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Abstract—Amidst the rising popularity of unmanned aerial
vehicles (UAVs) in various areas such as recreational videogra-
phy, but also surveillance and warfare, the need for advanced
techniques to detect and localize drones has become increas-
ingly crucial. Conventional monitoring methods, such as radio
frequency (RF) tracking, often face significant challenges as they
rely on active signal transmission, which may be absent in
autonomous drone operations. This creates a critical demand
for passive, non-line-of-sight identification methods. In this pa-
per, a localization program for drones is introduced that works
solely based on acoustic signals. Our system, BATradar, utilizes
a specialized three-step pipeline comprising Time Difference of
Arrival (TDOA), Direction of Arrival (DOA), and multilateration
algorithms. By leveraging Recurrent Neural Networks (RNN)
and Mel-frequency Cepstral Coefficients (MFCCs), the engine is
designed to reliably identify unique acoustic signatures even in
environments with low signal-to-noise ratios. Our experimental
evaluation demonstrates that a Recurrent Neural Network (RNN)
architecture achieves a detection accuracy of over 99% in quiet
environments and remains robust under low signal-to-noise
conditions. However, while the system shows high precision
for distinct sounds, the results for monotone drone signatures
highlight physical limitations of TDOA-based localization with
low-budget equipment in narrowband scenarios, suggesting a
need for a combination of RF and acoustic localization in future
applications.

[. INTRODUCTION

The idea of Unmanned Aerial Vehicles (UAVs) dates
back to the early 20th century, with early pioneers such
as Nikola Tesla envisioning remotely controlled devices
as early as 1898, followed by the development of the
"Kettering Bug" during World War I [I]. In recent years,
drones have increased in popularity not only in recreational
videography but also in areas such as surveillance or war-
fare. This growth has also impacted the demand for anti-
drone systems such as Drone-Detection Systems. As drones
become smaller and more agile, traditional monitoring
methods often face significant challenges. Radio frequency
monitoring relies on active signal transmission, which may
not be present in autonomous or "dark" drone operations.
This creates a critical need for passive, non-line-of-sight
identification methods that can reliably detect targets based
on their inherent physical characteristics.

The motivation for this research stems from the increas-
ing security risks posed by unauthorized drone activity in
sensitive airspaces, such as airports, industrial complexes,
and public events. By focusing on the unique acoustic

sound of drones, we investigate the usefulness of a lo-
calized sensing engine designed to detect and pinpoint
unauthorized aerial activity. Acoustic sensing offers a cost-
effective, passive alternative that can operate in diverse
environmental conditions where other sensors might fail.
This paper explores new technologies and documents the
design and implementation of a specialized system uti-
lizing acoustic localization. By bridging the gap between
simple detection and precise spatial localization using only
microphone arrays, we propose an engine that combines
detection and localization solely based on acoustic signals.

The remainder of this paper is structured as follows:
Section [lI] reviews related work in acoustic-based drone
audition, comparing traditional digital signal processing
with modern deep learning architectures as well as other
sectors where acoustic localization is utilized. Section
describes the design and implementation in detail, covering
the hardware configuration and the three-step pipeline
involving Time Difference of Arrival (TDOA), Direction
of Arrival (DOA), and multilateration algorithms for the
localization step. It also highlights our implementation of a
detection system to classify sounds and thus detect drones.
Evaluation of the obtained results is provided in Section [V}
Finally, Section |[V| concludes the paper with a summary of
findings, and conclusions we took from working on this
project over the whole semester. It also highlights which
limitations or challenges we faced during our implemen-
tation of the drone localization engine. Finally, the paper
concludes potential future work, such as hybrid RF-acoustic
sensing or future interception of unauthorized drones or
UAVs.

II. RELATED WORK

Acoustic-based drone audition has, in recent years, gath-
ered significant traction, due to the potential application
in critical fields, such as search and rescue operations,
surveillance, package delivery, and airspace safety. Current
research in this field is mostly divided into two different
categories: For one, Drone Detection and Identification,
which focuses on recognizing the presence and type of a
drone, and sometimes even localizes it with the help of
radio frequencies (RF) or other methods. Secondly, Onboard
Sound Source Localization, where drones act as mobile
sensor platforms to find external sound sources.

Early approaches to drone detection relied on traditional
machine learning techniques. Jeon et al. [2] established



a foundational baseline in this domain by investigating
the performance of Gaussian Mixture Models, Convolu-
tional Neural Networks, and Recurrent Neural Networks and
showcased, that deep neural networks outperform GMMs.

Al-Emadi et al. [3], [4] in their 2019 and 2024 studies
then highlighted that these earlier approaches relying on
Digital Signal Processing (DSP) combined with SVM or
KNN required manual feature extraction and were quite
sensitive to noise. Then, by utilizing deep learning ap-
proaches, specifically RNN and LSTM architectures, they
were able to achieve a higher accuracy and better noise
immunity as they could capture temporal dependencies of
motor sounds. In their 2024 work they classified drones
through a fusion of Radio Frequency (RF) signatures and
acoustic features building a Fusion RNN architecture that
connects RF and acoustic signals which lead to a strong
noise immunity.

Additionally, in the domain of onboard sound source
localization, several studies have focused on embedding
microphone arrays directly onto drones to localize external
sound sources, while navigating the challenges of flight-
induced noise.

Manamperi et al. [5] investigated Direction of Arrival
(DOA) estimation using onboard microphone arrays on
drones operating under low signal-to-drone-noise ratio
(SANR) conditions. While their goal originally was to lo-
calize other sounds with a drone, their methodology for
suppressing ego-noise is very relevant for such kinds of
localization. They demonstrate, that the rotor noise domi-
nates the spectrum below 2 kHz and that the microphone
array geometry plays an important role in the localization
accuracy.

Wang and Cavallaro [6] proposed a two-stage model
(TFS-DNN) that integrates neural networks for noise sup-
pression and localization with which they outperformed
traditional SRP-DNN methods. However, in extremely low
Signal-To-Noise Ratio (SNR) conditions (below —25 db) they
noticed a performance degradation.

In a complementary direction, Hoshiba et al. [7] de-
veloped a drone-embedded spherical microphone array
system (SMAS) specifically designed for outdoor operation.
Their compact array was able to achieve a reliable locali-
zation even at signal-to-noise ratios as low as —10 dB.

Lastly, Wakabayashi et al. [8] also do localization, but
additionally find features specific to each sound source
to identify not just single sound sources, but concurrent
sources through data association.

For ground based drone localization, Chang et al. [9]
proposed a system to localize amateur drones using a Time
Difference of Arrival estimation algorithm. While their work
shows the potential of TDOA for drone tracking, it relies
on highly optimized ground-array geometries and specific
statistical priors to handle the narrowband nature of drone
signatures.

Overall, the reviewed literature mainly indicates that deep
learning-based methods, usually RNNs, achieve the best

accuracy and robustness for both detection and localization
tasks compared to traditional approaches. Most existing
studies, however, address either drone detection or acous-
tic source localization independently, which is where we
identified the gap to first detect but then localize drones
solely based on their acoustic signals with accessible hard-
ware while navigating the inherent physical limitations of
acoustic localization in dynamic environments.

TABLE I: Comparison of Related Works in Acoustic Drone Audition

Ref. Focus Method/Model Key Contribution

[2] Detection GMM, CNN, RNN Established DL superiority for temporal

audio patterns.

[3] Detection RNN, LSTM Captured motor dependencies for higher
noise immunity.
[4] Detection Fusion RNN Combined RF and acoustic signals for ro-

bust classification.

[91 Ground Loc. TDOA (Ground) Managed multipath effects using statistical

priors.

[51 Onboard Loc. DOA Estimation Identified <2kHz rotor noise as primary

€error source.

[6] Onboard Loc. TFS-DNN Two-stage model for joint denoising and

localization.

[71  Onboard Loc. Spherical Array Specialized hardware (SMAS) for low SNR

(-10dB).

Concurrent source identification via fea-
ture association.

[8] Onboard Loc. MUSIC/Assoc.

III. DESIGN AND IMPLEMENTATION

This Section describes in detail how the Drone Loca-
lization Engine was implemented in our project. While
there are existing work experiments with acoustic drone
detection and also sound source location estimation, the
approach that we used for our Engine was the combination
of detection and localization of drones solely based on
their acoustic signals. The following subsections detail the
hardware configuration, the signal processing pipeline, and
the triangulation algorithms used to determine the drone’s
position.

A. Localization

MICROPHONE

ARRAY

Fig. 1: Architectural overview of the Drone Localization Engine.

To be able to determine drone locations solely based
on their acoustic signals, an array of synchronized micro-
phones were required to do the necessary calculations. (Fig.



The localization was split into a three-step pipeline for
the best results:

1) Time Difference of Arrival Calculation (TDOA):
Based on the method from Manamperi et. al [5] the
calculation of the location of the sound first requires the
estimation of the direction of arrival (DOA). To utilize
this estimation technique, the Time Difference of Arrival
(TDOA) at different microphone pairs is required. To
improve accuracy, we implemented a bandwidth filter to
filter out irrelevant noise for our engine such as High
Frequencies from 200 - 4000 HZ.

Additionally, we implemented several preprocessing steps
specifically tailored for continuous periodic drone signals.
A gentle highpass filter at 60 Hz removes low-frequency
wind noise and environmental rumble while preserving the
drone’s fundamental frequency, which typically lies in the
100-300 Hz range. To eliminate power line interference that
can cause false correlation peaks, we apply notch filters at
50 Hz and 60 Hz with a Q-factor of 30. A Tukey window
with an alpha of 0.1 was applied to each audio segment.
This ensures that the signal boundaries are smoothed,
reducing unwanted technical noise. These preprocessing
steps are particularly critical for drone signals because,
unlike distinct sounds such as claps or snaps, continuous
periodic signals are more susceptible to interference from
environmental noise sources.

Afterward, a signal processing algorithm called General-
ized Cross Correlation (GCC-PHAT) is applied to estimate
the time delay of the same signal received by two or more
microphones. For this step, it is crucial that the recordings
of each microphone are synchronized as it would otherwise
cause the calculation of the TDOA to be distorted. To
create the TDOA microphone pairs, one microphone from
the array is designated as the "reference" microphone.
This reference is compared against each corresponding
microphone signal, yielding three TDOA values in total.
Using Fast Fourier Transform (FFT), the audio signals are
converted from the time domain to the frequency domain
(Fig. [2]) for computational efficiency.

signal | .

signal
amplitude |11

| amplitude )

Frequency domain

h J

P

time

frequency

Time domain

Fig. 2: Time and Frequency Domain

The GCC-PHAT algorithm normalizes the amplitudes

to make it more robust against reverberation in enclosed
spaces. By ignoring the volume (magnitude) of the sound,
the algorithm focuses solely on the phase information.
The phases from the two microphone recordings are
compared, and the resulting difference is calculated within
the cross-spectrum.

cross_spectrum = FFT1-FFT2"

Cross_spectrum
|cross_spectrum|+1e—10

normalized_cross_spectrum =

Finally, to improve accuracy even further, an interpo-
lation technique is applied. As the system records audio
at a fixed sample rate, a sound wave may arrive at a
microphone at any arbitrary time, often falling between two
discrete sampling intervals. By utilizing the magnitude of
the detected discrete peak yjand its immediate neighbors
Yo and y», a parabolic fit is used to estimate the fractional
sample offset 6:

Yo— )2
Yo=2y1+y2

The standard GCC-PHAT approach works well for distinct
sounds, however drone acoustic signatures are charac-
terized by clear, repeating sound patterns that occur at
regular intervals from propellor rotation, which is why we
developed an enhanced TDOA calculator that processes
multiple frequency bands separately. The audio spectrum is
divided into five bands: 80-200 Hz (fundamental frequency
range, weight 1.0), 200-400 Hz (first harmonic, weight 0.9),
400-800 Hz (second harmonic, weight 0.8), 800-1600 Hz
(higher harmonics, weight 0.6), and 1600-3200 Hz (upper
range, weight 0.4). Each band is processed independently
through GCC-PHAT, and then the resulting TDOA estimates
are combined using adaptive weights that depend both
on the base weights mentioned above and the measured
signal-to-noise ratio and correlation quality. Bands with
SNR below 3 dB are automatically excluded to prevent noise
from corrupting the final TDOA estimate.

2) Direction of Arrival Calculation (DOA): After having
calculated TDOA values, we are now able to determine
the direction of arrival of the source sound. The direc-
tion is defined by the azimuth angle, which describes the
horizontal orientation measured counterclockwise from a
reference direction. We chose the x-Axis as starting angle
(0°). Each TDOA defines a hyperbola of possible source
locations which are then converted into range differences
(Ad;).

6=05-

Ad; = TDOA - v,

A least-squares problem is then solved to identify the
point that best fits all TDOA measurements. This result
is represented as a 2D position vector, which is used
to compute the azimuth angle, providing the horizontal



direction of the source.

3) Multilateration Calculation: Multilateration is a
positioning technique used to determine the location
of an object by measuring the difference in distance to
several known receivers which in this case are the four
microphones in the array. Unlike basic DOA estimation,
which only provides an angle, we used the known fixed
coordinates of each microphone to interpolate the source’s
absolute position. This process effectively transforms the
raw acoustic data into comprehensible spatial coordinates.
This last step utilizes both previously calculated values
for TDOA pairs and DOA. We first align the TDOA values
relative to a reference microphone and convert them into
range differences, Ad;, by multiplying the time differences
by the speed of sound v =343m/s exactly as in the DOA
calculation.

To ensure the optimizer converges correctly and avoids
local minima, we implemented an intelligent search ini-
tialization. If a DOA estimate is available, the algorithm
projects a vector from the array center along the estimated
azimuth to set an initial guess py. We then defined a
combined residual function that the solver iteratively min-
imizes. For each microphone i, a TDOA-based error e;(p)
is calculated using the formula:

ei(p) = vw;-((lp—mill =l p— myerl) — Ad;)

where p = (x, y) represents the candidate source position,
m; and m;.s are the fixed coordinates of the microphones,
and w; represents optional quality weights used to prior-
itize reliable sensor data. To further enhance robustness
against noise, we implemented an additional penalty term,
epoa(p), which is appended to the error vector as:

epoa(p) =1ad(A0) - I'max - Wpoa

In this equation, A6 is the angular deviation between
the candidate position and the measured DOA bearing,
Tmax is the maximum array radius used to scale the
angular error into a distance-equivalent magnitude, and
wpoa is a weighting factor. Finally, the combined vector
of residuals E = [ey, ..., e;-1,ep04] is passed to a non-linear
least_squares solver that adjusts p starting from pg until it
finds the optimal spatial coordinates that best satisfy both
the timing and directional data. The optimization employs
a trust region reflective algorithm with a soft L1 loss
function to provide greater robustness against outliers than
standard L2 loss. To avoid convergence to local minima,
the initial guess po is determined through an intelligent
search strategy: the algorithm projects a unit vector from
the array center along the estimated azimuth angle to a
distance of 70% of the maximum search radius, ensuring
the starting point is both physically plausible and aligned
with the directional information.

4) Alternative Localization Approaches: During our devel-
opment phase, we additionally experimented with several
alternative localization methods to identify the most suit-
able approach, even if the recommendation by our advisors
was to use a TDOA-based approach. With Beamforming
(SRP-PHAT) we tried to implement a steered response
power approach that searches over a grid of candidate
source positions, computing the sum of pairwise GCC-
PHAT correlations for each position, which is quite expen-
sive computationally. Also, we tried the so called MUSIC-
algorithm, which is a subspace algorithm that decomposes
the signal covariance matrix into signal and noise subspaces
through eigendecomposition. The algorithm then searches
for source positions whose steering vectors are orthogonal
to the noise subspace, which would have required more
high-quality microphones for reliable performances. Lastly,
we also tried a Harmonic SRP-approach, which extends
beamforming by first detecting the fundamental frequency
of the drone through autocorrelation or harmonic product
spectrum methods, then creating a frequency mask that
focuses correlation on the detected propeller harmonics.

B. Detection

For our drone detection system we experimented with
different machine learning techniques to distinguish drone
audio from non-drone audio. This section details the data
acquisition pipeline, our preprocessing techniques, and the
feature extraction methodology used.

1) Data Acquisition and Dataset Composition: The first
step necessary for our drone detection was to generate a
dataset with both drone and non-drone sounds. For that
we used the public dataset by BowonY on GitHub [I0],
containing 1,332 drone and 10,372 "unknown" audio clips.
Recognizing, that this pre-existing dataset lacked specific
rotor characteristics and specific background noise profiles,
such as talking, we expanded the training set with our own
custom recordings of two different additional drones, with
various background noises, as well as additional not-drone
sounds.

This was important, as in the beginning in the presence
of non-stationary background noise, such as human speech,
we were not able to successfully detect the drone, which
we then mitigated by simply expanding the training dataset
with audio files, where we are simply talking over the drone
for example.

2) Signal Preprocessing and Standardization: Each audio
clip is fixed to a duration of exactly one second. This was
already the case with the pre-existing dataset, and we chose
to go with it, as this window size is an optimal trade-off
between spectral resolution and computational efficiency —
there is enough time to capture rotor harmonics while mini-
mizing the latency of real-time inference. Small inaccuracies
are handled either per zero-padding or trimming, to ensure
a fixed-size input for the neural network architectures.

Furthermore, input signals are resampled to a 16 kHz
mono format. Again, this was the case with the pre-existing



data and again it makes sense, as according to the Nyquist-
Shannon sampling theorem, this rate allows for the accu-
rate representation of frequencies up to 8kHz into which
most drones fall, while higher sample rates would mostly
add ultrasonic detail that would not significantly improve
detection performance.

3) Feature Extraction: In our project we experimented
with different machine learning architectures, and used
two distinct feature extraction pathways depending on the
concrete architecture.

a) MFCC-Features(SVM, DNN, KNN, GMM, RNN): For
most of the models we tested, we employ Mel-frequency
Cepstral Coefficients (MFCCs), which are effective at captur-
ing the spectral envelope of non-stationary signals. These
features capture the phonetic information of audio and are
commonly used in speech recognition and audio analy-
sis. They provide a compact and robust representation of
acoustic patterns such as motor noise, propeller harmonics,
and mechanical vibrations, making them well suited for our
drone detection audio analysis.

We extract 40 static MFCC coefficients to represent the
instantaneous spectral shape, and also compute their first-
and second-order deltas (derivatives) to model velocity and
acceleration of spectral changes over time.

By computing the mean and standard deviation, we
aggregate these 120 features (40 coefficients x 3), resulting
in a 240-dimensional feature vector that we can then use
for our detection.

b) Log-Mel Spectrograms (CNN): For the Convolutional
Neural Network (CNN) architecture, we instead use Log-
Mel-Spectrograms. The audio is converted into a 64x100x1
image-like representation, which preserves the spatial-
temporal relationship of the sound, allowing the CNN to
learn patterns in the time-frequency similar to how an
image recognition model would identify edges and textures.

IV. EXPERIMENTAL EVALUATION

A. Detection

In this section, we evaluate the results we were able to
achieve and explain why specific results did or did not
match our original intention.

Starting with the detection, we achieved astonishing
results. To provide a comprehensive assessment of the
models, we first focus on Accuracy, Precision, Recall, and
the F1-Score [} which can be calculated by using the
confusion matrices 8l

Fig. 3: Confusion Matrices

Accuracy: Measures the overall percentage of correct
predictions (both drone and non-drone)

Precision: Quantifies the reliability of a positive drone
detection

« Recall: Measures the ability to detect all drones present
in the audio

F1-Score: The harmonic mean of precision and Recall,
serving as a single performance metric for imbalanced
data scenarios

.

Fig. 4: Metrics Comparison

The RNN architecture using MFCCs achieved the highest
performance across all metrics. This confirms that the tem-
poral evolution of audio signals is a the most discriminative
feature for identifying drone signatures. This result directly
corroborates the findings of Al-Emadi et al. [3], [4], who
demonstrated that deep learning approaches significantly
outperform traditional DSP methods reliant on manual
feature extraction.

Additionally, looking at the ROC curves and the
Precision-Recall curves [6] you get the same result.
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Fig. 6: Precision Recall Curves

The primary advantage of RNNs, and the reason why they
perform better than other architectures, lies in their ability
to process sequential data which allows them to preserve
a temporal structure. The result: we were able to perfectly
detect drones solely based on their acoustic signals even
with a low signal-to-noise ratio.

B. Localization

In the localization domain, our system demonstrated
a high precision when processing sharp, distinct sounds
such as hand claps [7| However, it encountered substantial
difficulties when attempting to localize continuous drone
signatures

Fig. 7: Clap Audio File

s

Fig. 8: Drone Audio File

Impulsive signals are broadband transients that produce
clear, unambiguous cross-correlation peaks. This is why our
TDOA-based algorithm worked well to calculate relative
delays between microphones with near-perfect accuracy,
resulting in reliable triangulation of the source position with
minimal angular error.

In contrast, the localization of drone signals unfortu-
nately yielded arbitrary and inconsistent results. This per-
formance gap is tied to the limitations that a TDOA-based
approach brings with it when applied to the periodic,
narrowband signatures typical for drones. This aligns with
the spectral analysis by Manamperi et al. [5], who noted
that rotor noise dominates the frequency spectrum below
2 kHz. This narrowband dominance worsens the "cycle
jumping" phenomenon, where multiple correlation peaks
appear equally valid due to the periodic oscillation of the
propellers, leading to arbitrary coordinate estimation. Fur-
thermore, while Wang and Cavallaro [6] successfully utilized
neural networks (TFS-DNN) to suppress noise and improve
localization, and Hoshiba et al. [7] achieved reliable results
using a specialized spherical microphone array (SMAS), our
approach was restricted by standard array geometry and
basic TDOA processing. Without the specialized hardware
of Hoshiba et al. or the deep learning denoising layers
proposed by Wang and Cavallaro, the disturbing Doppler
effect and lack of broadband features rendered standard
TDOA ineffective for the drone source.



This lead us to consider the alternative high-resolution
methods Beamforming, MUSIC, or Harmonic SRP, men-
tioned in the previous chapter, however several hardware
and environmental constraints made them non-viable. For
example, spatial sampling requires that microphones be
spaced no more than half the wavelength (1/2) apart from
the highest frequency being tracked.

Our findings define the upper performance limit for ac-
cessible, low-cost acoustic drone audition: Our low-quality
microphones and the setup in general did not allow us to
meaningfully pursue these other approaches.

Consequently, while the project successfully demon-
strated robust acoustic identification, the transition to pre-
cise acoustic localization remains restricted by the physical
and mathematical limitations of the current TDOA-based
hardware configuration.

V. SUMMARY, CONCLUSIONS, CHALLENGES AND FUTURE
WORK

A. Summary

In this paper, we attempted to develop a drone lo-
calization engine that solely works with acoustic signals,
that can be built with simple accessible hardware. Our
research began with an evaluation of existing literature
regarding acoustic sensing in search and rescue operations,
as well as the detection and localization of drones via radio
frequencies.

Building upon these methodologies, our design focused
on the combination of detection and the localization of a
drone. To determine a drone’s position, we built an array of
synchronized microphones and split the calculation into a
three-step pipeline. The first stage involved estimating the
Direction of Arrival (DOA) of the drone sound, which in turn
required calculating the Time Difference of Arrival (TDOA)
across various microphone pairs. For the computation of
the TDOA, we used an algorithm called GCC-PHAT. These
TDOA values were subsequently utilized to determine the
DOA by solving a least-squares problem to find the optimal
fit for all measurements, defining the direction through
the azimuth angle. Finally, by combining the TDOA and
DOA data, a positioning technique called multilateration is
applied to determine the location of an object by measuring
the difference in distance across the four microphones.

For the drone detection, we trained six different models
with the RNN Model achieving the highest accuracy. Re-
garding drone detection, we evaluated six different machine
learning architectures, with the Recurrent Neural Network
(RNN) model achieving the highest accuracy. To incorporate
detection of specific rotor characteristics and background
noise, a public dataset was extended with additional record-
ings. Each audio clip is fixed to a duration of exactly one
second as this window size is an optimal trade-off between
spectral resolution and computational efficiency.

B. Conclusions

The TDOA-based approach with our hardware con-
straints proved insufficient for the reliable localization
of drones as the signals often looked identical. Drone
emissions are classified as narrowband signals, which lack
the sharp temporal transients (edges) necessary for high-
precision TDOA estimation. However, we can perfectly lo-
cate sharp sound sources based on their acoustic features
if there is only a single distinct sound and if the sound
remains inside the microphone array, as this is the area
where TDOA calculation works best. In contrast, we were
very successful concerning drone detection solely based on
their acoustic signals. We managed to achieve a detection
accuracy of 99% and higher in a quiet environment. Even
under conditions with a low signal-to-noise ratio, the RNN
model maintained a robust performance with an accu-
racy of at least 80%. While we sometimes had occasional
successful trials, the limitations of our localization engine
and available hardware resources prevented consistent and
reliable feedback. We therefore conclude that additional
input, such as radio frequencies or comparable data, are
essential to achieve precise drone localization and, more
importantly, do it reliably over longer distances and differ-
ent environments.

C. Challenges

Throughout the project, we faced several challenges that
impacted our progress. One of the primary obstacles was
the lack of a functional drone until eight weeks after we
began developing the localization engine. This delay forced
us to seek alternatives for our initial testing, which is why
our first localization trials were conducted using hand-claps
instead of drone signatures.

We also faced substantial hardware limitations, partic-
ularly regarding the synchronization of our microphones.
Because they lacked a shared hardware clock, the Time
Difference of Arrival (TDOA) calculations were frequently
distorted and inaccurate. Further complicating the setup
was an issue with the Raspberry Pi’s USB architecture. From
a software perspective, the USB slots were not consistently
mapped; for instance, plugging a microphone into the top-
left USB port did not guarantee it would be recognized
as the top-left sensor in our 2 x2 array. This inconsis-
tent indexing required constant manual verification and
troubleshooting to ensure the spatial coordinates in our
algorithms matched the physical microphone placement.

In the beginning, the Raspberry PI did not provide
enough computational power for our detection models
which forced us to invest a substantial amount of time
into optimizing the models which diverted our focus from
further progressing in other areas of the project. All in
all, overcoming these cumulative challenges was a valuable
learning experience. It helped us expand our knowledge
for the hardware used but it was also a leading factor in
us not being able to realize the localization engine that we
had envisioned at the start.



D. Future Work

Based on the results and limitations identified in this
study, several paths for future research emerge. A primary
objective is combining acoustic data with radio frequency
(RF) analysis. Since acoustic TDOA calculations struggle
with the narrowband characteristics of drone rotors over
long distances, integrating RF signals could provide the
necessary precision for reliable tracking. Such a hybrid
system would leverage the strengths of both methods.
Furthermore, the transition from stationary microphone ar-
rays to mobile sensing represents a significant evolutionary
step. By mounting synchronized microphone arrays onto
drones, the system’s operational range could be expanded
substantially. These mobile UAV’s would not only cover
larger geographical areas but could also actively minimize
the distance to the target, thereby maintaining a high
signal-to-noise ratio and improving the performance of the
RNN-based detection models. Ultimately, the refinement of
these localization techniques serves as the foundation for
moving beyond passive monitoring toward active intercep-
tion. Once a drone’s position can be determined with high
reliability in real-time, the system can be integrated with
automated response protocols such as signal jamming or
physical capture.
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APPENDIX
Code Implementation

The implementations of our proposed framework and
experimental evaluations are publicly available on GitHub:

https://github.com/BP-BATradar/BATradar] (final version
[uses localization for impulse sounds, so reliable results
can be reproduced in that domain at least])

https://github.com/BP-BATradar/ TDOA-DOA
localization experiments)

(drone

https://github.com/BP-BATradar/drone-classification
(drone detection experiments)
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