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Abstract—While significant progress has been made in the
field of Sound Source Localization (SSL), the confidence and
robustness of the localization results still remain low. Conducting
uncertainty analysis can effectively alleviate this problem, since
it provides a measure of the confidence level in the SSL results.
In this work, we propose a novel framework for SSL that not
only delivers the state-of-the-art localization performance, but
also provides reliable uncertainty estimations. Our framework
leverages a novel backbone architecture integrating a multi-
head self-attention module to effectively capture spatial features
through a self-attention mechanism. Additionally, our approach
incorporates subjective theory to associate predictions obtained
from the neural network with a Dirichlet distribution. This
allows us to model the overall uncertainty by parameterizing
the class probabilities of the positions of the sound source.
To comprehensively evaluate the performance of the proposed
method, extensive experiments were conducted using both simu-
lated and real-world datasets. The results show that the proposed
method can improve the SSL accuracy and enhance the neural
network’s reliability, even out-of-distribution samples can be
handled effectively. The obtained accurate sound source positions
and uncertainty estimations can be utilized in downstream audio-
related tasks, such as enhancing the accuracy and reliability of
sound event detection by incorporating uncertainty. This inte-
gration can assist robots in making more informed decisions by
fusing information from multiple sources. Our code is available
at https://github.com/Devin-Pi/uncertainty-estimation-for-ssl.

Index Terms—moving sound source localization, uncertainty
estimation, deep learning, attention mechanism, subjective logic
theory

I. INTRODUCTION

Ound Source Localization (SSL) refers to the process of

determining the location of sound-emitting objects using
either the human auditory system or an audio perception
machine. It finds widespread applications in many fields,
including robot audition [1]], [2], speech enhancement [3],
video conferencing, and pipe leak detection [4]. To improve
the accuracy of SSL tasks, researchers have developed various
approaches, which can be broadly classified into two cate-
gories: conventional physics-based and deep learning-based
methods. Conventional methods primarily focus on estimating
the spatial features of sound sources by analyzing multi-
channel sound signals collected from the acoustic environ-
ment. These methods typically utilize time differences, sound
level differences, and phase differences between signals cap-
tured by at least two microphones to determine the location of
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the sound source. Beamforming and other spatial audio pro-
cessing techniques have also been developed for multi-channel
SSL systems [5], [6], [7]. However, traditional methods often
struggle with poor prediction accuracy in complex real-world
environments due to the limitations of predefined conditions
and the presence of noises and reverberations.

In recent years, substantial research efforts have been made
to improve the performance of SSL in complex and chal-
lenging acoustic environments. Many of these efforts have
utilized neural network-based methods. Specifically, neural
network models such as Convolutional Recurrent Neural Net-
work (CRNN) [8], Transformer [9], and Long Short-Term
Memory (LSTM) [10] have been employed. These methods
can be further classified into classification and regression tasks.
Although these methods have shown promise in enhancing the
SSL performance, the resulting localization estimates usually
lack robustness and reliability. This is because these models
typically use SoftMax to output the classification results,
which tends to produce over-confident predictions, especially
for incorrectly classified results [[11], [[12f], [[13]], [14]]. In typical
SSL tasks, while acquiring the position of the sound source
is important, it is equally important to assess the reliability
and robustness of the localization results, particularly in some
applications such as robot audition.

Conducting uncertainty estimations can effectively provide
insights into the reliability and robustness of the models.
Generally, two types of uncertainty estimation models can
be considered: Bayesian and non-Bayesian. Bayesian-based
methods describe the uncertainty through a distribution over
weights. Various Bayesian methods have been developed, such
as Markov Chain, Monte Carlo, Laplacian approximation, and
other variants. For instance, Schymure [9]] employed a Linear
Gaussian System to determine the probability of the sound
event localization, with an additional branch to output the
posterior mean and covariance matrix. However, the output of
this approach does not provide a direct measure for estimating
the prediction uncertainty in terms of a comparable value.
Besides that, Bayesian-based methods are computationally
expensive, necessitating the development of new techniques
for uncertainty estimation. Recent developments have fo-
cused on non-Bayesian methods, including evidential deep
learning [|11], deep ensembles, and others. These methods
have been successfully applied in various domains such as
semantic segmentation [15]], action recognition [16], multi-
view classification [[12], etc.

In summary, existing approaches to SSL tasks, whether
based on physics or neural networks, often lack robust un-
certainty estimations. To address this challenge, we propose
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a novel framework in this study, aiming to achieve the
state-of-the-art localization performance while simultaneously
providing uncertainty estimates for predicted sound source
positions. Unlike previous deep learning-based approaches
which directly output the localization results, our proposed
method incorporates uncertainty into the neural network’s out-
put. Specifically, we employ the Dempster-Shafer theory [|17]]
and Subject Logic theory [18] to generate final localization
probabilities and uncertainties for different Direction of Ar-
rival (DOA) candidates. The distribution of possibilities for
different classes of SSL is parameterized using the Dirichlet
distribution. Additionally, we introduce new backbones for
SSL that utilize the multi-head self-attention mechanism,
achieving state-of-the-art performance compared to previous
methods. The main contributions of this paper are summarized
as follows:

« We propose a novel framework that addresses the critical
need for uncertainty estimation in SSL. This framework
enables simultaneous prediction of sound source locations
and reliable quantification of uncertainty for those predic-
tions.

« Two novel backbones by leveraging the multi-head self-
attention mechanism are proposed, namely TCRNN and
TLSTM. Compared with previous models, these proposed
backbones learn the relationship between the binaural
sound signals and DOA in an attention-based manner,
effectively emphasizing critical features for accurate SSL.

« Through extensive experiments on simulated datasets and
the publicly available LOCATA dataset, we demonstrate
the feasibility and generalization ability of our proposed
method. The results show that our approach not only
achieves the state-of-the-art performance for SSL but also
provides valuable uncertainty estimations, enhancing the
reliability and robustness of the predicted results.

The rest of the paper is organized as follows: Section
reviews the related work and defines the research gap. Sec-
tion details the proposed method. Experimental results
and discussions are presented in Section Finally, the
conclusions are drawn in Section [V]

II. RELATED WORK

In this section, we first review the existing methods related
to SSL and uncertainty estimation tasks.

A. Deep Learning-Based SSL

Accurately determining the position of the sound source
is crucial for various SSL-related tasks. Many deep learning-
based approaches have been proposed to address SSL, as
summarized in Table |l Broadly speaking, the task of de-
termining the position of sound sources can be divided into
two categories: classification and regression. Classification-
based methods aim to predict the DOA of sound sources,
which is usually represented by azimuth and elevation angles
typically divided into continuous degree candidates ranging
from 0° ~ 180° [8]], [10]. As for the regression-based
approaches, they aim to obtain the exact position of sound

sources in the coordinate systems such as Cartesian coordi-
nates, spherical coordinates, and cylindrical coordinates [9],
[10], [31]]. The coordinates of the sound sources can also be
determined by the distance between the sound source and the
microphone array and the DOA [25]. In addition, there also
exist methods that estimate the localization of sound sources
by using intermediate features, such as inter-channel phase
differences (IPD) [8[l, [10], [20], [26], ray space transform
[22], and spherical maps [31]]. Regardless of the specific SSL
task, the input features are typically extracted from multi-
channel sound recording signals. These input features can
include the phase and magnitude spectrum [[19] or short-time
spatial pseudo-spectrum [23]], typical spectrogram involving
phase and magnitude [24] and its variations, like logarithmic
magnitude and phase spectrogram [, [28]], the real and
imaginary parts of the short time Fourier transform (STFT) co-
efficients [10], [9]], [27], and relatively high-level features, such
as generalized cross-correlation with phase transform (GCC-
PHAT) [21]], [22], steered response power with phase trans-
form spectrum (SRP-PHAT) [25], [31]], [33]], icosahedral SRP-
PHAT map [32], circular harmonic features [29]], and spherical
beamforming map [30]]. The commonly used neural network
architectures for SSL include convolutional neural network
(CNN) [21], [221], [23], 124], [27], [29], convolutional recur-
rent neural network (CRNN) [19]], [8]], [28]], long short-term
memory (LSTM) neural network [10]], [26], fully-connected
neural network [20], etc [30[, [31], [32], [33], [9], [25].

In sum, the existing deep learning-based methods have
shown promising results for accurate SSL. However, the
reliability and robustness of the SSL results are still limited.
Specifically, these approaches lack proper consideration of
uncertainty estimation. To bridge this gap, our aim is to
propose an end-to-end method that not only delivers accurate
localization results, but also provides reliable uncertainty esti-
mations for the predicted results. By incorporating uncertainty
estimation into the localization process, we seek to enhance
the overall reliability and robustness of SSL networks.

B. Uncertainty Estimation for Deep Learning

During the inference stage, the deep learning neural net-
works are usually deployed after sufficient training. Hence,
their uncertainty can not be obtained directly. To address
this issue, Bayesian neural network [34] (BNN) has been
developed to estimate the uncertainty of the deep learning-
based models by incorporating probabilistic weight parame-
ters. Another method for uncertainty estimation is Monte Carlo
dropout [35], which involves conducting dropout sampling
from the weight in the training and testing stages. Recently,
evidential deep learning (EDL) [11] is developed to estimate
the uncertainty by formulating subjective opinions. EDL can
directly model the uncertainty without relying on weight
sampling or replacement. By incorporating subjective logic
theory (SL) [18] and Dempster-Shafer theory (DST) [17]]
into the neural network, EDL can provide localization results
and uncertainty estimation at the same time. A few studies
have demonstrated that EDL has widespread applications,
including semantic segmentation [|15]], action recognition [[16],
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TABLE I
SUMMARY OF DEEP LEARNING-BASED SSL. METHODS

Approach Input Output Network Uncertainty
SELDNet [19] phase and magnitude spectrum DOA CRNN No
[20] sinusoidal IPD sinusoidal IPD FC No
[21] GCC-PHAT and periodicity degree features DOA CNN No
[22] GCC-PHAT Ray Space Transform CNN No
[23] short-time spatial pseudo-sepctrum DOA CNN No
[24] phase and magnitude spectrograms DOA CNN No
Cross3D [25] SRP-PHAT DOA 3D CNN No
PILOT [9] STFT coefficients DOA Transformer Yes
[26] logarithmic power spectra & sinusoidal IPD time-frequency masks; DOA BLSTM; LSTM No
[27] STFT coefficients DOA CNN No
SRP-DNN [8] logarithm-magnitude and phase spectrograms DP-IPD CRNN No
SALSA [28] log-linear spectrograms & normalized eigenvectors DOA CRNN No
[29] circular harmonic features DOA CNN No
[30] spherical beamforming map spherical target map spherical autoencoder No
Spherical CRNN [31]] SRP-PHAT DOA spherical CRNN No
[32] icosahedral SRP-PHAT map DOA Icosahedral CNN No
FN-SSL [10] STFT coefficients DP-IPD (B)LSTM No
IFAN [33]] SRP-PHAT and SRP-LMS DOA Icosahedral CNN No
TCRNN STFT coefficients DOA CRNN Yes
TLSTM STFT coefficients DOA LSTM Yes

multi-view classification [12f], etc. However, to the best of
our knowledge, the application of EDL theory has never
been explored in the context of SSL tasks. This study seeks
to address this research gap and comprehensively evaluate
the advantages and effectiveness of incorporating EDL with
SSL, thereby contributing to a deeper understanding of the
capabilities and potentials of this novel approach.

III. METHOD

This section presents an evidence-based neural network for
SSL that incorporates extra uncertainty estimation, distinguish-
ing it from previous networks. The theory and fundamentals
related to the uncertainty and evidence are introduced first.
Then, a novel framework for processing the multi-channel
sound recordings and obtaining the DOA of the sound source
is elaborated, along with the estimation of uncertainties asso-
ciated with the predictions of DOA classifications. Finally, the
loss function of the training model is established.

A. Uncertainty and Evidence Theory

In this subsection, the fundamentals of EDL [|11]] are elabo-
rated.DST [17], as one of the generalizations of the Bayesian
theory in the perspective of Subjective probabilities, can repre-
sent the probabilities of each possible states in a discriminative
framework by assigning belief masses. To quantify the belief
masses and uncertainty in a discriminative framework, SL [|18]]
is utilized to associate the belief masses and uncertainty with
the parameters of Dirichlet distribution. In this way, the overall
uncertainty for the current classification and the probabilities
of each class can be modeled jointly. Specifically, in a K-
class classification problem, the SL assigns belief masses by
to each class and the overall uncertainty mass u to the whole
classification. It should be noted that these k + 1 values are
all non-negative and the sum among them should be one:

K
ut» b =1, (1)
k=1

where by, denotes the belief mass for the k;, class and
u denotes the overall uncertainty of the whole framework,
respectively. The belief mass by for a class k£ can be obtained
by the evidence, which can be regarded as a kind of support
for the specific classification results of a sample. Further-
more, the SL [[18] associates the evidence e = [ey, ..., ex]
with the concentration parameters of the Dirichlet distribution
o = [ay, ..., ak]. Specifically, the relationship between the «
and e was denoted as o, = e + 1. Hence, the belief mass by
and overall uncertainty v can be acquired by:
€L o — 1 K

bp="o=—gu=73, 2

where S = YK (er, + 1) = 2K ay represents Dirichlet
strength. According to Eq. (2), it can be observed that higher
evidence obtained for the k;, class leads to a higher belief
assigned to the ky, class. In contrast, the less evidence
acquired, the higher overall uncertainty for the classification.
This belief assignment can be regarded as a subjective opinion.
The probability of the ki, class is the mean of the Dirichlet
distribution, which can be obtained by p, = <.

To further clarify the significance of the Dirichlet distribu-
tion in the classification tasks, we take a triple classification
problem as an example. In this case, the Dirichlet distri-
bution can be represented by a triangle, i.e., a standard 2-
simplex, where the vertices of the triangle denote the different
classes. As shown in Fig. 1[(a)l when we obtain high evidence
for a specific class, e.g., the evidence among 3 classes is
e = (50,1,1) and the corresponding Dirichlet distribution
concentration parameters is a = (51, 2, 2), a sharp distribution
is described on the top of the triangle. It represents that enough
evidence is obtained to ensure accurate classification results.

In contrast, if we acquire little evidence for the classifi-
cation, e.g., e = (0.1,0,1,0.1). Correspondingly, the related
Dirichlet distribution parameters is a = (1.1,1.1,1.1), the
uncertainty mass for this case is around 0.91. As shown in
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(2) (b) (©

Fig. 1. Dirichlet distribution visualization. (a) high confidence. (b) low
confidence. (c¢) out of distribution.

Fig. 1[(b)] This indicates that the overall uncertainty is high and
we cannot have enough confidence on the classification results.
Additionally, when the evidence is equal among different
classes, e.g., e = (16,16,16), and the Dirichlet distribution
parameters is a = (17,17,17). In this case, the Dirichlet
distribution is uniform, as shown in Fig. I[(c)) We can also
obtain a high uncertainty mass for this case.

B. Framework of Uncertainty Estimation for SSL

In this subsection, the proposed framework for uncertainty
estimation of SSL is introduced, as shown in Fig. [2] to Fig. {]

Overview of the proposed framework: As shown in Fig.
the proposed architecture contains four parts: (1) Input:
We utilize multi-channel sound signals as the input for the
entire framework. (2) Backbone: This component is employed
for feature extraction. (3) Uncertainty Estimation: This is
calculated based on the output from the backbone. (4) Output:
The final output consists of two parts: the predicted DOA for
each time frame and the corresponding uncertainty estimation
results for the predictions.

To study the feasibility and generality of the Uncertainty
Estimation method as much as possible, inspired by SRP-DNN
[8] and FN-SSL [10], two of the most commonly used neural
networks, the CRNN and LSTM architectures were selected as
the backbones to conduct feature extractions. Different from
the original models, to further enhance the ability of the model
and capture the relationship between the multi channels in
terms of frequency, the multi-head self attention module is
introduced. The improved CRNN and LSTM-based neural
networks are proposed, called Trusted CRNN (TCRNN) and
Trusted LSTM (TLSTM). Next, each part of the proposed
framework is introduced in detail.

Input: In this study, we consider binaural sound recordings
as the input data. These recordings are first processed by the
Short-time Fourier Transform (STFT) before being fed into
the backbone. The input for the neural network consists of the
concatenated real and imaginary parts of the STFT results.

Backbones: As mentioned previously, two types of back-
bones are proposed, based on CRNN and LSTM, respectively.
For the TCRNN, depicted in the upper part of Fig. [3| four
Convolutional Modules (CMs) are utilized to perform initial
feature extraction. Each CM consists of two convolutional
layers, each followed by a Rectified Linear Unit (ReLU) and a
Batch Normalization (BN) layer. After being processed by the
CMs, these extracted features are fed into a multi-head self-
attention module to further learn the location-related features
in the view of frequency. Subsequently, the enhanced features

are fed into to the LSTM module to capture temporal features.
The learning objective of this study is the DOA at individual
time frames. Therefore, transformations of time dimensions
are necessary. Max pooling, selected for time dimension
compression, is applied after each CM. The final output for
the DOA is obtained through a fully-connected layer. Unlike
TCRNN, the TLSTM is solely constructed using the LSTM
modules. Specifically, two variants of the LSTM, termed
Full-band and Narrow-band LSTM, are utilized in this study
[10]. These variants can effectively extract the features from
different frequencies. The input for the TLSTM is identical
to that of the TCRNN. Additionally, to further improve the
capability of the TLSTM to learn frequency-related features,
a multi-head self-attention module is employed subsequent to
the LSTM modules for further feature extraction.

Uncertainty Estimation: After the processing by the neural
network backbones, uncertainty estimation is carried out. In
this study, we employ an activation function layer, such as
ReLU, to process the output of the neural network to yield
non-negative values, which are interpreted as evidence. Subse-
quently, employing the Subjective Logic framework previously
mentioned, we construct the belief mass and perform un-
certainty calculations. Specifically, the neural network output
is first transformed into evidence. Then, the possibility and
uncertainty of the predicted DOAs for various DOA candidates
are calculated using Eq. and Eq. (2). This approach enables
the proposed method to endow the model with the additional
capability of calculating uncertainty for different candidate
DOA:s.

Output: As shown in the latter part of Fig. 3] the proposed
framework not only delivers the predicted DOA at each time
frame but also provides the uncertainty estimation values for
the corresponding predictions.

As shown in Fig.[3] the multi-head self-attention mechanism
is employed in both backbones to enhance the ability of the
feature extraction for the models. The structure of the multi-
head self-attention module is shown in Fig. @ As described
in [36], we can obtain the attention map by conducting
matrix multiplication for the DOA feature map itself. Then
the Softmax is employed to conduct normalization to the
output in order to generate the attention map. Based on the
attention map, the critical information related to the DOA
can be extracted. Besides that, to prevent information loss
during data processing, a residual connection is utilized. This
connection supplements the self-attention module’s calculation
results with the original data. Multi-head refers to performing
these operations multiple times in parallel. This allows the
neural networks to attend to different parts of the sequence
differently. In sum, the data operation in multi-head self-
attention module can be represented by Eq. (), where x
denotes the audio data feature map and () denotes the matrix
multiplication:

Output = x + = ® softmax(x ® x). 3)

Based on the descriptions of the data flow mentioned above,
the shape of input for the multi-head self-attention module is
B xT x2C x F, where B denotes the batch size, T' means the
time frames, C' means the number of channels of the audio
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Fig. 4. The structure of the multi-head self attention module.

signals, and F' represents the number of frequency bins. The
frequency-related features can be further extracted at each time
frame. In this way, the obtained attention map can reveal the
relationship between the frequency bins and the DOAs. With
continued training, the distinctions between these frequency
bins become increasingly discernible.

C. Loss Function

In this subsection, the loss function is clarified, which is
utilized to train the neural network to learn to form opinions.
The loss function in conventional neural network can be
denoted as:

K
Lee(©) =— Z Yij log(pij), €]
j=1

where p;; represents the probability of the sample 7 for the
class j and y;; is a one-hot vector representing the ground truth
class of the observation. In this work, the evidence of the iy,

sample is obtained by the neural network and the concentration
parameters of the Dirichlet distribution (i.e., a; = e; + 1) can
be calculated. Then the corresponding multinomial opinions
D(p;|e;) are formed, where p; means the class probabilities
on a simplex. By conducting the corresponding adjustment in
Eq. (@), the modified loss function is denoted as:

K

K
1 .
Luce(©) :/ E :_yij log(pi;) Blaw) | Ipij “dp,
=1 ‘

Jj=1

= Zyz] (¥(Si) — ¥(aiz)) s

(&)
where () is the digamma function. It should be noted that
the above equation is employed to ensure that the correct
predictions contributed to more evidence. However, in this
work, the KL divergence is leveraged to ensure that incorrect
predictions would generate less evidence:

Lkr(©) = KL[D(p;|é&;) || D(p;|1)]
g ( D(Si, du) )
LK) [Tz T(Gik) (©6)
K K
+ ) (Gik — 1) (i) — w(Zdw) )

k=1 Jj=1

where I'() represents gamma function; & = y; + (1 —y;) O«
is utilized to avoid penalizing the evidence of the ground truth
of the class to 0. It can be viewed as the adjusted parameter
of the Dirichlet distribution. Hence, the overall loss function
can be defined as:

Li(©)=Lye+MLKL, @)

where )\, represents the balance factor, which is gradually
increased to prevent the neural network from overemphasizing
the KL loss in the early training stage [12].

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS
A. Datasets and Implementation Details

In this work, two datasets are employed to train and evaluate
the performance of the proposed method. Similar to
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Fig. 5. DOA(trajectory) estimation for the LOCATA datasets.

and [10], the LibriSpeech corpus dataset [37]] is randomly
selected to represent the sound source signals. The NOISEX-
92 dataset [38]], containing white, babble, and factory noises,
etc, is employed as the noise source signals. To generate a
diffuse sound field, the method described in [39] is used. The
simulated dataset is created following the approaches outlined
in [25]], [32]. Specifically, the room size is randomly set within
the range of 6x6x1.5 m to 10x8x6 m. The corresponding
reverberation time (RT60) is assigned randomly between 0.2 s
and 1.3 s. To synthesize sound signals by mixing the noise
and clean source signals together, the Signal-to-Noise Ratio
(SNR) selection is crucial. The SNR is defined as the ratio of
the power of the signal to the power of the noise, which is
expressed as,

P@in
SNR10x10g10< *ga‘),

noise

®)

where Pigna and Poise are the power of the signal and noise,
respectively. It should be noted that the unit of SNR is dB.
In this paper, the SNR is randomly chosen from -5 dB and
15 dB. To receive the sound signals, two microphones are
defined in the acoustic field with a distance of 8 cm between
them. The pair of microphones is then randomly positioned in
the acoustic field in different samples. The dataset consists of
10,000 samples for training, 998 samples for validation, and
5,000 samples for testing.

As for the real-world dataset, the LOCATA dataset is
used [40]. Similar to [10]], tasks 3 and 5 are selected to evaluate
the effectiveness of our proposed method. In this work, only
the sound recordings with azimuth angles in the range of 0°
and 180° are used. Note that the simulated dataset was utilized
to train the model, while the real-world dataset was solely used
to evaluate the neural network performance.

B. Baseline Methods

In this paper, three relevant methods were also implemented
to conduct a cross-comparison, which include: (1) SELDNet:
this neural network serves as the baseline model for the
DCASE22 challenge [[19]. It is designed to output both the
classification and the DOA of sound events at the same
time. In this work, we only use the DOA branch of the
SELDNet to generate predictions. (2) SRP-DNN: it is a casual
convolutional recurrent neural network aiming to solve the
multiple moving SSL problems [8]]. (3) FN-SSL: this neural
network processes the direct-path inter-phase difference (DP-
IPD) of multi-channel sound recordings using narrow-band
extraction and full-band correlation techniques [|10].

C. Performance Metrics

Consistent with previous studies [8]], [10], we employ the
same indicators to evaluate model performance. Localization
Accuracy (ACC) quantifies the percentage of time frames
where the localization error is below the predefined thresholds
of 5°, 10°, and 15°. For example, a sample is considered
accurate if the error between the predicted and actual DOA
is less than the 5° threshold, and ACC(5°) represents the
percentage of such accurate predictions within the test dataset.
Mean Absolute Error (MAE) measures the absolute error
between the predicted and the corresponding ground truth
DOA, directly highlighting the deviation from the ground
truth.

D. Experimental Results

Results on simulated data are presented in Table [l The
results indicate that the proposed method, TCRNN, achieves
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TABLE II
RESULTS ON SIMULATED DATASET

Baseline ACC(5°)[%] ACC(10°)[%] MAE[°]
SELDNet [19] 20.72 33.89 31.7
SRP-DNN [8]] 71.82 90.85 44
FN-SSL [10] 86.33 96.98 2.8

TCRNN 91.23 98.49 2.2

TLSTM 85.26 97.09 2.8

TABLE III
RESULTS ON LOCATA DATASET

Baseline ACC(15°)[%] ACC(10°)[%] MAE[°]
SELDNet [[19] 37.19 25.80 28.9
SRP-DNN [_8] 94.13 84.08 6.6
FN-SSL [[10] 95.51 91.68 5.1

TCRNN 97.15 92.85 4.7

TLSTM 94.30 91.33 5.1

the highest performance among various SSL methods in
terms of both ACC and MAE. The proposed TLSTM model
performs equally well as the FN-SSL method, even though
TLSTM contains less blocks. When compared to CRNN-based
methods like SRP-DNN and LSTM-based methods like FN-
SSL, the proposed method demonstrates superior ability in
revealing the relationship between channels and frequency due
to the introduction of the self-attention module, resulting in
more accurate DOA estimation. Overall, the inclusion of un-
certainty computation and the self-attention module enhances
the model’s performance without any detrimental effects.

Results on real-world datasets are shown in Table [IIl
As mentioned in the Section Datasets and Implementation
Details, these models were initially trained using the simu-
lated dataset and subsequently evaluated using the LOCATA
dataset. The acoustic conditions in the LOCATA dataset are
nearly noise-free, with a reverberation time of around 0.55 s.
Hence, all the aforementioned methods can yield satisfac-
tory localization results, as shown in Table Notably, the
proposed TCRNN approach outperforms the other compared
methods. The TLSTM model performs similarly to the FN-
SSL model, but with less parameters. These results indicate
that the proposed methods exhibit superior performance when
applied to real-world datasets, which is consistent with the
outcomes observed in the simulated dataset. Note that different
from the [10], in this paper, the 4° is not reduced for all
comparison methods. To qualitatively assess the performance
of the proposed method, the predicted DOA(trajectory) is
shown in Fig. [3] which is obtained using TCRNN. The
Fig.[5] clearly demonstrates that the proposed method achieves
accurate localization across various scenarios.

Uncertainty estimation by using the proposed methods
is illustrated in Fig. [§] In this study, the distribution of in-
distribution and out-of-distribution samples is visualized based
on their uncertainty. The in-distribution data is directly from
the original simulated test dataset and LOCATA dataset, while
the out-of-distribution data is obtained by adding Gaussian
noise with specific SNRs. To comprehensively evaluate the
effects of different noise levels on the uncertainty estimation,

the SNR values of -5 dB, -10 dB, and -15 dB are selected to
generate the out-of-distribution datasets.

It should be noted that, we use the value between 0 and
1 to describe the uncertainty. To evaluate the ability of the
uncertainty estimation for the proposed methods, we visualize
the distribution of in-/out-of distribution samples in terms of
their uncertainty values, similar to previous studies [12]], [[13]].

The corresponding uncertainty estimation results are pre-
sented in Fig. [6] and Fig. [7] Based on these results, the fol-
lowing observations can be made: (1) In comparison to the in-
distribution samples, higher uncertainties are estimated for the
out-of-distribution samples with lower SNRs. This implies that
the proposed method can effectively capture the changes in the
data through uncertainty estimation when it is contaminated
by noise. (2) As the SNR decreases, which means the level
of noise increases, the uncertainty of the localization results
also increases. This trend is evident in Figs. §(b)}€(d)] where
the peak value of the uncertainty density becomes higher as
the SNR decreases. The uncertainty estimation is also more
concentrated in the high uncertainty area, as depicted in Fig. [d]
where the entire uncertainty estimation area shifts to the right.
The two proposed models, both TCRNN and TLSTM show the
same trend. (3) Regarding the performance indicators shown in
Fig.[7| as the SNR decreases, the ACC of the proposed method
decreases, while the MAE increases. Note that as the noise
levels increase, the TLSTM fails to detect significant changes
in the data through the performance indicators. Both the ACC
and MAE exhibit slight changes. This is because there exists
a threshold for the performance indicators to capture the
change in the data. Beyond that threshold, the performance
indicators can hardly capture the change in the data. However,
uncertainty estimation can effectively detect the changes in
the data, as shown in Fig. [f] In summary, these findings
demonstrate that the effectiveness of our proposed model
in estimating uncertainty, as it properly captures increased
uncertainty in the presence of lower SNR levels. Furthermore,
both the proposed CRNN-based and LSTM-based methods,
TCRNN and TLSTM, exhibit consistent trends in uncertainty
estimation, providing strong evidence for the feasibility and
generalization ability of the proposed uncertainty estimation
method.

Although uncertainty estimation is more easily achieved
when significant differences exist between data samples, such
as in the case of in-distribution and out-of-distribution samples
mentioned earlier, it is important to further investigate the
sensitivity of uncertainty estimation for the proposed method.
To this end, the uncertainties under five different SNR levels
(-1 dB to -5 dB) are estimated, and the corresponding results
are shown in Fig.[8] Upon closer inspection, it can be observed
that while there exists a slight variation in the uncertainty
estimation for different SNR levels, the proposed method
remains effective in capturing on both simulated and real-
world datasets. Take Fig. as an example, we can observe
that the peak value of uncertainty estimation is lower when the
SNR is higher. The highest peak value is attained at a SNR
of -5 dB, while the lowest peak value is obtained at a SNR
of -1 dB. Additionally, with lower SNR levels, the uncertainty
estimation area tends to shift to the right. Similar trends are
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Fig. 6. Density of uncertainty estimation for the test and LOCATA datasets. (a) TCRNN test dataset. (b)) TCRNN LOCATA dataset. (c) TLSTM test dataset.

(d) TLSTM LOCATA dataset.

observed in the uncertainty estimation results obtained by
TCRNN and TLSTM, respectively.

E. Computation Complexity Analysis

Although model performance is crucial, model complexity
also significantly impacts the efficiency of SSL, particularly in
computation-limited scenarios. In this study, three indicators
are utilized to analyze the computational complexity of the
proposed methods and other SSL models: (1) Parameters,
which represent the total number of weights and biases
involved in optimizing model performance; (2) FLOPs, or
Floating Point Operations Per Second; and (3) Inference time,
defined here as the total time required to infer 5,000 samples.
The corresponding results are summarized in Table [[V] From
this table, it is evident that SELDNet [[19] has the lowest
computational complexity, while FN-SSL [10]] exhibits the
highest complexity in terms of Parameters and FLOPs. Re-
garding the proposed TCRNN, although it demonstrates higher
computational complexity compared to SRP-DNN [§] and

SELDNet [19], these two models significantly underperform
in model performance relative to TCRNN, as indicated in
Table [[] and [T} Additionally, the inference time for TCRNN
is comparable to that of SELDNet [[19] and SPR-DNN [8]] but
is substantially faster than that of FN-SSL [10]. Overall, the
proposed method achieves a well-balanced trade-off between
complexity and model performance. The complexity analysis
further underscores the superiority of the proposed architec-
ture.

It should be noted that the results mentioned above are based
on the two-channel sound signals. To investigate the potential
impact of different microphone arrays on the experimental
results, we conducted a series of experiments using various
microphone arrays. The experimental results are discussed in
the Appendix section.

V. CONCLUSION

In this work, we introduce a novel framework for SSL
that incorporates SL and DST to address the gap in un-
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TABLE IV
COMPLEXITY ANALYSIS OF SOUND SOURCE LOCALIZATION MODELS

Baseline Parameters(M)  Flops(G)  Inference times(s)
0.015 0.196 149
0.77 543 136
2.51 806.77 769
1.45 22.83 161
1.85 517.77 690

certainty estimation. Additionally, we enhance SSL perfor-
mance by proposing new backbones that integrate multi-head
self-attention mechanisms. The performance of the proposed
method is extensively evaluated on both simulated and real-
world datasets. The experimental results demonstrate that the
proposed method, TCRNN, outperforms other existing meth-
ods in terms of SSL accuracy. The effectiveness of the pro-
posed method in uncertainty estimation is investigated through
experiments on both the simulated test and LOCATA dataset
with their noise-added version of these two datasets, respec-

tively. The results indicate that the proposed method captures
the uncertainty well, with a higher uncertainty associated with
lower Signal-to-Noise Ratios (SNRs). Future studies will focus
on audio-related downstream tasks, integrating uncertainties
into relevant applications, and analyzing their benefits. These
include the fusion of various sources, such as visual and audio,
or the decision-making processes of auditory robots.
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APPENDIX

To investigate the potential impact of different microphone
arrays on the experimental results, we conducted a series of
experiments using three distinct types of microphone arrays
to collect multi-channel sound signals. The specific types of
microphone arrays employed are shown in Fig. [A-I] The
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impact of these arrays was evaluated in two key aspects: (1)
the performance of the SSL and (2) the uncertainty estimation
for the SSL. It is important to note that these experimental
results were obtained using the simulated test dataset.

8cm

8cm

8cm

8cm

. 8cm .

(a) two microphones (b) four micro-

phones

(c) eight microphones

Fig. A.1. The types of the microphone arrays.

(1) The performance of the SSL

Regarding the localization accuracy of the sound source, we
conducted experiments using various microphone arrays. The
results, presented in Table [A 1] indicate that the performance

TABLE A.l
THE PERFORMANCE OF THE PROPOSED METHOD WITH DIFFERENT
MICROPHONE ARRAYS

Microphone array type ~ ACC(5°)[%] ACC(10°)[%] MAEI[°]
2MIC 91.23 98.49 2.2
4MIC 89.92 96.38 335
8MIC 90.46 97.96 2.72

of the proposed method is not significantly influenced by the
choice of microphone arrays. The proposed methods consis-
tently achieve high accuracy in SSL tasks across different
microphone arrays.

(2) The uncertianty estimation for the SSL

The distribution of uncertainty estimation values for in-
distribution and out-of-distribution samples is visualized in
Fig. [A2] The results demonstrate a consistent pattern where
the peak value of uncertainty estimation increases as the SNR
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Fig. A.4. The performance of the proposed method with different microphone
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decreases, compared to the in-distribution data. Additionally,
the uncertainty density becomes more concentrated in areas of
high uncertainty as the SNR decreases.

As for the sensitivity of the uncertainty estimation, we ob-
tained similar conclusions to those derived from experiments
using two-microphone arrays. The proposed method is capable
of distinguishing subtle differences between out-of-distribution
data collected with different microphone arrays.

Additionally, Fig. [A.4] illustrates the changes in the perfor-
mance of the proposed method across different SNRs. The

results indicate that the performance of the model deteriorates
as the SNR decreases, regardless of the microphone arrays
used.

In summary, the experimental results discussed above in-
dicate consistent conclusions regarding SSL accuracy and
uncertainty estimation across the three types of microphone
arrays tested. It can be concluded that the type of microphone
array does not significantly affect the performance of the
proposed method.
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