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Abstract 

This paper proposes a novel hybrid model for localizing moving sound sources using micro-

phone arrays, integrating convolutional neural networks (CNNs), long short-term memory networks 

(LSTMs), and Q-Learning. The proposed method incorporates multidimensional acoustic fea-

tures—namely, Mel-frequency cepstral coefficients (MFCCs) and Mel-spectrograms—extracted 

from time-frequency audio signals into a Q-Learning framework that leverages CNN and LSTM 

architectures. This integration effectively mitigates the challenges posed by noise and reverberation 

in complex acoustic environments. For performance evaluation, the model utilizes synthetic data 

generated by the Room Impulse Response Generator software. Experimental designs were carefully 

constructed to assess the robustness of the model, with particular emphasis on the impact of incre-

mentally increasing noise levels and reverberation times on localization performance. The results 

demonstrate that the proposed algorithm significantly outperforms existing baseline methods, 

achieving a localization accuracy of 96% and a root mean square error (RMSE) of 3.650° in direc-

tion-of-arrival (DOA) estimation. These findings underscore the substantial potential of the model 

to deliver reliable and efficient sound source localization in real-world acoustic scenarios. 

Keywords: moving; localization; DOA; reverberant.  

1. Introduction 

      Accurate localization and tracking of moving speech sources in noisy and reverberant environ-

ments remains a critical challenge in audio signal processing. Robust direction-of-arrival (DOA) 

estimation is essential for enabling reliable performance in real-world applications, including voice-

controlled assistants, autonomous service robots, and advanced surveillance systems. Traditional 

methods often fail under dynamic acoustic conditions due to sensitivity to additive noise and room 

reverberation. This paper introduces a hybrid CNN-LSTM-Q-Learning framework that effectively 

fuses spatial, temporal, and adaptive decision-making capabilities to achieve real-time, high-

accuracy tracking of moving speakers using compact microphone arrays. 

Microphone arrays enable spatial audio capture and remain the cornerstone of sound source lo-

calization [1-2]. Classical techniques, including Delay-and-Sum Beamforming, MUSIC, and GCC-
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PHAT-based TDOA estimation, perform well in controlled settings but degrade significantly in the 

presence of noise and reverberation due to their reliance on stationary-source assumptions [3-7]. For 

example, Blandin et al. applied angular spectra clustering to multi-source TDOA estimation in re-

verberant rooms [5], yet performance drops sharply at low SNR or high RT60. Recent deep learning 

approaches have addressed these limitations by modeling complex acoustic patterns directly from 

data. DNNs extract robust spatial cues from raw waveforms [8], while CRNNs effectively combine 

convolutional feature extraction with recurrent temporal modeling for multi-source DOA estimation 

[10]. Hybrid methods, such as fusing SRP-PHAT spectra with CNNs [11-12] or using beamspace-

transformed inputs with autoencoders [13], further improve robustness in challenging environments. 

Despite these advances, most models treat localization as a static regression task, failing to adapt to 

moving sources or dynamically evolving acoustic conditions. 

Advanced deep learning models have further pushed the boundaries of sound source localization. 

Bianco et al. employed deep generative models for semi-supervised learning from multichannel 

data [16], while log-Mel spectrograms have enabled CNNs to achieve high accuracy in simulated 

indoor tracking [19]. Hybrid pipelines combining GCC-PHAT with neural networks also improve 

robustness in noisy conditions [22-23]. Despite these advances, high computational cost and data-

hungry training limit real-time deployment on resource-constrained platforms [15-17]. Moving 

source localization poses even greater challenges, requiring continuous tracking and low-latency 

inference—areas where classical methods like SRP-PHAT struggle due to computational overhead 

and noise sensitivity [20-21]. Although deep learning mitigates some limitations, most solutions 

treat localization as a frame-wise static task, lacking adaptive decision-making for dynamic trajecto-

ries. This capability is critical for real-world applications: enabling natural human-robot interaction 

[25], enhancing speech separation in ASR systems [26-27], and supporting security surveillance via 

mobile gunshot detection [30]. However, integrating traditional and deep learning paradigms under 

strict real-time and multi-source constraints remains underexplored [31-35]. 

Although autonomous localization and prediction in GPS-denied environments have attracted 

growing attention in recent years, the majority of existing approaches remain confined to domains 

with relatively slow dynamics and limited perceptual complexity. A representative example is the 

work [36], which developed a lightweight autonomous vessel location prediction system tailored for 

maritime transport in the Persian Gulf. That study relied exclusively on three onboard environmen-

tal parameters (acceleration, relative velocity, and drift) fed into a conventional multilayer percep-

tron (MLP-based ANN) and support vector regression baseline, achieving positional root mean 

square errors (RMSE) between 0.15° and 0.25° (approximately 200–400 meters) over 5–10 minute 

prediction horizons. While this represents a meaningful improvement over classical dead reckoning 

techniques in slowly evolving maritime scenarios, the approach is inherently limited by its use of 

shallow, purely feed-forward architectures that lack explicit mechanisms for modeling long-range 

temporal dependencies, handling severe non-stationary interference, or adapting online to rapidly 

changing and highly uncertain conditions. In stark contrast, the present study tackles a fundamental-

ly more demanding and perceptually challenging task: real-time localization of moving sound 

sources in reverberant and noisy acoustic environments using microphone arrays. Acoustic scenes 

are characterized by extreme temporal variability, complex multipath propagation, overlapping in-

terference, and non-stationary noise profiles—conditions that render traditional regression or simple 

neural architectures inadequate. To address these difficulties, we propose a multi-stage hybrid deep 

reinforcement learning framework. 

This paper proposes a lightweight hybrid CNN-LSTM-Q-Learning framework for real-time de-

tection and localization of moving speech sources using a quad-circular microphone array. By fus-

ing CNN-extracted spatial features (MFCC and Mel Spectrogram), LSTM-based temporal model-

ing, and Q-Learning-driven adaptive DOA estimation, the method achieves robust performance in 

dynamic, noisy, and reverberant environments. The rest of the paper is organized as follows: Sec-

tion 2 describes the dataset, feature extraction pipeline, and the proposed end-to-end architecture. 
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Section 3 evaluates performance through extensive simulations and comparisons with state-of-the-

art baselines. Section 4 concludes the work and discusses future directions. 

2. Method 

We propose HCLQ, a lightweight hybrid CNN-LSTM-Q-Learning framework for real-time 

localization of moving speech sources using a four-element circular microphone array. The archi-

tecture seamlessly integrates three core modules: CNN Encoder: Extracts spatial acoustic features 

(MFCC and Mel Spectrogram) from multichannel audio frames, capturing inter-microphone phase 

and amplitude differences. Bidirectional LSTM: Models temporal dynamics of moving trajectories 

across sequential frames, preserving long-term motion dependencies. Q-Learning Agent: Treats 

DOA estimation as a sequential decision process, adaptively refining azimuth predictions in noisy 

and reverberant conditions via reward-driven optimization. 

This end-to-end fusion enables robust, low-latency tracking in dynamic environments, signifi-

cantly outperforming static regression-based methods. The model is particularly effective for trajec-

tory prediction, mobile robot navigation, and motion-aware audio processing, achieving higher ac-

curacy with reduced angular error. The full model contains ~820K parameters and runs efficiently 

on edge devices. Training on large multichannel datasets (50–200 signals) requires 8–16 GB RAM 

due to feature buffering and replay memory.  

2.1 Data Set 

In this study, simulated data were generated using a program called RIR GENERATOR [37], 

which produced room impulse responses (RIRs) consisting of synthetic audio signals characterized 

by diverse ambient noise, sound reflections, and sources moving at different speeds and directions.  

Fig. 1 illustrates the simulated 2D acoustic environment: a 5 m × 5 m rectangular room with a 

four-element circular microphone array centered at (2.5, 2.5) m and radius 0.1 m (90° spacing). 

Two moving speech sources (S1, S2) follow circular trajectories around the array with radii 1.0 m 

(clockwise, initial DOA: 45°) and 1.5 m (counterclockwise, initial DOA: 135°), respectively. Addi-

tive white Gaussian noise (SNR ∈ [0, 20] dB) and babble interference are injected to emulate real-

world complexity. Multichannel signals are generated via convolution with simulated RIRs, ena-

bling evaluation of the HCLQ framework under controlled yet challenging dynamic, noisy, and 

reverberant conditions. 

 
Figure 1: Setup of the microphone array (radius 0.1m), two sound sources moving circularly (S1:1m 

radius, clockwise, DOA 450, S2: 1.5m radius, counterclockwise, DOA 1350), white noise and babble 

noise represented by circles around the array, wall reflections, and coordinate axes in a 5m*5m room. 
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To ensure a realistic and generalizable evaluation, clean speech signals were drawn from the 

standard TIMIT corpus (630 speakers, 10 sentences per speaker). A strict speaker-disjoint and ut-

terance-disjoint split was enforced: training and validation sequences were generated from speech 

by 400 speakers, whereas the test set used the remaining 230 speakers, all completely unseen. 

Moreover, none of the specific utterances used during training or validation appeared in the test 

sequences. This guarantees that the model is evaluated on entirely new voices and linguistic con-

tent. Although the room dimensions, microphone array geometry, and circular trajectory radii (1.0 

m and 1.5 m) were kept fixed across all splits for fair comparison, the angular velocity of each 

source was independently sampled from a uniform distribution [30°/s, 120°/s] and the initial direc-

tion-of-arrival was uniformly randomized over [0°, 360°) for every sequence. Room impulse re-

sponses were generated on-the-fly using RIR-GENERATOR based on the instantaneous source 

positions, and additive white Gaussian noise together with babble interference were injected at ran-

domly chosen SNR levels uniformly sampled from 0 to 20 dB. Consequently, the test set (1,000 

sequences, ≈2.8 hours) contains completely unseen speakers, utterances, motion trajectories, and 

reverberation/noise realizations, compared with the training (4,000 sequences, ≈11 hours) and vali-

dation (500 sequences) sets.  

2.2 Feature Extraction 

In this section, we delineate two distinct categories of features extracted from the audio sig-

nals captured by each microphone. 

2.2.1 Mel-Frequency Cepstral Coefficients (MFCCs) 

The MFCCs, as a diagram of the short-term power spectrum of a legitimate are used to repre-

sent the spectral cues of the sound waves. It is based on a linear cosine alter of a nonlinear Mel 

scale of frequency [38]. MFCCs are derived, firstly, from the Fourier transform of a sound. Then, 

the power of the spectrum is mapped on top of the Mel scale using triangular overlapping windows. 

In the next step, the logs of the powers are taken at each Mel frequency: 
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    is the log energies for each M filter with impulse response.  Finally, the ampli-

tudes of the resulting spectrum are computed as MFCCs: 
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2.2.2 Mel Spectrogram 

Mel Spectrograms provide a perceptually-weighted time-frequency representation of multi-

channel audio, effectively capturing dynamic spectral variations in moving speech sources [39].  

The pipeline begins by framing the signal into 25-ms segments with 50% overlap using a Hamming 

window. For each frame, the Short-Time Fourier Transform (STFT) is computed: 

                                      (3) 

 

Where X (m, k) is the frequency spectrum for frame (m) and frequency (k), w[n] Window 

Hamming to reduce edge effects. N, Frame length. The result of the Short-term Fourier transform 
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(STFT) is a complex matrix whose spectral power is given by |X (m,k)|^2. To convert linear fre-

quencies to the Mel scale, the following formula is used [39]: 

                                                            (4) 

 

  Where f Linear frequency in Hz, m frequency on the Mel scale. This formula maps linear 

frequencies to the nonlinear Mel scale, which corresponds to the sensitivity of human hearing. A 

bank of Mel filters (a collection of triangular filters) is applied to the power spectrum. Each filter 

collects energy in a specific frequency range [39]: 

                                               (5) 

 

To improve the presentation and adapt to auditory perception, the logarithm of the energies is 

sometimes taken [38]: 

                                                     (6) 

 

Where ε is A small value to avoid a zero logarithm. This step is used to generate a Log-Mel 

Spectrogram, which is common in deep learning models. 

2.3 Hybrid CNN+LSTM+Q-Learning 

This study proposes a hybrid architecture combining CNN, LSTM, and Q-learning to estimate 

the direction of arrival (DOA) for two moving sound sources using a four-element circular micro-

phone array. As illustrated in Fig. 2, the SSL framework processes multichannel audio signals rep-

resented as 2D matrices that encode both spatial and temporal information. The CNN layers extract 

localized spatial features—such as inter-channel phase differences and intensity variations—via 

small convolutional filters, producing feature maps that pinpoint the position of each source. Max 

Pooling reduces dimensionality while retaining salient, noise-resilient patterns, and Batch Normali-

zation stabilizes training. The resulting spatial representations, formatted as sequential feature maps 

or compact vectors, enable discrimination between the two sources per frame. These are then pro-

cessed by LSTM layers, which capture temporal correlations across frames to independently track 

evolving DOA trajectories. The Q-learning module further refines feature selection and localization 

decisions in noisy, dynamic settings, bolstering overall robustness. By synergistically leveraging 

spatial and temporal cues, the architecture achieves precise, independent DOA estimation for both 

moving sources, even under interference. Experimental details are summarized in Tab. 1. 

 

 
Fig. 2 The proposed block diagram for the HCLQ. 

 

 

 

 
 

Hyperparameters Configurations 
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Optimizer Adam 

Loss function MAE 

Learning rate 0.0001 

Decay 10-4 

Execution environment GPU 

Batch size 512 

Table 1: The Experimental Setup is used in the simulated acoustic environment. 

 

3. Results 

3.1 Evaluation Metrics 

In this research, performance was evaluated using DOA error, Accuracy (ACC), and Root 

Mean Square Error (RMSE). The DOA error quantifies the angular deviation between estimated 

and true source directions, while ACC measures the proportion of frames in which the estimated 

DOA falls within a predefined tolerance threshold (e.g., ±5°). RMSE provides a comprehensive 

measure of estimation error magnitude across all frames, capturing both bias and variance in the 

predicted angles. These complementary metrics collectively assess the precision, reliability, and 

robustness of the proposed hybrid CNN-LSTM-Q-learning framework in tracking two moving 

sound sources. 

DOA error is critical in applications involving sound localization and spatial audio pro-

cessing. Accurately determining the direction from which a sound originates is fundamental for 

many tasks, such as audio surveillance, robotic hearing, and augmented reality. A lower DOA error 

indicates better performance of the model in distinguishing and localizing sound sources, which is 

essential for enhancing user experience and system reliability in practical applications. The DOA 

error serves as a measure of the average discrepancy between the true angles and those predicted, 

and it is determined using the following formula: 

 

1

1
,

N

i ii
DOA error

N
 

=
= −                                                      (7) 

where   and    are the ground truth and predicted angles, respectively. N is the total number of 

samples. 

Additionally, Accuracy (ACC) is the most widely adopted metric for evaluating classification 

performance. In the proposed SSL framework, the sound field is divided into discrete angular re-

gions, effectively transforming DOA estimation into a multi-class classification task. Consequently, 

ACC serves as a suitable indicator of the model’s ability to correctly assign each source to its true 

spatial sector. However, a correct classification with only a marginal angular error (e.g., just outside 

the sector boundary) may still be functionally inadequate in precision-critical applications. High 

ACC reflects the model’s consistency in delivering correct predictions, which is vital for robust 

performance in tasks such as speech recognition, environmental sound classification, and interactive 

audio systems. It ensures that the system can perform well in diverse situations, contributing to its 

robustness. Thus, the ACC in this research was calculated by thresholding the difference between   

and    to differentiate between true and false cases. In this study, the threshold T was set to 10, 

matching the value used in [40]: 
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Root Mean Square Error (RMSE) is a widely adopted metric for quantifying DOA estimation 

error. It computes the square root of the average squared angular differences between estimated and 

ground-truth directions, thereby penalizing larger deviations more heavily due to the quadratic term. 
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For dynamic sources with time-varying trajectories, RMSE effectively captures both systematic bias 

and random fluctuations in angle predictions across frames. This sensitivity to outliers makes it par-

ticularly valuable for assessing model stability under challenging conditions. Moreover, RMSE fa-

cilitates direct, quantitative comparisons with established methods such as MUSIC or beamforming, 

providing a standardized measure of localization precision. In this study, RMSE is calculated as: 

2

, ,

1

1
( )

N

est i tru i

i

RMSE
N

 
=

= −                                                   (9) 

Where,  , Estimated angle of DOA for sample i and  , Actual angle of DOA for sample 

i, N: Total number of samples in the dataset. RMSE is very suitable for examining the overall accu-

racy of the model in dynamic scenarios. This measure can show the variation of the error in differ-

ent paths and under different noise conditions. For example, RMSE can be used to analyze the ef-

fect of source velocity or environmental noise on the accuracy of the model.  

3.2 Simulation Setup 

To assess the robustness of the proposed HCLQ (Hybrid CNN LSTM Q learning) source lo-

calization system, this section evaluates its performance under varying noise conditions, including 

white Gaussian noise and stirring noise (simulating diffuse babble or reverberant interference) at 

multiple intensity levels. The reverberation time (T₆₀) is fixed at 0.5 seconds, while signal-to-noise 

ratio (SNR) levels are varied from 0 dB to 20 dB in 10 dB increments. This setup enables a system-

atic analysis of degradation under both additive and convolutive interference. The proposed HCLQ 

framework is benchmarked against several established baseline methods. Results demonstrate that 

the HCLQ system significantly outperforms all baselines across the full range of SNR and noise 

types. 

The performance of the proposed HCLQ model in estimating the DOA of two moving sound 

sources is evaluated on simulated datasets and reported in Table 2. This table presents results under 

white Gaussian noise and babble noise at SNR levels of 0 dB, 10 dB, and 20 dB, as well as their 

combined effect in the presence of artificial reverberation with T₆₀ ≈ 0.5s. Under combined chal-

lenging conditions (noise + reverberation), the model achieves 99.90% accuracy and a DOA error 

of 0.10° for white noise, and 100% accuracy with a DOA error of 0.10° for babble noise. These 

near-perfect results highlight the exceptional robustness of the proposed architecture. The CNN 

effectively captures fine-grained spatial cues from inter-channel phase and amplitude differences, 

enabling precise source separation even in low-SNR regimes. Meanwhile, the LSTM accurately 

models temporal trajectories, ensuring stable tracking of dynamic DOA changes across frames. The 

integration of these components, further refined by Q-learning, yields substantial performance gains 

over conventional methods, demonstrating the model’s superiority in complex, real-world acoustic 

scenarios. 
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Noise 

type 

Training 

SNR (dB) 

Test SNR 

0 dB 10 dB 20 dB 0, 10, 20 dB 

ACC(%) DOA(°) ACC(%) DOA(°) ACC(%) DOA(°) ACC(%) DOA(°) 

White 

noise 

0 92.50 7.00 88.50 9.50 90.00 11.50 96.50 3.50 

10 91.00 8.00 87.50 10.00 88.00 11.00 99.50 0.80 

20 92.00 7.00 86.00 10.50 84.50 14.50 98.50 2.50 

0, 10, 20 95.50 3.00 96.00 5.00 97.50 7.50 99.90 0.10 

Babble 

noise 

0 99.00 12.00 95.50 8.50 94.00 7.00 98.50 1.50 

10 98.50 9.50 95.80 7.50 94.50 6.50 99.00 1.00 

20 98.00 8.50 95.00 7.00 93.00 6.00 99.50 0.80 

0, 10, 20 99.90 0.80 100.0 0.30 100.0 0.10 100.0 0.50 

Table 2: The accuracy values of sound source localization by the different structures of the proposed system 

(
60 0.5T s=  ). 

 

The remarkably low average DOA error of 3.65° and near-perfect frame-level source-

counting accuracy reported in Table 2 may appear unusually strong. This performance is enabled by 

the highly regular kinematic prior inherent in the chosen scenario: two sources moving on perfectly 

circular paths with known geometry, opposite directions, and sufficiently different radii. Combined 

with the compact four-microphone array and moderate source distances, these conditions produce 

highly discriminative and predictable spatial cues that the recurrent-reinforcement architecture rap-

idly learns to exploit. Importantly, the test set uses entirely unseen speakers, unseen utterances, and 

randomly reinitialized trajectory phases and velocities, eliminating any possibility of memorization 

or data leakage. Performance on less constrained and more erratic real-world trajectories is expected 

to be considerably lower and is left for future investigation. 

Tables 3 and 4 show the RMSE metrics for simulated data with white and bubble noise and 

artificial reflection (T60~0.5S). 

 
SNR 

(db) 

0db 10db 20db 0,10,20 db 

 RMSE(0) RMSE(0) RMSE(0) RMSE(0) 

0 5.20 6.50 5.60 4.60 

10 4.10 5.20 4.20 3.20 

20 3.20 4.10 3.30 2.30 

0,10,20 1.20 3.00 2.50 1.80 

Table 3: DOA estimation performance for white noise at different SNR levels. 

 
SNR 

(db) 

0db 10db 20db 0,10,20 db 

 RMSE(0) RMSE(0) RMSE(0) RMSE(0) 

0 4.20 5.70 4.10 3.50 

10 3.70 4.70 3.70 3.00 

20 2.10 2.20 2.20 1.80 

0,10,20 1.00 0.80 0.70 0.60 

Table 4: DOA estimation performance for Babble noise at different SNR levels. 
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Figure 3 shows the accuracy and RMSE of the proposed approach compared to the baseline 

systems under SNRs of 0, 10, 20 dB, and their combinations. The effectiveness of this new algo-

rithm is evaluated alongside the models of Li et al. [41], Chen et al. [42], Patel et al. [43], and Tian 

et al. [44]. Compared with the methods presented in [46–49], our simulations show better perfor-

mance in terms of ACC and RMSE for DOA estimation. In particular, our proposed method pro-

vides higher accuracy and lower RMSE at high SNRs. At low SNRs (0 dB), our ACC results are 

comparable to [42], while RMSE still shows a relative improvement. These results emphasize the 

superiority of our method in accurately reconstructing the path of moving sources and demonstrate 

its potential for practical applications in signal processing. 

 

 

 

  
Fig.3 The ACC of localization and the RMSE for the proposed technique are evaluated under two types of noise: 

white noise (shown in the upper section) and babble noise (depicted in the lower section), T60 = 0.5 s. 

 

Conclusion 

In this research, we proposed an advanced HCLQ learning model for DOA estimation of 

moving sources, using Mel spectrogram features and MFCCs, along with a 4-microphone circular 

array. The model was evaluated in simulated environments with white noise and babble noise 

(T60=0.5S). We used metrics such as ACC, RMSE to evaluate the effectiveness of the model. By 

employing spatial feature extraction with CNN, temporal dynamic modeling with LSTM, and deci-

sion optimization with Q Learning, the model achieved a localization accuracy of 96% and RMSE 

of 3.650, which shows superior performance compared to the baseline algorithms. The results show 

that the DOA error is further reduced in the presence of babble noise compared to white noise, indi-
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cating the impact of babble noise features on the performance of the localization and source track-

ing model. By capturing the temporal and spatial characteristics of the signal, this model provided 

high accuracy in DOA estimation, even in the presence of babble noise, confirming its potential for 

practical applications in acoustic tracking, radar systems, and wireless communications. 

In conclusion, the proposed HCLQ demonstrates robust localization and separation perfor-

mance in challenging dynamic scenarios with continuously moving and overlapping sources. It is 

important to note that the current evaluation is based on a controlled two-source scenario with 

smooth circular trajectories — a setup that, while significantly more difficult than stationary-source 

cases, remains a simplified yet widely adopted benchmark in the moving-source literature. This 

choice enables precise ground-truth labeling, reproducible comparisons, and systematic analysis of 

angular velocity and overlap effects. Furthermore, all experiments were conducted on synthetic da-

ta; validation on real-recorded datasets with freely moving speakers remains necessary for practical 

deployment and will be addressed in future work. Nevertheless, extending the framework to arbi-

trary 2D/3D trajectories and real-recorded datasets (e.g., LOCATA challenge or in-house record-

ings) constitutes a natural and promising direction to further confirm its generalization ability under 

fully unconstrained conditions. 
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