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Optimized TDOA-based Drone Localization With
Distributed Microphones

Rigel P. Fernandes, José A. Apolindrio Jr., Julio Cesar Duarte, and José M. de Seixas

Abstract—Accurately localizing drones in complex environ-
ments remains a significant challenge, with important implica-
tions for defense, law enforcement, and autonomous systems. This
study addresses the problem of estimating drone localization in
environments characterized by strong reflections and background
noise. We employ Time Difference of Arrival (TDOA) techniques
for localization estimation and compare them with a specialized
machine learning regression model. While previous works have
considered neural networks for audio source localization, these
methods often suffer from limited generalization across different
environments. To address this, we propose a novel method that
enhances the TDOA vector by incorporating both primary and
secondary peaks of the cross-correlation, guided by the Zero
Cyclic Sum condition. Additionally, we introduce optimization
strategies that selectively reduce the number of TDOA inputs
based on a least-squares cost function. We present a comparative
analysis of TDOA-based optimization techniques with a machine
learning method that utilizes the environment’s reverberation
fingerprint as input features for training. Experimental results
demonstrate that the proposed TDOA-based method achieves
a localization accuracy of 0.5540.35 meters, showcasing its
effectiveness and practical applicability in challenging acoustic
environments.

Index Terms—Drone localization, TDOA, Zero Cyclic Sum,
logistic regression.

I. INTRODUCTION

ARGET localization problem holds significant impor-

tance across different domains, ranging from academic
research to defense applications and industry, including sce-
narios such as underwater target localization [1, 2, 3], shooter
localization using drones [4, 5, 6, 7], and target localization
using radiofrequency signals [8]. A recent challenge in this
field is the accurate localization of quadcopter drones, which
are increasingly used for diverse applications such as aerial
surveillance [9], search and rescue missions [10], and envi-
ronmental monitoring.
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Previous methods in target localization have considered both
simulated and real-world signals. For instance, Apolinario Jr.
et al. [11] proposed a data-selective approach to estimate the
localization using simulated data. In our latest work [12],
we observed that TDOA measurements, estimated as the
primary peak of the cross-correlations (i.e., the peak with
the highest amplitude), were inadequate in highly reverberant
environments, making them less reliable. Conversely, He et al.
[13] proposed collaborative localization schemes, i.e., the use
of drones equipped with speakers that emit pseudo-random
noise (PRN) pulses to improve detection and localization
accuracy. PRN pulses are orthogonal and statistically indepen-
dent, allowing for clear separation and identification of signals
from multiple drones, thus facilitating concurrent detection
and localization. Wang and Hu [14] explored a decentralized
framework for geometry calibration in acoustic transceiver
networks, employing Direction-of-Arrival (DOA) and TDOA
measurements. This framework addresses the challenge of
inconsistencies among local coordinates by implementing a
distributed consensus approach to map local coordinates to
a unified global system. The proposed method has been
validated through numerical simulations.

Other related works [15] focused on drone localization in in-
door environments using acoustic-inertial measurements. Zhao
and Chen [16] employed a Spatial-Temporal Graph Convolu-
tional Network for localizing acoustic sources in composite
panels. Zhang et al. [1] explored multifunctional wearable
patches that integrate sensing and communication capabilities.
Additionally, Melchiorre et al. [2] discussed Al-enhanced
acoustic emission techniques for crack source localization.
Xiang et al. [17], Jia and Feng [18] covered the far- and near-
field source localization, with a focus on multi-station passive
radar systems and the use of DOA and Time of Arrival (TOA)
measurements. A factor graph-based geolocation and tracking
network using the Extended Kalman Filter is presented by
Jiang et al. [19], while Yang et al. [20] introduced a TDOA-
FDOA-based target localization method. Additionally, Gola
and Arya [3] provided a comprehensive review of underwa-
ter acoustic sensor networks, covering various aspects from
applications to localization methods.

In another previous work [21], we investigated the use of
TDOA measurements to estimate the DOA of drones. Building
on this foundation, the present work introduces techniques
to address the time delay estimation problem, particularly
in scenarios where the primary peak does not correspond
to the correct time delay. To improve localization accuracy,
an optimization step is introduced to discard TDOA values
that do not minimize the cost function. Additionally, the Zero
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Cyclic Sum (ZCS) cost function is evaluated, enabling the
integration of both primary and secondary peaks into the drone
localization process.

Prior studies on direction-of-arrival estimation partially in-
spire the algorithms used in this work under the ZCS con-
dition [21, 22] and on TDOA selection strategies to mitigate
noisy or inconsistent delay measurements [23, 24]. However,
unlike these earlier approaches, the present study introduces
several new contributions specifically tailored for drone lo-
calization with distributed acoustic sensors. This work makes
the following five-fold contributions to the problem of drone
localization using distributed microphones in reverberant en-
vironments:

1) integration of ZCS with an LS-based algorithm, en-
abling the exploitation of secondary peaks of cross-
correlations while simultaneously rejecting inconsistent
TDOAs through LS cost minimization;

2) introduction and evaluation of selection strategies, Ex-
haustive Search (ES) and Greedy TDOA Selection (GTS),
designed to progressively refine the set of delays and
improve localization accuracys;

3) validation of these algorithms with experimental trials in
a highly reverberant environment with a real drone and a
distributed microphone array;

4) comparative analysis with a neural network approach,
showing that while data-driven methods can achieve
superior accuracy, our proposed solutions offer robustness
and generalization without requiring prior training; and

5) achievement of sub-meter accuracy in highly reflective
scenarios, which underscores the potential of the methods
for real-time deployment in embedded systems for UAV
monitoring.

The remainder of the paper is as follows. Section II formu-
lates the drone localization problem using acoustic signals, in-
cluding the underlying assumptions and a detailed description
of the dataset employed in this study. Section III introduces
the proposed localization method. Section IV presents and an-
alyzes the experimental results. Finally, Section V summarizes
the key findings and outlines directions for future work.

II. THE TARGET LOCALIZATION PROBLEM

This section defines the problem addressed in this work,
outlines the underlying assumptions, describes the TDOA
estimation challenge, presents the localization geometry, and
the conventional localization algorithms. The goal here is
to establish an understanding of the context and constraints
within which the proposed techniques operate.

A. Problem statement and assumptions

For the three-dimensional target localization problem, it is
assumed that the target, represented by the unknown position
vector p, corresponds to a hovering drone located within the
spatial bounds defined by a distributed microphone array. We
also assume exact observer positions ry during the observation
time in the simulated and experimental phases. The following
assumptions are made in this study:

In this scenario, with a poor GPS signal, the estimated
position p of the drone can vary over time due to
drift, hovering dynamics, or low-accuracy localization,
leading to small deviations from the true position p. By
constraining the drone to hover at a fixed location, these
variations remain minimal, enabling a more accurate and
reliable estimate of the ground truth position compared
to a moving drone;

The microphones are synchronized, and their positions
r; are known with high precision for both simulation
and experimental phases;

The acoustic signal propagates in a homogeneous
medium with a constant and known speed of sound, v,
considered as 343 m/s; and

Multipath propagation and environmental reflections can
cause multiple peaks in the cross-correlation functions
used for TDOA estimation. Notably, the primary peak
may not always correspond to the true line-of-sight
propagation delay, thereby increasing the difficulty of
identifying the correct TDOA and, consequently, the
localization process.

B. Localization geometry

Fig. 1 depicts the geometry of the TDOA-based localization
estimation methods. Adjs is an example of one measure
between pairs of microphones that can be explored to localize
acoustic sources. This distance is estimated using the cross-
correlation function [21].

y (inm) SENSOR M

SENSOR 1

SENSOR 2

SENSOR m

z (in m)

Fig. 1. Geometry of TDOA-based localization methods.

It should be noted that the target should not be distant from
the center of the microphones, as discussed in [11], where a
data-selective LS solution was proposed. This approach em-
phasizes that the accuracy of TDOA-based methods decreases
when the source lies outside the microphones. Thus, ensuring
that the emitter remains within or close to the microphone
setup is essential for achieving reliable localization perfor-
mance. This requirement does not imply prior knowledge
of the emitter’s position; instead, it serves as a deployment
guideline, meaning that the monitored or protected region
should be strategically placed inside or near the microphones
to enhance estimation results.

C. Conventional localizations algorithms

The conventional least-squares (LS) solution can estimate
the position of the source [11] using:
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where A is defined as follows:
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where M denotes the total number of microphones in the
acoustic array, p,, is the position of the m!”" microphone, and
b, is defined as:
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which elements by, are given by:
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and the corresponding distance difference Ad;; (in meters) is
then calculated as:

blm =

T, ij
fs
where the TDOA between microphones 4 and j, denoted as
Tij» is expressed in samples, v is the speed of sound, and f;
is the sampling frequency of the recorded signals.

The extended LS solution, also a TDOA-based solution,
uses all the possible peaks of the cross-correlations. This
solution [25] can be achieved using:

Adij =

®)

D" dydy...dy 1] =(ATA) *ATb, (6)

where, in this case, A is defined, with all distance measures
from all cross-correlations as:
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and vector b is defined as:

by = [ biz biz--bins bas boa-bonr-brrar 1) |- (8)

The key element for estimating localization is 7;;, the
TDOA between microphones ¢ and j. In ideal conditions,
without noise, 7;; can be estimated accurately, leading to a
precise calculation of the source location. However, in real-
world scenarios, background noise can interfere with the

correct estimation of 7;;, resulting in a noisy estimate 7;;.
Additionally, in environments with strong reflections, the true
delay may not correspond to the maximum peak of the cross-
correlation function, further complicating the localization ac-
curacy, as denoted in Fig. 2.

D. Time Difference of Arrival Estimation Problem

Fig. 2 illustrates the cross-correlation issues that can arise in
multipath environments. The cross-correlations shown pertain
to the seventh and eighth microphones, with a maximum delay
of 649 samples between the center (zero delay). Analyzing
these cross-correlations can help researchers create new strate-
gies to identify the most relevant peaks among numerous
possibilities. Initially, a peak can be defined as a sample with
a higher amplitude than its adjacent samples. However, this
method may not effectively capture samples that span signif-
icant portions of the cross-correlations, potentially resulting
in the selection of many closely spaced peaks. Therefore,
an additional processing step is required to identify the peak
whose amplitude is greater than that of its neighboring points.

III. DESIGNING AN ACOUSTIC-BASED TARGET
LOCALIZATION SYSTEM

The ZCS condition is used to derive a cost function to
minimize the DOA estimation error, and the TDOA selection
algorithms use a least-squares solution to measure the coher-
ence of TDOAs for the estimated localization p.

A. Integration with Localization Pipeline

To validate the effectiveness of the ZCS method in selecting
meaningful subsets of TDOA measurements, we integrated
ZCS with two distinct localization strategies: GTS and ES.
The objective was to determine whether the TDOA subsets
returned by ZCS contribute to more accurate localization re-
sults compared to using all available TDOAs. The localization
pipeline was organized as follows:

Step 1 — TDOA Subset Selection using ZCS: ZCS was
applied to the complete set of pairwise TDOA mea-
surements to identify a subset that satisfies a predefined
consistency criterion based on the behavior of ZCS in the
residuals of estimated positions. This step is designed to
eliminate outlier measurements and reduce the impact of
multipath and synchronization errors.

Step 2 — Position Estimation: Two localization techniques
were then independently applied to the selected TDOA
subset. (1) ZCS + GTS: the Greedy TDOA Selection
algorithm was used to compute the source position by
minimizing the nonlinear least-squares error between the
observed and predicted TDOA values. (2) ZCS + ES:
an Exhaustive Search over a discretized grid of possible
source locations was conducted to find the point that
minimizes the TDOA residual error.

Step 3 — Performance Evaluation: The estimated positions
obtained using both ZCS + GTS and ZCS + ES pipelines
were compared against ground-truth source locations. The
goal was to determine whether the TDOA subset identi-
fied by ZCS led to more accurate or robust localization.
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Fig. 2. Peak extraction process. (a) cross-correlation from microphones 7 and 8

Time (in samples)

Time (in samples)

®

with the drone hovering in position 5, (b) the same cross-correlation with the

peaks detected, i.e., a peak is the sample that has a higher amplitude than the two nearest neighbors, (¢) simple peak extraction method (sample amplitude
greater than the other two closest peaks), the true peak estimation is the 4th highest peak, (d) example where the theoretical delay is the peak with the highest
amplitude. (e) example where the theoretical delay is closer to the 7th peak (f) example where the theoretical delay is closer to the 9th peak

Additionally, this evaluation allowed us to assess whether
ZCS consistently selects high-quality subsets that mini-
mize the localization error across different algorithms.

Therefore, a total of seven TDOA-based localization strate-
gies are evaluated. These strategies result from combining the
above-mentioned different cost functions (LS or ZCS) with
different TDOA selection mechanisms (ES and GTS). All
combinations of techniques devised in this work are described
below:

The Conventional LS estimates the source position directly
using one microphone as reference and the respective TDOAs.
No selection or robustness mechanism is applied.

The Extended LS is an enhanced LS formulation capable
of incorporating all available TDOAs, even when they lead
to an overdetermined system, improving solution stability and
reducing sensitivity to measurement inconsistencies.

LS-ES applies the LS cost function to all C' combinations
of n elements. The solution yielding the minimum LS cost is
selected. This method explores the complete solution space,
offering high accuracy at the expense of increased computa-
tional complexity.

LS-GTS iteratively removes the TDOA that most reduces
the LS cost function. Unlike ES, which tests every com-

bination, GTS performs a structured and computationally
efficient reduction of the TDOA set while preserving the most
consistent delays.

ZCS-LS uses the ZCS condition, which is first applied to
filter out delays that violate loop consistency. The reduced set

of TDOAs is then refined through LS localization, improving
performance under multipath and reverberation conditions.

ZCS-LS-ES combines ZCS-based selection with exhaus-
tive LS evaluation across all candidate peak combinations to
consider not only the primary peaks, but also the secondary
peaks of the cross-correlations. After considering primary and
secondary peaks, an ES stage is applied to evaluate all C'
combinations of n elements.

ZCS-LS-GTS combines ZCS-based selection with exhaus-
tive LS evaluation across all candidate peak combinations to
consider not only the primary peaks, but also the secondary
peaks of the cross-correlations. After considering primary and
secondary peaks, a GTS stage is applied to iteratively evaluate
and discard the delays that do not contribute to the LS cost
function.

These strategies allow comparing the effectiveness of differ-
ent TDOA selection criteria, as well as the benefits of incorpo-
rating acoustic loop consistency before LS-based estimation.

B. Optimization methods

The proposed acoustic-based target localization method
builds upon TDOA-based optimization techniques. The ap-
proach utilizes TDOA values estimated between pairs of
microphones, as illustrated in Fig. 1. These TDOAs, calculated
using the cross-correlation function [21], serve as the primary
cues for inferring the position of the acoustic source.

To address inaccuracies inherent in noisy and reverber-
ant environments, this work introduces and evaluates three
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algorithms that operate as TDOA selection and refinement
strategies: GTS, ES, and ZCS. The core of these methods lies
in selecting an enhanced subset of TDOA measurements that
most likely correspond to the true acoustic delays between
microphone pairs. This selection is guided by cost functions
that compare the observed TDOAs to those predicted from
theoretical delays, assessing the coherence of delays according
to possible solutions in the localization space.

Our objective is to minimize the average squared error
between observed and theoretical TDOAs, or, in the case
of ZCS, enforce geometric consistency via closed-loop delay
relationships. Given an initial set of TDOAs extracted from
both primary and secondary peaks of the cross-correlation,
the proposed algorithms apply distinct strategies to filter out
unreliable measurements. The resulting refined TDOA subset
is expected to better align with the actual drone position,
thereby improving localization accuracy in such complex
acoustic environments.

C. Greedy TDOA Selection

The GTS algorithm iteratively evaluates the impact of
removing individual TDOA measurements on the accuracy
of the localization estimates. Starting with the full set of
N = (M) = MM 1 TpOAs, denoted by vector + =

2 2
[7A'12 o TAM T93...Top - - - 7A'M(M 1)], the algorithm removes
one TDOA at a time in a greedy fashion. After each removal, it
recalculates the average squared error between the estimated
TDOAs, 7;;, and the theoretical delays, 7;;, using the cost

function defined in Eq. 9.

5:%% k2, )

If the removal of a TDOA leads to a reduction in the
cost function, that TDOA is discarded. This process continues
iteratively and sequentially across all TDOAs until no further
improvement is achieved by discarding additional delays.
Although the GTS algorithm is computationally efficient, its
heuristic nature may lead to suboptimal results. The GTS algo-
rithm is similar to the Iterative Least Squares (ILS) algorithm
proposed by Lyon Freire [24]; the latter removes the TDOA
with the largest LS cost function in every iteration, while the
former removes a TDOA only if the LS cost function decreases
(a more conservative strategy). The complete procedure is
detailed in Algorithm 1.

A simplified variant of the GTS algorithm described in Al-
gorithm 1 is the one-pass GTS, which performs a single
iteration over the N available time delays. In this approach,
each delay is individually evaluated and removed only if
its exclusion results in a decrease in the LS cost function.
This variant offers the advantage of reduced computational
complexity, as it avoids the need to evaluate all delays in mul-
tiple iterations. Additionally, it explores a different trajectory
across the LS cost surface, potentially uncovering alternative
solutions that the standard iterative GTS procedure might not
reach.

Algorithm 1 GTS using LS cost - GTS-LS
Input: Full set of NV TDOA estimations, 7, and minimal
number of peaks desired p
Output: Reduced TDOA set T
T (T
Compute initial mean LS cost: £
while cost decreases and jT j > p do
cost_improved ( false
best_cost &
for each active TDOA index k where m; = 1 do
Remove temporarily TDOA number &k from 7, forming
a new subset 7°
Compute LS cost function £ using 7°
if & < ¢ then
¢ Ce
best_index C k
cost_improved  true
end if
Revert m;, 1
end for
if cost_improved then
Remove TDOA number k from 7 , updating the T
TDOA vector
&  best_cost
end if
end while
return T

D. Exhaustive Subset Search

The ES algorithm systematically evaluates every possible
combination of n TDOAs, n < N. For each candidate
subset, the average squared error between the theoretical and
observed delays is computed. The subset minimizing this cost
function is selected as the optimal configuration. Although
computationally intensive, this brute-force approach serves as
a benchmark to assess the best performance of the localization
algorithms. Algorithm 2 describes the ES procedure [26].

Algorithm 2 ES [26]

Input: Full set of N TDOAs 7 and theoretical delays T,
subset size n
Output: Optimal TDOA subset T

according to Eq. 9

criterion
Generate all combinations C of n elements from
f1,2,...,Ng

Initialize minimum cost: & C L
for each combination 7° 2 C do
Compute cost &, using Eq. 9 over T
if £ < &nin then
fmin ( &e
r 1!
end if
end for
return T

0

C
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E. Zero-Cyclic Sum

The ZCS method is based on the principle of cyclic consis-
tency in TDOA measurements. In a geometrically consistent
set of theoretical delays, the sum of TDOAs in any closed
loop must be zero. ZCS evaluates all possible loops within the
microphone network, composed of M elements, and computes
the residual sum of each loop using the observed TDOAs. A
cost function is derived from the deviation of these sums as
follows:

f=fTf = kfk? (10)
where f = Dv. The vector v contains the observed TDOA
values for all microphone pairs, and D encodes the loop-
consistency constraints among them. For the example with
M = 4 microphones, D is an L N matrix that maps
each candidate TDOA in v to a set of cyclic sum equations,
enabling efficient computation of the ZCS cost.

1 1 0 1 0 0
1 0 10 1 0
D=0 1 10 0 1 (11)
00 0 1 11
1 0 11 0 1

The (C) candidate delays (the number of primary and
secondary peaks) for each cross-correlation function, Tax;, QT€
the elements of each row of the data matrix, V. For M = 4,
which results in NV = 6, the N ' matrix V with all candidate
delays, where each row corresponds to one cross-correlation
and contains its most significant peaks, arranged in descending
order of amplitude, is defined as follows:

Ti21 Ti2,2 T12,3 Ti2,C
713,01 7132 7133 713,C

V = T14,1 T14,2 T14,3 T14,C , (12)
734,1 7342 7343 T34,C

such that each possible set of delays is a combination of delays
from each row, i.e., one per cross-correlation, denoted as the
N 1 vector v.. It should be noted that the first column of
matrix V contains the primary peak of each cross-correlation,
while the subsequent columns contain the secondary peaks.

The optimal subset of TDOAs is the one that minimizes
the total loop inconsistency. This approach is grounded in
geometry and does not require access to the ground-truth
position, making it especially valuable in practical settings
where the ground truth is unavailable. Algorithm 3 describes
the ZCS-ES-LS procedure.

IV. EXPERIMENTS AND RESULTS

This section presents the experimental setup, procedures,
and results. It includes both simulated data and real-world
signals captured from a DJI Phantom 4 drone for the acoustic-
based localization methods investigated in this study.

Algorithm 3 ZCS-ES-LS - Exhaustive search using ZCS and
LS (M=4)
Compute all C' candidate delays for every 74,4,
for k=1:N do '
Compute ry,;;,2j =12 to 34
Obtain C' candidate delays (larger peaks of Taix;)
Vk,: ( [Tij,l Tij,2 . Tv;j,c}
end for
Create a combination of time delays and compute ZCS
for k=1:S5do
P Cmap 7i;; in Vi,
f=2ZCS(P. ) Eq. 10
Pyiiw=f
end for
Compute LS cost function of the Z time delay vectors with
lowest ZCS
for k=1:7do
5 = LS(PLNJC) Eq. 9
Pyiok =¢
end for
Choose the time delay vector with the lowest £ (LS cost
function)

A. Dataset

The dataset consists of five 20-second acoustic signals
recorded using eight Behringer 800 microphones distributed
around the signal of interest (SOI) emitter, i.e., an acoustic
signal produced by the propellers of a DJI Phantom 4 drone.
The signals were sampled at a frequency of f; = 44.1 kHz.

Fig. 3 (a) depicts a 100 ms time-frequency spectrogram
of SOI, the drone noise captured in the scenario represented
by Fig. 4. Conversely, Fig. 3 (b) shows the spectrogram of
background noise recorded, i.e., a recording in the absence
of the drone noise, capturing environmental noise only. Its
spectral content is weaker and more diffuse, with low-energy
frequency components depicted by cooler colors (green to
blue). The absence of well-defined harmonic structures or
dominant peaks indicates a typical ambient noise floor.

Fig. 4 illustrates the setup used to record the noise gener-
ated by the drone. The recording positions of the drone are
described in the Tab. I.

TABLE I
POSITIONS (COORDINATES IN METERS) OF THE HOVERING DRONE

1 2 3 4 5

z 16 16 16 41 41
y 33 23 13 33 23

The setup consists of M = 8 omnidirectional microphones
distributed across the terrain to record the acoustic signals
emitted by a hovering drone. The microphones are spatially
deployed to allow localization estimation. In both simulation
and real-world experiments, the DJI Phantom IV drone hovers
at a fixed altitude of approximately 30 cm from the floor,
generating a consistent acoustic signature predominantly in
the low-frequency band due to its propeller noise.
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Fig. 3. Phantom IV drone spectrogram: (a) drone noise (b) background noise,
i.e., all noises surrounding microphones except the drone noise.

Given M = 8 microphones, a total of N = (g) = 28
microphone pairs are formed. One TDOA measurement is
estimated from each pair of microphones forming a vector
Tos 1.

This setup enables the assessment of different TDOA selec-
tion algorithms (GTS, ES, and ZCS) under both controlled
(simulated) and realistic (recorded) conditions, providing a
robust framework for evaluating and improving the reliability
of drone localization based on passive acoustic sensing. All
recordings were made with the microphones placed in the
coordinates presented in Tab. II.

TABLE II
MICROPHONE COORDINATES (IN METERS)

Mic | 1 2 3 4 5 6 7 8

T 00 00 16 66 82 82 6.6 1.6
Y 06 40 46 46 04 06 00 00

To quantify the performance of the localization methods,

Fig. 4. Set-up for the drone noise recording.

the localization error, e;,., is defined as the Euclidean distance
between the true position of the drone, p, and the estimated
position, p:

(13)

For multiple drone positions (X), the mean localization
error (MLE) is computed as

€loc = Kp f)kz .

K
1 .
MLE = — kz_jl Kpue i PiK; (14)

and the corresponding standard deviation (o) is given by

1

K
0e=1| = (KPwes Drk, MLE)”.

% (15)
=1

B. Simulation results

In the simulated environment, white Gaussian noise is added
to each TDOA measurement to emulate realistic conditions
with noisy TDOA estimations. This setup enables the assess-
ment of the robustness of the localization algorithms under
controlled conditions of noise and outliers.

Fig. 5 depicts the behavior of localization error using the
extended LS solution under TDOAs with additive noise and
introducing one and two outliers using all TDOAs. The simu-
lated TDOA values were derived from the actual microphone
geometry, assuming the drone was hovering at position five.
Fig. 5 (a) shows the effect as the additive Gaussian noise in-
creases, the localization error grows gradually, reflecting a pre-
dictable degradation in estimation accuracy due to uncertainty
in the TDOAs. Fig. 5 (b) denotes that introducing one outlier
slightly increases the estimation error, i.e., this demonstrates
that this system of equations has sufficient redundancy, and
this one outlier is diluted among the many correct delays.
Fig. 5 (c) depicts the error rising sharply with low additive
TDOA error due to the presence of two outliers. These results
highlight the importance of TDOA selection mechanisms that
are not only noise-aware but also resilient to outliers, as
even a small number of outliers can have a disproportionately
large effect on the localization accuracy. The mean TDOA
estimation error over 10 samples is approximately 0.5 m;
however, the presence of two outliers increases the average
error to 1.4 m, as illustrated in Fig. 5 (c).
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Fig. 5. Results obtained using simulated delays with additive noise, based on the dataset’s geometry and assuming the drone is hovering at position five. (a)
Localization error as a function of the standard deviation of the additive noise. (b) Localization error when introducing a single outlier, while varying the
noise standard deviation. (¢) Localization error when introducing two outliers, while varying the noise standard deviation.

Overall, the results underline two key insights. First, while
additive noise alone gradually degrades localization accuracy,
it is manageable up to a certain threshold. Second, even a
small number of outliers can severely increase the localization
error. These findings reinforce the importance of incorporat-
ing strategies such as the proposed ZCS-based cost function
and delay selection algorithms to mitigate the influence of
erroneous TDOA values and ensure more reliable localization
performance under real-world conditions.

C. Experimental results

In this section, we provide the performance of the TDOA-
based LS solutions for drone localization. We aim to highlight
the strengths and limitations of each method in terms of
accuracy and practical applicability for the drone experiment.
The LS method, which estimates the source position based on
TDOA measures between microphones, is straightforward and
does not require a training phase.

We also provide a comparative analysis with a Neural
Networks (NNs) approach that can be used to address the
challenges posed by strong reverberation in indoor environ-
ments. Apolindrio et al. [12] developed an NN-based solution
to estimate the position of an acoustic emitter. Unlike TDOA
filtering techniques, the NN approach exploits the full rever-
beration fingerprint embedded in the received signals.

The NN method uses, for each pair, the ten most prominent
peaks. These peaks are extracted from the cross-correlation
function, capturing both the time delays and their correspond-
ing magnitudes. These values form the feature vector f. It
should be noted that peaks that correspond to unrealistic
delays (e.g., distances beyond twice the room’s maximum
dimension) are excluded. The NN approach uses features
extracted from the environment’s reverberation fingerprint,
thereby allowing adaptation and improved performance under
challenging scenarios with complex reverberation patterns. By
evaluating all methods under the same conditions, we provide
a better understanding of their relative performance and the
trade-offs involved in choosing one technique over another.

The microphones are placed on tripods at fixed, known
positions throughout a strong reflection environment. The
drone is commanded to hover at known positions. Signals

are recorded synchronously across all channels using a multi-
channel audio interface.

Fig. 6 depicts the relative frequency of TDOAs used to
estimate the localization of the drone using the GTS technique,
i.e., after iteratively discarding TDOAs that do not contribute
to reducing the cost function. It should be noted that 15 is
the largest number of TDOAs used. The minimum number of
TDOAs ranges from 10 to 21, indicating that while the selec-
tion mechanism enhances the results, there exists a minimum
number of TDOAS required to achieve the lowest localization
error.

Tab. III presents the localization errors for drone position
estimation using the seven different strategies: the Conven-
tional LS, Extended LS, LS-ES, LS-GTS, ZCS, ZCS-LS-ES,
and ZCS-LS-GTS. These methods are compared to the NN
approach. The results are reported for the five different drone
positions, with the error expressed as the mean localization
error and the standard deviation. Tab. III presents results for
these techniques. Conventional LS achieved localization errors
ranging from 2.25 0.84 to 3.43 1.10 meters across drone
positions, and Extended LS errors between 1.89 0.60 and
3.30  0.75 meters.

The LS-ES strategy applies the LS cost function to all
possible combinations of candidate delays. This brute-force
approach explores the complete solution space, but at the
expense of higher computational complexity. The LS-GTS
method iteratively removes delays that reduce the LS cost
function. This makes it computationally lighter than LS-ES
while still improving robustness compared to conventional LS.
Tab. III exhibits that LS-ES and LS-GTS consistently produce
good results, particularly at position 4, where the localization
errors are as low as 0.68 0.39 and 0.84 0.40 meters,
respectively. These methods benefit from the cost function
described in Eq. 9, which enables rejecting noisy TDOAs.

The ZCS approach utilizes both primary and secondary
correlation peaks, selecting those that satisfy loop-consistency
constraints. ZCS-LS-ES combines the ZCS-LS with an ex-
haustive exploration for primary and secondary peaks, while
ZCS-LS-GTS provides a good balance between accuracy and
computational efficiency. These techniques further improve
accuracy, especially at position 4, where ZCS-LS-ES achieves
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Fig. 6. Number of peaks used. (a) ILS approach, and (b) GTS technique.

the lowest error overall of 0.55 0.35 meters. This result
demonstrates the effectiveness of using both loop-consistency
and LS cost minimization for delay selection.

The results regarding the NN were obtained employing a
hold-out approach, i.e., random splitting of the dataset in
70% for training, 15% for validation, and 15% for testing,
for each number of observations. Additionally, the NN was
implemented as a fitting application, using the Levenberg-
Marquardt training algorithm for the initial fitting procedure.
Finally, the NN method outperforms all other strategies in
terms of both accuracy (for drone in positions 1, 2, and 3)
and consistency, with localization errors ranging from 1.02 to
1.69 meters and very low standard deviations ( 0.02) across
all positions. Despite this superior performance, the NN model
requires a prior dataset for training, which may not always be
feasible in unknown environments.

The drone’s lack of GPS stabilization introduces slight
motion during recordings, which likely contributes to the
variation in estimation error across positions. The geometry
and acoustic reflectivity of the environment may also explain
why certain positions, like position 3, consistently exhibit
higher errors across most algorithms.

The results presented in Fig. 7 highlight how the number
of selected TDOAs affects the accuracy and consistency of

source localization. Each figure presents 28 candidate esti-
mates corresponding to the lowest LS cost values, with the
estimate that achieves the minimum LS cost function distinctly
marked by a black plus symbol. Fig. 7 (a) shows the results
using only 5 delays (ES(5)). This configuration leads to low
precision, with multiple scattered estimates due to the large
number of possible combinations of delays that are mapped
to a large number of different solutions. In contrast, Fig. 7
(b) with 25 delays (ES(25)) shows a significant improvement,
producing three dense and close clusters and reducing the
spread of estimations. It should be noted that the estimate
that minimizes the LS cost function does not correspond to
the true location, indicating that a higher number of delays
alone does not guarantee accuracy. Finally, Fig. 7 (c) using
27 delays (ES(27)) results in a single dominant cluster with
only two estimates away from the cluster. Here, the most
accurate localization estimate also minimizes the LS cost
function, demonstrating that when nearly all relevant delays
are included, the LS criterion becomes a reliable indicator of
the true source position.

V. CONCLUSIONS

Accurate acoustic source localization for unmanned aerial
vehicles remains a significant challenge, particularly in highly
reverberant environments. With this focus, we employed and
evaluated solutions based on TDOA measurements, employing
both LS and ZCS cost functions to optimize the localization
process. These approaches were also compared to an NN
model trained on reverberation fingerprints. Simulations and
real-world experiments were conducted to validate the effec-
tiveness of the proposed techniques. Simulation results showed
that while the number of selected TDOAs ranged from 10 to
21, selecting either a few or a large number did not always
guarantee improved localization. In fact, a careful balance
must be struck between quantity and quality.

The LS-based methods demonstrated consistent improve-
ments in localization accuracy by enabling the rejection of
noisy or inconsistent TDOAs through the cost function min-
imization. Among the evaluated strategies, the ZCS-LS-ES
method achieved the lowest localization error of 0.55 0.35
meters at position 4. The ZCS approach, which incorpo-
rates secondary peaks from the cross-correlation, also showed
promise in handling reverberant conditions, although it was
more effective when combined with LS filtering. In the actual
drone experiment, the NN method achieved more consistency,
achieving average errors ranging from 1.02 to 1.69 meters.
However, this performance comes at the cost of needing prior
training data, which may not always be available in unknown
or dynamically changing environments. The LS consistently
improves results and has the significant advantage of not
requiring prior training. The methods described in this work
are suitable for integration into real-time embedded systems
deployed at ground stations. Future work will focus on design-
ing advanced TDOA-based localization cost functions, aiming
to increase robustness against noise, multipath, and spurious
delay estimates. Also, developing adaptive or learning-based
cost functions could further reduce localization bias and im-
prove convergence in challenging acoustic environments. In
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TABLE III
DRONE LOCALIZATION ERROR AND STANDARD DEVIATION (IN M)

Drone Position 1 2 3 4 5
Conventional LS 2.3640.64 2.25+0.84 2.7840.94 343+1.10 | 2.86+0.87
Extended LS 2.2240.35 2.40+0.67 3.30+0.75 1.89+0.60 | 1.98+0.25
LS-ES 2.0440.32 2.22+0.37 2.8340.37 0.684+0.39 | 1.21£0.33
LS-GTS 1.87+0.37 2.08+0.45 2.734+0.43 0.8440.40 | 1.38+0.37
ZCS-LS 2.61+0.38 3.05+0.57 3.97+0.61 1.17+£0.37 | 1.92+0.15
ZCS-LS-ES 2.1140.35 2.27+0.37 2.8540.38 0.554+0.35 | 1.07+£0.36
ZCS-LS-GTS 2.0040.39 2.20+£0.43 2.7940.44 0.664+0.40 | 1.21£0.41

35

Neural Network [ 1.284+0.01 [ 1.02+0.02 | 1.56+0.02 |

1.69£0.02 | 1.50£0.02
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Fig. 7. Localization results obtained using the actual delays. (a) ES(5) low precision, which represents multiple solutions to the large number of possible
combinations using n = 5 delays. (b) ES(25) higher precision forming three dense clusters and one estimation, which does not minimize the LS cost function
with minimum error of localization. (¢) ES(27) with 28 estimations forming one dense cluster and the other two estimations. Note that the estimation that
minimizes the localization error is also the one that minimizes the LS cost function.

parallel, hybrid localization frameworks that combine acoustic
TDOA estimation with visual sensing should be explored.
The integration of cameras and computer vision techniques,
such as object detection and visual tracking, can provide
complementary estimates. Finally, real-time implementations
on embedded hardware can enable the development of a
functional prototype of the proposed system.
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