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Abstract

Unmanned aerial vehicles (UAVs), also referred to as drones, have become increasingly
popular in recent years, posing serious security and privacy issues. Concerns have been
raised by their growing presence in public areas and civilian life as a result of incidents
involving disturbances, privacy invasion, and unauthorised surveillance. This study aims
to address these issues by creating an intelligent, sound-based system that can identify
drones and determine how close they are to people or sensitive areas.

The primary objective of this study was to assess the viability of classifying drone dis-
tance based on sound emissions using deep learning models and audio signals. Three
zones—Zone 1, Zone 2, and Zone 3—each denoting varying degrees of proximity—were
created from the drone sounds. Convolutional neural networks (CNNs), bidirectional
long short-term memory networks (BiLSTMs), and a hybrid CNN-BiLSTM model were
among the deep learning models examined in the study.

With an average classification accuracy of 90%, the hybrid CNN-BiLSTM model outper-
formed the others. This model is very accurate at predicting drone distance zones because
it successfully captured both spatial and temporal features from the audio recordings.
These results imply that drone detection systems can be greatly improved by combining
deep learning with audio-based classification. Such systems could significantly increase
responsiveness and accuracy in detecting unauthorised UAV activity when paired with
other sensory inputs in bimodal or multimodal frameworks. All things considered, this
research advances acoustic sensing technologies to protect critical infrastructure and pub-
lic safety from the increasing threat of rogue drone usage.

Keywords: Drone Detection, Deep Learning, Acoustic Sensing, UAV Proximity Esti-
mation, CNN-BiLSTM, Audio Classification
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Annarnoa

Yukpimicsr3 yiry annapartapbl (Y YA), sfHU JIPOHIAD, COHFBI YKbLIIAPbI KEHIHEH Ta-
PaJIbIIl, KAyIlNCi3MiK MeH KYIHUsJIBIKKA Oaifl/ITaHbICThI MAaHbI3/Ibl MoCejeep TybIHIATY/IA.
Koramibik, opbIHIap MEH a3aMaTTBIK OMipe JIPOHIAPIbIH KeOetol TypJii TopTin Oy3y-
MIBLTBIKTAP, »KEKe oMipre KoJI CYyFy KoHe PYKCATCHI3 OAaKbLIay CHUAKTBI KarIaijiapra
cebent 6os7ibl. Byt 3epTTey OChl Mocesesep/Ii Melry MaKCaThIHIa IPOH/Iap/Ibl AaHBIKTAII,
oJIap/IbIH aJlaMJapra HeMece MaHbI3/Ibl aiiMaKTapra KaHIIAJBIKThI YKAKbIH €KEeHIH aHbl-
KTail ajaThIH JIBIOBICKA HETI3/Ie/TeH aKbLIIbl KYiHeHl KypyFa OarbITTaraH.
3eprreyain 6acThl MaKCATBHI — APOHIAPIbBIH, IIbIFAPATHIH IHIOBICTAPHI APKBLILI OJIap-
JTBIH, aPAKAITBIKTBIFBIH TEPEH, OKBITY MOJEbIEP] apKbLIbl KJIACCU(MUKAIIAATIAY MYMKiH-
qiria 6araJiay. Ipon mapiObicTapbl Herisinge yim aiimak — "l-aiimak', "2-aiimak" xone
"3-aiimak" — Kacasabl, 9PKANCHICHI JPOHHBIH YKaKbIHIBIFBIHBIH, OPTYPJ AeHreiin Oi-
Jipesi. 3eprTey OapbIChIHJIA KOHBOJIIOMUSIBIK HelpoHIbIK xkesiep (CNN), exi 6arbir-
ThI y3aK-KbICKa Mep3iMi »kazpl xkeinepi (BiILSTM) xone omapaee rubpuarik CNN-
BiLSTM wmozeni KapaCcThIPBLIIHL.

90% oprama knaccudpukanmusa gosgiriveds CNN-BiLSTM rubpuarik momesni 6acka Mo-
Jleqbaepre KaparaHjia y3/iK HOTUXKe KepceTTi. By mMomenb JbIOBICTHIK »Ka3baJiap/iaH
KEHICTIKTIK YK9He YaKBITTBIK, €PEKITeTIKTEP/Il THIM/TI aHBIKTaY apKbLIbI JIPOHHBIH, apaKa-
MIBIKTBIK aiMaFrblH 101 OOJIXKaM aJIIbl.

SepTTey HOTHKEIEePi JBIOBICTHIK KJIACCU(MUKAINS MEH T€PEH OKBITY/IbI OipIKTIpy apKbI-
JIBI JIPOHJAPIbI AHBIKTAY KYyHesIepiH epyip KeTuiaipyre 00/aTbIHbIH KopceTeii. MyH-
JTaii XKy#iesep eki Hemece KOIMOIAIbIbI KYPbLIbIMIap/ia 0acKa CEHCOPJIBIK, 1€PEKTEPMEH
6ipikTipinrenae pykcarces ¥ YA opekerTepiH XKbLIJaM XKoHE J19J1 aHbIKTayFa MYMKiH-
Jik 6epesi. 2Kannber ajgrania, OyJ1 3epTTey aKyCTUKAJIBIK, CEHCOPJIBIK, TeXHOJIOTUAIaPIbI
JKETIJIJTiPpe OTBIPBIN, MAHBI3/Ibl MH(PPAKYPHLIBIM MEH KOFaMJIbIK KAyilCi3TiKTI pyKcaT-
CHI3 JIPOHJIAP/IAH KOPFayFra yJIec KOCa/Ibl.

KinT cesnep: pouabl anbikTay, TepeH OKbITY, AKYCTHKAJBIK ce3y, ¥ ¥A KAIIbIKThI-
reia Oarasiay, CNN-BiLSTM, /IsibbicThl KikTEY



AaHOTAIINA

Bectmtorusie jeraresnbubie anmaparsl (BIIJIA), Takke u3BecTHbIE KaK JIPOHBI, B IO-
CJIEJTHUE TOJIbI CTAJIA IPE3BBIYANHO MOIYJISIPHBIME, IYTO BBI3BIBAET CEPhE3HDBIE TPODIEMbI
be3onacHocTu U KoHUIeHIMaAbHoCTH. X BCé Gostee MMpoOKoe NMPUCYTCTBUE B OOIIE-
CTBEHHBIX MECTaX U B I'PaXKIAHCKOH »KM3HN BBI3bIBAET 00ECIIOKOEHHOCTD U3-3a WHITHICH-
TOB, CBSI3AaHHBIX C HAPYIIEHUEM MTOPAJIKA, BTOPKEHUEM B JIMYHYIO KU3Hb M HECAHKIIAO-
HUPOBAHHBIM HabOJOeHreM. HacTosiiee nccieloBanre HAIIPABJIEHO Ha PEIeHUe ITHX
pobJIeM My TEM CO3/IaHUsT MHTE/IEKTYaIbHOM CHCTEMbI, OCHOBAHHOM HA 3BYKe, KOTOpas
MOYKET BBISIBJISITH JIPOHBI U OIPEJIEIATh UX OJU30CTh K JIIOASAM WU IyBCTBUTETHHBIM
30HAM.

OcHoBHAas TI€JTb UCCTIEIOBAHNS — OIEHUTH BO3MOXKHOCTH KJIACCU(DUKAIIMA PACCTOSTHUS
JIO JIPOHA HA OCHOBE 3BYKOBBIX CUTHAJIOB C WCIIOJIb30BAHUEM MOJesei IiIyOnHHOTrO 00y-
JeHusi. 3BYKHU APOHOB OBLIN pa3/iesieHbl Ha Tpu 30HbI — «30Ha 1», «30Ha 2» u «30Ha 3»,
Kaxk]1as U3 KOTOPBIX 0003HAYaeT pa3/IMYHyIO cTerneHb byin3octu. B ncciiegoBannu ObLn
M3y9IeHbl PA3JIMIHBbIE MOJEIN TJIYOMHHOTO O0YyUeHUsI, BKIIOYasi CBEPTOUHbIE HEHPOHHBIE
cetu (CNN), nByHampasiieHHBIE CEeTH JI0JT0i KpaTKocpouHoii mamsaru (BiLSTM) u ru-
opuanyio mogeas CNN-BiLSTM.

Cpenu Bcex mogesteit rubpuaaas CNN-BiLSTM noka3zasia Hausydiinue pe3yJsibTaThl, J10-
CTUTHYB cpejHeii Tounoctu Kiaccudukanuu 90%. dra Mmogens 3hPeKTUBHO U3BIEKAIA
KaK IMPOCTPAHCTBEHHBIE, TAK U BPEMEHHbIE XaPAKTEPUCTUKHU U3 &y IMO3AITUCe, 9TO 0bec-
MIEYUBAJIO BBICOKYIO TOYHOCTH B OIPEJIEIEHUN 30HBI PACCTOSHUS JI0 JIPOHA.
[Tonrydennble pe3yIbTaThl TOKA3BIBAIOT, YTO CUCTEMbI OOHADY KEHUS IPOHOB MOXKHO 3Ha-
YUATEJIBHO YJIYUIIATH 33 CIET 00beMHEeHNs TJIyOMHHOTO O0yYeHUsI U 3BYKOBOM KJIACCH-
dukarnmu. [Ilpu ucnosp3oBanu B cocTaBe OMMOJAJBHBIX WA MYJIbTUMOIAJIBHBIX CH-
CTeM, TaKue TEXHOJIOTUUA MOTYT CYIEeCTBEHHO IMOBBICUTH TOYHOCTH U OIEPATHUBHOCTH
B oOHapy»keHUn HecaHKuMoHnpoBaHnHOil akTuBHOCTH BILJIA. B 1esmom, mannoe mccite-
JIOBAHUE CIIOCOOCTBYET PA3BUTHIO AKYCTUIECKUX CEHCOPHBIX TEXHOJIOTHH JJIsi 3AIATHI
KPUTHYIECKH BayKHOW MHMPACTPYKTYPHI U OOIIECTBEHHOW 0OE30MACHOCTH OT PACTYIIEn
yI'PO3bI HECAHKITMOHUPOBAHHOTO UCIIOJIb30BAHUS JTPOHOB.

KuroueBbie cioBa: Obnapyzxkenune JpoHOB, [1ybokoe obydenne, AKycTUIecKuii ceH-
cop, Omnenka paccrogaus BILJTA, CNN-BiLSTM, Aymno knaccudukarus
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Abbreviations

UAV — Unmanned Aerial Vehicle

CNN - Convolutional Neural Network

RNN — Recurrent Neural Network

LSTM - Long Short-Term Memory

GRU — Gated Recurrent Unit

BiLSTM - Bidirectional Long Short-Term Memory
Hz — Hertz

m/s — Meters per Second

SNR — Signal-to-Noise Ratio

AT — Artificial Intelligence

DL — Deep Learning

ML — Machine Learning

STFT — Short-Time Fourier Transform
MFCC — Mel-Frequency Cepstral Coefficients
FPS — Frames Per Second

CPU — Central Processing Unit

GPU — Graphics Processing Unit

FFT - Fast Fourier Transform

RADAR — Radio Detection and Ranging
GPS — Global Positioning System
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Chapter 1

Introduction

The application of drones has grown a great deal in a variety of fields due to technological
improvements, but with that, they have also raised the risks and incidents of their usage.
Their expanded presence in military, recreational, commercial, and industrial fields and
applications has generated innovation as well as concern. Now drones are widely uti-
lized in fields like infrastructure inspection, logistics, agriculture, cinematography, and
rescue operations. But with the growing accessibility and presence of drones, so does the
threat of their abuse. Consequently, there has also been a rise in incidents with drone-
induced crashes, unauthorized flying, and malicious attacks. To manage these challenges,
researchers across the globe are exerting their best efforts in developing measures and so-
lutions that will enhance the security and regulation of their application. The necessity
of developing effective and smart drone detecting and monitoring mechanisms has thus
developed significantly in the international research community [1].

Drones have become successively used as both legitimate and illegal instruments, fre-
quently engaged in illegal missions posing serious threats to public and national secu-
rity [2-4]. They appeal due to their affordability, ease of availability, and autonomous
flight capabilities over long distances with limited supervision by the operator, making
them popular not just with hobbyists and business organizations but also with mali-
cious actors. Drones’ versatility in operation has seen various forms, including illegal
surveillance, data stealing, smuggling, and even drug delivery across borders. Of greater
concern, in this case, is their increasing use in reconnaissance and intel-collection mis-
sions, where they collect confidential information by flying over forbidden or strategically
sensitive areas. As observed in a variety of real-life incidents [2-7], drones have penetrated
civilian airspaces above critical infrastructure, state buildings, military bases, and public
events, exposing serious weaknesses in current aerial detection systems for threats. These
incidents highlight the pressing need for developing counter-drone systems that not only
detect but also classify and act against illegal UAV activity in real time. The possible
outcomes in case drone incursions go unnoticed in situations can be far reaching, ranging
from incursion into the nation’s airspace, obstruction to public services and masses, to
catastrophic loss in public events. It has thus become necessary for developing strong
and scalable drone detection frameworks for protecting civilian and state interests as well
as enhancing overall security. These incidents proved that if not deterred in time, drones
can serve as catalysts for high-hazard incidents, and hence, advocating for the introduc-
tion of efficient monitoring and mitigation systems is a critical aspect for modern security
framework [8-10].



Recent incidents [2-4,7] evidently demonstrate that drones have the potential to be ex-
tremely dangerous for critical sites and infrastructure. Aside from mere visual monitor-
ing, drones have the capability for malicious actions, like stealing secret files or inflicting
physical injury. This necessitates effective countermeasures for drone threats. For these,
real-time intelligent systems play an essential part. These intelligent systems have the
ability to predict the approach of drones from protected regions and promptly identify
unauthorized flights. By doing so, they can serve as a security warning plan. For the
implementation of effective protection, specialized bimodal or multimodal drone control
mechanisms have to be utilized. It should be possible for them to predict a drone ap-
proaching the guarded regions and thus avoid impending security issues. Specifically,
they should have the ability to predict the proximity of a drone from guarded regions
or recognize suspicious flight patterns immediately. Such systems, through the imple-
mentation of more than one sense modality such as visual, sound, thermal, and radar,
have the ability to provide more effective and timely detection services, particularly in
environments where one modality may not be effective due to noise, obstruction, and
range restrictions [11].

Sound localization has been largely utilized in sound-based unmanned aerial vehicle
(UAV) surveillance systems as a method for approximating the position and trajectory
of airborne targets using passive acoustic sensing methods [12-15]. These systems take
advantage of the intrinsic acoustic signatures emitted by drones in flight, which are gen-
erated largely by the fast spinning of propellers and the motor operation. The central
concept in acoustic localization is based upon detecting variations in the time of ar-
rival (ToA), phase, and/or amplitude of sound waves at a number of space-separated
microphones in a microphone array. By processing these inter-microphone variations,
sophisticated signal processing schemes can ascertain the direction of arrival (DoA) of
sound, and in some configurations, also make estimates of the range or proximity to the
UAV. This spatial data, once determined, contributes actionable information that facil-
itates the tracking and possible intercepting of unwanted drones, even in cases where
visual or radar-based methods might be hampered by line-of-sight restrictions, adverse
weather, or dirty backgrounds. Furthermore, the passive operation of sound localization
systems gives them the added advantage of being stealthy and power-efficient, as they
neither transmit signals nor draw power from the environment, instead collecting ambient
sound energy. With drone activity expected to grow, particularly in sensitive or off-limits
airspaces, incorporating sound localization units in UAV detection systems offers a viable
area for increased situational awareness and enabling timely reaction capabilities for both
civilian and military-focused surveillance systems [16-19].

There are numerous possibilities with recent advances in deep learning-assisted audio
classification. Sound analysis-based acoustic intelligence systems are also under inves-
tigation for predicting distance from drones based on their sounds. This work tries to
investigate the intelligent sound-based UAV prediction system for integrating bimodal or
multimodal UAV detection systems. Deep learning algorithms, especially convolutional
and recurrent neural networks, have demonstrated a great deal of promise for learning
sophisticated patterns in sound from raw audio signals. It is possible for these models
to be educated for classifying audio signals not just by model or by drone type but also
by proximity, which is crucial for early detection and threat assessment. The proposed
system will utilize these functionalities for supporting more extensive sensory systems,
which must function reliably under real-time and under different environmental condi-
tions [20].



Hence, the research sought to investigate deep learning models for predicting drone dis-
tance through classification. That is, the feasibility of using drone audio signals for
predicting distance will be evaluated by comparatively examining different frameworks
through experiments. For this, the following goals were devised:

1) An in-depth examination of deep learning model architectures for drone distance esti-
mation from audio signals. This comprises examining how each model learns and gener-
alizes useful acoustic features from audio created by drones.

2) To compare the performance of architectures like recurrent neural networks, convo-
lutional neural networks, hybrid models and weighted vote systems for UAV distance
prediction from sound. The experiments are meant to reveal the pros and cons of each
method based on classification accuracy, generalization and computational speed. There-
fore, this research sought to explore a multimodal or bimodal sensory structure based on
deep learning models for predicting UAV distances from audio signals. By addressing
the acoustics component in the context of a multi-level detection platform, the research
provides the foundation for an intelligent and robust approach for tackling increasing
threats from unauthorized and malicious UAV incursions into critical regions.



Chapter 2

Related works

Deep learning techniques have persistently proved their robustness and effectiveness in
the field of drone sound detection and classification as indicated by a wide range of
research evidence. Some of the most widely used and most notable of these neural net-
work architectures include Convolutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNs), and blended models that combine the powers of RNNs and CNNs.
Deep learning architectures have proved effective in a wide range of activities such as,
but not limited to the classification of drone types, flight state recognition, and binary
and multiclass classification of drone activities [1,5,7,20,21].

In recent years, one of the arising and continually rising research thrusts in the area of
drone detection and classification has been the use of drone-produced acoustic sounds for
a variety of applications, including drone distance estimation from the point of detection
and improving the accuracy and resilience against classification in real-world noise levels
and interfering environmental conditions. These sound waves, generated by the motor
and propellers of the drone in flight, hold important information that can be tapped
into for building passive and non-intrusive surveillance systems. Using this form of audio
data, however, is challenging in that it involves not a mere basic signal processing and/or
some simple form of machine learning, but a number of different challenges that go be-
yond such tasks. Solving those requires not just tremendous progress in the design and
development of proper model architectures, but also in those attendant fields like pre-
processing strategies, advanced feature engineering methods, and practical requirements
for real-time deployment. Specifically, data preprocessing plays a central role in ensur-
ing that the input to models preserves the important acoustic features without excessive
noise and environmental distortion. The feature engineering should be well-designed so
as to extract those pertinent time-frequency patterns that differentiate drone noises from
interfering sound waves or background noises. Central to this line of research is the
development of deep network architectures specifically optimized for sequential process-
ing of sound waves. Recurrent Neural Networks (RNNs), and a next-level version like
Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRUs), as well as those
based on attention, have become priority targets for researchers due to their far greater
capacity for learning and capture of temporal dependencies within continuous sound se-
quences. These architectures lend themselves to building systems capable of detecting
weak temporal cues and contextual patterns in drone sound, which is necessary for both
this classification and distance estimation task. Consequently, they hold immense poten-
tial for making future breakthroughs in sound-based UAV detection systems. [22,23].



One of the commonly applied and well-developed methods in Unmanned Aerial Vehicle
(UAV) acoustical detection is sound source localization with Acoustic Sensor (AS) sys-
tems. This method entails approximating the space coordinates of a UAV by detecting
and processing the time difference of arrival (TDOA) of sound coming from the UAV’s
motor and rotor through multiple strategically placed microphones in a geometric-array
setup. The microphones can be configured in static geometric patterns for maximizing
spatial resolution and accuracy in calculating the sound source’s direction and distance.
By computing the differences in time arrival for the same sound signal at every micro-
phone, it would be possible to localize UAV’s position with the help of signal processing
algorithms, finally transforming time differences into space coordinates. This approach
supports effective tracking and localization of UAVs in different environments with the
specific advantage of being independent from visual sensors like cameras or active RF-
based methods like radar. Since it is a passive detection system, it is especially beneficial
in situations where visual impairment, RF noise, or stealth requirements exclude the
application of conventional sensing mechanisms. Furthermore, the non-intrusive and
low-cost aspect of sound sensing systems also increases the applicability for real-time
UAV monitoring, particularly in the area of security, surveillance, and wildlife preserva-
tion. [12-19].

For instance, Nijim et al. were mainly interested in the identification and classification of
drones from their sound patterns. Their approach utilized audio recordings of drones like
DJI P3 and Quadcopter FPV 250 observed under different flight modes such as hover
and active flight. Audio recordings were analyzed through the application of Hidden
Markov Models (HMMs), clustering techniques, and data mining strategies for creating
identifiable patterns and providing credible identification [24].

Another advanced system, the Drone Acoustic Detection System (DADS) proposed by
researchers from Stevens Institute of Technology, made use of the acoustic signature of
propellers for detecting, tracking, and classifying UAVs. Using an array of microphones,
the system calculated the direction of arrival (DOA) and utilized triangulation algorithms
for localizing the UAVs. Although the system successfully classified drones such as the
DJI Phantom 4, Intel Falcon 8+, and DJI S1000 [25-27] under quiet conditions (up to
300 meters), its performance was significantly affected in noisy conditions, reflecting the
limitations of real-world deployment [28].

Cheranyov et al. [29] looked into a multi-modal detection approach blending acoustics,
radar, and optical detection. Their acoustics relied on microphone arrays for sound di-
rection and angle estimation, hence UAV trajectory monitoring. While the range was
constrained to around 15 meters, the approach was especially effective in detecting low-
flying objects and coping with plastic material reflections that are prevalent on drones.
Other advances have resulted from the application of low-cost sensors in UAV control.
The work in tested Sonic Ranging Sensors (SRS) and InfraRed Sensors (IRS) under con-
trol of an Arduino Mega 2560 for calculation of distances and obstacle avoidance. Sensor
readings were sampled 0.5 seconds apart and fused by means of algorithms for integrated
data in order to minimize detection uncertainty. Although the system was effective for
close-range detection, the application scope was limited to small quadcopters [30].
Researchers in one study suggested incorporating Short-Time Fourier Transform (STFT)
with Euclidean Distance (ED) for detecting acoustics of drones. This method effectively
differentiated between drone sounds and other ambient sounds based on the temporal
frequency of drone audio. This comparatively simple yet effective method has promise
for real-time monitoring for security-critical applications [31].



A number of recent works have presented new applications of deep learning and machine
learning for detecting drones acoustically. Past works [5,20] have made their contributions
by presenting lightweight models for UAV identification from Mel-spectrogram features
and Recurrent Neural Networks. The work presented a method of UAV distance estima-
tion by training a neural network based on a Gated Recurrent Unit on audio recordings
captured at different altitudes (5-50 m). This method showed impressive classification
success—94% for 10-meter ranges and 98% for 15-meter ranges. Even though the work
has not yet been tested extensively over broader sets of data and under full-dynamic
conditions, it sets a promising base for unifying the acoustic signals with the other senses
in real-time UAV identification applications [20].

A comparison of several machine learning and deep learning models for drone sound
classification was presented in [32]. The authors developed a Mel spectrogram-based
CNN classifier and performed comparative assessments with other audio features like
Mel Frequency Cepstral Coefficients (MFCCs) and classifiers like Support Vector Ma-
chines (SVMs). The experiments proved the excellence of Mel-spectrogram inputs based
on CNN models regarding accuracy and noise robustness.

A new approach that integrated FFT with Plotted Image-Based Machine Learning (PIL)
and k-Nearest Neighbors (KNN) was outlined in [33]. The system, which utilized real-time
detection ability and was cost-effective, had a detection rate of 61%. Signal preprocessing
and noise removal were indicated by the authors for further increasing the performance
of the system.

A diverse array of other studies [34-41] has applied machine learning models for UAV
sound recognition, highlighting the utility of features like MFCCs and spectral roll-off.
Furthermore, studies such as [1,21,42-55] explored CNNs, RNNs, and their hybrid ar-
chitectures for drone sound classification, experimenting with different hyperparameter
tuning techniques and input features. Comprehensive literature reviews, like those found
and have provided valuable insights into the capabilities and limitations of these ap-
proaches [7,56].

In efforts to maximize classification robustness and accuracy, ensemble techniques like
the method of weighted voting have come into focus for acoustic signal recognition. [57]
studied ensemble classifiers in combination with a weighted voting approach for facial
and vocal recognition. The approach proved effective in weighting the classifiers’ results
and greatly improved global recognition with higher weights allocated to more confident
or correct models.

In the same manner, in [58], the researchers developed a low-complexity and robust voice
activity detection scheme with a weighted voting approach. The scheme performed better
than baseline schemes under conditions of channel distortion and poor threshold values,
illustrating the worth of such a tactic for real-world signal classification.

A key contribution in this domain was from the research [59] that proposed a neural
network-based weighted voting classifier. Experimentation proved that the ensemble
method improved classification by around 5% in comparison with isolated neural net-
works. Yet, it also raised computational overhead and memory needs, and thus there
was a trade-off between accuracy and efficiency. Besides that, several other studies have
also confirmed the efficacy of using weighted voting schemes in other contexts [59-62].
All these studies have established that ensemble learning approaches, when backed by
proper weighting schemes, are able to perform much better than individual model designs
with regard to classification accuracy, particularly in noisy or complicated environments.
Cumulatively, the literature reviewed herein explicitly suggests that deep learning meth-



ods coupled with weighted voting mechanisms—more specifically, using CNNs, RNNs, or
their hybrids—are necessary for the design of efficient, trustworthy, and scalable drone
detection tools. As such, the objective of this research is further to explore and analyze
the combination of deep learning architectures with weighted voting techniques in the
context of UAV audio signal identification [63].



Chapter 3

Methodology

3.1 Data collection

Deep convolutional neural networks (CNNs) and recurrent neural networks (RNNs) have
emerged as powerful, versatile instruments in the field of audio signal processing, espe-
cially for tasks that entail the identification of intricate patterns, for example, speech,
environmental sound classification, and the identification of drones (unmanned aerial ve-
hicles, or UAVs) [64,65]. These deep architectures found in both models are highly appre-
ciated for their respective capabilities to extract various types of characteristics from raw
or lightly processed sound waves—hierarchical spatial features in the case of CNNs, and
sequential temporal patterns in the case of RNNs. CNNs perform well in detecting local
spatial dependencies in time-frequency representations (e.g., spectrograms), recognizing
patterns that enable discriminating between sound classes. In contrast, RNNs, espe-
cially those using higher-level variants like Long Short-Term Memory (LSTM) or Gated
Recurrent Units (GRU), can represent temporal dynamics through retaining contextual
cues in successive time steps, which is important for understanding sound evolution over
time. Existing works proved that merging the two architectures—in joint or hybrid model
configurations—tends to produce greater robustness and classification accuracy. This is
primarily attributed to the complementary capabilities between the extraction of spatial
vs. temporal features: as CNNs attend to the fine structure of sound frames, RNNs
add value by representing the continuity and evolution in sound patterns. Consequently,
hybrid application of CNN and RNN-based models has become a promising avenue in
developing more mature, accurate, and generalizable sound recognition systems [66,67].
However, before such models of deep learning can be successful at such tasks of recog-
nition, there is a necessary condition that first needs to be met—diligent and careful
data preparation. This is particularly vital in the area of application for deep learning
systems in audio-based recognitions, where quality, uniformity, and preprocessed input
data control every aspect of model building. These conditions directly impact the train-
ing, the behavior of learning algorithms in converging, and, above all, the performance
of the model upon completion and the capacity for generalization against unseen or
real-world instances [68]. In contrast to structured tabular data, raw sound signals are
inherently unstructured, noisy, and susceptible to variability caused by environmental
factors, background noise, and variations in recording hardware. Therefore, sound sig-
nals must be preprocessed extensively before they can be ready for input into a neural



network. This preprocessed pipeline generally includes normalizing to provide constant
amplitude scaling, noise removal to eliminate inaudible or confusing background noises,
and segmentation to extract meaningful sections of the sound. In addition, sound needs
to be translated into even more structured and interpretable representation forms, such
as time-frequency representations like spectrogram, Mel-spectogram, and MFCCs, that
can capture more effectively the necessary acoustic features to classify with accuracy.
Moreover, data augmentation methods like time-stretching, time-stretching with pitch
shifting, and SpecAugment also come in to augment robustness by exposing the model to
greater variations in signals. Most of these preprocessed methods form the building block
in ensuring that models based on learning in depth on sound data prove both functional
and robust upon real-world application [69, 70].

Working with acoustic data generated with drones requires a collection of specific difficul-
ties and complexities. Drone sounds, produced mainly by rotating propellers and motors,
have acoustic characteristics that not only differ between different types of drones, but
also between different regimes of flight, for example, during take-off, hovering, cruising,
and landing. In addition, acoustic signals are typically recorded outdoors under uncon-
trolled conditions, where there can be many sources of background noise, including wind,
traffic, human speech, animals, or other machinery. Environmental factors like tempera-
ture, humidity, ground surface, and obstacles (roof tops, trees, etc.) influence how sound
propagates through the atmosphere and changes its timbre and intensity at different dis-
tances to the source. All this renders preprocessing and normalizing of drones’ audio data
all the more critical, as the neural network is to be trained on data that reflects well the
variety of conditions it will see at deployment [71].

This section is devoted to an explanation of the data collection and data preprocessing
process employed in this research, which involved training a neural network to classify
or predict the distance of UAVs based on their sound profiles at different distances.
In particular, the audio inputs to the training and test steps of deep learning models
were recorded employing a ground-mounted Acoustic Sensor Point (ASP), as depicted
in Figure 3.1. The ASP arrangement was critical to record sound data that realistically
mimics what will be heard under realistic situations of surveillance and detection under
practical scenarios. The drones were flown at different distances and heights—up to 50
meters—away from the ASP to mimic realistic conditions of surveillance and around crit-
ical infrastructure or safeguarded regions. For purposes of incorporating diversity and
achieving generalizability to a large variety of UAVs, three different models of drones,
i.e., the DJI Mini 2, Qazdrone, and DJI Air 3, as detailed in Table 3.1, were used for
the experiment. These different models of UAV differ based on size, motor specification,
propeller design, weight, and maximum range, all of which affect their inherent acoustic
characteristics. Introducing this heterogeneity into the drone dataset was done with the
intention of training the model to learn to be resilient to inter-model differences—a ca-
pability required for deployment to real environments where unknown or unauthorized
UAV detection is usually a mandate.

The process of recording was well-planned and controlled. In every session, the micro-
phone was kept at ground level, mimicking a fixed surveillance point or ground-level
detection site. With this arrangement, an uninterrupted and clear line-of-sight of the
drones was obtained as recordings were made at determined distances and elevations.
With systematically varied positions of the UAV with respect to the ASP, a dataset con-
taining samples of sounds at several segments, approaches, and orientations of drones
was prepared. Each session was also recorded with accurate metadata of UAV model,



flight route, speed, atmospheric conditions, and time-stamp.

In addition, to validate that data obtained was of good quality and fit for model train-
ing, recordings went through a multi-phase preprocess pipeline. Audio signals were first
sampled at a constant rate, and then were partitioned into equal-duration segments for
simplified processing and batch training. Background noise removal was achieved through
filtering methods like spectral subtraction and adaptive noise gating. The clean segments
were subsequently converted into Mel-spectrogram representations—these being preferred
as they have mimicking properties to simulate human auditory behavior and have been
found to be effective for sound classification under deep neural networks. The last pre-
processed dataset was subsequently partitioned into training, validation, and test sets,
with all three types of UAVs being represented within these partitions. Particular care
was needed to prevent data leakage through ensuring segments of the same flight as not
being partitioned between different sets. Such methodological stringency during data
preparation, as highlighted in this research, is crucial for developing deep learning mod-
els, which, although accurate in controlled environments, must be robust and trustworthy
in dynamic and potentially noisy real-world environments.

Here, it was decided not to use publicly available datasets of UAV sounds. While there
are publicly available datasets, these tend to be small and lack critical contextual details,
especially accurate descriptions of the distance between the source and receiver. Because
this research’s main goal is to study how the acoustic signature of a UAV varies with
distance and environmental characteristics, it was critical to capture custom audio data
that are dense with distance-dependent features and contextual variety. The publicly
available datasets, useful as these may be for generic classification of sounds or detection
of UAVs, are not well suited for this study’s fine-grained needs, which concern actual
deployment of UAV detectors to field environments.

In order to fill this gap, a new data set was created through a sequence of well-designed
and conducted field recordings. The collection process was carried out near a sports
ground located beside a university campus, inside the university campus. It was selected
for several reasons. First, it lies within a suburban region that presents a common realis-
tic environment where UAVs may be operating or being detected — not too rural and not
too urban. Second, the region hosts an average amount of background noise, providing
an authentic environment with several non-UAV acoustic events, which are a challenge
for proper recognition of UAVs.

Throughout the data collection campaign, the sessions of recordings were spread out
several days apart to introduce variability to the background noise. The sessions were
performed at various times of day to capture changes to human activity, car traffic, and
environmental conditions including wind or bird sounds. During launch of the UAVs,
during which time there was only sporadic acoustic data, the acoustic sensor—a sensitive
microphone—was fixed to the ground at a point, known as the Acoustic Sensor Point
(ASP). Fixed positioning facilitated consistent measurement of the acoustic footprint of
the UAV at different distances. The UAVs were flown at incremental distances away from
the ASP, to a maximum vertical distance of 50 meters, and at horizontal distances which
provided for coverage to gather a variety of sound intensities and propagation character-
istics. The chosen site had a dynamic soundscape. For instance, during certain sessions of
recordings, there was evident background activity including, for instance, students play-
ing football on nearby fields, campus maintenance activities, human communication, and
vehicle movement within car parks of the university. Additionally, during certain days,
there were increased presence of outside urban sounds including, for instance, sounds
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Figure 3.1 — Data collection process
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from mini-truck and delivery vehicles plying nearby roads, occasional horn blowing, or
revving of engines. Such concurrent sound events made the dataset richer and therefore
more applicable to practical purposes. More importantly, there were recordings where
there existed concurrent background sounds with concurrent UAV flight, providing com-
plicating acoustic interference that the neural network models must untangle.

A fifth class of ambient environmental noise was, moreover, recorded under the same con-
ditions but without the presence of a UAV. It contained sounds of rustling vegetation,
wind gusts of differing strengths, and chirping birds, and was an important inclusion for
learning to discriminate between sounds produced by a UAV and those naturally found
within the environment. Wind provided low frequencies, while swaying branches of trees
contributed non-rhythmic patterns to the signal-—a problem an efficaciously trained deep
model must be able to cope with.

Additionally, since there is a variety of types of UAVs and acoustic profiles, three differ-
ent models of UAVs were utilized during data collection: DJI Mini 2, Qazdrone, and DJI
Air 3. All these have varying motor and propeller configurations, flight characteristics,
and acoustic patterns, influenced differently by range and environmental interferences.
The capture of these recordings was systematic, with each model being flown at specific
distances and altitudes, permitting equivalence and consistent labeling and feature ex-
traction.

In brief, building this custom dataset was an initial step for this research, which facili-
tated training and validation of neural network models under conditions that most closely
represent actual operating conditions. With a variety of UAV models, distances, and
background noise, the dataset is both robust and representative, providing a foundation
for meaningful experimentation and resultant accurate acoustic-based UAV detection.

Table 3.1 — Technical parameters of UAV models

UAYV Models | Weight | Flying Distance (in meters)
DJI Mini 2 246 g 2-50
DJI Air 3 720 g 2-50
Qazdrone 150 g 2-50

The technical specifications provided for Table 3.1 were painstakingly sourced from the
official DJI webpage [72] for the DJI Mini 2 and DJI Air 3 drones, two of the most
popular models of drones used for business and leisure purposes. These technical specifi-
cations were instrumental to understanding what each of these drones can do, especially
with regards to flight distance and weight, being two of the most critical determinants
in understanding how each of these drones performs under various conditions. For the
third model of UAV, Qazdrone, the technical specifications were obtained directly from
its technical manual, which presented an elaborate discussion of its design and operating
characteristics. The flight distances given for Table 3.1 are maximum achievable dis-
tances for each model of UAV, as determined by the different manufacturers, and were
specifically employed for purposes of this study. It’s worthy of mention that while val-
ues for Table 3.1 are for generic operating ranges, actual flight distances may be quite
different based on several factors, including the conditions of wind, battery life, altitude,
and environmental factors. All these variations must be kept in mind when interpreting
results and applying them to various practical situations. The total flight distances given
by different makers are under ideal conditions, but actual results under field conditions
may be different based on technical constraints or environmental issues.
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In this research, models were specifically tailored to process sounds in the "WAV” for-
mat, which is one of the most popular formats for capturing sounds because it is of
high-quality and uncompressed. WAV formatting ensures that original sounds’ data is
preserved, meaning that the finer points and details of an aircraft’s acoustic signature
are not lost, which is critical to analyzing sounds in relation to UAV detection. All
unmanned aerial vehicle (UAV) recordings during this research were conducted using a
high-quality microphone with an auto 16-bit, 44,100-Hz sampling rate, a common con-
figuration for most programs for audio processing. On occasion, for specific technical
reasons or to record certain aspects of sounds, an abridged sampling rate of 22,050 Hz
was implemented. The target of different sampling rates was determined based upon
specific characteristics of the sounds being recorded and how detailed an analysis was
desired.

The UAVs were filmed under various flight modes, capturing several different types of
motions that these drones usually execute. These include horizontal reciprocating mo-
tions, where the UAV traveled back and forth along a defined range, and vertical motions,
where the UAV moved upwards and down again in a controlled fashion. The drones were
also filmed at various speeds to achieve similar flight conditions to those experienced dur-
ing actual flight, including low, average, and high-flight speeds. The recordings started
once the UAVs were at a short distance to the microphone, to enable their sounds to
be recorded at different initial points. The UAVs were also recorded as they moved,
with designated initial distances to the microphone and for a range of distances to cover.
The different paths and distances for these motions were all controlled and noted during
recordings, as presented in Tables 3.2 and 3.3. The intention behind this was to make
sure that there were different acoustic profiles included in the dataset to enable a thor-
ough analysis of how the UAV sounds under various operating conditions. The technical
characteristics of the recordings made with the "Qazdrone” model were initially supplied
in the research [20]. The study provided a basis for further study by providing compre-
hensive details regarding the flight distances and maneuvers employed during recordings.
The distances and maneuvers of the previous study were sustained in this research, en-
suring consistency and continuity with regard to experimental conditions. The dataset of
the previous research [20] was provided publicly, enabling replication and comparison be-
tween different studies conducted within the research domain. With the same dataset and
applying the same recording procedures, this research ensures that results are compatible
and consistent with previous research, enhancing research with regard to detection and
monitoring of UAVs using acoustic data.

Here, repair work noise and an active discussion of a group of many students were just
nearby, generating an acoustically dynamic and rich environment. The sounds of con-
struction equipment being used, as well as sounds of conversation and student traffic of
a large group, created an additional background noise source that could interfere with
the clarity of the UAV’s noise. All this was compounded by a mini-truck unloading at
an area which was quite close. The mechanical noises of the truck, including those of
its engine and goods’ movement, added to the prevailing soundscape, and made it ever
harder to pick out the acoustic signature of the UAV. All these, including being close to
construction and motor vehicle activities, created large variances to acoustic data, and
presented an added challenge to measuring the actual acoustic signature of the UAVs
under a controlled environment.

The second approach assumed a complete dynamic flight model, with drones traveling at
different speeds and directions, mimicking actual operating conditions. This was meant
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Table 3.2 — "DJI Mini 2” drone

Zones Distances from the ASP Speed Actions
Zone 1 2-5 meters 4-5 m/s up and down; straight; circling
6-10 meters 7-8 m/s up and down; straight; circling
11-15 meters 3-5m/s up and down; straight; circling
Zone 2 16-20 meters 9-10 m/s up and down; straight; circling
21-25 meters 9-10 m/s up and down; straight; circling
26-30 meters 8-10 m/s up and down; straight; circling, loud noises
Zone 3 31-35 meters 9-10 m/s up and down; straight; circling
36-40 meters 34 m/s up and down; straight; circling
41-45 meters 4-5 m/s up and down; straight; circling
(football players screaming was parallelly)
46-50 meters 4-5 m/s up and down; straight; circle;
(football players noise)

to replicate conditions under which commercial UAVs are typically used, giving a richer
dataset to analyze for the acoustic properties of these drones. More specifically, this
dynamic mode of flight allowed for both ascent and descent motions by drones, capturing
sounds at various heights. In applying this technique, wide acoustic characteristics were
recorded at various heights, but with a specific emphasis on micro-altitudes—such as
between one to five meters above ground. These minute changes of altitude were pivotal
for analyzing how the sound behaves with changes to the height of the UAV, especially
with regards to how environmental elements, including wind or atmospheric conditions,
interfere with or affect the drone’s sound. With these actual conditions of flight mim-
icked, the dataset could capture the entire range of noise the UAVs may produce under
actual usage, giving a truer picture of what these drones’ acoustic profiles look like under
different flight conditions.

Table 3.3 — ”"DJI Air 3”7 drone

Zones Distances from the ASP Speed Actions
Zone 1 2-5 meters 4-5m/s up and down; straight; circling
6-10 meters 4-5 m/s up and down; straight; circling
11-15 meters 4-5 m/s up and down; straight; circling
Zone 2 16-20 meters 2-10 m/s up and down; straight; circling; back and forth
21-25 meters 2-10 m/s up and down; straight; circling; back and forth
26-30 meters 2-10 m/s up and down; straight; circling; back and forth
Zone 3 31-35 meters 3.5-15 m/s up and down; straight; circling
36-40 meters 3.5-15 m/s up and down; straight; circling
41-45 meters 3.5-15 m/s up and down; straight; circling
46-50 meters 3.5-15 m/s up and down; straight; circle

It was through this experiment that I was able to fully describe the acoustic data, as
it provided us with a means to differentiate between sounds generated by drones oper-
ating in static and dynamic conditions. It is important to recognize that sounds have
differing frequency characteristics based upon which dynamics of motion the UAVs are
undergoing. Different speeds and heights at which drones are operating generate differing
noise profiles, and this introduces heterogeneity into acoustic signatures. As an example,
drones operating at higher speeds or at various heights generate more intricate patterns
of vibration, which leads to unique characteristics of sounds. It is especially clear with
regards to acoustic attributes of drones operating in static positions—i.e., with the UAV
not moving—compared to drones under motion, for which dynamic forces acting upon
the drone generate additional sources of noise, including motor noise, airflow shocks, and
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propeller blade frequencies.

With regard to how important these acoustic variations related to movement are to the
overall acoustic profile of UAVs, I specifically designed recording arrangement to record
acoustic data under several different conditions. These included static, semi-dynamic,
and fully dynamic flight modes. During static mode, I recorded the baseline acoustic
profile of the drone, with no external noise related to movement. During semi-dynamic
mode, the UAVs were recorded at low-speed flight or during hovering at various altitudes,
which is a controlled and steady flight. In full dynamic mode, there were fast-moving
drones at various speeds and altitudes, mimicking most realistic flight conditions. With
these three different modes, I was able to capture the entire range of acoustic variations
that are most representative of actual conditions for flight under real-world conditions.
With this wide range of acoustic data, including both the low hum of a still drone and
dynamic, high-speed sounds of a drone at full flight, deep learning models for classifica-
tion of sounds were assured to be trained with the entire range of acoustic features, hence
to be accurate at recognizing and classifying various sounds of drones.

In addition, to simulate actual conditions under which UAVs are placed, I partitioned
the flight region into various spacial zones, which provided me with different distances
to record acoustic data. The spatial zones were created to represent typical distances
found during UAV usage. Zone 1, closest to the point that needed protection, ranged
from 0 to 15 meters. It mainly represented UAVs at close distances to the microphone,
generating sounds with higher intensity and greater low frequencies because of the short
range. Zone 2, considered to be the middle zone, ranged between 16 and 30 meters.
In this zone, UAVs would generate relatively lesser-intensity sounds as they traveled at
longer distances, but still at close enough distances to record major noise profiles. Last,
Zone 3, which ranged between 31 and 50 meters, recorded UAVs at far distances, where
the intensity of the sounds considerably dropped, and the acoustic data may be affected
by environmental conditions like wind, background sounds, and reverberations. All these
zones added uniquely to the entire dataset, and thus, there was capability for the models
to learn how characteristics of sounds relate to distances of the UAV from the sensor.
With this spatial zone methodology, coupled with static and dynamic modes of recording,
we compiled an exhaustive dataset that truly reflects realistic UAV operating environ-
ments. The segmentation into Zones 1, 2, and 3 accommodated recording of sound data
at varying distances, ensuring that deep learning models will be trained to identify and
distinguish between the sound characteristics of UAVs at different ranges, from point-
blank range to far-range encounters. The incorporation of these well-designed zones in
this study design played a critical role in mimicking the actual conditions of UAV oper-
ation, where distance and flying conditions dictate what kind of sound signature will be
produced by the drone. With this methodology, as depicted in Figure 3.2, I was certain
that set of data was ample and comprehensive, and it provided deep learning models with
a rich and accurate range of acoustic features for classification.

These main flight zones were, in turn, divided into smaller micro-zones in the course of
data recording, with micro-zones being distinguished by a distance of some one meter in
between. This methodical segmentation in space was intended to register finer changes
in the acoustic signatures created by the UAV at varying distances. This setup not only
guarantees a finer mapping of the drone’s acoustic footprint, but also paves the way for
subsequent investigations that may focus on altitude-based sound distinction and local-
ization. By recording in closely spaced intervals, the dataset gains higher resolution in
distance as well as sound variation, thus forming a valuable paradigm for the training
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ASP

Figure 3.2 — Modeling a Zone-Based Acoustic Sensor System for UAV Distance
Prediction

and verification of more sensitive machine learning models that can detect subtle varia-
tions in UAV sound profiles. This micro-zoning approach is eventually meant to support
increasing the accuracy of UAV distance estimation models in real-world environments.

Table 3.4 — UAV sound dataset.

Name of Classes Total Duration (s) Duration of Training Set (s) Duration of Validation Set (s)
16962 15266 1696
No UAV 3780 3402 378
UAYV in Zone 1 3766 3390 376
UAV in Zone 2 3993 3593 400
UAYV in Zone 3 5423 4881 542

As a result, fully dynamic and semi-dynamic flight mode sound recording techniques
effectively recorded a wide range of UAV-specific sounds under different conditions of
flight. These techniques provided for a more comprehensive depiction of various audi-
tory features of drones, such as sounds made during horizontal flight, sharp turns, and
upward and downward motions. Simulation of various situations with which drones can
be involved during actual operation, the recordings yielded rich information regarding
various specific acoustic patterns for different drone behaviors.

Additionally, to improve the dataset diversity and make sure that the model was able
to distinguish between UAV sounds and other kinds of environmental noise, additional
engine-based sounds were deliberately recorded and included in the audio dataset as a sole
"No UAV” class. The class was instrumental to capture and study background sounds
that might have an impact on detecting UAV sounds. The "No UAV” class contains
different kinds of sounds emitted by vehicles, including moving vehicles, small trucks,
and motorcycles. The vehicle sounds are usually dominant in urban environments where
drones are active, and including them assists in training models to separate the targeted
UAYV sounds and background traffic.

Additionally, to represent the varied soundscape of an urban area, various construction
and repair sounds were recorded and included in the dataset. Noisy construction sounds,
including heavy machinery, drilling, and hammering, were loud and dominant during
recordings and were included intentionally since these sounds tend to co-occur with UAV
sounds under realistic situations. Besides construction sounds, sounds of trains were
recorded and included under the "No UAV” category. Sounds of trains passing through
are usual for most areas where UAVs may be operating, and inclusion of these sounds
still diversifies the database with additional background noise for classifiers to learn to
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disregard or filter out. In addition, sounds of human activity were additionally recorded
to simulate the impact of public and sporting events within close proximity during the
times that the UAVs were being recorded. Examples of these include sounds of individuals
moving and communicating, as well as cheering for a football game, to simulate crowds
and events, which tend to interfere with acoustic detection by UAVs. Such public and
sporting sounds pose an obstacle for models based on acoustics that must isolate sounds
from UAVs out of large crowds.

Along with man-made sounds, sounds of wind, rustling of leaves, and chirping of birds
have also been included within the dataset. These natural environmental sounds typi-
cally exist during UAV flight outdoors, and inclusion of these sounds within the database
ensures that the model is able to identify the target sounds of the UAV and non-target
sounds naturally occurring around it.

Therefore, the No UAV class of gathered audio data contains an assortment of var-
ious types of noise, including car and traffic noise, crowd and public events sounds,
natural sounds, and construction and maintenance sounds. The wide variety of these
background sounds will make models learned under this data efficient at differentiating
between sounds of UAV and various types of confusion sounds. The presence of these
varying types of sounds will help in creating models that will be effective classifiers of
sounds of UAV and eliminate unnecessary background sounds, thus enabling efficient de-
tection systems.

All of the databases containing class names based upon zones and durations of sounds
recorded for all three models of flight are presented here in Table 3.4.

3.2 Model Design

The main goal of this study is to explore the practicability of accurate detection and iden-
tification of acoustic signals generated by unmanned aerial vehicles (UAVs) at different
distances through various setups of deep neural network models. The motivation for this
research comes from increasing significance of accurate drone detection and classification
techniques for critical surveillance and monitoring domains like border control, surveil-
lance of infrastructure, and safeguarding no-fly zones. More specifically, this research
focuses especially on examining how effectively neural models can be used to identify
UAV acoustic signatures to estimate relative distances from a safeguarded point. It is
an extremely important task in actual scenarios, where it becomes essential to identify
drones at an early stage to have timely response and intervention. Classification of sounds
generated by drones based on distance zones can be pivotal for creating layered security
measures with a sequence of sensor nodes strategically positioned within spatial regions
of interest [73].

In order to accomplish this general goal, several specific research targets were defined.
These include: an investigation into several deep learning architectures, including single-
layer models for baseline performance benchmarking, stacked multi-layer models for ex-
tracting deeper temporal structures, and hybrid models to leverage the merits of several
types of neural networks under a single framework. Those models were trained and cross-
validated with an acoustic dataset including various acoustic recordings obtained under
various spatial regions and flight conditions, incorporating both static and dynamic states
of flight to enable a thorough examination.

These earlier investigations, including that by [5], provided proof of concept for ap-
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plying , laid out a convincing proof of concept for the application of deep learning
architectures—specifically, recurrent neural networks (RNNs) and convolutional neural
networks (CNNs)—in the task of UAV sound classification, as documented in 3.5 and 3.6.
These studies provided the foundation for determining the advantages of various forms
of models when applied to time-varying acoustic signals produced by UAVs. Specifically,
earlier works universally substantiated the effectiveness of models based on RNNs, with
long short-term memory (LSTM) units being particularly robust in reflecting temporal
dependencies and sequential dynamics inherent in UAV acoustic signatures. This advan-
tage is due to the LSTM’s capability to remember long-term contextual information, a
necessity for processing continually changing sound patterns. In a additional contribution
by [74], hybrid architectures fusing CNNs with RNNs also showed substantial improve-
ments against single-model counterparts. These hybrid models successfully combined
the spatial feature abstraction capacity of CNNs—valuable for processing spectrogram
representations of drone sounds—along with the temporal modeling prowess of RNNs.
Consequently, they showed improved performance over a wider variety of drone classes
and operational environments. In particular, when faced with environments with ex-
cessive background noise, variable ambient environments, or heterogeneous UAV flight
characteristics, the hybrid models performed with greater robustness and generalizability.
They also performed dramatically well in dealing with interclass variations, effectively
discriminating classes between different UAV sound classes even given challenging or noisy
acoustic instances. This is indicative of the promising potential of hybrid deep learning
models as a potent strategy for overcoming the challenges that characterize real-world
UAV audio classification tasks.

Continuing with these initial efforts, this work extends to a broader scope of evaluation
with a rigorous comparison of performances across many different architectures. First,
simple single-layer recurrent neural networks (denoted as "1L”) were considered. While
having a relatively simple architecture, these models can be remarkably efficient under
situations where computation is simple and inference needs to be fast, as illustrated by
Tables 3.6 and 3.7. With an understanding of shallow model limitations, deeper archi-
tectures were explored with stacked recurrent neural networks with two stacked layers
(denoted as "2L”). The stacked models are likely to extract deeper temporal dependencies
and hierarchical sound characteristics, which are needed to perform accurate classifica-
tion under realistic conditions (Table 3.8).

Apart from these architectures, this study presents a new application of an ensemble
of several single-layer neural networks, which produces voting decisions based on the
individual model’s output. Within this ensemble approach, individual models make con-
tributions to reaching a consensus based on majority voting. Robustness is promoted
with this technique through alleviation of bias for individual models and minimization
of error causes by noise or unexpected input data distortions. As a result, the ensemble
technique proves to be most helpful where there are non-stationary speech signals and
interfering backgrounds.

Additionally, hybrid deep learning models (Tables 3.9, 3.10) are explored for development
and evaluation. Hybrid models integrate elements of various neural network families to
make maximum use of what each family offers. For example, CNNs can perform spatial
feature extraction, whereas RNNs have an advantage in temporal dependency modeling.
Combining elements into one framework, hybrid models provide enhanced generalization
and performance for multi-dimensional acoustic classification problems. The capability
of these models to process significantly variable input signals recommends them for use
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in UAV detection systems with variable environmental conditions.

During the research, several experiments were performed to evaluate the performance of
these architectures under different input conditions and compare results systematically.
The primary aim was to find model configurations that, not only produce high accuracy
for detection of sounds produced by UAVs at various distances, but are also scalable and
adaptive to wider applications. These include range detection systems for drones in real-
time, sensor networks for multi-modal surveillance, and edge computing environments
for low-latency inference. This study is a contribution to the research area through an
extensive comparison of neural network-based methods for acoustic recognition of UAVs.
The results provide insightful findings into model selection for deployment cases and point
out the capability of employing various learning methods to improve performance. The
specific configurations, hyperparameters, and training methods employed for each model
design are elaborated upon below for reproducibility and future investigation by others.

3.2.1 Convolutional Neural Network Architectures

In this subsubsection, described how a Deep Learning model architecture is created with
CNN neural networks. The task is carried out based on UAV acoustic distance classifi-
cations. And this acoustic data of the UAV is input to the model as one-second audio
files. Then, the initial layers process this acoustic data through a Melspectrogram layer
live. The hyperparameters for Melspectrogram are provided below in Table 3.5. Then,
process and feed data through the normalization later to the subsequent 2D CNN layer.

Table 3.5 — Hyperparameter Optimization for the "CNN” in the Proposed Deep
Learning Model Series

Layers Parameter Range
Melspectrogram Sampling rate 16,000 Hz
Window length 512
Hop length 160
Number of Mels 128
(Frequency, Time) 128 x 100
LayerNormalization Batch Normalization
CNN 2D Cells 64
Kernel size (3,3)
Activation tanh
MaxPooling2D Pool size (2,2)
Padding same
CNN 2D Cells 128
Kernel size (3,3)
Activation relu
Flatten
Dense Dense (# classes) 4
Activation in classification softmax
Optimization solver adam
# Epochs 18

Following normalization, a MaxPooling2D was used straight after the initial 2D Convo-
lutional Neural Network (CNN) to efficiently downsample the input representation and
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highlight the most important features of the acoustic data. MaxPooling reduces the
spatial dimensions (i.e., time and frequency resolution) of feature maps, which reduces
the computational cost of the model and avoids overfitting through imposing a kind of
translation invariance. MaxPooling essentially finds the most dominant activations for
a region of the feature map, enabling the network to concentrate on strongest and most
consequential signal patterns derived from raw UAV acoustic inputs [75].

The initial CNN layer performs a vital function through applying a learnable set of filters
to convolve through the Melspectrogram input. The filters function as feature detectors,
paying attention to crucial local features like frequency-intensity changes or temporal
patterns characteristic of UAV sound patterns. The outputting feature maps provide a
learnt input representation emphasizing meaningful features, like motor frequencies or
changes resulting from UAV motion and range [76].

In order to expand the learning capability of the model, the CNN layer was repeated
again, but with a larger number of filters for deeper feature representations. The second
convolutional layer expands what was been learned at low-level features previously, and
it extracts more abstract and higher-level audio features through aggregation of low-level
features learned at previous layers.

A Flatten layer was subsequently added after the second convolutional layer to convert
the 2D arrangement of the feature maps into a 1D vector. The operation is required to
ready the data for input into subsequent fully connected layers. The Flatten layer sim-
ply unwraps all spatial information contained within the convolutional layers into one
extended vector without destroying learned inter-feature dependencies. At last, a Dense
(fully connected) layer was included for use at the last stage of model design. It takes
care of collating all features learned and coming to a classification conclusion. It operates
upon the combined feature vector and computes a probability score for each output class
through the use of the softmax activation function. The number of output nodes for
the Dense layer is determined by the number of target categories within the UAV sound
dataset (i.e., No UAV, UAV for Zone 1, Zone 2, and Zone 3). The Dense layer successfully
maps the model’s internal representation of the audio features into interpretable results.
Each component of this architecture’s hyperparameters—ranging from Melspectrogram
transformation’s sampling rate and window length, to kernel size, activation, and num-
ber of filters for CNN layers—were selected based on empirical fine-tuning and domain
expertise. These were tuned for high accuracy and robustness under different distances
and conditions of drone sounds. A comprehensive overview of these hyperparameters and
model components is given below in Table 3.5 [77].

3.2.2 Single-layer Recurrent Neural Network models

This collection of experiments is targeted at the empirical evaluation of deep learning
models in a single-layer (1L) recurrent neural network (RNN) architecture, specifically
in the context of applying them to classification and processing unmanned aerial vehicle
(UAV) acoustic signals. The overall goal was to methodically compare and investigate
the performance of various variations in the choice of RNN architecture—SimpleRNN,
LSTM, GRU, and BiLSTM—under controlled testing conditions. Input to the mod-
els consisted of Mel-spectrograms, computed from raw audio data recorded in flight by
a UAV. These Mel-spectrograms provide a time-frequency description of the sound, in
essence representing the evolution in time over different frequency bands of the energy in
the sound. This representation is especially beneficial in classification problems, as it em-
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beds both the spectral and temporal information in the UAV sounds, enabling the models
to extract subtle patterns and dynamics that correlate with certain UAV behaviors or
distances. By taking advantage of the temporal modeling power in the forms that the
RNNs offer, combined with the richness in features in the Mel-spectrogram, this testing
phase sought to identify those architectures in the choice of RNN that best capture the
temporal dependencies and subtlety in UAV-produced acoustic signals [78].

A number of RNN architectural styles were explored within this study, including Sim-
pleRNN; Long Short-Term Memory (LSTM), Gated Recurrent Units (GRU), and Bidirec-
tional LSTM (BiLSTM). All of these architectures have differing strengths with regards
to capturing temporal relationships within the data. SimpleRNN is an elementary base-
level recurrent neural network for sequential data processing, whereas LSTM and GRU
are advanced versions that can alleviate the vanishing gradient problem, which occurs
with long sequences. BiLSTM, by contrast, picks up both forward and backward tempo-
ral associations and could potentially lead to a greater understanding of the sequential
data by the model.

Kapre library was used for performing data preprocessing for input to the first model
layer. Kapre is optimally suited to process audio signals since it supports computation
of melspectrograms at efficient rates from raw inputs. This provides high-quality repre-
sentations to be passed into the model, which simplifies extracting meaningful patterns
and performing accurate prediction for the network.

The design of the model is based significantly on results obtained through prior research,
where it was found that deep learning architectures with similar features, especially RNN-
based layers, perform well at sound classification. As a result, the first Melspectrogram
layer was initially set with hyperparameters found in Table 3.6. These include the sam-
pling rate, length of a window, hop length, and number of mel frequency bins, and all
these were determined to ensure optimal input features for the model. Following the
Melspectrogram layer, data is directed to a LayerNormalization layer. The normalization
layer is responsible for ensuring the stability and efficiency of training for the model.
Through scaling and shifting of the activations of each feature map, LayerNormaliza-
tion maintains consistent training data across layers. Normalization through this process
assists with minimizing internal covariate shift, where the distribution of activations
shifts during training across different layers. Through stable learning, this layer assists
with faster convergence and improved model performance overall. This technique takes
previous work and applies state-of-the-art deep learning methods to investigate the per-
formance of several RNN architectures for classifying UAV sounds. With a sophisticated
use of RNN architectures like LSTM, GRU, and BiLSTM, and with careful adjustment
of preprocessing layers and hyperparameters, this experiment strives to push the limits
of what can be achieved with sound classification and distance prediction for drones [77].
The input Melspectrogram to the model was transformed with care into the necessary
shape for an RNN’s processing by including a Reshape Layer (TimeDistributed Reshape).
The use of TimeDistributed wrapper allows for this reshape operation to be performed at
several different time steps, ensuring that data with time-series characteristics is properly
formatted for the sequential operation of RNNs. In this process, the model can process
each time step of input data without loss of temporal dependencies inherent within a
sequence. Following reshaping, a 128-unit TimeDistributed Dense with “tanh” activation
was used. The TimeDistributed Dense layer is needed as it allows for the RNN layer to
extract features of desired characteristics out of Melspectrogram data, actually learning
sophisticated patterns integral to accurate classification. The “tanh” activation was used
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Table 3.6 — Hyperparameter Optimization for the "1L RNNs” Deep Learning Models in
the Proposed Experimental Setup

Layers Parameter Range
Melspectrogram Sampling rate 16,000 Hz
Window length 512
Hop length 160
Number of Mels 128
(Frequency, Time) 128 x 100
LayerNormalization Batch Normalization
Reshape TimeDistributed (Reshape)
Dense TimeDistributed (Dense), tanh 128
SimpleRNN/LSTM Cells 128
BiLSTM/GRU
Concatenate TimeDistributed (Dense) tanh
SimpleRNN/LSTM /BiLLSTM/GRU
Dense Dense, ReLLU 64
MaxPooling MaxPooling1D
Dense Dense, ReLLU 32
Flatten
Dropout Dropout 0.5
Dense Dense, ReLU 32
Activity regularizer 0.000001
Dense Dense (# classes) 4
Activation in classification softmax
Optimization solver adam
# Epochs 18

for its provision of non-linearity and its capability to learn a wide variety of data distri-
butions.

Following this step, one of the basic recurring building blocks in the architecture was in-
corporated into the model pipeline, i.e., a version of Recurrent Neural Networks (RNNs)—
SimpleRNN, Long Short-Term Memory (LSTM), Gated Recurrent Units (GRU), or Bidi-
rectional LSTM (BiLSTM)—was adopted for processing the sequential UAV sound data.
These recurrent layers serve as critical for encoding the temporal dynamics native in UAV
sound signals, as they are able to learn patterns that evolve in time by making use of both
previous inputs and contextual clues stored through the entire sequence. Of these, LSTM
and GRU architectures prove ideal for tasks in dealing with long-term dependencies due
to the gating mechanisms inbuilt in them, which alleviate the vanishing gradient issue
and enable the network to hold important information for longer sequences. BiLSTM, in
contrast, extends this feature by being able to process both forward and backward data,
in effect allowing the model to leverage past as well as future contexts in tandem, which
can prove a boon in performance in dealing with bidirectional temporal patterns within
UAV sound sequences. The judicious choice and integration of these RNN versions offer
a potent mechanism for modelling intricate temporal associations, necessary for correct
deduction of drones’ varying sound profiles in dynamic, real-world environments [77].
Following the recurrent layers, the output of the prior TimeDistributed Dense with “tanh”
activation was concatenated with those of the recurrent layers by a Concatenate layer.
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This type of layer is utilized to concatenate the output of various layers to enable the
model to benefit from what both the TimeDistributed Dense and recurrent layers have
learned. The concatenation optimizes the framework of the network and improves its
capability to identify complex patterns through different levels of abstraction of features.
Concatenating these features is a critical step towards enabling the model to distinguish
between acoustic signals of UAVs more efficiently.

At this point, subsequent to the RNN process, the model goes through a dense layer
with 64 units. The number of units for this dense layer was determined through a line of
empirical experiments, which indicated that this provided the most effective performance
for the task at hand. The inclusion of this dense layer allows for secondary processing of
features that have already been learned prior to forwarding to the last classification layers.
In an effort to optimize computation and minimize the risk of overfitting, MaxPooling1D
was implemented. MaxPoolinglD assists by downsampling the data, shrinking spatial
dimensions of the feature map, and only maintaining important information, which im-
proves the performance of the model while creating fewer possibilities of overfitting [79].
It proceeded with passing the data through a Flatten layer, which flattens the multidimen-
sional feature maps into a one-dimensional vector. This is required since fully connected
(dense) layers require input data to be flattened. Following flattening, a Dropout layer
was used, which randomly sets 50% of the neurons to zero during training. The dropout
method is important for preventing overfitting since it disallows the model to become
dependent upon particular neurons and compels it to generalize well upon encountering
new, unseen data. The model’s performance is greatly enhanced under this technique for
adapting to new situations. There are two Dense layers involved in the final classifica-
tion process. There is a first dense layer with 32 units, which is employed for ultimate
refinement to enable the model to make its ultimate adjustment prior to output. The
second dense layer employs a softmax activation function, which is critical for multi-class
classification. The softmax function guarantees that what is yielded is a probability dis-
tribution for the four categories, with a score assigned to a specific class as its likelihood.
The output yields the model’s ultimate classification decision, which classifies the input
into one of its acoustic features based on the features produced by analyzing the UAV
sounds [80].

In order to improve the performance of the network, Adam as an optimizer was employed.
Adam is ideally suited for recurrent neural networks, especially those with adaptive learn-
ing rates, as it dynamically adjusts the learning rate during training to facilitate faster
convergence and model performance. Furthermore, to suppress overfitting and facili-
tate generalization of the model, a regularizer coefficient of 0.000001 was selected. This
coefficient assists with regulating model complexity and preventing it from fitting too
aggressively to training data. The model was trained for 18 epochs, during which the
weights were updated, and the accuracy of the model was continually enhanced.

It had already employed this architecture, with success, for detecting and classifying
sounds of UAVs, i.e., detecting changes in drone payload or type based upon acoustic
signals, in previous research. In the research conducted here, I have attempted to extend
this to classify sounds of UAV distances as well. Due to a modification of the make-up of
this study’s database, actual hyperparameters have been modified, as explained in Table
3.6. The Results section of this paper expounds upon the series of experiments performed
with these setups 4.

Following the success of the initial model, the research went ahead to design two more
architectures, both retaining the base design of the model outlined above in Table 3.6.
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The first solution entailed enhancing the number of cells within an RNN neural network,
with all the rest of the layers being as defined above in Table 3.6. The enhancement was
done to increase the learning capability of the network to learn sophisticated features and
patterns within data by increasing the size of the hidden state of RNN layers.

The second solution entailed reorganizing the network to have two stacked layers of RNN,
which allows for deeper temporal dependencies and enhanced understanding of sequence
within data.

Table 3.7 presents a comprehensive summary of the updated hyperparameters for the
updated neural network architectures, which had been systematically derived and refined
from the original parameter list given in Table 3.6. These changes were carefully con-
structed to increase the networks’ capability in dealing with more variable and complex
sound input data, like those captured from UAVs in various environmental and distance
conditions, without incurring a marked increase in computational overhead. The grounds
for adjusting hyperparameters were in the need for improved generalization and resilience
of the model, especially when dealing with real-world sound signals that tend to be buried
in noisy and unpredictable environments. In this system, LSTM and GRU networks had
been selected as they had been enormously validated for modeling temporal dependencies
in sequential data, a specialty that is also vital in dealing with continuous sound streams
coming from flying drones. These RNN-based architectures had been comprehensively
tested in a number of sound classification works and shown to be highly accurate and
efficient with a variety of benchmarks [5,20,81-96]. Building upon this solid foundation,
the present study examines the possible advantage in augmenting the number of neural
units in both the LSTM and GRU layers. This improved architectural feature is meant
to enable the models to be able to pick up on more subtle patterns in the UAV sound
sequences, including fine variations due to drone distance, rotation speed, and environ-
mental noise. Tables 3.7 and 3.8, present the specifications and modifications for each
version. These improvements are poised to further extend the limits in UAV sound recog-
nition accuracy and reliability, with valuable improvements in the capacity to identify
UAV distance and presence with greater sensitivity and specificity. This strand forms
a strong basis for future scalable, real-time drone detection systems in line with deep
learning methods with specific focus for acoustic surveillance applications [77].

Table 3.7 — Hyperparameter Optimization for the Experimental Set "1L RNN with 256
Cells” Based on Table 3.6

Layers Parameter Range
Melspectrogram
GRU/LSTM Cells 256

Both LSTM and BiLSTM performed quite similarly at recognition tasks, with both hav-
ing good capability at sequential data operation. Though both performed well, LSTM was
noted to have utilized less training time than BiLSTM, hence the choice to concentrate
subsequent investigation into LSTM and GRU architectures. The two were specifically
tested to see how raising the number of RNN cells within the model affected performance.
Experiments indicated that increasing numbers of cells did not have any improvements
in recognition, meaning that model performance had reached a state where there was no
benefit to be derived from increasing numbers of cells to improve learning capability.
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Owing to these results, I did not investigate further increase in the number of cells since
results evaluation showed there to be diminishing returns with regards to model per-
formance. 1 concluded that with existing configurations, the model had indeed been
optimized, and additional enhancements to the number of cells were not likely to yield
significant improvements. Instead, I decided to investigate various different architectures,
and specifically tested the RNN network with a two-layer architecture. This investigation
of a stacked, multi-layer RNN network is explored in the section "Two-layer stacked RNN
architecture”

My motivation for moving beyond applying additional RNN cells to moving toward a
multi-layer network was based upon recognizing that an increase in architecture depth
could lead to improved feature extraction and enable the network to recognize tempo-
ral patterns of higher complexity. The hope was that this development could make the
model process the sequential UAV auditory data more efficiently, and that its results are
outlined in the following section. Therefore, with no longer being an option to increase
cells within a single-layer network, a natural progression was to look into how increased
depth within an RNN could impact model performance for recognizing and classifying
sounds of a UAV.

3.2.3 Two-layer stacked RNN architecture

It was built a 2L-stacked RNN-based model by maintaining the design depicted under
Table 3.6 and adding two layers with an RNN with 128 cells for each, Table 3.8.

Table 3.8 — Hyperparameter Optimization for the Experimental Setup "2 RNNs”
Based on Table 3.6

Layers Parameter Range
GRU/LSTM Cells 128
GRU/LSTM Cells 128

The hybrid integration of different RNN architectures, including LSTM, GRU, and BiL-
STM, with each other or with Convolutional Neural Networks (CNN), is discussed in the
subsequent section. The hybrid model takes advantage of both recurrent networks and
convolutional networks to improve the model’s capacity to learn both temporal depen-
dency and spatial patterns of data. Whereas RNNs are efficient at analyzing sequential
data and modeling temporal relationships, CNNs perform optimally at finding spatial pat-
terns and features. Coupling these two efficacious types of networks, the model utilizes
both the sequential learning capability of RNNs and the capability for feature extraction
of CNNs, which allows it to process complex, multi-dimensional data with effectiveness.
The hybrid model is especially beneficial for those functions, which involve both tem-
poral sequence and spatially dense data, e.g., video and audio analysis, where having a
sufficient understanding of both time and spatial features is essential for optimal accu-
racy. In what follows, deeper insight will be explored into how these hybrid models are
implemented and optimized for different purposes, especially with regard to how they
enhance model performance for a variety of challenging functions.
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3.2.4 Hybrid Models

The last stage of research focused specifically on examining hybrid models that com-
bined different forms of recurrent neural network (RNN) architectures with themselves
or combined them with convolutional neural networks (CNNs). Hybridization between
these two types of neural networks brings together the strengths of both, creating mod-
els that are strong and can process sophisticated procedures. RNNs, which have earned
recognition for capturing temporal dependencies, are adept at capturing temporal order
and long-range patterns inherent to sequential data. As a result, they are well suited
for sequence-driven procedures, where order and longevity are important for good pre-
diction, such as for time-series data or audio signals. CNNs, by contrast, perform spatial
features and various structures within data well and are well suited for procedures that
process spatially dispersed data, like image or acoustic signal analysis. When used to-
gether, CNNs and RNNs complement each other by harnessing the CNN’s spatial feature
efficiency with the RNN’s temporal dependency understanding. With this hybridization,
both temporal and spatial aspects of data can be considered at once, leading to improved
performance, for example, for detection of UAV acoustic signals.

Examination of hybrid models was meant to bring about new avenues of opportunity in
the field of UAV audio signal detection. The methodology harnessed the strengths of
CNNs and RNNs to improve the model’s capability to detect and classify audio signals,
both capturing structural patterns and dynamic temporal dynamics inherent in the audio
data. Merging these two forms of neural networks, research attempted to design a richer
model that could tackle the challenges of UAV-sound classification. First, as illustrated
in Table 3.9, two various RNN types were tested together to see how different recurrent
structures could cooperate together. The initial test was conducted to see how differ-
ent RNN models could be combined to make the hybrid model perform better in both
capturing short- and long-duration dependencies within the audio content. The various
combinations were tested for how well they can process and comprehend the sequence of
the audio signals, with an emphasis on selecting the most effective configurations. The
outcome of this experiment laid a basis for subsequent optimization of hybrid models,
paving the way for more sophisticated methods in UAV audiosignal detection [78§].

Table 3.9 — Hyperparameter Optimization for the Experimental Setup "LSTM-GRU”
Based on Table 3.6

Layers Parameter Range
LSTM Cells 128
GRU Cells 128

Following exploratory experiments were carried out employing a combination of CNN
and RNN types of networks, Table 3.10.

In this research direction, It focused on investigating hybrid models, focusing specifi-
cally on blending Convolutional Neural Networks (CNN) and Recurrent Neural Networks
(RNN) through different combinations. The motivation for this direction was to make
use of the respective strengths of both architectures and improve the performance of the
system for UAV (Unmanned Aerial Vehicle) sound prediction.

Convolutional Neural Networks (CNNs) excel at learning hierarchies in the spatial do-
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Table 3.10 — Hyperparameter Tuning for Proposed conv2D-LSTM and conv2D-BiLSTM

Architectures
Layers Parameter Range
Melspectrogram ..
LayerNormalization Batch Normalization
CNN 2D cells 32
kernel size (3,3)
activation ‘relu’
MaxPooling2D pool size (2,2)
CNN 2D cells 64
kernel size (3,3)
activation relu’
MaxPooling2D pool size (2,2)
Reshape
Dense TimeDistributed (Dense), tanh 128
LSTM cells 128
(or BiLSTM stacked by GRU) cells of each RNN (128)
(or BiLSTM) cells (128)
Concatenate TimeDistributed (Dense), tanh
Dense Dense, ReLLU 64
MaxPooling MaxPooling1D
Dense Dense, ReLLU 32
Flatten
Dropout Dropout 0.5
Dense Dense, ReLLU 32
activity regularizer 0.000001
Dense Dense (# classes) 4
Activation in classification softmax
Optimization solver adam
# epochs 18

main and parsing structured attributes from raw input data like spectrograms, a two-
dimensional time-frequency representation commonly used for representing sound signals.
Their architecture, consisting of convolutional layers, pooling, and nonlinear activations,
facilitates CNNs to automatically identify local patterns like harmonics, modulations in
frequency, and other sound signatures characteristic of distinct sound events or classes.
This property renders CNNs a valuable asset in tasks involving classifying sound with the
help of spectrogram input from the sound generated by UAVs, wherein discriminating,
intricate features may occur at differing frequencies and time periods [97]. In contrast,
Recurrent Neural Networks (RNNs), specifically their advanced forms like Long Short-
Term Memory (LSTM) networks and Gated Recurrent Units (GRUs), are geared towards
representing temporal sequences and dependencies and can capture long-term dependen-
cies over time. These models store internal memory states, and they can remember
and utilize information from previous time steps in order to make predictions for subse-
quent time points. This feature for representing temporally is particularly important in
sound signal analysis, where the time-series aspect of sound—e.g., changes in drone motor
pitches, or repeating noise patterns—plays a vital role in proper identification and clas-
sification. Therefore, the tasks involving recognizing sound dynamics in time scale well
with the application of RNNs, and they balance the performance capabilities of CNNs
for being effectively combined in hybrid architectures with benefits from both space and
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time feature representation [98,99].

It was tested various hybrid model architectures that integrated CNNs and RNNs in this
study. The purpose was to employ CNN layers to extract salient features from the acous-
tic data and subsequently input these features into an RNN layer, which subsequently
modeled temporal dynamics of the sequence of sounds. It was sought to integrate CNNs’
capability to extract features and RNN’s capability to process sequence to develop models
that could predict sounds of UAV under different conditions with greater effectiveness.
These hybrid frameworks were tested and analyzed based on various measures, namely,
accuracy, precision, recall, and F1 score, to assess how well and under what situations
they performed. The experiments were conducted to find out the best configurations for
CNN and RNN hybrids that yielded the most accurate and stable predictions for detect-
ing UAV noise, accounting for differing patterns of flight of the UAV, environmental noise,
and other extraneous conditions. In these evaluations, I attempted to show how hybrid
CNN-RNN models can provide meaningful enhancements to single-model methods and
enable future advanced and trustworthy UAV sound prediction systems. The ability to
effectively integrate CNNs and RNNs into these models can potentially enable improved
monitoring and detection of UAVs, which is critical to numerous fields including airspace
management, security, and environmental monitoring.

3.2.5 The Voting system

Prediction of UAV recognition via weighted voting based on multi-trained single-layer
RNN models is an additional critical research direction within this research study. The
research methodology was chosen with great care to tackle the problem of attaining high
recognition rates through a combination of several expertise-intensive models’ predictive
powers as opposed to one model structure alone. Weighted voting’s underlying basis is its
capacity to tap into several model viewpoints while assigning to every model an influence
based on its performance and dependability [100].

Under a classical majority voting system, every model votes an equal number toward
a prediction conclusion, irrespective of performance under certain types of data or ex-
perimental conditions. While ensuring ease, this system does not consider differences
between model strengths, yielding non-optimal prediction results, especially under com-
plicated conditions, as in the recognition of UAV sounds [100,101]. Conversely, a weighted
voting system presents an added dimension of adaptability through different weights as-
signed to individual models participating in voting. These weights depend on the trust
and performance values obtained during initial tests or validation phases [100,102].
Weight assignment within experimental model underpinned by performance-based assess-
ment. More specifically, models that regularly achieved high accuracy, precision, recall,
and Fl-score for UAV audio data were weighted more heavily. As an example, a GRU
model which performed better than other RNN variants for short-range UAV recordings
received increased significance within the ultimate decision-making stage. On the other
hand, models that showed relatively poorer performance received weaker weights, so as to
proportionally minimize their impact upon ultimate prediction results. Overall, not only
did this performance-sensitive methodology make system more robust, but it provided for
more dynamic and equitable incorporation of several models, each with specific strengths
across different data subsets [101].

At the decision point, every model in the system cast a vote for a given class—e.g.,
"UAV,” "No UAV,” or a specific UAV type—but as opposed to unweighted voting con-
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ventions, this research adopted a weighted voting approach where a vote from each model
was weighed by a precalculated weight that represented how accurate or reliable it was,
as ascertained through validation. A weighted sum from every class was determined, and
the class with the highest total weighted value was chosen as the overall prediction. This
system guaranteed that models with higher performance influenced the decision far more,
with less accurate or inconsistent models proportionally having less effect, ensuring ro-
bustness and precision in the classification decision. The weighted voting system resulted
in a consensus derived from the best-performing models rather than a majority, eliminat-
ing the possibility for mediocre or biased answers to control the outcome. This is in line
with the objectives of ensemble learning to prevent systems from being lessened by poorly
performing units and is especially beneficial in mission-critical applications like UAV de-
tection, where precision under diverse environmental conditions is paramount [100].
Effectively, the use of a weighted voting approach gave a sophisticated means of combin-
ing the results of several RNN models with a view to ensuring maximum strength and
offsetting weakness. The ensemble methodology was especially useful in managing the
variety and range found with actual UAV recordings, including how environmental noise,
range, and type of drone can affect prediction performance [77].

Experiments conducted with research involved mainly carrying out an extensive study of
different deep neural network architectures used for recognition of sounds in UAVs and
enhancing their functional abilities. Another goal of the study was to find out which
model is most efficient by analyzing and contrasting recognition benefits provided by
various models. All hybrid models’ performance was investigated systematically and ex-
perimental results were contrasted with those of the prior models.

The wider relevance of this experimental approach is that it contributes to increasing
literature on both neural architecture combination and ensemble learning. In demon-
strating that weighted voting between different RNN models with strategic integration
is capable of achieving superior recognition performance, this research presents a practi-
cal roadmap for future studies not only for UAV detection systems but for all types of
sound-based classification as well.

Furthermore, this study provided insightful contributions to the efficiency of hybridiza-
tion between different neural network structures, particularly with regards to acoustic
pattern recognition. Along with analyzing individual types of RNNs like GRU, LSTM,
and BiLSTM, the research also considered hybrid structures with interconnections, where
these RNNs were combined with CNNs to build deep hybrid structures. These CNN-RNN
hybrids combined CNNs’ capability for feature extraction with RNNs’ ability to model
sequential patterns, and thus were well suited for handling complex, time-varying acous-
tic signals like those generated by flying UAVs.

Although the "Results” section of this paper offers a comprehensive report summarizing
different findings—such as the individual weights given to each RNN model in the voting
process, in-depth hybrid vs. single-model architecture comparisons, and visual represen-
tations of classification accuracy for multiple different experimental configurations—their
collective outcome plays a greater role than mere verification. They highlight the practi-
cal utility of the proposed methods and provide a solid basis for the future evolution of
scalable, real-time identification systems for use in unmanned aerial vehicle (UAV) detec-
tion tasks fueled by deep learning. One of the key take-home points is the utility gained
by the combination of weighted voting and hybrid architecture designs, which created
dramatic improvements by both detecting temporal and hierarchical structure in UAV
acoustic signals. These architectural designs not only remain technically pertinent, but
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they also hold a strategic role in building next-generation audio understanding capabilities
that can operate soundly in disparate, changeable environmental conditions. The knowl-
edge obtained through this investigation reaffirms the great promise that lies in ensemble
methods with respect to deep learning and emphasizes the utility of architectural testing
and optimization. Ultimately, this helps to move the capabilities of the machine learning
systems forward toward being deployed in practical, high-stakes applications like security
surveillance, military surveillance, and unmanned airspace management tasks involving

UAVs [76,77,101,103].
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Chapter 4

Results

The purpose of this research is to examine and assess the viability of advanced deep
learning methods for estimating unmanned aerial vehicles (UAVs) distance based exclu-
sively on their generated audio signals. Over recent years, acoustic-based methods for
detecting and localizing unmanned aerial vehicles have attracted serious consideration
because of their non-invasive, low-cost, and passive features. Since, during flight, UAVs
produce characteristic sounds, mainly through propellers and motors, these sounds can
be an effective solution to estimate proximity or distance. As such, this research section
is exclusively devoted to a detailed investigation of deep learning architectures, i.e., re-
current neural networks (RNNs), convolutional neural networks (CNNs), hybrid model
structures with both CNN and RNN merits, and ensemble learning methods employing
weighted voting frameworks [48].

In order to provide strong model training and fair estimation, the raw acoustic data ob-
tained during experiments was partitioned into three clear subsets: a training subset of
data for model learning, a test subset of data to examine generalization performance, and
a validation subset of totally unseen speech recordings to test adaptability of the model
to new data. The partition was done to prevent overfitting and to examine the predictive
performance of models under realistic circumstances.

The methodology used to undertake this work is based on previous research within the
field, most significantly that undertaken in [5], which tested and proved effective the
use of deep learning methods for detecting drones based upon their acoustic profiles.
Expanding upon the structural investigations and results of said previous work, this re-
search advances deep learning’s usage by moving beyond simple drone detection to that
of estimating distances of UAVs. A key innovation of this research is based on the in-
tegration of ensemble learning through weighted voting schemes. In contrast to simple
majority voting, where all involved models have an equal say, weighted voting allows
for variable influence for different participating models, based on specified performance
measures, for example, validation accuracy or task-dependent recognition ability. With
this, it is feasible to have a more intelligent, fine-grained decision process, with stronger
models exerting more influence in the prediction. Additionally, hybrid models based on
CNN layers, which are good at capturing localized spectral features from representations
of sounds as Mel spectrograms, and RNN layers, which are good at capturing temporal
patterns across time, are systematically built in this study. Hybrid configurations based
on these model types are meant to make model robustness and accuracy for unmanned
aerial vehicles distance prediction better by exploiting both models’ available strengths.
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In summary, this chapter introduces an extensive review of deep learning-based meth-
ods for acoustic distance estimation for UAVs, including individual model structures and
ensembling methods. Based on systematic experiments and assessments, the research
attempts to find out the most efficient model structures and methods to enhance the
capability of UAV detection under actual-world audio conditions. The utilized models,
training methods, and testing methods are explained comprehensively below.

A series of controlled experiments were performed with a standard personal computing
setup, i.e., a laptop with a processor being an Intel(R) Core(TM) i5-8265U processor at
a base frequency of 1.60 GHz. All model creation and experimental steps were carried
out by employing the Python programming language within the Spyder Integrated De-
velopment Environment (IDE), which was found to have an intuitive user interface and
efficient script running, debugging, and visualization facilities. In order to enable efficient
manipulation of audio data, user-friendly Python libraries were installed, which included
the Kapre library—intended for on-GPU based audio preprocessing—and various nec-
essary deep learning layer libraries needed for model creation, training, and evaluation.
These libraries were crucial for implementing Mel-spectrogram-based audio feature ex-
traction and facilitated integration of sophisticated neural network architectures.

At the initial stage of experimentation, several deep learning models were designed and
successively trained under different numbers of epochs to study convergence behavior
and generalization performance. Some initial exploratory training was performed with
epoch values between 25 and 50 to measure at which point models realized stable learning
curves without developing signs of overfitting. Following this study, a standard bench-
mark of 18 training epochs was chosen for all experiments based upon two considerations.
First, all models converged and realized a stable “good fit” at around 18 epochs, which
indicated that training for longer past this point realized diminishing returns or, alterna-
tively, overfitting for a few models. Second, consideration of a constant number of epochs
ensured fair and unbiased comparison between different model architectures. All models
being trained under consistent conditions, especially regarding training time, eliminated
variability based upon different learning curves or overtraining and enhanced the validity
and interpretability of the comparison results.

Once training for all models was complete, trained weights and architecture configura-
tions were saved with Hierarchical Data Format version 5 (HDF5), with an extension
“h5” being used for these files. The file type is well-supported across the deep learning
community and is well-suited for saving Keras and TensorFlow models, and its usage al-
lows restoration and reusability with no effort whatsoever for future prediction purposes.
The saving of trained models not only ensures reproducibility of results and supports
future testing, but it creates a framework for deploying those models into actual appli-
cation environments, including for ensemble-style environments like weighted voting. In
maintaining these trained models in an accessible and formalized fashion, the research
allows for reusability and practical applicability, both requirements for moving forward
with development for UAV detection systems and integration into operational streams.
As described in previous segments, the original dataset was partitioned into three differ-
ent subsets with care to facilitate the strong development, testing, and validation of the
suggested models. The total length of all recorded audio data equaled 16,962 seconds,
representing a large and varied dataset for acoustic distance estimation. For ensuring the
integrity and independence of each stage of evaluation, the test and validation datasets
were sourced and segregated from training set before model training started. A dedicated
validation set comprising around 10% of total recordings from all classes was reserved.
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The validation files were kept entirely out of training and test procedures and were utilized
solely for validation alone to evaluate models’ generalization performance based solely on
unseen data. The major intention of this validation process was to find out what errors
could be there, measuring stability of output provided by models, and building confi-
dence for operational environments. Secondly, for enabling recognition requirements in
real-time, all the audio pieces were preprocessed to make them all have a constant length
of exactly 1 second. Standardization was imperative to facilitate time-driven prediction
and equalizing input dimensions for all neural network models. After isolating the valida-
tion set, the remaining 90% (corresponding to 15,266 individual audio files) became the
total dataset for testing and training. The subset was later partitioned by a ratio of 80:20,
with 80% being reserved for training and 20% for the test set. Such partitioning ensured
that models got to see a varied and representative training set and provided an ample
and independent test set for post-training performance estimation. Such a management
of data was pivotal for ensuring serious evaluation of models’ accuracy, effectiveness, and
suitability for real-time prediction of UAV distances. With regard to feature extraction
and transformation of the audio signal, this research benefits from building upon prior
research, and specifically, upon the research provided in [5], which thoroughly examined
preprocessing drone-audio data. Drawing upon the conclusions reached within it, the
Mel-spectrogram transformation layer was adopted as the main audio preprocess step
for this research as well. Mel-spectrograms, which offer a time-frequency representation
of sound consistent with that perceived by the human auditory system, were used to
transform raw audio signals to 2D representations for convolutional processing. The ef-
fective use of this process in prior research coupled with its effectiveness at capturing
salient acoustic features for a variety of different UAV types and distances made it an
attractive inclusion for use within the deep learning models of this research. The use of
this sound process layer reflects both continuity and advancement of research within this
subject area and a commitment to drawing upon well-established best practice within
audio-derived UAV distance estimation.

4.1 Single-layer RNN and CNN architectures

The second subsection is reserved for examining and analyzing lightweight deep learning
models, which are well-suited for situations where computational resources are limited or
for environments where there’s a demand for real-time performance. The primary goal
of this stage was to assess the base model structures prior to moving forward to develop-
ing more advanced or computationally expensive architectures. Lightweight models are
essential for embedded systems or edge devices, like unmanned aerial vehicles (UAVs),
where there’s limited power and limited capacity for processing. In this regard, the re-
search sought to find architectures that can provide an ideal trade-off between model
accuracy and computational cost.

Experimental development started with the deployment and experiments with convo-
lutional neural networks (CNNs), which are renowned for extracting meaningful spatial
features from input data. The CNNs were used as a baseline for performance during initial
phases of research. Different architecture parameters were tweaked, including numbers of
convolutional layers, filter size, and inclusion of pooling layers, to find out what configu-
ration was most efficient to process UAV audio signals. These models were kept relatively
shallow to maintain low computational cost, but deep enough to be insightful and pick
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out patterns within the data.

After CNN-based experiments, single-layer recurrent neural networks (RNNs)-based mod-
els, including SimpleRNN, LSTM (Long Short-Term Memory), GRU (Gated Recurrent
Unit), and BiLSTM (Bidirectional LSTM), were considered. These structures were chosen
for their proven capabilities for capturing temporal dependence and sequential patterns
of audio data. Because most UAV sound signals involve minute changes with respect to
time, models based on RNNs were found to be especially helpful for monitoring these
changes and improving recognition performance. All the variants of RNN were tested
separately in a lightweight mode — i.e., with just one recurrent layer — to preserve
computational convenience and evaluate performance both for accuracy and training du-
ration. Each model’s performance was tested through the recognition accuracy values
obtained through training and validation processes. The recognition accuracy values
were instrumental in understanding how rapidly and efficiently each model learned to
recognize UAV audio signals. As you can see through Figure 4.1 [77], models were com-
pared and contrasted with each other to compare their capability and robustness during
training as well as how well each model generalized. With these results, it was determined
which of the lightweight models worked optimally with the dataset at hand and formed
a precursor to creating improved or hybrid models for future development in subsequent
parts of this research.

Overall, this first stage of CNN and single-layer RNN-based architecture testing was
essential to baseline performance measures, to recognize potential temporal or spatial
modeling strengths, and to make sure that models produced were accurate and efficient
in resource usage. These results were instrumental to informing architectural decisions
made later in the study.

10 BILSTM LSTM SimpleRNN GRU conv2D

0.8

0.2

0.0 L . , . : . . : : .
0 10 0 10 0 10 0 10 ] 10
Epochs

Figure 4.1 — Confusion Matrix of CNN-Based Deep Learning Model

For all of these deep learning models, which were established and experimented with
during this research stage, a detailed performance analysis was carried out to identify the
strengths and weaknesses of the respective architectures. In this detailed analysis, there
were various key measures and visualization tools used to evaluate how well the different
models could recognize the audio signals related to UAVs. The major emphasis was laid
on recognition accuracy, which was used as a reference to compare model performance.
But for a better understanding of prediction behavior, additional methods of evaluation,
which included generating and analyzing recognition scores and confusion matrices, were
included for the study.
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Recognition accuracy was monitored for both training and validation sets for every model
throughout several epochs. These recognition curves were instrumental in giving insight
into how well the model was learning, whether it was underfit or overfit, and how con-
sistent its performance was while training. With these trends, decisions were made for
hyperparameter adjustment, model architecture modifications, and training approaches.
As an example, if a model’s training accuracy was high, yet its validation accuracy was
much worse, it was an indication of overfitting, which would lead to changes like the
application of regularization or dropout layers.

Along with accuracy curves, confusion matrices were employed for gaining a clearer pic-
ture of classification performance. The confusion matrix is a generally accepted measure
for classification problems, providing a granular view of model performance for each class
individually through an aggregation of correct and incorrect classifications. In part, con-
fusion matrices were created using the validation set and shown across each model. The
matrices showed actual vs. predicted labels and were sized in units of number of audio
files, thus providing a concrete understanding of classification performance. The confu-
sion matrix for the CNN model is presented in Figure 4.2, demonstrating how well the
CNN performed at separating different categories of UAV sounds. Analogously, confu-
sion matrices for different RNN model types—including SimpleRNN, GRU, LSTM, and
BiLSTM-—are presented in Figure 4.3, providing comparison insight to their temporal
classification capacities. In addition to visual analysis, quantitative performance results
were also compiled and summarized within tables. Table 4.1 shows overall model perfor-
mance as percentages, based on the respective confusion matrices. The table provides a
model-by-model comparison based on classification performance, thus illustrating which
architectures performed best with this study’s constraints and conditions of data. The
inclusion of relative (percentage) and absolute (counts as presented by the confusion ma-
trices) measures of classification accuracies ensures performance can be interpreted both
relatively and absolutely.

As a comprehensive, multi-faceted process including accuracy charts, confusion matri-
ces, and summary presentations via percentage based upon classification, it allowed for
a thorough, rigorous assessment of all lightweight architectures as a group. It not only
illustrated CNN and RNN classification performance but provided direction to improve
and develop still newer, more sophisticated structures examined during the later phases
of investigation.

Experimental evaluation showed that CNN-based networks exhibited poor reliability to
estimate UAV distances, especially under range conditions with longer ranges. Its per-
formance not only suffered with regard to recognition accuracy at longer distances but
also showed inconsistencies within accuracy curves, reflecting instability of learning and
generalization. These flaws underscored the weakness of spatial-feature-based models
to perform well with image-like data that is heavily dependent on temporal dynam-
ics, like range prediction for UAVs. On the contrary, recurrent neural network (RNN)
structures—SimpleRNN, GRU, and LSTM-—showed relatively stable and accurate recog-
nition performances under the same group of experiments. Their ability to capture tem-
poral dependency made them well suited for sequential data like acoustic signals, where
temporal variations have an important contribution to classification.

Even with relatively enhanced performance being achieved by RNN models, none of
the separate networks reached an adequate degree of recognition reliability needed for
accurate UAV range prediction under actual conditions. Due to this shortcoming, the
research went forward to investigate ensemble methods—concretely, a voting technique—
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Figure 4.2 — Confusion Matrix of CNN-Based Deep Learning Models

as a solution to increase recognition reliability through a group of classifiers’ summation
of strengths. The ensemble approach sought to utilize different models’ shared strengths
to increase collective classification accuracy as well as robustness.

In order to thoroughly test the performance of the models that were created at the onset
of the study, five independent trial experiments were carried out. The experiments in-
volved measuring the predictive accuracy of the networks through the use of established
performance measures: Precision, Recall, and F1-score. These measures provide an un-
biased approach to measuring performance classification, especially for situations where
class distributions can be unbalanced or where both false negatives and false positives
have serious penalties. Classification reports were created and examined for each model
to identify how well the models classified and differentiated between different classes of
UAV signals. These evaluation measures were computed for these experiments as per
the methodology outlined in [6], ensuring reproducibility and validity of results. The
confusion matrices, which show both correct and incorrect classifications of audio files for
all classes, were originally displayed as absolute numbers, as indicated in Figure 4.2. It
provided a concrete reference for raw results of classification. Supporting this, Table 4.1
displays these confusion matrices as a percentage, which offers a normalized and com-
parison basis to observe model performance for different classes and experiments. Table
4.1 contains detailed statistics for Precision, Recall, and F1l-score as well, which offers
an extensive quantitative overview to better comprehend both strengths and needs for
improvement for each model. This extensive assessment paved the ground for subsequent
research steps, which constituted hybrid and ensemble learning architectures for improved
predictive capacity.

Overall, all three networks, LSTM, BiLSTM, and GRU, provided improved performance
over that of CNN for all experimental conditions. The LSTM and BiLSTM networks,
specifically, provided improved recognition of objects, including with background noise.
In spite of that, GRU showed an impressive performance for object recognition at far
distances with a greater degree of consistency than LSTM and BiLSTM. Conversely, the
BiLSTM model performed with improved accuracy and resilience for calculating drone
distances, most specifically in noisy conditions. But for object recognition at far dis-
tances, GRU performed better than BiLLSTM.

36



Confusion Matrix for "1L SimpleRNN" Confusion Matrix for "1L LSTM"

No UAV
No UAV

-400

300 - 300

UAV in Zone 1
UAV in Zone 1

TFue Labels

UAV in Zone 2

TFue Labels

UAV in Zone 2

_ 200 - 200

100 - 100

UAV in Zone 3
UAV in Zone 3

No LAV UAVin Zone 1 UAV in Zone 2 UAVin Zone 3 No UAV UAV in Zone 1 UAVin Zone 2 UAV in Zone 3
Predicted Labels Predicted Labels

(a) Simple RNN (b) LSTM

Confusion Matrix for "1L GRU" Confusion Matrix for "1L BILSTM"
- 500

No UAV
No UAV

-400

| - ) ‘ .
3 3 66

-400

- 300

UAV in Zone 1
UAVin Zone 1

Tue Labels

UAV in Zone 2

Tue Labels

UAV in Zone 2

200
- 200

| ! -

-100 100

UAY in Zone 3
UAV in Zone 3

No UAY UAV in Zaone 1 UAV In Zone 2 UAV in Zane 3

No UAV UAV In Zone 1 UAV in Zone 2 UAV In Zone 3
Predicted Labels Predicted Labels

(c) GRU (d) BiLSTM

Figure 4.3 — Confusion Matrices of Deep Learning Models Based on 1L Recurrent
Neural Networks

With these results, it was evident that no one model could outperform others for all
conditions consistently. The subsequent stage of research will henceforth involve inves-
tigating whether there is benefit to be gained through an integration of the strengths of
GRU, LSTM, and BiLSTM networks. This will be provided through a voting system,
where all the abilities of these models can be amalgamated towards increasing overall
classification accuracy. Through an integration of the abilities of all three networks, this
hybrid model will be improved for various hard-case scenarios, including object identifi-
cation at short and long distances and in noisy conditions. The subsequent section will
describe implementing and implementing this voting system based ensemble model.

4.2 Prediction through Weighted Voting with 1L RNNs

In this section, an attempt is made to integrate the strengths of the stronger neural net-
works investigated within the last section by means of voting. A voting scheme, which
compiles prediction made by several models into one output, has been well-established as
a good methodology to improve machine learning model performance. Using this tech-
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Table 4.1 — Evaluation of Model Performance and Predictive Metrics

Model Classes Precision, % Recall, % F1-Score, %

"2L” CNN
No UAV 93 94 94
UAV in Zone 1 88 85 86
UAV in Zone 2 68 49 57
UAV in Zone 3 71 87 78

"1L” SimpleRNN

No UAV 93 95 94
UAV in Zone 1 94 86 90
UAV in Zone 2 80 73 76
UAV in Zone 3 81 90 86

”1L” LSTM
No UAV 97 94 95
UAV in Zone 1 89 89 89
UAV in Zone 2 76 71 73
UAV in Zone 3 83 88 85

71L” BiLSTM

No UAV 98 93 96
UAV in Zone 1 94 86 &9
UAV in Zone 2 72 82 77
UAV in Zone 3 87 87 87

"1L” GRU
No UAV 98 94 96
UAV in Zone 1 91 86 88
UAV in Zone 2 7 68 72
UAV in Zone 3 80 92 86

nique, the study tries to preserve the merits of each model and eliminate its specific weak
points, which eventually leads to an overall improved classification performance. The
major concept of this methodology is to compare various networks’ prediction and make
a collective decision for generating a reasonable and accurate model.

A Weighted Voting System, an advanced variation of the simple voting mechanism, was
used by the study to integrate the neural networks’ forecasts. Various models received
different weights based on how well they performed individually, enabling the system
to emphasize better-performing models at decision-making. The study tested two major
combinations of neural network models:

Combining GRU and LSTM Networks — The GRU and LSTM networks, with proven
recognition performance under various environments, were combined to make use of both
of these networks’ capabilities. The weighted voting scheme for this integration is pre-
sented in Figure 4.4a, which aggregates both GRU and LSTM networks’ prediction to
improve object recognition performance.

Combining GRU, LSTM, and BiLSTM Networks — Within this second solution, the pre-
diction of all three networks—GRU, LSTM, and BiLSTM-—is combined via weighted
voting. This blend attempts to leverage the unique strength of each network, i.e., Bil.-
STM’s bidirectional dependency capability, and holds on to the consistency of GRU and
LSTM networks. The weighted voting technique for this blend is depicted under Fig-
ure 4.4b, where the output of the three networks is compared and merged to produce
an improved prediction. By incorporating these models using weighted voting, this re-
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search expects to increase the overall performance of UAV audio signal detection with
emphasis on improved classification and strong recognition under different environmental
conditions.

Confusion Matrix with weighted Voting using "GRU and LSTM" 500 Confusion Matrix with weighted Voting using "GRU, LSTM and BILSTM"
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Figure 4.4 — Confusion Matrices of 1. RNN Voting Models

Table 4.2 — Evaluation of Model Performance and Predictive Metrics

Model Classes Precision, % Recall, % F1-Score, %
Voting System with "GRU-LSTM”

No UAV 99 94 96
UAV in Zone 1 94 86 90
UAV in Zone 2 7 74 76
UAV in Zone 3 82 92 87

Voting System with "GRU-LSTM-BiLSTM”

No UAV 99 94 96
UAV in Zone 1 92 88 90
UAV in Zone 2 78 74 76
UAV in Zone 3 84 92 88

In research, a weighted voting system was employed to rank individual models based
on their respective performance toward recognizing UAV audio signals. In particular,
for the first model combination—GRU and LSTM-—priority weights were set as follows:
The GRU model (M1) was weighted at 0.4, and the LSTM model (M2) was weighted at
0.6. These weights represent the relative performance of each model toward recognition
purposes. The LSTM model, with its higher capability to learn temporal dependencies
and long-range association between the audio signals, received a higher weighting to in-
crease its impact toward the decision process. The GRU model, albeit efficient, received
a relatively smaller weight since its capability toward object recognition at greater dis-
tances was considered. The combination of these two models was expected to benefit
both methods, as indicated by Figure 4.4 (a).

For the second combination, where all three GRU, LSTM, and BiLSTM models were
combined, the weights were assigned with priority as follows: M1 (GRU model) was as-
signed a priority of 0.35, M2 (LSTM model) an assignment of 0.45, and M3 (BiLSTM
model) an assignment of 0.2. The weights were selected with reference to the strengths
of the three models noticed in different aspects of recognition. The LSTM model, which
performed well for sequential patterns and temporal dependencies, was assigned the max-
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imum priority of 0.45. The GRU model, which performed well for long-distance recogni-
tion, was assigned a priority of 0.35. The BiLSTM model, which was good for capturing
bidirectional dependencies, was assigned a priority of 0.2, representing relatively fewer
contributions than the first two models. Combining these three models, giving their
different strengths, was meant to deliver a comprehensive and robust recognition perfor-
mance. The weighted voting system’s flexibility is that it can fine-tune the contribution
of each model to be included in the ultimate decision-making process. The weights can
be adjusted according to the recognition capacities of individual models. Dynamic ad-
justment to the data and task characteristics is thus ensured, with most accurate models
contributing to the ultimate output. In this instance, upon reviewing both sets of results,
the second methodology, which merged GRU, LSTM, and BiLSTM models, had much
better recognition performance.

The effectiveness of this hybrid solution is actually proven through its performance based
on two key performance indicators: Figure 4.4 and Table 4.2. The weighted voting
framework, with contributions of each model based on its performance, greatly improved
accuracy and dependability of UAV range recognition. The process enabled the models to
cooperate synergistically, leveraging individual strengths to benefit the system’s overall
performance, enhancing it based on different environmental conditions. The performance
through these indicators established that GRU, LSTM, and BiLSTM networks’ combina-
tion performed best, yielding a viable solution for both UAV audio signal detection and
range prediction.

4.3 Single-layer RNIN Architectures with More Cells

As noted in Subsection 4.1, GRU, LSTM, and BiLSTM networks performed best at
recognition, outclassing other architectures tested, especially for application to UAV au-
dio signal classification. Their temporal representation capability and sequential data
management properties made them promising targets for deeper investigation. Due to
their promising performance, an extra set of experiments was carried out, specifically
with an emphasis on GRU and LSTM networks and increased numbers of neural units,
or memory cells; to determine whether increasing their capacity may improve model
performance. The intent was to investigate how model complexity affects recognition
accuracy and to see if enhancing representational power within the network would pro-
duce meaningful improvements. Through gradual variation of the number of units within
recurrent layers, I sought to test for GRU and LSTM model scalability and learnability
upon being presented with increased internal complexity structures. This step was instru-
mental to uncovering optimal configurations for high-performance recognition systems for
the application to audio based UAV detection. In this line of investigation, the BILSTM
model was also considered for additional testing with a greater number of neural units,
under the assumption that its performance indicated noticeable improvements. The basis
for this choice was to investigate whether bidirectional processing ability of the BiLSTM
benefited to a greater extent with larger capacity than its unidirectional counterparts.
Nevertheless, as evident with Table 4.3, experimental results indicated no appreciable
enhancement of recognition accuracy and robustness of the BiLSTM model with a rise
in number of units. Gains in performance were negligible and did not justify additional
computational cost and complexity. The investigation thus did not continue with carry-
ing forward this line of testing for the BiLSTM model. Instead, emphasis was kept with
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Table 4.3 — Evaluation of Model Performance and Predictive Metrics

Model Classes Precision, % Recall, % F1-Score, %
"1L GRU” with 256 cells
No UAV 97 96 96
UAV in Zone 1 95 85 90
UAV in Zone 2 81 60 69
UAV in Zone 3 74 95 83
”1L LSTM” with 256 cells
No UAV 89 97 93
UAV in Zone 1 90 91 90
UAV in Zone 2 83 72 7
UAV in Zone 3 85 87 86

the GRU and LSTM networks, which performed relatively more promisingly under com-
parable modifications. The choice served to streamline investigation by focusing effort
on models with a greater potential to deliver practical improvements.

4.4 Deep Learning Models with 2L Stacked RNNs

In this subsection, the GRU and LSTM neural network architectures, which were high-
lighted in the previous section for their strong recognition capabilities, are further ex-
plored through a different architectural approach—specifically, the stacking method.
Stacking involves layering multiple recurrent units on top of each other to form deeper
network structures, allowing the model to learn more abstract and complex temporal pat-
terns from the input data. This technique aims to enhance the representational capacity
of the networks by enabling the upper layers to capture higher-level temporal features
that are built upon the lower-level representations. By applying the stacking method to
the GRU and LSTM models, this study seeks to evaluate whether increasing the network
depth contributes to improved accuracy and robustness in UAV audio signal classification
tasks.

Table 4.4 — Evaluation of Model Performance and Predictive Metrics

Model Classes Precision, % Recall, % F1-Score, %
72L GRU” with 64 cells
No UAV 99 92 95
UAV in Zone 1 92 87 90
UAV in Zone 2 76 76 76
UAV in Zone 3 83 90 86
72L LSTM” with 64 cells
No UAV 95 96 96
UAV in Zone 1 91 89 90
UAV in Zone 2 81 76 78
UAV in Zone 3 86 90 88

Experimental results during this stage of the study showed that it was more effective to
use a stacked architecture—a series of several recurrent layers stacked together—than to
simply expand a single layer with greater numbers of cells. The finding supports how
deeper model architectures have an advantage when it comes to modeling richer tempo-
ral dependencies between features in the UAV audio signals. Both stacked LSTM and
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stacked GRU networks successfully learned hierarchical features of the input signals, lead-
ing to enhanced classification results. Significantly, recognition accuracy by both LSTM
and GRU models with a stacked configuration was almost indistinguishable, which indi-
cates both architectures to be as good at tackling the classification problem with depth
augmentation as with expansion of cells. These findings contribute significantly to under-
standing optimal recurrent network structuring for detection and classification of UAV
audio signals.

4.5 Hybrid Deep Neural Network Models

This section discusses the investigation of hybrid neural model structures with an empha-
sis on improving UAV audio signal recognition. The study starts with an investigation
of the hybridization of two recurrent model structures, i.e., LSTM and GRU networks.
The two are initially combined to test their combined functionality at detecting both
short and long temporal patterns of the data. The combination order is thereafter re-
versed, with GRU being used first, followed by LSTM, as presented in Figure 4.5, to
assess whether order of layering affects recognition performance.

Subsequently, BiLSTM and GRU models are combined to see how bidirectional process-
ing of BiLSTM supplements the simplicity and efficiency of GRU. The process tries to
incorporate both backwards and forwards contextual comprehension along with limited
computational overhead. In the subsequent stage, attention is shifted to hybridizing re-
current models with CNNs. Both LSTM and BiLSTM networks are separately combined
with CNNs to utilize spatial feature extraction properties of CNNs with temporal mod-
eling ability of RNNs.

Finally, a hybrid architecture of higher complexity is explored with a three-way inte-
gration of CNN, BiLSTM, and GRU networks. The most comprehensive model tries
to integrate spatial and temporal patterns recognition fully by harnessing the unique
strengths of all three types of networks. Comparing different hybrid configurations to
identify the most resilient and precise solution for classifying UAV sounds under different
conditions.

In Figure 4.5, confusion matrices are given as a number of different audio files, providing
a clearer picture of how and why the classification occurs. It allows the detailed study
of how well a model performs for individual classes by providing both the total number
of files classified to a class and misclassified to a class. It provides the number of audio
files within confusion matrices to enable an accurate study of where the model performs
poorly and where it performs well, and how it can be improved at these specific regions.
Table 4.5 shows the same confusion matrices, but this time as percentages. Normaliz-
ing to a percentage allows for easier comparison of overall model effectiveness between
differing datasets and numbers of classes, and not being biased towards larger datasets
or larger numbers of conditions. It provides a clear study of how well a model performs
under all conditions, giving a generalized study of results.

Experimental results obtained through hybrid model testing unequivocally confirm the
superior performance of the CNN and BiLSTM hybrid in comparison to other hybrid
models. The hybrid model is especially impressive as it is able to well utilize both CNN
and BiLSTM networks to achieve high recognition accuracy under different conditions.
Specifically, for instance, the CNN and BiLSTM hybrid model achieved an impressive
90% recognition accuracy for detecting UAVs at farthest range, an important require-
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Figure 4.5 — Confusion Matrices of Hybrid Deep Learning Architectures

ment for long-range detection purposes. Additionally, for noisy and complex audio data
at middle zone, the model also managed to obtain 82% recognition accuracy, thus proving
its capability to perform well under suboptimal conditions. The model also performed
well at the closest range with an accuracy rate of 93%, successfully dealing with detailed
and high-frequency features of close sounds. Finally, one of the most striking results was
obtained through this model’s capability to recognize and identify background noise with
an impressive 97% recognition accuracy. These results validate the power of hybridizing
CNN and BiLSTM networks to combat issues of varied distances, varying levels of noise,
and complexity of actual audio signals. The capability of the hybrid model to perform
with high levels of recognition accuracy for all classes—whether it is recognizing objects
at distant distances, differentiating complex acoustic signals under noisy environments,
or recognizing background noise—demonstrate the robustness and dependability of this
model. In contrast to hybridization with other architectures, CNN-BiLSTM consistently
performed at a higher level, especially with regards to stability and accuracy under differ-
ent conditions. These results demonstrate the practical viability of hybridizing CNN and
BiLSTM networks for usage in scenarios where high recognition accuracy is a require-
ment, for example, in UAV acoustic signal detection, where environmental conditions like
noise and varying distances can make it difficult. By successfully managing these issues,
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CNN-BiLLSTM hybrid model is a good candidate for future research in this field.

Table 4.5 — Evaluation of Model Performance and Predictive Metrics

Model Classes Precision, % Recall, % F1-Score, %
Hybrid model "LSTM-GRU”

No UAV 98 95 97
UAV in Zone 1 93 87 90
UAV in Zone 2 77 73 75
UAV in Zone 3 83 92 88

Hybrid model "GRU-LSTM”

No UAV 95 95 95
UAV in Zone 1 93 86 90
UAV in Zone 2 7 69 72
UAYV in Zone 3 79 90 84

Hybrid model "BiLSTM-GRU”

No UAV 95 97 96
UAYV in Zone 1 92 87 90
UAV in Zone 2 79 73 76
UAV in Zone 3 84 91 87

Hybrid model "Conv2D-LSTM”

No UAV 97 96 97
UAYV in Zone 1 93 90 92
UAYV in Zone 2 80 81 81
UAV in Zone 3 88 89 89

Hybrid model ”Conv2D-BiLSTM-GRU”

No UAV 98 96 97
UAYV in Zone 1 92 91 91
UAV in Zone 2 83 76 79
UAV in Zone 3 85 92 88

Hybrid model "Conv2D-BiLSTM”

No UAV 96 97 97
UAV in Zone 1 91 93 92
UAV in Zone 2 83 82 83
UAV in Zone 3 91 90 90

It was mainly with an intent to study and compare the recognition abilities of different
deep learning model architectures for the specific purpose of prediction of distance of
UAVs through sounds. The main intention was to compare and study how well differ-
ent models did with respect to prediction of accurate distances of the UAVs based on
sounds, which is a task that presents multifaceted challenges with differences in sounds,
environmental background noise, and differences in distances of the UAVs at detection.
With controlled experiments and systematic experiments, the models were tested and
thoroughly studied for how well they can handle and interpret distance-correlated sounds
and how different environmental factors and noise affect them.

In summary, these experimental results were mainly centered around measuring recogni-
tion accuracy and overall prediction performance of all deep learning architectures. These
performance measures were crucial to knowing how well a model could recognize and clas-
sify UAVs through auditory data and at what distances. By measuring and comparing
the performance of different model types, for example, CNNs, RNNs, LSTMs, GRUs,
and their hybrids, research attempted to identify the most efficient architectures for this
particular task of UAV sound prediction. It not only was focused on measuring raw
recognition accuracy but also sought to compare the robustness of models for different
situations, for example, with changing background noise and at different distances for
the UAV. Additionally, different models and combinations of models that perform best
under various circumstances were identified through these experiments, providing an un-
derstanding of how various architectures can be utilized for UAV detection in practical
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scenarios. The study considered carefully how and why each model’s strengths and lim-
itations were influenced by an underlying architecture, including how performance was
affected by far-distance detection, noisy environments, and complicated audio signals.
Through a detailed comparison of how well each model performed, the research ended up
providing guidelines for which deep learning architectures are most appropriate for UAV
sound-based distance prediction, an extension to larger disciplines within fields of UAV
detection frameworks. Overall, this group of experiments provided an expansive under-
standing of various deep learning architectures and how and why various architectures
have practical utility for UAV recognition and distance estimation through sounds.
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Chapter 5

Discussion

In this study, the performance of these deep learning architectures for prediction of
UAV sounds at different distances is investigated through extensive empirical evalua-
tions. More specifically, five different methods were tested: convolutional neural networks
(CNN), one-layer recurrent neural networks (RNN), two-layer stacked RNN, one-layer
RNN with improved cells, voting system, and hybrid models. The goal of this research
was to identify how well different types of models predict UAV motions at different range
segments, taking into consideration both environmental and engineering conditions of
UAV detection.

Within the scope of this research, there were three specific regions where there were to
be expected suspicious UAV behaviors, each with its own specific set of difficulties and
concerns regarding detection. These regions were determined to be:

Zone 1 — Closest Zone (Up to 15 Meters): It is the zone where drones are at relatively close
distances with respect to the detection system. As a result of being close, the received
audio signals will generally be clearer, but difficulties will be experienced with sensing
rapidly moving drones at these close ranges. Zone 2 — Middle Zone (15 to 30 meters):
Within this middle zone, drones remain relatively close but potentially traveling at higher
speeds, and there can be a dilution of the audio signal with distance. Models need to
be capable of distinguishing between close-range and middle-range drones, as the sound
signals will be degrading and potentially corrupted by environmental noise. Zone 3 — Far
Zone (30-50 meters): The farthest range of detection of the UAVs under research, where
it is harder for sounds to be picked up with accuracy because distance and interferences
created by background sounds are more likely to be encountered. The models have to
be especially efficient at separating sounds of UAVs from sounds around them, which are
likely to be louder at distances. Flight tests were performed at different types of UAV
motion patterns, including fully dynamic, partially static, and semi-dynamic patterns
of movement. The motion patterns were chosen to simulate actual flight conditions and
examine how the models respond under various types of UAV patterns of movement. The
speed of the average UAV in these tests was between 3 to 15 meters per second, giving a
range of flight conditions between slower-moving and faster, dynamic types of movement.
These speeds were utilized to calculate maximum range for all types of zones, with the
detection system capable of capturing a maximum range of 50 meters. The UAVs were
tested within this range to verify that the detection system was capable of capturing
sound signals for all types of zones.

The acoustic data registered during the tests were decomposed into flight parameters of
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the drones, enabling a finer understanding of how various flight behaviors contributed to
predictability of UAV distance. Such parameters were most important to knowing the
difficulties with recognizing UAV sounds because various flight modes produce consider-
ably different sounds that must be properly sensed and interpreted through deep learning
frameworks.

Overall, this study comprehensively explored the performance of several deep learning
architectures for predicting sounds of UAVs at disparate distances. Through assessing
various models and their individual merits and demerits for UAV sound detection, the
study contributed to the area of UAV detection systems in several important ways. The
main contributions of this study are:

The investigation examined the feasibility of predicting UAV distances through the use of
deep learning models that had been trained on sound signals for the purposes of assessing
the performance viability of audio-based systems for detecting UAVs for real-world appli-
cations. The investigation aimed to identify the accuracy with which different architec-
tures in deep learning could predict UAV proximity under a variety of environmental and
operational conditions. By examining a broad sweep of model architectures ranging from
Convolutional Neural Networks (CNNs) through Recurrent Neural Networks (RNNs) to
Long Short-Term Memory networks (LSTMs), Gated Recurrent Units (GRUs), and hy-
brid models, the research provided a holistic evaluation of each approach’s performance
capabilities and limitations.

The testing was conducted over various test zones, divided into close, middle, and far
ranges, and included in-situ challenges like environmental noise, random flight patterns,
and background interference. These factors were introduced in order to represent the
diversity found in real-world environments in which UAV detection systems are generally
put into operation, like city environments or surveillance coverage areas.

The results from the experiments clearly affirm that UAV distance prediction with deep
learning is not only possible but also exceptionally effective. Of all the models that were
experimented with, the hybrid architecture that combined CNN and BiLSTM compo-
nents was the strongest and most accurate in all zones. This model performed consis-
tently well in recognizing UAV distances, even in noisy and unstructured conditions. The
CNN layers performed exceptionally in making inferences from the space and spectrum
features from the input sounds, and the BiLSTM layers captured well the temporal dy-
namics of sound patterns, allowing the hybrid model to make sense of sophisticated sound
sequences and recognize UAV proximity with higher accuracy.

Despite the robust performance, the study also revealed a severe limitation: the neces-
sity for large-scale and diverse datasets that can facilitate real-time, deployable UAV
detection systems. Although the current realization of the hybrid CNN-BiLSTM model
demonstrates considerable potential, real-time application in real-world environments,
such as for surveillance, airspace protection, or UAV air traffic control, demands addi-
tional data accumulation, performance testing, and system optimization. Without such
improvements, the system can fail to generalize well to unseen and novel conditions. Even
so, the study establishes a solid basis for future progress in sound-based UAV detection
and tracking technologies. It offers insightful conclusions on the merits and demerits of
different architectures for deep learning, thus providing a blueprint for improving and
fine-tuning the models for practical application. The hybrid CNN-BiLSTM, in specific,
offers considerable promise for being put into next-generation UAV surveillance systems.
Nonetheless, future efforts in research will be necessary to enhance the robustness, scal-
ability, and versatility of such models in different and changing environments.
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This paper meaningfully advances the emerging area of UAV detection employing deep
learning, supporting the notion that acoustic data, when combined with the proper model
architecture, may be a viable modality for drone surveillance. With refinements and fur-
ther development, systems like this hold promise as part of the overall surveillance and
defense systems.
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Chapter 6

Conclusions and future work

6.1 Conclusions

In summary, the current study conducts a comprehensive and in-depth investigation into
the performance of different architectures of deep learning on the task of calculating the
distances of unmanned aerial vehicles (UAVs), also referred to as drones, based on acous-
tic signal data. The main emphasis in the study lies with Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs), two commonly applied classes of neural
networks in current deep learning tasks. The investigation was conducted in a manner
that sought to compare and contrast the models in the accuracy with which they could
estimate UAV distances from a collection of sound recordings taken from a sequence of
controlled flight tests. These flight tests were performed in different zones with varying
spatial proximities (close, middle, and far), and covered a variety of environmental con-
ditions, including conditions with background noise and with difficult flight maneuvers.
These conditions had been specifically included in order to simulate real-world opera-
tional environments as well as test the robustness and generalization capability of the
models in different and presumably adverse conditions.

Through a rigorous and empirically guided evaluation framework, several leading deep
learning architectures, i.e., CNNs, standard RNNs, Long Short-Term Memory networks
(LSTMs), and Bidirectional LSTM networks (BiLSTMs), were studied in order to identify
which of these configurations is best poised to tackle the intrinsic intricacies of drone-
acquired acoustic signatures, which can be quite variable in accordance with distance,
type of drone, speed of rotors, and surrounding noise.

The findings from the experimental phase of this study clearly demonstrate that the hy-
brid architecture with the integration of CNN and BiLSTM layers shows excellent and
consistent predictive performance in all the specified distance regions—i.e., the close,
middle, and far zones. This hybrid architecture was well suited to tackle the challenges
posed by varying distances and dynamic environmental conditions. The feature extrac-
tive capability of the CNN part was particularly robust in the form of extractions of
both spatial and spectrum features from the sound input, well detecting patterns in the
frequency space that form the basis for discerning the characteristic sound signatures of
UAVs. Concurrently, the presence of the BILSTM part served well in detecting temporal
dependencies in the sound sequences, allowing the model to understand the evolution
of sound patterns with time. This understanding is vital for making sound inferences
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in respect to the behavior as well as the movement of the drones, independent of noise
pollution or varying closeness.

The integration of both the convolutional and recurrent types of layers enabled a thor-
ough and insightful understanding of the incoming audio data. Not only did this two-level
structure increase the accuracy in distance prediction, but also in the system’s general-
izability to unseen UAVs and new flight environments. It is thus that the hybrid CNN-
BiLSTM model comes as a robust and versatile candidate for real-world application,
wherein variability and randomness pervades.

In contrast, although the CNN-BIiLSTM architecture performed best compared to oth-
ers in long-range distance estimation tasks, the study also found that models built on
recurrent layers alone—such as standard RNNs, stacked RNNs, and GRUs—exhibited
worthwhile performance in some specific sub-tasks. These models based on RNNs per-
formed notably well in tasks involving load estimation, as well as on binary classification
tasks, especially when the classification task itself was not particularly challenging (e.g.,
distinguishing if a UAV was in the area or not). Since they perform well in dealing with
sequential data, RNNs lend themselves well to time-series processing and performed well
in situations where temporal dependencies mattered but lesser spatial complexity was
required. In tests that compared the capabilities of single-layer, multi-layer (or stacked),
and GRU-augmented RNN models, it was observed that each performed best in vari-
ous contexts. Despite certain limitations in dealing with high-dimensional and noisy or
highly variable acoustic data, the models nonetheless provided adequate performance for
binary detection and for inference requirements that need relatively fast and lightweight
inference. These results imply that, given the application’s specific requirements and
constraints—such as real-time responsiveness or computational efficiency—less-complex
RNN architectures can remain practically useful, especially in simple classification tasks.
One of the most important takeaways of this research is that there is the potential to
predict UAV distance in real-time, even with fairly noisy environments, provided there
is adequate and plentiful audio data available for model training. The model accuracy,
and specifically that of CNN-BiLSTM, shows that it is indeed possible for audio-based
UAV detection systems to perform well under conditions that are similar to real-world
conditions. The research, however, presents one of the shortcomings of the approach
to date: that the acoustic dataset compiled for experiments was somewhat limited and
not much diversely represented with regards to specific numbers of different models of
UAV evaluated. The lack of a large variety of types of UAVs being available within the
dataset limits how generalizable the results may be to real-world situations where UAVs
with various different sounds and flight patterns could be encountered. This constraint
is significant to keep in mind when contemplating operational environments’ scalability
and applicability of the UAV distance prediction system. There exist different shapes
and sizes of UAVs, with different acoustic profiles based upon, for example, rotor speed,
weight, and flight modes. Therefore, future research will be directed toward increasing
the acoustic dataset to cover a larger variety of UAV models, flight modes, and environ-
mental conditions. This will aid in enhancing robustness of deep learning models to be
able to process a larger variety of flight conditions and types of drones, which is crucial
for real-time deployment across various environments.

In spite of this constraint, outcomes of the study decidedly show the practicability of
applying deep learning models to predict UAV distances based on acoustic signals. With
advances in deep learning, especially with CNN and BiLSTM model integration, real-
time detection and tracking of UAVs are an achievable prospect. With increasing variety
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and scope of available acoustic data, these models can be fine-tuned to increase their
predictability and accuracy. The study is a critical step toward developing acoustic-
detection systems for UAVs, and with more data and fine-tuning, these systems have the
potential to be optimally employed across a variety of surveillance, security, and moni-
toring applications.

Overall, the major contributions of this study are as follows:

The research delves into how deep learning models, especially CNN and RNN-based
systems, can be employed to predict UAV distances based on acoustic signals. The CNN-
BiLSTM hybrid model was found to provide most accurate and consistent predictions,
especially while overcoming difficulties that arise with varying UAV distances and envi-
ronmental noise. RNN models exhibited good performance in easier classification and
estimation of loads, giving good indication of how sequential models can be applied to
detect UAVs.

The research points to the applicability of real-time prediction of distances via UAV, with
a recognition for the necessity of a larger acoustic dataset to make the system applicable
and scalable to a wider scope. Future steps will include collecting a larger and more
diversified set of audio data, including an expanded set of UAV types, flight regimes, and
noise levels, to increase the robustness of prediction models. Future research could also
investigate how to integrate additional sensor modalities, including visual data streams
from cameras or radar signals, into detection systems to further increase the accuracy and
dependability of UAV detection. Integrating various types of sensors with deep learning
models presents a promising future area of research, potentially enabling multi-modal
detection systems with enhanced capability to detect and track UAVs in ever-more so-
phisticated and dynamic environments. Eventually, as this research has proven promising
for deep learning for prediction of distances for UAVs, there is a need for future research
to improve these models to make them applicable for real-time usage in various practical
environments. Nevertheless, the results build a firm basis for future developments of
autonomous systems for UAV detection, and offer insightful understanding of challenges
and possibilities for them.

6.2 Limitations

This study has a number of drawbacks even if it provides insightful information about
UAV detection and distance estimation by deep learning-based audio analysis. The mod-
els” capacity to be applied to a variety of real-world situations may be constrained by
the data’s collection under a narrow range of environmental conditions. The difficulty of
long-range detection is further highlighted by the fact that sound attenuation and back-
ground noise cause the system’s performance to decline with increasing distance. The
quality of the characteristics that are collected may be impacted by the fidelity limits that
come with using typical laptop microphones. Furthermore, whereas hybrid and ensem-
ble models improved accuracy, they also made real-time implementation on devices with
limited resources less possible due to their increasing computational complexity. Bias
and a lack of granularity in model learning may have been induced by class imbalance
and wide UAV category labelling. Lastly, the system solely relies on audio input, which
could not be enough in acoustic contexts that are noisy or unclear, indicating the need
for multimodal techniques in the future.

51



6.3 Future work

Future studies will focus on substantially augmenting the acoustic dataset to increase the
robustness, flexibility, and overall accuracy of UAV identification systems. By being fed
a greater and more heterogeneous pool of sound samples, the models will be familiarized
with a wider diversity of UAV sounds, including variations caused by various drone mod-
els, motor configurations, flight altitudes, speeds, environmental conditions, and flight
patterns. This more comprehensive dataset will allow the deep learning models to gener-
alize better, minimizing overfitting to the limited situations present in the current data.
This extended data addresses already revealed limitations—most notably, the limited
number of UAV types included in the original dataset—which has a direct bearing on the
model’s performance in real-world scenarios. Drones of different sizes, configurations, and
sonic signatures will be taken into account, including hobby drones, commercial UAVs,
and stealthy surveillance drones, each with distinct sonic signatures that must be learned
by the system.

With a wider, more diverse dataset, the acoustic model will be in a stronger position to
identify UAVs in a broad spectrum of operational environments, facilitating better dis-
tance estimation in real-world conditions. Environmental factors like wind, urban noise,
and terrain, for instance, can dramatically impact acoustic perception. By training on
samples obtained in a variety of environments, both urban and rural, the model’s ca-
pacity to function reliably in noisy, cluttered, or visibility-constrained environments will
be markedly improved. This is necessary for guaranteeing robust UAV detection per-
formance in real-world scenarios like public event monitoring, border patrol, or sensitive
facility guarding.

In addition to dataset expansion, future studies also pursue the integration with other
sensor modalities into the audio-based recognition system in order to develop a multi-
modal UAV detection framework. This integration has the potential to enhance system
performance by taking advantage of complementary information. Observations based on
visual data in the form of RGB or thermal cameras can glean valuable information on the
physical position, path, and orientation of the UAV, as radar systems offer accurate mea-
surements for speed, direction, and even altitude for the UAV. This sensor data fusion, in
which multiple sensor data is combined—also known as sensor fusion—has the potential
to overcome the weaknesses of single modalities. For example, as winds or city noise
could momentarily degrade the quality of the necessary audio signals, visual or radar
sensors can remain unaffected. On the flip side, in cases like fog, smoke, or nighttime,
where visual systems are disabled, acoustic data can be unblemished.

The emergence of such bimodal or multimodal systems is a step forward toward real-
time, intelligent drone surveillance systems. They can provide improved levels of situa-
tion awareness and decision-making, necessary for numerous critical applications ranging
from military surveillance to law enforcement, border patrol, disaster relief, and envi-
ronmental surveillance. The application of deep learning algorithms for processing and
interpreting multimodality in real time is going to be instrumental in improving detection
accuracy, eliminating false alarms, and facilitating predictive analytics. For instance, a
multimodal system could be able to anticipate a drone’s future path based on previous
patterns of sound, visual tracking data, and radar velocity data, allowing for reactive
countermeasures.

Moreover, the systems can be created in a scalable form that can be deployed in differ-
ent environments such as stationary monitor stations, mobile ground, or even air-based
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platforms. This scalability gives the opportunity for large-scale rollout in a variety of
industries ranging from agricultural or infrastructure inspections to search-and-rescue
scenarios as well as wildlife tracking. The system architecture can also be made flexible
through modularity so that it can be easily upgraded with emerging sensor technologies
as they become viable, thereby maintaining long-term sustainability and ongoing perfor-
mance enhancement.

The study also highlights the need for training these models with high-quality, diverse
data, which is directly obtained in representative real-world environments. Not only will
this increase the model’s accuracy and robustness, but it also offers valuable information
on how such systems can be deployed in moderately noisy environments. High-noise en-
vironments may be challenging for systems based on sound, but they can be effectively
dealt with in the presence of proper data pre-processing techniques, denoising algorithms,
and multimodal sensor approaches.

Eventually, the infusion of smart prediction models, backed by sophisticated machine
learning and deep learning methods, is expected to dramatically improve the functional-
ity and reliability of UAV detection systems. In the future, such systems are bound to be
highly autonomous, with the capacity for ongoing learning, flexible behavior, and real-
time decision-making with less or no supervision from humans. These technologies will be
critical for addressing increasing worldwide demand for safe, efficient drone surveillance
systems, guaranteeing safety, compliance, and efficiency in a broad spectrum of sectors.
Overall, the future vision outlined calls for a comprehensive advancement of drone de-
tection technologies, from starting with dataset expansion through to the realization of
intelligent, scalable, multimodal systems that can operate in real-world environments.
The method promises to bring scientific concepts in acoustic drone detection from the
laboratory into practical reality with far-reaching social and industrial implications.
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