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Many acoustic detection and localization methods have been developed. However, all of the methods require capturing

the audio signal. Therefore, any method’s essential element and requirement is using an acoustic sensor. In addition to

converting sound waves into an electrical signal, they also perform other functions, such as: reducing ambient noise, or

capturing sounds with frequencies beyond the hearing range of the human ear. Classic methods have stood the test of

time and are still widely used due to their simplicity, reliability, and effectiveness. There are three main mathematical

methods for determining the sound source. These include triangulation, trilateration, and multilateration
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1. Introduction

The terms detection and localization have been known for many years. Localization pertains to identifying a specific point

or area in physical space, while “detection” takes on various meanings depending on the context. In a broader sense,

detection involves the process of discovery. Video images , acoustic signals , radio signals , or even smell  can be

used for detection and localization.

The most original ideas for sound source localization are based on animal behaviors that determine the direction and

distance of acoustic sources using echolocation. Good examples are bats  or whales  that use sound waves to detect

the localization of obstacles or prey. Consequently, it is logical that individuals seek to adapt and apply such principles to

real-world scenarios, seamlessly integrating these insights into their daily lives.

Acoustic detection and localization are related but separate concepts in acoustic signal processing . Acoustic detection

is the process of identifying sound signals in the environment, and acoustic localization is the process of determining the

localization of the source generating that sound . They are used in many areas of everyday life, both in military and

civilian applications, e.g., robotics , rescue missions , or marine detection . However, these are only

examples of the many application areas of acoustic detection and localization, often used in parallel with video detection

and localization . Using both of these data sources increases the localization’s accuracy. The task of the video

module is to detect potential objects that are the source of sound, and the audio module uses the time–frequency spatial

filtering technique to amplify sound from a given direction . However, this does not mean that in each of the

applications, these methods are better than methods using only one of the mentioned modules. Their disadvantages

include greater complexity due to the presence of two modules. In turn, the advantages include greater flexibility of

operation, e.g., depending on weather conditions. When weather conditions do not allow for accurate image capture, e.g.,

rain, the audio module should still fulfil its functions.

Creating an effective method of acoustic detection and localization is a complex process. In many cases, their operation

must be reliable because the future of enterprises in civil applications or people’s lives in military applications may depend

on it. In natural acoustic environments, challenges such as reverberation  or background noise  can be encountered,

among others. In addition, there are often dynamics associated with the participation of moving sound sources, e.g.,

drones, planes, or people, i.e., the Doppler phenomenon . Therefore, localization methods should be characterized not

only by accuracy in the distance, elevation, and azimuth angles (Figure 1), but also by the algorithm’s speed.
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Figure 1. Polar coordinates .

This is due to the need to quickly update the estimated localization of the sound source . In addition, the physical

phenomena occurring during sound propagation in an elastic medium are of great importance. Sound reflected from

several boundary surfaces, with the direct sound from the source and sounds from other localizations, can build up such a

complex sound field that even the most accurate analysis cannot fully describe it . These challenges make the subject

of acoustic detection and localization a complex issue, the solution of which requires complex computational algorithms.

2. Acoustic Source Detection and Localization Methods

2.1. Classic Methods

Classic methods have stood the test of time and are still widely used due to their simplicity, reliability, and effectiveness.

There are three main mathematical methods for determining the sound source. These include triangulation, trilateration,

and multilateration . They are described below:

Triangulation—Employs the geometric characteristics of triangles for localization determination. This approach

calculates the angles at which acoustic signals arrive at the microphones. To establish a two-dimensional localization, a

minimum of two microphones is requisite. For precise spatial coordinates, a minimum of three microphones is

indispensable. It is worth noting that increasing the number of microphones amplifies the method’s accuracy. Moreover,

the choice of microphone significantly influences the precision of the triangulation. Employing directional microphones

enhances the accuracy by precisely capturing the directional characteristics of sound. Researchers in  demonstrated

the enhanced outcomes of employing four microphones in a relevant study. The triangulation schema is shown on

Figure 2.

Trilateration—Used to determine localization based on the distance to three microphones (Figure 3). Each microphone

captures the acoustic signal at a different time, based on which the distance to the sound source is calculated. On this

basis, the localization is determined by creating three circles with a radius corresponding to the distances from the

microphones. The intersection point is the localization of the sound source . It is less dependent on the directional

characteristics of the microphones, potentially providing more flexibility in microphone selection.

Multilateration—Used to determine the localization based on four or more microphones. The principle of operation is

identical to trilateration. Using more reference points allows for a more accurate determination of the localization

because, with their help, measurement errors can be compensated. However, this results in greater complexity and

computational requirements. Despite this increased intricacy, the accuracy and error mitigation benefits make

multilateration a crucial technique in applications where precise localization determination is paramount .
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Figure 2. Two-dimensional triangulation schema.

Figure 3. Two-dimensional trilateration schema.

To ascertain localizations using the above-mentioned methods, it is necessary to establish the parameters the method

implies. The most popular are Time of Arrival (ToA), Time Difference of Arrival (TDoA), Time of Flight (ToF), and Angle of

Arrival (AoA), often referred to as Direction of Arrival (DoA) . They are described below:

Time of Arrival—This method measures the time from when the source emits the sound until the microphones detect

the acoustic signal. Based on these data, it is possible to calculate the time it takes for the signal to reach the

microphone. In ToA measurements, it is a requirement that the sensors and the source cooperate with each other, e.g.,

by synchronizing the time between them. The use of more microphones increases the accuracy of the measurements.

This is due to the larger amount of data to be processed .

Time Difference of Arrival—This method measures the difference in time taken to capture the acoustic signal by

microphones placed in different localizations. This makes it possible to determine the distance to a sound source based

on the difference in the arrival times of the signals at the microphones based on the speed of sound in a given medium.

The use of the TDoA technique requires information about the localization of the microphones and their acoustic

characteristics, which include sensitivity and directionality. With these data, it is possible to determine the localization of

the sound source using computational algorithms. For this purpose, the Generalized Cross-Correlation Function (GCC)

is most often used . Localizing a moving sound source using the TDoA method is a problem due to the Doppler

effect .
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Angle of Arrival—This method determines the angle at which the sound wave reaches the microphone. There are

different ways to determine the angles. These include time-delay estimation, the MUSIC algorithm , and the ESPRIT

algorithm . Additionally, the sound wave frequency in spectral analysis can be used to estimate the DoA. As in the

ToA, the accuracy of this method depends on the number of microphones, but the coherence of the signals is also very

important. Since each node conducts individual estimations, synchronization is unnecessary .

Received Signal Strength—This method measures the intensity of the received acoustic signal and compares it with

the signal attenuation model in a given medium. This is difficult to achieve due to multipath and shadow fading .

However, compared to Time of Arrival, it does not require time synchronization, and is not affected by the clock skew

and clock offset .

Frequency Difference of Arrival (FDoA)—This method measures the frequency difference of the sound signal between

two or more microphones . Unlike TDoA, FDoA requires relative motion between observation points and the sound

source, leading to varying Doppler shifts at different observation localizations due to the source’s movement. Sound

source localization accuracy using FDoA depends on the signal bandwidth, signal-to-noise ratio, and the geometry of

the sound source and observation points.

Time of Flight—This method measures the time from when the source emits the sound until the microphone detects the

acoustic signal, including the additional time needed for the receiver to process the signal. Therefore, the duration is

longer than in ToA .

Beamforming—Beamforming is an acoustic imaging technique that uses the power of microphone arrays to capture

sound waves originating from various localizations. This method processes the collected audio data to generate a

focused beam that concentrates sound energy in a specified direction. By doing so, it effectively pinpoints the source of

sound within the environment. This is achieved by estimating the direction of incoming sound signals and enhancing

them from desired angles, while suppressing noise and interference from other directions. Beamforming stands out as

a robust solution, particularly when dealing with challenges such as reverberation and disturbances. However, it is

important to note that in cases involving extensive microphone arrays, the computational demands can be relatively

high . An additional challenge posed by these methods is the localization of sources at low frequencies and in

environments featuring partially or fully reflecting surfaces. In such scenarios, conventional beamforming techniques

may fail to yield physically reasonable source maps. Moreover, the presence of obstacles introduces a further

complication, as they cannot be adequately considered in the source localization process .

Energy-based—This technique uses the energy measurements gathered by sensors in a given area. By analyzing the

energy patterns detected at different sensor localizations, the method calculates the likely localizations of the sources,

taking into account factors such as noise and the decay of acoustic energy over distance. Compared to other methods,

such as TDoA and DoA, energy-based techniques require a low sampling rate, leading to reduced communication

costs. Additionally, these methods do not require time synchronization, often yielding lower precision compared to

alternative methods .

The methods mentioned above have been used many times in practical solutions and described in the literature: ToA 

, TDoA , AoA , and RSS . The most popular are Time Difference of Arrival and Angle of Arrival. The

authors of  claim that the fusion of measurement data obtained using different measurement techniques can improve

the accuracy. This is due to the inherent limitations of each localization estimation technique. An example of such an

application is TDoA with AoA  or ToF with AoA .

In addition to the methods mentioned above, there are also signal-processing methods used in order to estimate the

parameters of the above-mentioned methods. The most popular are described below:

Delay-and-Sum (DAS)—The simplest and the most popular beamforming algorithm. The principle of this algorithm is

based on delaying the received signals at every microphone in order to compensate the signals’ relative arrival time

delays. The algorithms generate an array of beamforming signals by processing the acoustic signals. These signals are

combined to produce a consolidated beam that amplifies the desired sound while suppressing noise originating from

other directions . This method has a drawback of yielding poor spatial resolution, which leads to so-called ghost

images, meaning that the beamforming algorithm outputs additional, non-existing sources. However, this problem can

be addressed by using deconvolution beamforming and implementing the Point Spread Function, which is based on

increasing the spatial resolution by examining the beamformer’s output at specific points . The basic idea is shown

in Figure 4.
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Minimum Variance Distortion-less Response (MVDR)—A beamforming-based algorithm that introduces a compromise

between reverberation and background noise. It evaluates the power of the received signal in all possible directions.

MVDR sets the beamformer gain to be 1 in the direction of the desired signal, effectively enhancing its reception. This

step allows the algorithm to focus on the primary signal of interest. By dynamically optimizing beamforming coefficients,

MVDR enhances the discernibility of target signals while diminishing unwanted acoustic components. It provides higher

resolution than DAM and LMS methods .

Multiple Signal Classifier (MUSIC)—The fundamental concept involves performing characteristic decomposition on the

covariance matrix of any array output data, leading to the creation of a signal subspace that is orthogonal to a noise

subspace associated with the signal components. Subsequently, these two distinct subspaces are employed to form a

spectral function, obtained through spectral peak identification, enabling the detection of DoA signals. This algorithm

exhibits high resolution, precision, and consistency when the precise arrangement and calibration of the microphone

array are well established. In contrast, ESPRIT is more resilient and does not require searching for all potential

directions of arrival, which results in lower computational demands .

Estimation of Signal Parameters via Rotational Invariance Techniques (ESPRIT)—This technique was initially

developed for frequency estimation, but it has found a significant application in DoA estimation. ESPRIT is similar to the

MUSIC algorithm in that it capitalizes on the inherent models of signals and noise, providing estimates that are both

precise and computationally efficient. This technique leverages a property called shift invariance, which helps mitigate

the challenges related to storage and computational demands. Importantly, ESPRIT does not necessitate precise

knowledge of the array manifold steering vectors, eliminating the need for array calibration .

Steered Response Power (SRP)—This algorithm is widely used for beamforming-based localization. It estimates the

direction of a sound source using the spatial properties of signals received by a microphone array. The SRP algorithm

calculates the power across different steering directions and identifies the direction associated with the maximum

power . SRP is often combined with Phase Transform (PHAT) filtration to broaden the signal spectrum to improve

the spatial resolution of SRP  and features robustness against nose and reverberation. However, it has

disadvantages, such as heavy computation due to the grid search scheme, which limits its real-time usage .

Generalized Cross-Correlation—One of the most widely used cross-correlation algorithms. It operates by determining

the phase using time disparities, acquiring the correlation function featuring a sharp peak, identifying the moment of

highest correlation, and then merging this with the sampling rate to derive directional data .

Figure 4. Delay and sum basic idea.

Each method mentioned above has distinct prerequisites, synchronization challenges, benefits, and limitations. The

choice of which method to employ depends on the specific usage scenario, the balance between the desired accuracy,

and the challenges posed by the environment in which the acoustic source localization is conducted.

The same principle applies for methods concerning sound source detection. Among them is the hidden Markov model

(HMM). This model stands out as one of the most widely adopted classifiers for sound source detection. HMMs are

characterized by a finite set of states, each representing a potential sound source class, and probabilistic transitions

between these states to capture the dynamic nature of audio signals. In the context of sound source detection, standard

features, such as Mel-Frequency Cepstral Coefficients (MFCC), are often employed in conjunction with HMMs. These

features, such as MFCC, serve to extract relevant spectral characteristics from audio signals, providing a compact

representation conducive to analysis by HMMs. During the training phase, HMMs learn the statistical properties

associated with each sound source class, utilizing algorithms such as the Baum–Welch or Viterbi algorithm. The learning

process allows HMMs to adapt to specific sound source classes and improve the detection accuracy over time. HMMs

can be extended to model complex scenarios, such as multiple overlapping sound sources or varying background noise.

[56]

[33]

[57]

[58]

[59]

[60]

[61]



However, HMMs are not without limitations. They assume stationarity, implying that the statistical properties of the signal

remain constant over time, which may not hold true in rapidly changing sound environments. The finite memory of HMMs

limits their ability to capture long-term dependencies in audio signals, particularly in dynamic acoustic scenes. Sensitivity

to model parameters and the quality of training data pose challenges, and the computational complexity of the Viterbi

decoding algorithm may be demanding for large state spaces .

2.2. Artificial Intelligence Methods

In recent years, there has been significant development of artificial intelligence. It has a wide range of applications, which

results in its vast impact in many fields of science. Acoustic detection and localization is also such a field. Unlike methods

focused on localization, which aim to directly determine the spatial coordinates of sound sources, AI-based detection

methods often involve pattern matching and analysis of learned features to identify the presence or absence of specific

sounds .

Convolutional Neural Networks (CNNs) are the most widely recognized deep learning models (Figure 5). CNN is a deep

learning algorithm that can take an input image, assign weights to different objects in the image, and be able to distinguish

one from another . In , the authors proposed an approach based on the estimation of the DoA parameter. The phase

components of the Short-Time Fourier Transform (STFT) coefficients of the received signals were adopted as input data,

and the training consisted in learning the features needed for DoA estimation. This method turned out to be effective in

adapting to unprecedented acoustic conditions. The authors proposed another interesting solution in . They proposed

the use of phase maps to estimate the DoA parameter. In CNN-based acoustic localization, a phase map visualizes the

phase difference between two audio signals a pair of microphones picked up. By calculating the phase difference between

the signals, it is possible to estimate the Direction of Arrival (DoA) of the sound source. The phase map is often used as

an input feature for a CNN, allowing the network to learn to associate certain phase patterns with the direction of the

sound source.

Figure 5. Example of CNN architecture .

An additional network architecture to consider is the Residual Neural Network, commonly known as ResNet. It was first

introduced in . It was designed in such a way that it avoids the phenomenon of the vanishing gradient. This makes it

harder for the first layers of the model to learn essential features from the input data, leading to slower convergence or

even stagnation in training . As seen in the literature, the authors have proposed many solutions with ResNet networks

in recent years. In , the authors proposed an approach to sound source localization using a single microphone. The

network was trained on simulated data from a geometric sound propagation model in a given environment. In turn, the

authors of  proposed a solution using ResNet and CNN (ResCNN). The authors used Squeeze-Excitation (SE) blocks

to recalibrate feature maps. The modules were designed to improve the modeling of interdependencies between input

feature channels compared to classic convolutional layers. Additionally, a noteworthy example of utilizing the ResNet

architecture was presented in . This solution combines Residual Networks with a channel attention module to enhance

the efficiency of time–frequency information utilization. The residual network extracts input features, which are then

weighted using the attention module. This novel approach demonstrates remarkable results when compared to popular

baseline architectures based on Convolutional Recurrent Neural Networks and other improved models. It outperforms

them in terms of localization accuracy and error, achieving an impressive average accuracy of nearly 98%.

In the context of sound source localization, transformers offer a unique and effective approach. They excel in processing

sequences of data, making them well suited for tasks that involve analyzing audio signals over time. By leveraging their

self-attention mechanisms and deep neural networks, transformers can accurately pinpoint the origin of sound sources

within an environment. In , the author introduced a novel model, called the Binaural Audio Spectrogram Transformer

(BAST), for sound azimuth prediction in both anechoic and reverberant environments. The author’s approach was
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employed to surpass CNN-based models, as CNNs exhibited limitations in capturing global acoustic features. The

Transformer model, with its attention mechanism, overcomes this limitation. In this solution, the author has used three

transformer encoders. The model is shown in Figure 6.

Figure 6. Attention-based model .

A dual-input hierarchical architecture is utilized to simulate the human subcortical auditory pathway. The spectrogram is

initially divided into overlapping patches, which help capture more context from input data. Each patch undergoes a linear

projection to transform its features to learn appropriate representations for each patch. The resulting linearly projected

patches are then embedded into a vector space, and position embeddings are added to capture temporal relationships of

the spectrogram in the Transformer. These embeddings are fed into a transformer encoder, which employs multi-head

attention to capture both local and global dependencies within the spectrogram data. Following the transformer encoder,

there is an interaural integration step, where two instances of the aforementioned architecture process the left and right

channel spectrograms independently. The outputs from the two channels are integrated and fed into another transformer

encoder to process the features together to produce the final results as sound localization coordinates.

An encoder–decoder network comprises two key components: an encoder that takes input features and produces a

distinct representation of the input data, and a decoder that converts this encoded data into the desired output

information. This architectural concept has been extensively studied in the field of deep learning and finds applications in

various domains, including sound source localization. The authors of  proposed a method based on Autoencoders

(AE). In their method, they employed a group of AEs, with each AE dedicated to reproducing the input signal from a

specific candidate source localization within a multichannel environment. As each channel contains common latent

information, representing the signal, individual encoders effectively separate the signal from their respective microphones.

If the source indeed resides at the assumed localization, these estimated signals should closely resemble each other.

Consequently, the localization process relies on identifying the AE with the most consistent latent representation. 

Within the realm of literature, one can discover hybrid neural network approaches that seamlessly integrate both sound

and visual representations. These approaches frequently involve the utilization of two distinct networks, each tailored to

handle specific modalities. One network is typically dedicated to processing audio data, while the other specializes in

visual information. One of those methods is proposed in  and is named SSLNet. The input data are a pair of sound and

image. The sound signal is a 1D raw waveform and the image is a single frame taken from the video. Then, both are

processed to a 2D spectrogram before they are fed to the neural networks. 
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