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Abstract

In modern defense systems, there is a growing demand for technologies that detect and track threats without
revealing the observer’s position. Sound Source Localization (SSL) fulfills this requirement by passively estimating
the position of sound-emitting targets using spatially distributed microphone arrays. Unlike active sensing systems,
SSL operates solely on incoming acoustic signals, extracting location information from time delays, amplitude
differences, or phase shifts. This survey provides a structured review of recent studies, covering both classical SSL
methods (e.g., TDOA, GCC-PHAT) and artificial intelligence (AI)-based models (e.g., CNNs, RNNs). Classical
techniques offer low computational complexity and reliable spatial resolution under ideal conditions but often
degrade in noisy or reverberant environments. In contrast, Al-based approaches exhibit higher adaptability and
robustness to environmental variability, though they require substantial labeled data and computational resources.
Moreover, the performance of SSL systems is closely tied to microphone array geometry: while linear arrays are
simple and widely used, circular, spherical, and irregular configurations provide better angular coverage and enable
3D localization. The review concludes that SSL performance is highly application-dependent, and no single method
is universally superior. Hybrid approaches that combine signal processing with machine learning, as well as
adaptive array designs, emerge as promising directions for improving SSL accuracy, robustness, and scalability in
real-world scenarios. The comparative analysis result also underscores that optimal SSL design hinges on a trade-
off between algorithmic complexity, environmental conditions, and array geometry, with hybrid methods offering
a viable path forward.

Keywords: Acoustic Source Localization, Microphone Array, Passive Detection, Sound Source Localization, Time
Difference of Arrival.

1. Introduction

Numerous tools, materials and machines produce sounds that surround us in daily life.
These sounds are perceived through pressure changes at the ear, which travel as waves
through the middle ear. The human brain possesses a remarkable ability to identify the
location of sound sources in the environment. For example, when driving a vehicle, we can
detect the direction of an approaching fire engine and pull over accordingly. In neuroscience,
this capacity is known as auditory spatial localization, and it has inspired efforts to replicate
similar capabilities in machines. SSL is the process of determining the position of an acoustic
source using the information captured by spatially distributed microphones. SSL systems
typically rely on signal processing techniques such as Time Difference of Arrival (TDOA),
Generalized Cross-Correlation (GCC), or modern artificial intelligence methods. However,
accurate localization remains challenging due to factors such as environmental noise,
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reverberation, and the geometry of the microphone array. For instance, reverberation causes
reflections that can distort timing cues, while poor array geometry may limit spatial resolution
or introduce ambiguity in source direction. Recent advancements in machine learning have
also introduced AI-based SSL methods, such as convolutional and recurrent neural networks
(CNNs, RNNs), which offer improved performance in complex environments but require large
labeled datasets and high computational power. Recent advances in computer science,
communication and electronics have increased interest in SSL across many disciplines (Papez,
2013; Tuma et al., 2012; Kunin, 2011).

Microphone array based SSL has diverse applications in healthcare, robotics, navigation
technologies, RADAR/SONAR systems, and defense operations including artillery detection
and gunshot localization. Particularly in the context of national security, accurate sound
localization plays a crucial role in enhancing defense systems.

This survey aims to provide a comprehensive review of SSL methods, examining their
technical foundations, strengths and limitations, and the types of microphone configurations
used. The key research questions guiding this review are:

1) What are the main strengths and weaknesses of classical signal processing and Al-based

SSL algorithms?

2) What are the most commonly used microphone array geometries in classical and Al-
based SSL approaches?

3) How do different approaches perform in terms of accuracy, robustness, and
computational efficiency?

By addressing these questions, this paper seeks to help researchers and engineers select
suitable SSL techniques and system designs for their specific applications.

The structure of the paper is as follows: Section 2 presents a literature review; Section 3
outlines the major sound localization techniques discussed in previous studies; Section 4
includes results and discussion; and finally, Section 5 concludes the paper.

2. Literature Review

Sound source localization has been extensively studied in both biological and
technological contexts. This section explores both the biological basis of human sound
localization and the engineering techniques inspired by it.

2.1. Biological Foundations of Sound Localization

Humans possess an innate capacity to localize acoustic sources with remarkable
accuracy. In neuroscience, this perceptual ability is referred to as sound localization and relies
on several physiological cues. The human auditory system primarily uses three types of
information: Interaural Time Difference (ITD), Interaural Level Difference (ILD), and the
Head-Related Transfer Function (HRTF). ITD represents the time lag between sound arrival
at the two ears, while ILD accounts for differences in sound intensity reaching each ear. These
two are collectively known as binaural cues. In addition, HRTF provides monaural spectral
cues shaped by the listener's head, torso, shoulders, and especially the pinna of each ear. The
brain interprets these modified signals to determine the three-dimensional location of the
sound source. Subtle head movements allow listeners to dynamically optimize ITD and ILD
and enhance perception based on HRTF (Kapralos, 2003; Erkal, 2007; Jin et al., 1999; Song
et al., 2016; Xiong, 2013).
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2.2. Engineering Approaches to Sound Localization

Inspired by this biological mechanism, researchers have developed numerous
computational methods to equip machines with similar localization capabilities. In
engineering, sound source localization is defined as the process of determining the position of
an acoustic source using two or more spatially separated microphones or sensors. These
systems estimate parameters such as time delay, phase shift, or signal energy differences
between channels to identify the direction or location of the source (Dhull, 2015; Pradip
Kashid, 2015; Song et al., 2016). A crucial component in these systems is the microphone
array, which consists of multiple microphones arranged in a specific geometric configuration.
Microphone arrays enable the collection of spatial information and improve the signal-to-
noise ratio by combining signals from multiple microphones. As a result, the reconstructed
signal is typically stronger and more reliable than one captured by a single microphone.
Microphone arrays can be classified by their geometry. For instance, linear arrays consist of
microphones aligned in a straight line, offering accurate localization in the horizontal plane.
In contrast, circular arrays distribute microphones around a circular boundary, enabling
effective omnidirectional localization. In literature different microphone arrays are used for
various studies such direction of arrival estimation, source localization estimation and
tracking (Birinci & Leblebicioglu, 2006; Contar, 2008; Jekaterynczuk, 2023; Liaquat, 2021).
A variety of algorithms have been developed to estimate the location of sound sources based
on the data acquired from microphone arrays. These methods will be discussed in detail in the
following section.

3. Methods

Acoustic systems localize sound sources by analyzing signals captured from multiple
microphones. These methods rely on spatial differences in time, phase, or intensity.
Performance is influenced by the environment and signal processing strategies (Dhull, 2015;
Khan et al., 2025; Yilmaz & Giinel, 2016).

3.1. Time Difference of Arrival (TDOA)
TDOA is widely used in microphone arrays to localize sound sources by estimating the

time delay between signals captured at spatially separated microphones. This delay can be
calculated as in Equation (1) and is often estimated using the GCC method (Jekaterynczuk,
2023; Jiang, 2012; Paulose, 2013; Song et al., 2016).

(Ilmy = sl = llm; — sl ()

TDOAlZ = v

where s is the source location, v is the speed of sound and m;, m. are microphone
positions. TDOA-based methods offer high accuracy, low computational cost, and easy
implementation under line-of-sight (LOS) conditions but degrade in reverberant or multi-
source environments (Al-Sheikh et al., 2013; Chen et al., 2011; Papez, 2013; Ranjkesh, 2015;
Kashid, 2015; Qingin & Linghua, 2015; Liu, 2012; Li, 2016).

Many configurations exist beyond basic two-microphone setups. For instance, Mahmud
et al. (2023) used linear arrays of 2—3 microphones, while Heydari et al. (2023) implemented
distributed 3D localization using two rhombus-shaped arrays composed of seven and nine
microphones. Wang et al. (2022) combined TDOA and ILD using only three microphones
arranged in an equilateral triangle. Lellouch et al. (2025) proposed a low-cost, TDOA-based
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method to track animal vocalizations in natural environments, utilizing four omnidirectional
microphones arranged in a tetrahedral formation.

3.2. Time of Arrival (TOA)

TOA methods estimate the signal travel time to each microphone and are common in
ultrasonic indoor localization under LOS. The model is given by Equation (2) (Jekaterynczuk,
2023; Xu et al., 2011).

1
ti = ” lIx; — yll +to + ny (2)

Here, v is sound speed, t, is unknown emission time and n; is noise. A major limitation
is the requirement for tight synchronization and knowledge of t,, often unavailable in practice.
Nevertheless, TOA offers high accuracy when synchronization and LOS are maintained and
forms the basis for deriving TDOA (Amundson & Koutsoukos, 2009; Dhull, 2015;
Jekaterynczuk, 2023; Xiao et al., 2016; Li, 2016; Xu et al., 2011).

Studies using TOA include Saric et al. (2010), who evaluated TOA, AOA, and RSS in
sensor nodes contained four microphones positioned at the vertices of a regular tetrahedron.
Zou et al. (2020) used a circular eight-microphone array and showed improved accuracy over
earlier methods.

3.3. Cross Correlation (CC)

CC is the earliest TDE method and calculates delay by identifying the peak of the
correlation between two signals. Given signals x;(t) and x.(t), the CC function is defined as
shown in Equation (3) (Chen et al., 2006; Dhull, 2010; Liu, 2012).

T
2

Rupny (0 = lim [ 23, (03, (e = 0t 3
2

Here, t is delay parameter and delay parameter defines the maximum correlation
between the two signals and this can be found as shown in Equation (4).

Tee = argmax[Ry,x, (0] (4)

While CC offers high spatial resolution, it suffers in noisy or reverberant conditions. To
mitigate this, the GCC method was introduced (Crocco, 2016; Qingin & Linghua, 2015; Liu,
2012).

3.4. Generalized Cross Correlation (GCC)

GCC improves upon CC by applying frequency-domain weighting to enhance time-delay
estimation. In reverberant or noisy environments, however, localization accuracy tends to
decrease. GCC calculates the cross power spectrum between signals from two microphones
and applies frequency-domain weighting functions before transforming the result back into
the time domain. The output is a correlation function similar to CC, where the peak indicates
the estimated time delay. (Chen et al., 2006; Chen et al., 2011; Khaddour, 2011; Liu, 2012;
Yilmaz & Giinel, 2016). The mathematical representation of GCC is given by Equation (5) and

(6).
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Ruy (0 = | (DG, (D27 (5)
Tee = arg max[RX1X2 (r)] (6)

where i (f) is the weighting function and Gy, (f) is the cross spectrum of the two signals.
GCC is accurate, computationally efficient, and relatively simple to implement. Various
weighting functions have been developed to improve performance under different conditions.
These can be seen in Table 1 (Dhull, 2015; Yang, 2023; Imran et al., 2016; Knapp & Carter,
1976; Marmaroli, 2012; Zu, 2017; Li, 2016).

Table 1.Weighting Functions

Weighting

Function Value
CC (Cross
Correlation) Yec(f) =1
PHAT (Phase " ") 1
Transform) PHAT = 1Goina ()]
h/xlxz (f)lz
N =
ML (Maximum Y 1Gr12 () 1= V12 (H)I?
Likelihood) 16y ()2
| |2 — x1x2
Y O = G ) e ()
ROTH (Roth 1 1
Processor) Yroen () = 57 O Wroan () = 52
SCOT (Smoothed 1
Coherence Yot (f) =
Transform) \/ Gr1x1(F) Graxz ()
. Gs152()
Eckart Filter )= S152
Veerare () = G ) s ()

In Table 1, |yy1x2(F)|? is the magnitude coherency function, Ggs,(f) is the signal cross
spectrum, Gyqn1 (f) and Gy, (F) are the noise power spectral densities.

CC is a special case of GCC because of its weighting filter equal to 1 and it is sensitive to
external noise. ML considers the effect of background noise during TDE. PHAT produces
sharp peaks, performs well in reverberant conditions, and is commonly used for multi-source
detection. ML estimator aims to increase the accuracy of estimated delay with the help of
attenuating signal. ROTH suppresses noisy frequency bands but may broaden the peak. SCOT
estimator take into account the background noise effect in delay estimation as ML. SCOT tries
to minimize the influence of the sound source signal power. Eckart suppresses frequency
bands dominated by noise (Chen et al., 2011; Aguilar, 2012; Dhull, 2015; Jiang, 2012; Salvati,
2012; Kumar, 2013; Zu, 2017).

GCC has been widely used in sound source localization studies. Chen et al. (2011)
evaluated CC, ROTH, SCOT and PHAT using three microphones in a triangular configuration.
Lee et al. (2020) presented a method based on GCC PHAT using two linear microphones.
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Firoozabadi et al. (2022) proposed an algorithm based on generalized eigenvalue
decomposition and adaptive GCC-PHAT/ML methods. They used thirty-eight microphones
which six T-shaped microphone arrays containing five microphones and a circular
microphones array containing eight microphones. They provided accurate locations’
estimations with low computational complexity but installation cost is high because of number
of microphones.

3.5. Adaptive Eigenvalue Decomposition (AED)

AED estimates time delays by modeling impulse responses between a single source and
microphones in linear time-invariant systems. It is robust to reverberation and suitable for
real-time use (Benesty, 1999; Dhull, 2015; Jiang, 2012; Huang et al., 1999; Kashid, 2015). The
algorithm extracts impulse responses from source to microphones, isolates direct paths, and
calculates TDOA. It identifies the minimum eigenvalue's eigenvector in a covariance matrix
using a Least Mean Square (LMS)-based iterative approach.

The AED method has computational complexity when it compared to another time delay
method such as GCC-PHAT and also the AED method accuracy is lower at very noisy
environments (Brutti, 2008). Shin et al. (2021) explored enhancements in TDE within
reverberant environments by applying the AED algorithm. Their study, conducted using a two-
microphone setup, demonstrated that the approach remains effective even in highly reflective
rooms, provided the ambient noise level is moderate. Firoozabadi et al. (2023) have proposed
a subband system for speaker counting using DOA estimation with AED. A centralized star-
shaped microphone array, consisting of twelve microphones, was employed alongside four
additional T-shaped peripheral arrays, each containing four microphones. This distributed
configuration of microphone arrays contributes to enhanced algorithmic accuracy by
improving spatial resolution and coverage.

Average Square Difference Function (ASDF)

ASDF estimates delay by minimizing the mean squared error between two signals as
shown in Equation (7) and (8) (Aguilar, 2012; Dhull, 2015; Jacovitti & Scarano, 1993; Kashid,
2015).

N-1
Rasor@ =30 () = x(n+ OF %

Taspr = argmin[Ryspr(7)] (8

It is computationally simple and avoids spectral analysis, but its accuracy is lower than
GCC-based methods (Aguilar, 2012; Zhang, 2005). Despite limited adoption in practical
applications, ASDF has been explored in some specialized studies. Hochradel et al. (2019)
employed it alongside visual 3D tracking to monitor bat trajectories using a cross-shaped
sensor array comprising eight microphones. Ameran et al. (2015) also explored a hybrid
approach combining ASDF and cross-correlation to improve flow velocity measurements
using two sensors.

3.6. Direction of Arrival (DOA)

DOA estimates the incoming angle of a sound wave using time differences between
microphones and known array geometry. It typically assumes a line-of-sight condition and can
be implemented via TDOA or beamforming-based methods (Imran et al., 2016; Mahdinejad,
2015; Kunin et al., 2011; Liaquat, 2021; Paulose, 2013; Li, 2016).

The delay-angle relation is given by Equation (9) and (10) where c is the speed of sound.
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CTo1 = dycos(6) 9)
6 = cos™ (Cﬂ) (10)
dy

To understand an environment acoustically, the most fundamental thing is to determine
the sound source location, such as direction of arrival (DOA). Farmani et al. (2015) conducted
a study to estimate target sound source DOA for Hearing Aid System. They proposed TDOA
based DOA method for two microphones linearly mounted on the ears. Gunjal et al. (2020)
have proposed a method for estimation of the desired direction using the MUSIC algorithm.
They have used uniform linear array with varying number of microphones.

3.7. Angle of Arrival (AOA)

AOA estimates the direction from which sound signals arrive and is often used
interchangeably with DOA. It is commonly derived from inter-sensor time delays and
estimated using algorithms such as MUSIC, ESPRIT, or TDE techniques. For example,
Koppula et al. (2021) improved indoor localization using AOA, focusing on the MUSIC
algorithm with a four-microphone square array. Li et al. (2023) achieved accurate 3D
localization by combining AOA and TDOA from LOS/echo paths using a four-microphone
uniform linear array.

AOA-based methods offer practical benefits, including the elimination of strict time
synchronization between sensors and reduced computational requirements. However, their
performance is sensitive to line-of-sight conditions and the number of microphones used
(Jekaterynczuk, 2023; Mahdinejad, 2015; Xiao et al., 2016; Li, 2016)

3.8. Beamforming

Beamforming estimates sound source direction by aligning and summing delayed
microphone signals. In Delay-and-Sum (DAS) beamforming, signals are shifted based on
assumed directions and summed. The direction producing the highest energy is chosen as the
estimated source location. Unlike TDOA-based methods, beamforming does not require exact
time-of-arrival estimates, offering robustness in Gaussian noise environments. However, it is
computationally expensive (Weinstein, 2007; Kundu, 2014; Papez, 2013; Tuma et al., 2012;
Veen & Buckley, 1988; Yilmaz & Giinel, 2016). The beamforming output is described in
Equation (11).

y(t) = ZI_VWL' - x; (t — 7(x)) (11)

where x is a sound signals from microphones, w represents weighting function,
denotes time delay, k indicates unit direction vector, N is the number of microphones.

Recent studies have extended DAS with circular arrays or spherical harmonics for
improved localization. Zhanh et al. (2021) demonstrated an optimized sound localization
method building upon conventional DAS beamforming. A dual-ring uniform circular array
was employed, with eight microphones each in the inner and outer concentric circles They
showed effectiveness of proposed algorithm using the microphone array with experimental
results. Szwajcowski et al. (2023) proposed an iterative algorithm for localizing a single sound
source. They implemented two beamformers one is based on DAS beamforming and the
second is spherical harmonic beamforming. They used spherical microphone array with 32
microphones. For the delay and sum beamforming the optimal results were obtained by using
all thirty-two microphones in every iteration.
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3.9. Multiple Signal Classification (MUSIC)

MUSIC is a high-resolution subspace algorithm for DOA estimation that relies on the
orthogonality between signal and noise subspaces derived from the covariance matrix of
microphone signals. Although accurate, it is computationally intensive due to exhaustive
spatial scanning and requires additional processing for tracking multiple sources in real time.
The array output is modeled as shown in Equation (12) (Huthaifa Obeidat, 2021; Hacivelioglu;
Imran et al., 2016; Schmidt, 1986; Orul, 2012; Yilmaz & Giinel, 2016).

D-1

u(® = ) a(@)si(©) +n(t) (12)

i=0

where s(t) is received signal vector, n(t) is noise vector, a(¢;) is the steering vector. The
input covariance matrix R, is calculated shown in Equation (13). Eigenvalue decomposition
of R, yields eigenvalues {1, ..., Ay _1 } and eigenvectors [q, g1 ... qi—1]. The number of sources
D is estimated as shown in Equation (14). The MUSIC spectrum is computed by Equation (15)
(Desai, 2022; Hacivelioglu; Schmidt, 1986).

~ 1
Ry, = X kZO weuld (13)
D=M-K (14)
5 H(p)a( o
Pyysic(¢) = W%' Vo =1ap qp+1 - qu-1l (15)

D peak values are detected in P ~_ MUSIC (¢) and DOA for received signals are obtained.
MUSIC has been applied across diverse microphone array configurations. Sasaki et al. (2018)
employed a sixteen -microphone spherical array, demonstrating MUSIC’s effectiveness for
directional sound detection. Hoshiba et al. (2017) used two different MUSIC methods for
sound source localization in outdoor environments. They used hexagonal and spherical
microphone arrays which include respectively 16 and 12 microphones. Results of simulation
in this work show that hexagonal geometry more accurate for outdoor localization. Hogg et al.
(2021) proposed an extended MUSIC variant for noisy/reverberant environments, validated
on an eight-microphone uniform circular array, outperforming conventional MUSIC. Kumari
et al. (2025) reformulated MUSIC and MVDR in the spherical harmonics domain, testing on
a twenty-microphone uniform circular array, with MUSIC surpassing MVDR in multi-source
scenarios.

3.10. Estimation of Signal Parameters via Rotational Invariance

Techniques (ESPRIT)

ESPRIT is a high-resolution subspace method for DOA estimation that operates on
narrowband signals. It supports multiple source localization and has lower computational
complexity than MUSIC. The input covariance matrix R, is computed from the array inputs
as shown in Equation (16), followed by eigen decomposition to separate the signal and noise
subspaces (Obeidat, 2021; Hacivelioglu; Roy & Kailath, 1989; Orul, 2012).

~

Ry, =VAV (16)
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Here, A = diag(Ag, A4, -.,Au—1) shows Eigenvaluesand V = [qy q; ... qm-1] shows Eigen
vectors. D number of signal is calculated as shown in Equation (17) using minimum
Eigenvalues. The signal subspace V; is then used for further processing (Hacivelioglu; Orul,
2012).

D=M-—K a7)
By partitioning V, into shifted subarrays, and applying eigenvalue decomposition, the

matrix W = —V;,V5;' is formed. The eigenvalues of W are used to compute DOA angles &, as
shown in Equation (18) and (19) (Hacivelioglu; Orul, 2012).

&, = Eigenvalues(—V;,V551), Yk =0,...,D —1 (18)
] (arg(®p) (19)
D, = cos [C—ﬁAx

The MUSIC algorithm gives more accurate results and gives better resolution than the
ESPRIT algorithm (Hong, 2012; Sattar). However, there are studies using the ESPRIT method
instead of MUSIC. Choi et al. (2022) implemented an Eigenbeam-ESPRIT technique using
four spherical microphone arrays arranged in a tetrahedral configuration, with each array
containing thirty-two omnidirectional microphones. Similarly, Zhou et al. (2023) employed a
thirty-two-channel spherical microphone array with uniform surface distribution to address
parameter pairing issues in ESPRIT-based localization, achieving performance superior to
conventional methods.

3.11.Steered Power Response (SPR)

The SPR method estimates sound source location by steering a microphone array over
candidate positions and identifying the location with maximum output power. It maximizes
the function W (x) € R where x=(x,y, z) € R3 represents a possible source position, as shown
in Equation (20) (Lima, 2015; Nunes et al., 2014).

b
W) 2 0,[0,00)] (20)
p=1

Here, P is the number of microphone pairs and {,(x) denotes the TDOA for a position

x. These are defined in Equation (21) and (22), where M is the number of microphones (Lima,
2015; Nunes et al., 2014).

P2 —M(MZ_ ) (21)

[mp,2 = x|| = [[mp1 — x| fs} (22)

c

{p(x) £ round {

fs is the sampling rate and c is the speed of sound. For microphone signals s, ;[n] and
sp2[n], the CC function ¢, [{] is given by Equation (23) (Lima, 2015; Nunes et al., 2014).
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0,512 ) spalnlsyaln =<1 (23)

nez

Although robust in noisy and reverberant environments, SPR is computationally
intensive and unsuitable for real-time use (Imran et al., 2016; Lima, 2015; Ranjkesh, 2015).

Since its introduction, SPR approach has been widely adopted for sound source
localization across numerous applications. Nie et al. (2022) developed an SRP variant with a
coherence constraint to suppress local extrema, validated using a five-microphone cross-
shaped array against 20 randomized acoustic sources. Their method maintained localization
accuracy while reducing spurious peaks. Lai et al. (2024) enhanced SRP's precision through a
novel planar array processing scheme. Their sixteen-microphone planar array demonstrated
superior performance compared to conventional SRP in experimental tests.

3.12. Received Signal Strength (RSS)

RSS estimates the source-microphone distance based on signal attenuation. RSS is
simple, low-cost, and does not require time synchronization. However, its accuracy is limited
due to sensitivity to distance, environment, and multipath reflections. Under LOS conditions,
the RSSI value is given by Equation (24) (Jekaterynczuk, 2023; Taraktas, 2010; Tu-Ly, 2016;
Shin, 2008; Yang, 2021; Li, 2016).

where n is the propagation constant, d is distance and A is a reference value. While RSS
is low cost and time synchronization free, its accuracy suffers due to environmental sensitivity
and multipath effects (Ekim, 2013; Li, 2016).

When looking at RSS-based localization studies, Gong et al. (2023) enhanced RSS
localization accuracy using Kalman filtering, demonstrating through simulations with 4 to 20
uniformly and randomly distributed base stations in a rectangular area that positioning error
decreases gradually with increasing station count. Williams et al. (2023) combined RSS
metrics with beamforming, achieving improved localization performance at medium-to-high
SNR using a four-microphone square array, with particular gains in reverberant
environments.

3.13. Energy Based Method

Energy-based source localization relies on energy measurements from microphones.
Assuming energy decays with distance, the received energy at microphone i, can be expressed
as Equation (25) (Dhull, 2015; Khaddour, 2011; Kashid, 2015; Sheng, 2003).

1 —tHr
yi(t) = ?Zt ;xlz ®) (25)
2

Here, t, T, xi(t) denote the time instant, window and received signal respectively.
Although less accurate and sensitive to reverberation, it requires lower sampling rates and
computational resources (Crocco, 2016). Pandey et al. (2022) used acoustic energy in a
regression model and achieved 76% accuracy using only two microphones.
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3.14. Feed Forward Neural Networks (FFNN)

FFNN is a basis type of artificial neural network consisting of input layer, one or more
hidden layers and output layer with unidirectional data flow. Correia et al. (2021) have
proposed method for solving the energy based sound source localization based on deep FFNN.
They used three, six, nine, twelve, fifteen microphones arranged on a circle centered and deep
FFNN was trained with measures taken from the microphones. Simulation results showed that
proposed method performance matched the performance of its counterparts. FFNN is a
successful method in noisy or reverberation environments. Artificial neural networks require
a large training dataset to make accurate predictions. They may not generalize well to unseen
situations, and there is a high risk of overfitting as well as significant computational
complexity (Jekaterynczuk, 2023; Correia, 2021).

3.15. Convolutional Neural Networks (CNNs)

CNNs, originally designed for image processing, have been applied to sound source
localization by converting audio data into suitable formats. Jo et al. (2025) used GCC-PHAT
features and a 1D CNN with three microphones arranged in a triangle, achieving 8.75% higher
accuracy than traditional methods. Other studies have employed CNNs with various array
geometries, including an irregular quadrilateral array with four microphones (Boztas, 2022),
a tetrahedral array composed of four elements (Sakavicius et al., 2022) and a hexagonal array
of six omnidirectional microphones (Peng et al., 2022). CNNs offer high accuracy and
robustness to noise and reverberant but require large datasets, are computationally intensive,
and may struggle with generalization (Jekaterynczuk, 2023; Tan, 2021).

3.16. Recurrent Neural Networks (RNNs)
RNNs are designed for sequential data processing and maintain memory of past inputs

through feedback loops. Though not direct localization tools, RNNs are useful in learning
temporal patterns in audio signals. Nguyen et al. (2021) proposed an RNN-based system to
align sound event detection with DOA outputs, using a four-microphone tetrahedral array.
RNNss are robust to noise and effective for dynamic environments with moving sound sources,
but demand large training datasets and computationally expensive (Guérin, 2022).

4. Results and Discussion

4.1. Research Results
Sound source localization using microphone arrays has become a popular topic in many

areas. In this paper, the broad review of sound source localization has presented and a variety
of methods have been examined. As a result of this paper the advantages and disadvantages of
source localization methods and microphone array geometry and number of microphones
used in these methods are summarized accordingly Table 2 and Table 3 bellow.
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Table 2.The Pros and Cons of Localization Techniques

Measurement Algorithm .
. . Advantages Disadvantages
Techniques (Classic/AI) v 8 v 8
. Hi , hieve, 1 . .
TDOA Classic igh accuracy, easy to achieve, less LOS is required
computation
Time
Synchronization(between
source and all
TOA Classic High accuracy microphones) and LOS is
required, costly, signal
transmit time should be
known
. . . R i i
. High spatial resolution, low everberation or noise
CcC Classic . . weakens the maximum
computational cost, easy to implement
peak value of CC
High accuracy, low computational cost, Low Accuracy when the
. ol high ial LT
GCC Classic easy to .1mp ement. 15 spatla‘ rev‘er’tfera‘tlon time and
resolution, use weighting functions to noise is high.
improve the TDE performance
Not require multiplication, no require
ASDF Classic knowledge of input spectra, low Low accuracy
computational cost
DOA Classic Simple to implement, low bandwith LOS is required for
usage accuracy
. C tationall ive,
. A robust method in reverberant omputationally expensive
AED Classic . . low accuracy when the
environments, easy to implement c e s
noise is high.
AOA Classic No ne.ed to time synchronization, LOS is required
sufficient accuracy
Not require precise time-of-arrival
Beamforming Classic information, remains effective in noisy =~ Computationally expensive
signals if noise is Gaussian white noise
Strong approach for determining sound
SPR Classic source location in a noisy and Time consuming
reverberant environment
. Simple, t, d to ti
RSS Classic 1mpre (?w C.OS noneedtotime Low accuracy
synchronization
MUSIC Classic Able to detect multiple sources Computationally expensive
ESPRIT Classic Able to dgtect multiple sources, less Lower accuracy when it
computational cost than MUSIC compared to MUSIC
. .. . Generally low accuracy
E Based Cl Not h 1 t e .
nergy Base assic ot require high sampling rates sensitivity to reverberation
Large training dataset
¥ Artificial High accuracy in noisy and reverberant need, high computational
Intelligence environment complexity, high risk of
overfitting
[ . . L training dataset
Artificial Robust to noisy environment, ATge tratmng datase
CNN . . need, complex architecture,
Intelligence adaptable for various types of data . .
computationally expensive
oo . . . L training dataset
Artificial Robust to noisy environment, suitable ATge tratmng Catase
RNN . . ) need, computationally
Intelligence for dynamic environments

expensive

Resilien

Felicitous
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Table 3. Microphone Array Configurations and Number of Microphones

Measuremen Microphone Array

Number of

Author tTechniques Configuration Microphone
S
Mahmud et al. (2023) TDOA Linear x 2 2and 3
Heydari et al. (2023) TDOA Rhombuses shaped x 2 7and 9
Wang et al. (2022) TDOA Equilateral triangle 3
Saric et al. (2010) TOA Regular tetrahedron x 3 3x4
Zou et al. (2020) TOA Circular 8
GCC-
Chen et al. (2011) ROTH/SCOT/P Triangle shaped 3
HAT and CC)
Lee et al. (2020) GCC PHAT Linear 2
Firoozabadi et al. (2022) GCC- T-shaped x 6 and Circular 6x5and 8
Shin et al. (2021) AED Linear 2
Firoozabadi et al. (2023) AED Star and T shaped x 4 12and 4 x4
Hochradel et al. (2019) ASDF Cross shaped 8
Ameran et al. (2015) ASDF Linear 2
Farmani et al. (2015) DOA Linear 2
Gunjal et al. (2020) DOA Uniform linear Var}}‘fing .
Koppula et al. (2021) AOA Square shaped ““m4m °
Li et al. (2023) AOA Uniform linear 4
Uniform concentric circular
Zhanh et al. (2021) Beamforming  array (inner circle and outer 8and 8
circle)
Szwajcowski et al. (2023) Beamforming  Spherical 32
Sasaki et al. (2018) MUSIC Ball shape 16
Hoshiba et al. (2017) MUSIC Hexagonal and Spherical 16 and 12
Hogg et al. (2021) MUSIC Uniform circular 8
Kumari et al. (2025) MUSIC Uniform circular 20
Choi et al. (2022) ESPRIT Sph?rical arrays positioned at 4x 32
vertices of a tetrahedron x 4
Zhou et al. (2023) ESPRIT Spherical 32
Nie et al. (2022) SPR Cross shaped 5
Lai et al. (2024) SPR Planar 16
Gong et al. (2023) RSS Rectangular shaped 4to 20
Williams et al. (2023) RSS Square shaped 4
Pandey et al. (2022) Energy Based Linear 2
Correia et al. (2021) FFNN Circular 3,6, 9i512 and
Jo et al. (2025) CNN Triangle shaped 3
Boztas (2022) CNN Irregular quadrilateral 4
Sakavicius et al. (2022) CNN Tetrahedral 4
Peng et al. (2022) CNN Regular hexagon 6
Nguyen et al. (2021) RNN Tetrahedral 4
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Each method listed in Table 2 offers unique advantages, challenges, and constraints. The
selection of an appropriate technique largely depends on the specific application, the required
localization accuracy, and the environmental conditions in which the acoustic source
localization is carried out. The problem of positioning a target has been very important in
many fields such as RADAR, SONAR. Many different techniques, like the ones mentioned in
this study, have been developed to determine the position of source. Analyzes of the signals
emitted by a sound source and received by microphones can be performed to develop more
efficient algorithms for sound source localization. When using methods given in Table 2,
microphones can be of various geometries and in various numbers as Table 3. The
configuration of the microphone array and the number of microphones directly affect the
success of the studies. For this reason, these parameters should be determined carefully,
taking into account the area of the study, the expectation of accuracy and the cost. This paper
will form the basis for us to choose the method and microphone array configuration most
suitable for usage in studies.

4.2. Discussion

The comparative analysis of localization techniques in Table 2 highlights the particularly
in terms of computational efficiency, accuracy, and robustness to environmental. Classic
approaches such as TDOA, TOA, and GCC remain widely adopted due to their relatively low
computational costs and ease of implementation. The recent integration of Artificial
intelligence based models such as FFNN, CNN, and RNN demonstrate a shift toward more
robust solutions in dynamic and noisy conditions. These models exhibit impressive
performance in adverse environments, but their high computational requirements, complex
architectures, and dependence on large annotated datasets remain key limitations. The
increased risk of overfitting also poses challenges in generalization, especially in real-world,
unseen scenarios.

Table 3 presents an overview of the microphone array configurations and the number of
microphones used across a diverse set of studies. It reveals a clear trend toward utilizing
geometrically diverse and often nonlinear array structures to optimize spatial resolution and
source localization performance. While linear and circular arrays are still used due to their
simplicity and ease of implementation, more complex configurations such as tetrahedral,
spherical, and concentric circular arrays are being adopted to enhance three-dimensional
localization capabilities. Additionally, the number of microphones employed varies widely,
from minimal setups using only two microphones to highly sophisticated arrays with over 30
sensors. This variation reflects the trade-off between system complexity and localization
accuracy.

5. Conclusion

In conclusion, the growing demand for passive sensing in defense and surveillance
underscores the critical role of sound source localization (SSL) in enabling real-time
situational awareness without exposing the observer. This survey highlights the wide spectrum
of SSL algorithms—from traditional time-delay and direction-based methods to advanced AI-
driven models—each tailored to specific environmental and computational constraints.
System performance is strongly influenced by microphone array design, including geometry,
number of microphones, and spatial configuration. While Al-based approaches (e.g., FFNN,
CNN, RNN) demonstrate robustness in noisy or reverberant conditions, their dependence on
large-scale annotated datasets remains a key limitation.
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In addition to technical accuracy, sound source localization (SSL) technologies have
wider technological and societal impacts. These systems are increasingly used in smart cities
to detect unusual sounds, in autonomous vehicles to recognize sirens or horns, and in public
areas for security monitoring. While these applications offer many benefits, they also raise
concerns about privacy, data ownership, and ethical use. For instance, continuous audio
monitoring may lead to unauthorized recording of people’s conversations. Moreover, the way
sound data is stored and who can access it needs careful regulation. Therefore, before SSL
systems are widely deployed, these issues must be considered to ensure responsible and
transparent use.

Future research should focus on: (1) hybrid methods that combine model-based and
data-driven techniques to enhance adaptability, (2) scalable solutions for low-resource
settings with limited labeled data, and (3) adaptive array configurations capable of handling
dynamic acoustic environments. Addressing these challenges will further improve the
reliability and operational utility of SSL systems. This survey provides a foundation for method
selection and encourages targeted innovation in the field.
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