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 Sound source localization (SSL) is a key technology in robotics that allows 

machines to detect and locate auditory cues in real time. This review 

provides a thorough examination of SSL techniques classified into classical, 

artificial intelligence (AI), and hybrid methods. Classical methods, which 

account for 44% of reviewed studies, excel in computational efficiency and 

reliability under controlled conditions but have limitations in dynamic 

environments. AI methods, which account for 16% of studies, use deep 

learning to adapt to complex scenarios, but they require large datasets and 

computational resources. Hybrid methods, which combine classical signal 

processing and AI, are the most robust and accurate, with an average 

accuracy of 97.45%. The review also looks at the role of microphone arrays 

in SSL performance, revealing that systems with ten or more microphones 

achieve the highest accuracy of 99.23%, while single- and dual-microphone 

systems still perform competitively (97.60% and 97.21%, respectively). 

These findings suggest that hybrid methods combined with larger 

microphone arrays are the most effective SSL solution in robotics, balancing 

precision and adaptability. This paper discusses current SSL trends, 

challenges, and future research directions, providing insights for the 

development of advanced auditory systems capable of reliable performance 

in dynamic, real-world environments. 
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1. INTRODUCTION 

Sound source localization (SSL) has emerged as a pivotal technology in the domain of robotics, 

enabling machines to perceive and interact with their auditory environment [1]. This capability is particularly 

crucial for human-robot interaction (HRI), where the ability to detect and locate sound sources enhances a 

robot's situational awareness, communication abilities, and decision-making [2]. SSL underpins a wide array 

of applications, including guiding visually impaired individuals, enhancing autonomous navigation, and 

enabling voice-command-based interfaces even in noisy environments [3]. 

Over the years, advancements in sensor technology, signal processing, and machine learning have 

significantly evolved SSL techniques, transitioning from traditional beamforming [4] and time-difference-of-

arrival (TDOA) methods [5] to modern deep learning and hybrid approaches [6]. However, integrating SSL 

into robotic systems presents unique challenges: ensuring real-time processing [7], maintaining robustness in 

dynamic and noisy environments, and achieving scalability for multi-source localization [8], [9]. The need to 
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balance computational complexity, hardware constraints, and system adaptability, particularly in cost-

sensitive and resource-limited robotic platforms, amplifies these challenges [10]. 

This review aims to address these challenges by providing a comprehensive examination of 

contemporary SSL methods. It categorizes the techniques into three primary groups—classical methods, 

artificial intelligence (AI) methods, and hybrid methods—analyzing their strengths, limitations, and 

applications in robotics. Additionally, it explores the role of microphone arrays in influencing SSL 

performance, highlighting trends in the trade-offs between accuracy and hardware configurations. By 

synthesizing findings from 55 research papers, this work identifies the most effective techniques and 

configurations for modern robotic systems. The review concludes with insights into emerging research 

directions, focusing on enhancing SSL accuracy, efficiency, and adaptability for real-world applications. 

 

 

2. CLASSIFICATION METHOD 

This section presents a comprehensive analysis of findings from 55 research papers, examining the 

distribution and performance of various SSL methods. It categorizes these methods into classical, AI-driven, 

and hybrid approaches, highlighting their respective strengths, limitations, and real-world applicability. 

Furthermore, this analysis provides insights into emerging trends, ongoing challenges, and potential future 

directions in SSL research, offering a valuable reference for both academic and industrial applications. 

Figure 1 illustrates the distribution of SSL methods in the reviewed studies. Classical methods 

account for 44% (24 papers), AI methods for 16% (9 papers), and hybrid methods for 40% (22 papers). Each 

approach demonstrates unique strengths and limitations: 

a. Classical methods: These techniques rely on signal processing approaches such as beamforming, TDOA, 

and phase-based methods. Known for their simplicity and efficiency, classical methods are ideal for real-

time applications but are less effective in noisy or complex environments. 

b. AI methods: These utilize deep learning and other data-driven techniques, excelling in dynamic and 

multi-source scenarios. However, their reliance on large datasets and computational resources limits their 

scalability for real-time and resource-constrained applications. 

c. Hybrid methods: By combining classical feature extraction with AI-driven pattern recognition, hybrid 

methods achieve the best of both worlds. They are particularly effective in addressing challenges such as 

noise, reverberation, and complex source dynamics. 

The next section provides a detailed overview of the 55 papers analyzed, categorized into three groups based 

on the methodology employed: classical methods, AI methods, and hybrid methods. Each category is 

examined in terms of its techniques, applications, and future potential. 

 

 

 
 

Figure 1. Different methods of sound source localization and detection 
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2.1.  Classical methods 

Classical methods, representing 44% (24 papers) of the reviewed studies, rely on established signal 

processing techniques such as TDOA, phase-based methods, and beamforming. These methods are valued for 

their mathematical simplicity, low computational demands, and real-time applicability, making them 

foundational for SSL. While they face limitations in complex acoustic environments, refinements and novel 

implementations have significantly expanded their utility. 

Classical methods excel in resource-constrained and embedded applications. For example, 

Jamaludin et al. [11] implemented SSL using TDOA on field programmable gate array (FPGA) technology, 

achieving improved accuracy and processing speed. Lin et al. [7] optimized SSL on an FPGA SoC platform, 

balancing power consumption and processing demands for real-time localization. Pamungkas and Rais [12] 

demonstrated a real-time SSL system using the interaural time difference (ITD) method on the 

TMS320C6713 board, while Grondin et al. [13] proposed the open embedded audition system (ODAS) 

framework, integrating generalized cross-correlation phase transform (GCC-PHAT) algorithm, delay-and-

sum beamforming, and Kalman filtering for robust SSL on platforms like Raspberry Pi. 

Beamforming innovations have significantly improved localization accuracy and efficiency. 

Grondin and Michaud [8] introduced the steered response power phase transform with hierarchical search 

with directivity (SRP-PHAT-HSDA) algorithm, optimizing hierarchical search and directivity models for 

real-time robotic applications. Sun et al. [4] developed compressed beamforming (CSB-II) with iterative 

thresholding for enhanced spatial resolution. Salvati et al. [14] refined SRP-PHAT with geometrically 

sampled grids and max-pooling, improving performance in noisy environments. Additionally, Qin et al. [15] 

proposed a compressive sensing-based method that reduced data requirements while maintaining accuracy in 

reverberant conditions. Gombots et al. [16] further extended beamforming by integrating the Helmholtz 

equation and finite element method (FEM), achieving high-resolution localization in complex environments. 

Classical methods have advanced TDOA techniques to improve localization under challenging 

conditions. Zhao et al. [17] enhanced TDOA estimation with PHAT-GCC and a frequency divider, 

addressing low signal-to-noise ratios. Heydari and Mahabadi [5] demonstrated TDOA localization with high 

accuracy and low computational complexity, achieving localization in just 360 milliseconds. Still et al. [18] 

introduced real-time TDOA (RTDOA) using Monte Carlo simulations to improve reliability. Lee et al. [19] 

incorporated a diffuseness mask to refine GCC-PHAT in reverberant settings, while Chung et al. [20] 

combined GCC-PHAT with TDOA for precise localization in two-microphone systems, achieving errors as 

low as 2.3 cm. 

Biologically inspired methods have broadened the scope of classical techniques. Yang et al. [21] 

modeled localization on the auditory system of the parasitoid fly Ormia ochracea, achieving high accuracy 

with compact sensor arrays. An et al. [22] proposed a diffraction- and reflection-aware SSL method, 

leveraging geometric acoustic modeling and ray tracing to estimate the positions of direct and non-line-of-

sight (NLOS) sources. 

Classical techniques have also been refined for multi-source scenarios. Jia et al. [9] introduced 

diffuseness estimation to isolate single-source time-frequency points, simplifying multi-source localization. 

Song and Shin [23] combined interchannel phase differences (IPDs) with spectral masks and probabilistic 

voting to improve direction of arrival (DoA) estimation. Zhou et al. [24] utilized phase consistency and 

outlier removal for robust multi-source localization in reverberant environments. 

Classical methods are effective in diverse and specialized scenarios. Hosangadi [3] developed an 

SSL method for search-and-rescue robots using GCC-PHAT and delay-and-sum beamforming, achieving 

high angular resolution and efficient triangulation. Sieriebriakov et al. [25] proposed a method based on 

sound intensity and frequency variation for localization in restricted visibility environments. Wang and 

Zhang [26] combined TDOA with Kalman filtering to achieve stable indoor tracking, demonstrating average 

localization errors as low as 10 cm across 10 meters. 

Adaptive filtering and real-time capabilities further strengthen classical methods. Sewtz et al. [27] 

introduced the motion model enhanced multiple signal classification (MME-MUSIC) algorithm, incorporating 

motion modeling and noise-aware frequency selection to enhance DoA estimation in reverberant 

environments. Gala and Sun [28] combined the extended Kalman filter (EKF) with the Hilbert transform for 

real-time SSL, achieving quick convergence and improved accuracy. 

Despite their strengths in mathematical simplicity and real-time performance, classical methods face 

limitations in dynamic and noisy environments, where reverberation, multi-source interference, and complex 

acoustic phenomena degrade their accuracy. Incremental advancements, such as adaptive beamforming, 

biologically inspired designs, and advanced filtering techniques, continue to extend their relevance. However, 

their reliance on predefined models underscores the growing need for integration with data-driven techniques 

to address evolving SSL challenges. 
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2.2.  Artificial intelligence methods 

AI methods, explored in 16% (9 papers) of the reviewed studies, leverage the capabilities of 

machine learning and deep learning to address the inherent limitations of classical approaches. By employing 

data-driven algorithms such as convolutional neural networks (CNNs), recurrent neural networks (RNNs), 

and other advanced models, AI methods excel in localizing sound sources in complex and challenging 

environments, including multi-source, noisy, and reverberant conditions, where classical techniques often fall 

short. 

AI methods are increasingly being used to study and model complex auditory mechanisms. For 

example, Ihlefeld et al. [29] explored population rate-coding in human sound localization, using 

psychophysical experiments and computational neural models to demonstrate how sound intensity affects 

perceived laterality. This research highlighted the potential of AI-driven neural modeling to decode intricate 

auditory processes and advance our understanding of sound localization dynamics. 

Several studies have focused on applying AI techniques to enhance traditional sound source 

localization tasks. For instance, Tan et al. [30] introduced a CNN-regression model (CNN-R) to process 

interaural phase difference (IPD) features extracted through short-time Fourier transform (STFT). This 

method achieved high accuracy for angle and distance estimation, demonstrating superior robustness to noise 

in both simulated and real-world conditions. Similarly, Huang et al. [31] employed a backpropagation neural 

network (BPNN) to process time-delay difference data from acceleration sensors, achieving localization 

errors as low as 0.01 meters and demonstrating robust performance in structural sound localization. 

Zhou et al. [32] focused on noise source localization using a deep learning framework based on 

CNNs. The proposed method effectively localizes sound sources by learning spatial patterns and noise 

features from acoustic signals. Experimental results showed that the approach is highly robust in noisy 

environments, outperforming traditional localization methods by improving detection accuracy and 

generalizing well across varying conditions. 

Sakavičius and Serackis [33] focused on 3D localization tasks, employing a CNN to estimate 

azimuth and elevation using a 2D DoA probability heatmap derived from STFT phase components. This 

method achieved remarkable precision even in low signal-to-noise ratio (SNR) conditions, underscoring the 

effectiveness of AI-driven approaches in addressing complex spatial localization challenges. 

AI methods have also proven effective in multi-source and pixel-wise localization. Lee et al. [34] 

proposed a fully convolutional neural network (FCN) with an encoder-decoder structure for generating high-

resolution source maps without pre-defining the number of sources. This approach outperformed conventional 

deconvolution methods in both accuracy and efficiency, achieving localization errors as low as 0.020 m.  

Innovative AI architectures have been employed to handle specific challenges in sound source 

localization. For example, Bozkurtlar et al. [35] introduced the von-Mises ResNet (vM-B ResNet), which 

incorporates a novel von-Mises convolutional layer to manage periodic phase information. This model 

achieved reduced prediction errors in both quiet and noisy environments, outperforming traditional ResNet-

based models. Meanwhile, Ko et al. [36] focused on real-time applications, demonstrating a multi-stream 

CNN that processes raw multi-channel acoustic data with high accuracy, tailored for low-power IoT devices 

such as the Raspberry Pi. 

Finally, multimodal approaches are gaining traction in AI-driven SSL. Huang et al. [37] introduced 

audio-visual-language maps (AVLMaps), which combine audio, visual, and language features into a unified 

3D spatial map using pre-trained multimodal models like AudioCLIP. This framework enables zero-shot 

navigation from natural language descriptions, achieving up to 50% higher recall in ambiguous scenarios. 

Such innovations highlight the transformative potential of AI-based multimodal fusion for robust SSL in real-

world robotics applications. 

While AI methods offer significant advancements in adaptability and accuracy, they also face 

challenges such as reliance on large labeled datasets, high computational requirements, and limited 

generalizability to unseen environments. Despite these hurdles, AI-driven approaches continue to push the 

boundaries of sound source localization, addressing evolving challenges across diverse and complex scenarios. 

 

2.3.  Hybrid methods 

Hybrid methods, representing 40% (22 papers) of the reviewed studies, combine classical signal 

processing techniques with AI models, leveraging the strengths of both domains. Classical methods excel in 

reliable feature extraction and preprocessing, while AI techniques provide robust pattern recognition and 

decision-making capabilities. These integrated approaches have shown significant potential in addressing 

complex and dynamic challenges in SSL. 

Hybrid methods have demonstrated exceptional performance in sound event localization and 

detection (SELD). For instance, Cao et al. [38] proposed a two-stage SELD method using GCC-PHAT 

features with a convolutional recurrent neural network (CRNN), reducing directional angle errors to 9.85°. 
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Similarly, Krause et al. [39] integrated GCC-PHAT and interchannel phase differences with CRNNs, 

achieving a 4° reduction in localization error and improved SELD scores. Min et al. [40] extended this 

approach by combining GCC-PHAT with principal component analysis (PCA) to enhance feature extraction 

for SELDnet models, reducing DOA errors to 18.5° and achieving a frame recall rate of 91.7%. 

The integration of multiple data modalities is another hallmark of hybrid methods. Chen et al. [41] 

combined visual data and acoustic signals using Fourier-based polar histogram of oriented gradients (HOG) 

descriptors and hidden Markov models (HMMs), achieving enhanced localization accuracy in reverberant 

environments. Similarly, Grinstein et al. [42] introduced a dual-input neural network (DI-NN) that integrates 

classical metadata with spectrogram features, reducing localization errors significantly across various 

acoustic conditions. Liu et al. [2] reviewed hybrid approaches in elderly service robots, emphasizing the use 

of SLAM-based 3D reconstruction and multimodal fusion for seamless human-robot interaction. 

Classical preprocessing techniques have been effectively integrated with AI models to enhance 

spatial resolution and robustness. Boztas [1] employed discrete wavelet transform (DWT) for feature 

extraction, feeding the results into CNNs and biLSTMs, achieving an R² of 0.97. Zhang et al. [43] combined 

conventional beamforming (CBF) with a densely connected convolutional neural network (DCFCN), which 

enhanced spatial resolution and dynamic range for precise SSL. Zhou et al. [44] proposed Acoustic-Net, 

which uses STFT for feature extraction and integrates RepVGG-B0 with multi-task learning for real-time 

localization, achieving localization errors of 0.0114 m. 

Several studies used TDOA and GCC-PHAT features alongside machine learning to improve 

localization. Jaddoa et al. [45] combined TDOA-based GCC features with Restricted Boltzmann Machine 

(RBM) and long short-term memory (LSTM) networks, achieving over 99% accuracy in noisy environments. 

Wang et al. [46] enhanced GCC-PHAT with a speech-oriented masking technique, integrating machine 

learning classifiers like MLP and spiking neural networks (SNNs). Tang et al. [47] demonstrated the synergy 

of GCC and broad learning systems (BLS), achieving robust performance in high-reverberation and low-SNR 

environments. Li et al. [48] proposed GCC-Speaker, which uses speaker-dependent weighting functions 

derived from SpeakerBeam, improving localization accuracy in multi-speaker scenarios. Liu et al. [49] 

introduced a hybrid approach combining TDOA-based generalized cross-correlation (GCC) with machine 

learning classifiers such as SVM, KNN, and Naive Bayes, achieving 100% localization accuracy in outdoor 

field experiments without requiring microphone calibration. Zhang et al. [50] combined TDOA with neural 

networks for nonlinear fitting and Kalman filtering to integrate inertial measurement unit (IMU) data, 

reducing angular resolution errors from 5.45° to 1.1°, making it highly effective for dynamic applications like 

smart car navigation. 

Hybrid methods have also drawn inspiration from biology to address real-world challenges.  

Davila-Chacon et al. [51] proposed a biomimetic binaural SSL system combining classical interaural time 

and level differences (ITD/ILD) with spiking neural networks, doubling sentence recognition rates in noisy 

environments. Similarly, Goto et al. [52] combined minimum variance distortionless response (MVDR) 

beamforming with LiDAR-generated 3D spatial data to improve sound localization and visualization, 

demonstrating robust performance in both direct and reflected sound scenarios. 

Hybrid methods continue to push the boundaries with innovative algorithms. Hu et al. [53] combined 

GCC-PHAT with residual networks and channel attention modules, achieving 86.53% accuracy within a 5° 

error range. Tang et al. [10] used GCC with the incremental broad learning system (Enhance), achieving 

97.2% accuracy in simulations under high-reverberation and low-SNR conditions. Feng et al. [54] combined 

improved GCC with CNNs, achieving root mean square errors below 5° in noisy conditions. Bulut et al. [55] 

combined wavelet-transformed acoustic emission signals with CNNs, achieving over 99% validation accuracy 

in structured environments. Grinstein et al. [6] introduced Neural-SRP, integrating steered response power 

(SRP) with a CRNN, reducing localization errors by 67% in reverberant environments. 

Hybrid methods have emerged as a transformative approach to SSL, addressing complex acoustic 

challenges with unparalleled accuracy, robustness to noise, and computational efficiency. By balancing the 

simplicity of classical techniques with the adaptability of AI, they represent the most promising direction for 

advancing SSL, particularly in robotics and real-time applications. However, challenges such as integration 

complexity and computational overhead remain, highlighting the need for further research to optimize hybrid 

systems for practical deployment 

 

 

3. COMPARATIVE ANALYSIS 

3.1.  Accuracy of SSL method 

As shown in Figure 2, the average accuracy of SSL methods varies across categories: 

a. Hybrid methods achieve the highest accuracy, averaging 97.45%. Their ability to integrate classical 

preprocessing techniques (e.g., TDOA, GCC-PHAT) with adaptive AI models allows them to handle diverse 

acoustic conditions effectively. This makes them well-suited for complex, real-world robotic applications. 
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b. AI methods follow with an average accuracy of 96.52%. These methods excel in learning complex 

patterns and adapting to challenging environments. However, their slightly lower accuracy compared to 

hybrid methods may stem from challenges such as generalization and high computational demands. 

c. Classical methods exhibit the lowest average accuracy, at 95.39%. While their mathematical simplicity 

and computational efficiency make them valuable, they are more susceptible to performance degradation 

in noisy or reverberant conditions. 

The analysis highlights the trend that while classical methods remain competitive, hybrid methods offer the 

most robust solution by leveraging the strengths of both classical and AI approaches. 

 
 

 
 

Figure 2. Average accuracy for SSL method according to its classification 

 

 

3.2.  Impact of microphone array size 

Figure 3 illustrates the relationship between the number of microphones and SSL accuracy: 

a. Single microphone systems achieve a surprisingly high accuracy of 97.60%, demonstrating the potential 

of optimized algorithms for resource-limited setups. These methods are particularly suitable for portable 

or low-power devices. 

b. Two microphone systems exhibit slightly lower accuracy at 97.21%, indicating potential challenges with 

phase alignment and noise interference in dual-microphone configurations. 

c. Three to ten microphone systems show a further drop in accuracy to 95.90%, likely due to the complexity 

of processing multi-channel signals and environmental factors such as reverberation. 

d. Systems with ten or more microphones achieve the highest accuracy of 99.23%, benefiting from 

enhanced spatial resolution and robustness to noise. These configurations are ideal for applications 

requiring high precision in complex environments. 

The results indicate that while larger microphone arrays provide significant accuracy improvements, single 

and dual-microphone systems remain viable for applications with hardware constraints, provided they are 

paired with well-optimized algorithms. 

 
 

 
 

Figure 3. Average accuracy for SSL method according to its number of microphones used in its system 
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3.3.  Practical implications 

The findings suggest several practical considerations for SSL system design: 

a. Hybrid methods and large arrays for high-performance applications: Hybrid methods, combined with 

microphone arrays of 10 or more channels, are the most effective for applications requiring high accuracy 

and robustness, such as autonomous navigation and human-robot interaction in noisy environments. 

b. Cost-effective solutions for resource-constrained systems: Single and dual-microphone systems, paired 

with classical or AI methods, offer competitive accuracy for low-cost and portable devices, such as 

wearable robots or IoT systems. 

c. Trade-offs in multi-microphone systems: Systems with 3 to 10 microphones require further optimization 

to manage signal complexity and computational loads, particularly for real-time applications in 

reverberant environments. 

 

3.4.  Challenges and future directions 

Despite their advancements, each category of SSL methods faces specific challenges: 

a. Classical methods: 

− Struggle in dynamic environments with noise and reverberation. 

− Future research should explore adaptive filtering techniques and integration with AI models to 

enhance robustness. 

b. AI methods: 

− Dependence on large datasets and high computational resources limits scalability. 

− Future work should focus on lightweight AI architectures and semi-supervised learning to reduce data 

and resource requirements. 

c. Hybrid methods: 

− Integration complexity and computational overhead remain significant hurdles. 

− Optimization of hybrid systems for real-time processing and energy efficiency will be crucial for 

broader adoption. 

In addition, the exploration of novel sensor designs, such as biologically inspired systems or multimodal 

approaches, could further enhance SSL capabilities in robotics. 

 

 

4. CONCLUSION 

This review paper presents a comprehensive analysis of SSL methods, categorized into classical 

methods, AI methods, and hybrid methods. Each category demonstrates unique strengths and limitations. 

Classical methods are efficient and computationally lightweight but struggle with noise and reverberation. 

AI-based methods excel in handling complex, dynamic environments but face challenges with scalability and 

computational intensity. Hybrid methods, integrating classical signal processing with AI-driven models, 

emerge as the most effective approach, achieving the highest average accuracy (97.45%). Their adaptability 

and robustness make them particularly suitable for real-world robotic applications. 

The review also evaluates the impact of microphone configurations on SSL performance. Systems 

with 10 or more microphones achieve the highest accuracy (99.23%), benefiting from spatial redundancy and 

robust signal processing. However, single and dual-microphone systems, when paired with optimized 

algorithms, deliver competitive accuracy, offering cost-effective solutions for resource-constrained 

applications. 

In conclusion, hybrid methods combined with larger microphone arrays offer the most reliable and 

precise solutions for SSL in robotics and other advanced applications. Future research should focus on 

optimizing hybrid approaches for real-time and energy-efficient performance, enabling their deployment in 

dynamic and noisy environments. Additionally, exploring multimodal hybrid systems or lightweight AI 

techniques with minimal microphones could yield cost-effective solutions for a wider range of practical SSL 

applications. By addressing these challenges, SSL technologies will continue to evolve, driving 

advancements in robotics and auditory systems. 
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