used for training and 20% for testing. Using the
predefined parameters, the RBF-based SVM model achieved an accuracy of 99.18%. The model's
performance in real-time detection was evaluated using precision, recall, and F1-score for each
gesture label. These metrics are defined by the following equations (2), (3), and (4):

L TP
Precision = m 2)
TP
Recall = TP-}-—FN (3)
F1 — score = 2 x Precision x Recall @)
Precision + Recall
Description:
TP : True Positive
FP : False Positive

FN : False Negative

The resulting precision, recall, and F1-score for all gesture classes are summarized in Table 2.
Tabel 2. Clasification Report Realtime Detection

Gesture Precision Recal F1-Score
arm 1.00 0.98 0.99
backward 0.99 0.94 0.99
disarm 0.98 1.00 0.99
down 0.94 0.99 0.97
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Gesture Precision Recal F1-Score
forward 0.99 0.99 0.99
hover 0.99 0.95 0.97
landing 0.99 0.98 0.99

left 0.99 1.00 0.99
left_rotation 1.00 0.99 0.99
right 0.99 0.99 0.99
right_rotation 1.00 0.99 0.99

up 0.99 1.00 0.99
Accuracy 0.9918

Table 3. Real-Time Performance Gesture

Parameter Result
Total sample 1420 frame
Average FPS 109.20 FPS
Average Detection (ms) 9.16 ms
Max Detection (ms) 83.83 ms
Min Detection (ms) 6.74 ms

Gesture Recognition Performance and Field Testing

Real-time inference was tested using a webcam under outdoor lighting conditions. The
system achieved an average processing speed of 109 FPS with an average detection latency of
9.16 ms, as presented in Table 3. Examples of real-time detection using a webcam and the drone’s
perimeter monitoring view in the cornfield are summarized in Table 3. The experimental results
obtained in the 8 x 10 meters cornfield under outdoor conditions are presented in Figures 8, 9,
and 10. These figures illustrate the real-world implementation of the proposed system during field
testing. Figure 8 presents the captured perimeter view of the cornfield obtained from the drone’s
FPV camera during flight. The real-time gesture recognition results displayed on the laptop
interface during system operation are shown in Figure 9.

Figure 9. Real-time gesture detection output displayed on the laptop
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Figure 10 presents field documentation of the hand gesture-based drone control process
during outdoor testing. The sequence illustrates the initial condition of the drone before receiving
any gesture command, followed by the Arm gesture used to activate the drone, and the Hover
gesture demonstrating stable flight after successful initialization. This sequence represents the
transition of the drone from an inactive state to an operational state under real field conditions.
During the experiment, the distance between the operator and the drone was maintained at about
1-2 meters, allowing for reliable gesture detection and stable drone response in outdoor
conditions. Based on the field testing results, the proposed hand gesture-based human—drone
interaction system demonstrates reliable performance in outdoor agricultural environments. The
system achieved an accuracy of 99.18%, with a real-time processing speed of 109 FPS and an
average latency of 9.16 ms. These results indicate that the system is capable of responding quickly
and consistently during perimeter monitoring tasks, even under varying outdoor lighting
conditions. When compared with previous studies, the proposed system shows improved
performance in terms of practical field deployment. A gesture recognition system based on CNN
achieved an accuracy of around 92%, but required controlled backgrounds and stable lighting
conditions. This performance is mainly achieved through the use of MediaPipe-based hand
landmark extraction combined with an SVM classifier, which provides robust feature
representation while maintaining low computational complexity for real-time processing.

Meanwhile, gesture-based control using Leap Motion sensors reported high success rates
for certain static gestures, such as 100% for swiping left and right, while other gestures showed
lower success rates, including 78.3% for swiping up and 93.3% for swiping down. However, these
approaches rely on additional hardware and are generally designed for indoor environments. In
contrast, the proposed system uses only a standard RGB camera, does not require a fixed
background, and is able to operate in real outdoor conditions. This makes the system more
suitable for agricultural applications, where lighting and environmental conditions are difficult to
control. A quantitative comparison between the proposed system and previous studies is
summarized in Table 4.

_ (a) 2 Y R (b')
Figure 10. Field implementation of hand gesture-based drone control (a) drone condition before
being controlled, (b) drone after executing the Arm gesture, and (c) drone maintaining a stable
Hover position.

Table 4. Comparison with Previous Gesture-Based Control Systems

- Frame per
. A | A
Study Method Enviroment dditiona ceuracy Second (FPS) &
Hardware /Succes Rate
Latency
M. Fuad et al. Indoor
NN Y 2% N
9] C (controlled) es 92% ot reported
. o
Tsai et al [11] Leap Motion Indoor Yes 78.3% Not reported

Based Sensor 100%
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MediaPipe +

zrifeor;ed Support Vector Outdoor No 99.18% r1nOs9 FPS/9.16
y Machine (SVM)

CONCLUSIONS AND SUGGESTIONS

This study developed a human—drone interaction system for perimeter monitoring in
cornfields. The system uses hand gesture recognition based on MediaPipe Hands and the SVM
algorithm. It operates in real time with low computational complexity and performs stably under
outdoor lighting. Experimental results show an accuracy of 99.18%. The detection speed reaches
109 FPS, with an average latency of 9.16 ms. These results indicate that the system is responsive
and suitable for real-time agricultural applications. Hand gesture-based drone control shows
strong potential for supporting smart farming. It can improve field monitoring efficiency and
reduce the need for manual supervision. The intuitive interaction removes the need for extra
hardware. As a result, the proposed system offers practical and cost-effective agricultural
monitoring. Still, several improvements remain for future work. The gesture set can be expanded
for more complex drone operations. Gesture commands may also be limited to high-level
instructions, combined with autonomous navigation using GPS-based or vision-based perimeter
patrol. Additionally, implementation on embedded platforms like Raspberry Pi or Jetson Nano is
recommended. This could enhance portability and autonomy for large-scale agricultural use.
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