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The rapid proliferation of drones across various industries has introduced significant challenges
related to privacy, security, and noise pollution. Current drone detection systems, primarily
based on visual and radar technologies, face limitations under certain conditions, highlighting
the need for effective acoustic-based detection methods. This paper presents a unique and
comprehensive dataset of drone acoustic signatures, encompassing 32 different categories
differentiated by brand and model. The dataset includes raw audio recordings, spectrogram plots,
and Mel-frequency Cepstral Coefficient (MFCC) plots for each drone. Additionally, we introduce
an interactive web application that allows users to explore this dataset by selecting specific
drone categories, listening to the associated audio, and viewing the corresponding spectrogram
and MFCC plots. This tool aims to facilitate research in drone detection, classification, and
acoustic analysis, supporting both technological advancements and educational initiatives. The
paper details the dataset creation process, the design and implementation of the web application,
and provides experimental results and user feedback. Finally, we discuss potential applications

and future work to expand and enhance the project.

1. Introduction

The rapid proliferation of drones in various industries such
as delivery, surveillance, agriculture, and entertainment has in-
troduced significant challenges and opportunities. While drones
offer numerous benefits, their widespread use has also raised con-
cerns regarding privacy, security, and noise pollution. Unautho-
rized drone activity can lead to breaches of privacy and potential
security threats, while drones contribute to environmental noise
pollution, affecting human health and wildlife. Current drone
detection systems primarily rely on visual and radar-based tech-
nologies, which face limitations under poor visibility or in cluttered
environments. Acoustic-based detection presents a promising com-
plementary approach, but there is a notable lack of comprehensive
acoustic datasets encompassing a wide range of drone models and
operational conditions. This gap hinders the development of robust
detection algorithms and effective noise mitigation strategies. Ad-
ditionally, there is a need for interactive tools to facilitate research
and education in drone acoustics.

lhttps ://mackenzie- jane.github.io/drone-visualization/
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This journal paper extends our previous work on drone visual-
ization, which was presented in the 2024 Artificial Intelligence x
Humanities, Education, and Art (AIxHeart 2024) Conference [1].
To address these challenges, we present a novel dataset compris-
ing audio recordings, spectrograms, and Mel-frequency Cepstral
Coeflicient (MFCC) plots for 32 different drone categories, differ-
entiated by brand and model. Alongside this dataset, we introduce
an interactive web application designed to allow users to explore
the data intuitively. Users can select specific drone categories, lis-
ten to the associated audio recordings, and view the corresponding
spectrogram and MFCC plots. This tool aims to enhance research
capabilities in drone detection, classification, and acoustic analy-
sis, support noise mitigation efforts, and serve as an educational
resource. The publicly available website can be found online !

The rest of this paper is organized as follows: Section 2 pro-
vides a detailed review of the literature related to drone acoustic
detection, classification, and noise pollution, as well as existing
datasets and interactive tools. Section 3 describes the dataset, in-
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cluding methods of data collection and the formats of the audio
recordings, spectrograms, and MFCC plots. Section 4 discusses
the design and implementation of the visualization web application,
outlining its user interface and backend architecture. Section 5
presents experimental results, including an analysis of the dataset
and user feedback on the web application. In Section 6, we explore
potential applications of our dataset and tool, and outline future
work to expand and enhance the project. Finally, Section 7 con-
cludes the paper, summarizing our contributions and the impact of
our research.

2. Literature Review

The rapid growth of drone technologies and acoustic sensing
capabilities has sparked a diverse body of research spanning de-
tection techniques, sensing modalities, dataset development, and
interactive tools for education and exploration. This section pro-
vides a structured review of prior work in seven key areas. We
begin by summarizing general audio-based detection methods, fol-
lowed by vision-based and radar-based approaches, each offering
unique benefits and limitations. We then review detection systems
based on radio frequency signatures and explore available datasets
designed to support classification and benchmarking tasks. Fi-
nally, we highlight interactive tools that promote hands-on learning
and simulation-based exploration in both formal education and
public-facing research platforms.

2.1. Audio-Based Methods for UAV Detection

Acoustic sensing offers a unique, low-cost, and passive modal-
ity for unmanned aerial vehicle (UAV) detection, particularly ef-
fective in scenarios where visual or radio frequency based systems
may be limited by occlusion, range, or signal interference. When
drones operate, their motors and rotors emit characteristic sounds
that vary across models, providing an opportunity to capture dis-
tinctive audio fingerprints. These acoustic signatures can be used
not only for detection but also for identification and classifica-
tion, especially when represented using time-frequency features
such as spectrograms and Mel Frequency Cepstral Coeflicients
(MFCCs) [2, 3].

Several studies have leveraged these acoustic characteristics to
build UAV detection datasets and evaluate various signal process-
ing pipelines. In [2], the authors compared five feature extraction
techniques available in the Librosa Python library—MFCCs [4],
chroma, Mel spectrograms, spectral contrast, and tonnetz—applied
to audio recordings collected from DJI Phantom 4 and EVO 2 Pro
drones, along with environmental noise samples. Their analysis
revealed that combining multiple acoustic features significantly
enhanced the discriminative capacity of the data.

Other researchers have explored real-time detection potential
and robustness to noise. In [5], the authors studied UAV detec-
tion within a 150 meter range using Gaussian Mixture Models
(GMM), Convolutional Neural Networks (CNN), and Recurrent
Neural Networks (RNN). They augmented drone recordings with
environmental sounds and evaluated MFCC and Mel spectrogram
features. Their results confirmed that acoustic signal fidelity de-
grades beyond 150 meters, reinforcing the importance of proximity
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in audio based systems.

In [6], the researchers used Short Time Fourier Transform
(STFT) features with CNNs to evaluate detection accuracy and
false alarm rates in open air environments. Their dataset, built
from hovering Phantom 3 and Phantom 4 drones, achieved high
detection rates exceeding 98% and a low false alarm rate of 1.28%,
showcasing the utility of normalized time-frequency features for
clean drone recordings.

To address data scarcity, [7] generated synthetic UAV audio us-
ing Generative Adversarial Networks (GANs). Their hybrid dataset
supported both binary classification (drone versus noise) and multi-
class identification tasks. CNN, RNN, and CRNN models trained
on this augmented corpus demonstrated improved generalizability,
highlighting the potential of synthetic data for expanding UAV
sound libraries.

More recently, [8] introduced a self-supervised learning frame-
work to mitigate the limitations of label dependent models. Their
approach transforms drone audio into MFCC-based image repre-
sentations and applies SimCLR, a contrastive learning algorithm,
to learn generalized latent features. Without requiring labeled data,
their model achieved classification accuracy on par with supervised
baselines—reaching a top-1 accuracy of 87.91%. Notably, the
system generalized to unseen drone types, demonstrating strong
potential for scalable and adaptive drone detection in real world
settings.

Collectively, these studies emphasize the need for diverse, well
annotated, and context rich UAV acoustic datasets to support future
research in drone detection and sound based classification. Our
work builds upon this foundation by providing a comprehensive
dataset of 32 UAV classes with corresponding MFCC and Mel
spectrogram visualizations, aimed at enabling both analytical ex-
ploration and educational applications through an interactive web
tool.

2.2. Vision Based Methods for UAV Detection

Computer vision has emerged as one of the most widely
adopted approaches for UAV detection and classification due to the
proliferation of cameras and advances in machine learning based
image analysis. Vision based systems rely on optical or infrared
imagery to locate and identify drones based on their shape, motion
patterns, and appearance. However, they face challenges in low
light conditions, visual occlusion, and adverse weather.

In [9], the authors developed an end to end object detection
framework using the You Only Look Once (YOLO) architecture,
a real-time single shot detector built on convolutional neural net-
works (CNNs). Their system was trained using a dataset composed
of bird and drone images embedded in varied backgrounds to sim-
ulate real world variability. The trained model demonstrated high
precision and recall (both at 0.9), confirming the feasibility of rapid
detection from video frames.

In [10], the authors proposed motion stabilization techniques
to enhance the visual classification of UAVs from moving cameras.
By extracting spatio temporal features from image cubes and ap-
plying regression based stabilization, their system improved object
detection in dynamic scenes. They evaluated boosted tree and CNN
based classifiers on custom collected datasets comprising UAVs

89


https://www.astesj.com

M. Y. Wang et al., / Advances in Science, Technology and Engineering Systems Journal Vol. 10, No. 6, 88-96 (2025)

and aircraft, reporting average precision scores above 0.84 for UAV
categories.

In [11], the researchers proposed a two module system that
combines a drone detection module and an identification module.
The detection module used Haar like features and OpenCV’s object
detection pipeline, while the identification module applied a sim-
ple CNN with two convolutional and two fully connected layers.
Their dataset included 7,000 drone and 3,000 non-drone images.
The overall system achieved 89% detection accuracy and 91.6%
identification accuracy.

These vision based techniques offer robust performance in clear
visual environments and are well suited for medium to long range
UAV detection. However, they are less effective under occlusion,
poor lighting, or fast drone maneuvers, motivating the need for
complementary modalities such as acoustics or radar.

2.3. Radar Based Methods for UAV Detection

Radar based detection methods provide an effective alternative
for identifying UAVs, especially in scenarios involving poor visi-
bility or long distance operation. These systems detect objects by
emitting radio waves and analyzing the reflected signals, offering
advantages in range, reliability, and performance under challenging
environmental conditions.

In [12], the authors developed a radar detection framework
using an S band continuous wave radar coupled with a deep belief
network (DBN). They extracted micro Doppler signatures from
three different UAV types, including a helicopter, an artificial bird,
and a quadcopter. By using spectral correlation functions as in-
puts, their DBN based classifier achieved over 90% classification
accuracy. Gaussian noise was added for data augmentation, which
helped evaluate system performance under various signal condi-
tions.

In [13], the authors proposed a system using a frequency modu-
lated continuous wave radar along with a pre trained convolutional
neural network, specifically GoogleNet. Their dataset included
over 66,000 micro Doppler and cadence velocity diagram images
collected both indoors in an anechoic chamber and outdoors. By
simulating different motor types and observation angles, they as-
sessed model robustness and achieved 94.7% classification accu-
racy across varied scenarios.

Radar based approaches demonstrate strong performance in
tracking UAV movement across large distances and in detecting
small objects under low light or visually obstructed environments.
However, these systems typically require more specialized hard-
ware and signal processing expertise, which may limit widespread
adoption compared to vision or acoustic based systems.

2.4. Radio Frequency Based Methods for UAV Detection

Radio frequency (RF) based detection systems leverage the
electromagnetic emissions produced by the communication link
between UAVs and their controllers. These systems can detect and
identify drones based on signal characteristics such as transmis-
sion frequency, modulation patterns, and signal strength, making
them particularly useful for detecting both the drone and the pilot’s
control source.
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In [14], the authors presented a detection framework that uses
radio frequency transmissions between UAVs and their controllers
to distinguish UAV related activity from background communica-
tion signals. Their approach employed a Bayesian model derived
from Markov processes to perform binary detection and multi-
class classification. Extracted features included spectral entropy,
skewness, variance, and kurtosis of the signal, followed by feature
selection using neighborhood component analysis. The processed
features were input into several machine learning classifiers, in-
cluding support vector machines and neural networks. Their model
achieved over 96% classification accuracy.

In [15], the authors proposed a detection method based on
Gaussian Mixture Models and an adaptive thresholding mechanism
to determine UAV activity. They collected data from seven UAV
models, extracting signal onset points through statistical analysis
of Gaussian distributions. Their method achieved 97% detection
accuracy, demonstrating strong performance in identifying the be-
ginning of UAV control signal activity.

In [16], the researchers conducted a comprehensive review
of radio frequency based UAV detection and classification meth-
ods. Their study categorized techniques into classical, advanced,
and hybrid engineering approaches, highlighting the strengths and
limitations of each in relation to input data types such as MAC
addresses, communication protocols, extracted features, and raw
I/Q signals. They emphasized that deep learning based methods,
particularly those leveraging raw RF signals and time frequency
representations, have shown superior performance in recent lit-
erature. Furthermore, they discussed key publicly available RF
drone datasets, such as the DroneRF and VTI RF datasets, and
noted the scarcity of large scale open access RF datasets. Their
comparative analysis showed that deep learning models trained
on the DroneRF and VTI RF datasets consistently achieved high
classification performance. For example, CNN-based models on
the DroneRF dataset reported up to 100% detection accuracy and
over 94% type identification accuracy [16]. Similarly, models eval-
uated on the VTI_RF_Dataset achieved over 99% in drone detection
and 97% in multiple drone identification scenarios. These results
underscore the effectiveness of modern deep learning techniques
when paired with well-curated RF signal datasets.

Radio frequency based techniques provide the advantage of
long range and real-time detection capabilities, particularly in open
environments where signal propagation is reliable. However, these
methods can be challenged by encrypted communication, frequency
hopping protocols, and legal restrictions on RF signal monitoring.
As such, they are often used in conjunction with other sensing
modalities for comprehensive UAV detection solutions.

2.5. Audio-Derived Visual Methods

Recent work has explored the transformation of acoustic data
into visual formats to leverage the strength of computer vision
models in drone classification. In [17], the authors introduced a
novel methodology that converts audio recordings into Mel Fre-
quency Cepstral Coefficient (MFCC) plots, enabling the use of
image-based deep learning models. Their dataset included 32 UAV
categories, each with 100 five-second audio recordings, from which
MFCC visualizations were generated.
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The authors trained and compared three vision architec-
tures—EfficientNet, ResNet50, and Vision Transformer—on these
MFCC images. Among them, EfficientNet achieved the high-
est classification accuracy of 96.31%, followed by ResNet50 at
94.22%, and Vision Transformer at 73.69%. These results high-
light the promise of combining auditory signals with visual model
pipelines and underscore the discriminative power of MFCCs when
processed through image-based frameworks.

This audio-to-visual strategy provides a compelling hybrid so-
lution that bridges the strengths of acoustic data and modern vision
models. It also opens new opportunities for multi-modal fusion in
UAV detection, particularly in settings where raw audio may be
harder to interpret directly.

2.6. Existing UAV Audio Datasets

Despite promising advancements in UAV detection through
acoustic sensing, the progress of audio-based systems has been
constrained by the limited availability of high-quality, publicly
accessible datasets. Most existing efforts in this domain focus
on creating targeted corpora tailored to specific drone models or
environmental conditions, which restricts their utility for broader
model generalization and benchmarking.

In [18], the authors introduced one of the largest open-access
UAV audio datasets to date, containing recordings from 15 differ-
ent drones—including both small toy models and larger Class I
UAVs—totaling 8,120 seconds of annotated audio. The dataset
captures diverse operational sounds and was used to train a con-
volutional neural network for 15-class classification, achieving an
average test accuracy of 98.7% and a test loss of 0.076. These
results underscore the dataset’s value for supporting robust, real-
world classification systems.

Building on this work, [19] further investigated the impact of
feature design on UAV classification performance. Specifically,
they evaluated various quantities of Mel Frequency Cepstral Coeffi-
cients (MFCCs) and determined that using 30 coefficients provided
an optimal balance between feature richness and noise resilience.
This study also introduced a companion image-based dataset de-
rived from the original audio, consisting of waveform, spectrogram,
Mel filter bank, and MFCC plots across 26 UAV categories. With
100 audio samples per category, the dataset supports both visual
and audio modality exploration and facilitates the development of
multimodal detection systems.

Together, these datasets offer a foundation for standardized
evaluation in acoustic-based UAV detection and serve as critical
resources for researchers aiming to improve generalization, scala-
bility, and interpretability of drone classification models.

2.7. Interactive Tools for Research and Education

Interactive tools for audio-based exploration and simulation are
increasingly used to enhance understanding of acoustic principles,
foster student engagement, and support open-ended inquiry in both
research and classroom settings.

Interactive tools and platforms for exploring acoustic data are
crucial for advancing research and education. Projects like Bird-
Vox [20], which provides interactive access to bird sound datasets,
illustrate the benefits of such tools. However, similar resources for
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drone acoustics are notably lacking. This gap hampers the ability of
researchers to conduct in-depth analyses and limits the educational
potential of these datasets.

In [21], the authors introduced the Acoustics Apps platform, a
browser-based e-learning environment that uses high-fidelity sim-
ulations powered by COMSOL Server technology. These apps
support interactive exploration of complex wave phenomena, mu-
sical instrument behavior, and room acoustics without requiring
access to physical lab equipment. Designed to be intuitive and
device-independent, Acoustics Apps have been successfully used
in both high school and university settings to visualize invisible
acoustic behaviors and engage students through virtual experiments
and self-guided exploration.

In the context of sonic interaction design, [22] presented the
Sound Design Toolkit (SDT), a modular software environment
for real-time, physics-based sound synthesis. SDT includes a
library of sound models—such as impacts, friction, and fluid
sounds—that can be interactively controlled using sensors or
mapped to MIDI/OSC inputs. Developed with education and pro-
totyping in mind, SDT facilitates experiential learning by enabling
users to sketch, manipulate, and evaluate sonic feedback in design
scenarios. Its taxonomy of everyday sounds also makes it suit-
able for classroom demonstrations of sound physics and design
aesthetics.

In [23], the authors designed a simple, interactive GUI tool
in MATLAB that allows students to record and visualize sound
waveforms and their corresponding frequency spectra. Primarily
used to teach the Fourier transform concept in introductory engi-
neering courses, the tool lets users experiment with different input
sounds—including their own voice—and immediately observe how
spectral components vary. This low-cost and hands-on approach is
particularly effective in demystifying frequency-domain analysis
for first-year students.

In [24], the researchers examined the role of Interactive Au-
dio Visual (IAV) media in improving creative thinking among
science students. Their mixed-methods study found that students
who engaged with IAV materials demonstrated significantly higher
creative thinking scores compared to those using conventional Pow-
erPoint media. Students also expressed high levels of interest and
ease in using the interactive content, noting improved comprehen-
sion and increased motivation during tasks involving simulation-
based learning. These findings reinforce the educational value of
interactive multimedia in facilitating critical and creative thinking
skills.

In [1], the authors developed a web-based drone audio visu-
alization tool that enables users to explore the unique acoustic
signatures of drones by listening to recordings and examining their
associated spectrogram and MFCC plots. This platform laid the
groundwork for the current journal study by providing an initial
system for drone sound data visualization. The updated version
enhances this foundation with expanded features, improved inter-
activity, and integration of a broader UAV dataset. The platform
presents a browsable interface with drone images and playback
controls, designed to make drone acoustics accessible for students,
researchers, and hobbyists.

Collectively, these platforms reflect a growing emphasis on ac-
cessible, engaging, and interactive resources in acoustics education

91


https://www.astesj.com

M. Y. Wang et al., / Advances in Science, Technology and Engineering Systems Journal Vol. 10, No. 6, 88-96 (2025)

Table 1: UAV Audio Dataset: 32 Classes with Collection Sites

Manufacturer Model Drone Type Number of Files Duration (sec) Collection Site
Self-build David Tricopter Outdoor 100 500 Columbus, IN
Self-build PhenoBee Outdoor 100 500 West Lafayette, IN
Autel Evo 2 Pro Outdoor 100 500 New Richmond, IN
DIJI Avata Outdoor 100 500 Charleston, SC
DII FPV Outdoor 100 500 Charleston, SC
DII Matrice 200 Outdoor 100 500 West Lafayette, IN
DIJI Matrice 200 V2 Outdoor 100 500 New Richmond, IN
DIl Matrice 600p Outdoor 100 500 New Richmond, IN
DIJI Mavic Air 2 Outdoor 100 500 New Richmond, IN
DIJI Mavic Mini 1 Outdoor 100 500 New Richmond, IN
DIJI Mini 2 Outdoor 100 500 New Richmond, IN
DIJI Mini 3 Outdoor 100 500 Charleston, SC
DIJI Mini 3 Pro Outdoor 100 500 Charleston, SC
DIJI Mavic 2 Pro Outdoor 100 500 New Richmond, IN
DIJI Neo Outdoor 100 500 Charleston, SC
DIJI Mavic 2s Outdoor 100 500 New Richmond, IN
DIJI Phantom 2 Outdoor 100 500 New Richmond, IN
DIJI Phantom 4 Outdoor 100 500 New Richmond, IN
DIJI Tello Indoor 100 500 Charleston, SC
DIJI RoboMaster TT Tello Indoor 100 500 New Richmond, IN
Hasakee Ql1 Indoor 100 500 West Lafayette, IN
Holystone HS210 Indoor 100 500 Charleston, SC
Hover X1 Outdoor 100 500 Charleston, SC
Syma X5SwW Indoor 100 500 West Lafayette, IN
Syma X5UW Indoor 100 500 West Lafayette, IN
Syma X8SW Indoor 100 500 West Lafayette, IN
Syma X20 Indoor 100 500 West Lafayette, IN
Syma X20pP Indoor 100 500 West Lafayette, IN
Syma X26 Indoor 100 500 West Lafayette, IN
Swellpro Splash 3 plus Outdoor 100 500 New Richmond, IN
Yuneec Typhoon H Plus Outdoor 100 500 New Richmond, IN
UDIRC U46 Outdoor 100 500 West Lafayette, IN
Total 3,200 16,000

and sonic research. They demonstrate how interactivity—whether
through sound manipulation, simulation, or visualization—can
significantly deepen conceptual understanding and foster interdis-
ciplinary learning.

3. Methodology

3.1. Data Collection

The drone data collection is an ongoing multi-year effort aimed
at building a large-scale, diverse dataset of UAV acoustic signa-
tures [1, 18, 19, 25]. As of 2025, the dataset comprises 3,200 audio
recordings captured from 32 distinct unmanned aerial vehicles
(UAVs5), totaling 16,000 seconds of raw flight audio, as shown in
Table 1. Each UAV contributed 100 five-second audio clips. These
recordings span a wide range of drone types and environments and
serve as the foundation for acoustic analysis, feature extraction,
and educational visualization.

Drone Overview: The collection includes 28 quadcopters,
one tricopter, two hexacopters, and one tail-sitter UAV. The ma-
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jority feature standard X-frame quadrotor configurations. Drone
platforms include commercial and consumer models from DJI, Au-
tel, Syma, Yuneec, UDI, Hasakee, Holystone, and Hover, as well
as two custom-built designs. Notable entries include the David
Tricopter, a custom-built tricopter with a 34-inch diameter and
AfroFlight Naze32 flight controller, and PhenoBee, a large-scale
hexacopter weighing 23 kg, designed by Ziling Chen and built on
the Ardupilot Cube Orange platform.

Recording Sites: Audio recordings were collected in diverse
indoor and outdoor environments across three U.S. locations: West
Lafayette, Indiana; New Richmond, Indiana; and Charleston, South
Carolina. Indoor data from Indiana were acquired in university
laboratories, while outdoor recordings were made on a private farm
in New Richmond. Charleston-based data were collected in the
College of Charleston’s Drone Lab at the Harbor Walk Campus
(indoor) and from the rooftop of the South Carolina Aquarium park-
ing garage (outdoor). Recordings captured natural environmental
noise such as wind, birdsong, and traffic, contributing to a realistic
audio corpus.
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Recording Equipment: From 2021 to 2023, data were
recorded using a MacBook Air (1.1GHz quad-core Intel Core
i5, 8GB RAM) with the system’s internal microphone. Beginning
in 2024, recordings were made with an updated MacBook Air
featuring an Apple M3 chip and 16GB of memory. No external
microphones or post-processing techniques were used, preserving
the raw acoustic characteristics of each drone.

This dataset underpins the visual and analytical tools presented
in this study, including the expanded web-based interface for ex-
ploring drone-specific acoustic features such as MFCCs and spec-
trograms.

3.2. Visualization Dataset Creation

The project’s implementation uses Librosa [4] to compute the
Mel Frequency Cepstral Coefficient (MFCC). Our number of mfcc
were set to 20 (n-mfcc, FFT window size to 2048 (n-fft), overlap
between frames 512 (hop length), and the number of mels to 128
(n-mels). The mathematical descriptions below reflect what is
abstracted in the Librosa package.

Extracting MFCCs from an audio dataset involves several steps.
The process begins with digital audio files (i.e. .wav, .mp3, .ogg,
etc), representing the raw audio signal. The audio is segmented
into short overlapping windows ranging from 20 to 40 milliseconds.
To reduce signal noise, the Hanning window function is applied, it
is mathematically given as used by Harris [26]:

1 2nn
wln] = 2[1 cos( N )], forO<n<N-1.

where w[n] is the Hanning window function and N is the total
number of windows to be computed. Note that we are using zeroth
indexing in the function above. This improves the accuracy of the
following feature representations, by smoothing the signal with the
1- cos(%) term.

Next, the Short-Time Fourier Transform is applied (STFT).
Specifically, the continuous-time STFT is applied. It can mathe-
matically be given as:

x(t, w):

00

XD wr —1) e dr

STFT,(t,w) = f

—00

The STFT is computed for each windowed frame. Using the
w(t — ) time-centered windowing function segments the raw sig-
nal x(7) onto the STFT’s sinusoidal basis function e=/“7. the
STFT,(t, w). If computation stopped at this step, the plot would be
a spectrogram.

Next the mel-scale is applied. Which was developed to mimic
the human perception of hearing. It isn’t critical to model perfor-
mance, but is consistent in related literature [2], [6]. Mathemati-
cally the mel-scale can be written as:

m(f) = 2595 - logm(l + %)

The mel-scale transform converts frequencies from Hertz (Hz)
to those in the mel-scale (mels). If computation stopped, the plot
would be a mel-spectrogram
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From here the approach uses triangular filter banks to calculate
the relative amplitude of the frequencies. Shown is the piecewise
definition as used in Hang Xu et al. [27]:

0 k< flm—-1]
k—fIm-1]
H,[k] = W flm—-1]1<k < flm]
Tt SIml <k < flm+1]
0 k> flm+1]

m is the mel filter index and k is the index for the frequency
bin. If computation stopped here, the plot would be considered a
mel-filterbank.

In the final step, the processed signal is log-scaled and then
passed through the Discrete Cosine Transform (DCT) of the mel
log signal. Specifically the DCT-II formalization, which is standard
for audio processing. Mathematically it is defined as:

N-1

Xk=2xncos[%(n+%)k]

n=0

for k=0,... N—-1.

The formulation of the augmented base cosine function allows
the cosine function cos [ ¥ (n + %) k] to give unique information
for each frequency component, lending itself for an efficient or-
thogonal representation without waste.

The DCT transform converts N time/spatial samples into N
frequency coefficients: [xg, x1, ..., xy-1] = [Xo, X1,. .., Xn-1]-

After applying the DCT, the MFCC is computationally com-
plete, resulting in a compact and rich representation of an original
audio signal.

We have generated a total of 3,200 MFCC plots extracted from
audio recordings across 32 categories, with each category con-
taining 100 audio files. These MFCC plots serve as feature-rich
representations of the acoustic characteristics captured from the
audio data; essential for further analysis and classification tasks,
reflecting the unique acoustic signatures of various UAV drone
audio recordings.

3.3. Web Application Development

The Drone Audio Visualization Tool is an interactive web ap-
plication designed to enhance the exploration and analysis of a
drone audio dataset. Its user interface (UI) is designed so that
users can intuitively navigate the application, explore the dataset,
and gain meaningful insight into drone audio patterns. The pub-
licly available website can be accessed at: https://mackenzie-
jane.github.io/drone-visualization/#/.

Users begin by opening the homepage, which provides an
overview of the project and a selection of all 32 drone images. This
serves as a visual entry point into the dataset and facilitates quick
orientation between pages. Figure 1 illustrates the layout of the
home page, which shows the drone images and basic information.

From the homepage, users can navigate to the drone dataset
page, which features a responsive grid layout of 32 cards, one for
each drone in the dataset. Each card includes the drone’s name
and image, enabling quick identification and selection. This intu-
itive and visually appealing layout helps users quickly identify and
select their drone of interest.
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Figure 1: Audio Visualization Tool Web Application Home Page

Upon selecting a drone, users are redirected to the drone detail
page. This page presents a cohesive view of the attributes of the
selected drone, including its name, image, an audio recording sam-
ple, and two visualization: a Mel-Frequency Cepstral Coeflicient
(MFCC) plot and a spectrogram plot. These visualizations are
generated at a randomly selected frame, offering a snapshot of the
drone’s acoustic signature. Figure 2 shows an example of the drone
information and plots. The layout ensures that the visualizations,
drone image, and audio information are presented in a cohesive

Home Drone Dataset

Information

way. This enables users to simultaneously see and hear key charac-
teristics of each drone, supporting both qualitative and quantitative
analysis of drone sound profiles.

This website is built using the React framework to structure
and render dynamic components for each drone. In addition, CSS
is used to style the interface and ensure responsiveness across de-
vices. JavaScript enables interactivity, such as page transitions and
dynamic content loading. Media files, drone images, MFCC plots,
spectrograms, and audio files are stored in organized subdirectories
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Figure 2: Audio Visualization Tool Drone Display Page
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within the public folder. A structured JSON file maps drone identi-
fiers to their corresponding media and metadata. This architecture
supports efficient and dynamic content loading.

The dataset includes audio recordings, spectrogram images,
and MFCC plots for various drones at specific frames ranging
from 0 to 100. A Python script was used to randomly select frame
numbers between 0 and 100 for each drone. These random frame
indices are used to extract specific audio segments and the cor-
responding MFCC and spectrogram plots for each drone. This
approach ensures an unbiased and varied sampling, which is use-
ful for identifying distinguishing acoustic features across different
drones.

Using static file storage and dynamic content loading, the
web application provides an efficient and user-friendly platform
for drone audio visualization. This website improves accessi-
bility to the dataset and supports further research in drone clas-
sification and analysis. The source code for the Drone Audio
Visualization Tool is publicly available on GitHub at: https:
//github.com/mackenzie-jane/drone-visualization.

4. Conclusion

The rapid expansion of UAV usage across commercial, indus-
trial, and public domains has intensified concerns related to privacy,
security, and noise pollution, exposing limitations in existing visual-
and radar-based detection systems. This work contributes to ad-
dressing these challenges by advancing acoustic-based drone anal-
ysis through the development of a large-scale, multi-class UAV au-
dio dataset and an accompanying interactive visualization platform.
Together, these contributions provide a foundation for systematic
study of drone acoustic signatures and support the development of
robust detection and classification methods.

Beyond the dataset itself, the interactive web application en-
ables intuitive exploration of drone acoustic characteristics by inte-
grating audio playback with MFCC and spectrogram visualizations.
This platform lowers the barrier to entry for researchers, educators,
and students, supporting both analytical investigation and educa-
tional use. The experimental results and positive user feedback
demonstrate the utility of acoustic representations for distinguish-
ing drone models and highlight the effectiveness of visualization-
driven analysis in understanding complex audio patterns.

Future work will focus on expanding the dataset to include
additional drone models and operating conditions, enhancing the
web application’s functionality, and integrating more advanced
machine learning techniques for automated detection and classifica-
tion. Comparative studies across acoustic, visual, and multimodal
datasets will also be explored to better understand the strengths
and limitations of each sensing modality. Through these continued
efforts, this research aims to support scalable, reliable, and acces-
sible solutions for addressing the growing challenges associated
with widespread UAV deployment.
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