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Sound Events Localization and Detection Using
Bio-Inspired Gammatone Filters and Temporal
Convolutional Neural Networks

Karen Rosero
and Bruno Masiero

Abstract—The auditory brain circuits are biologically con-
structed to recand localize sounds by encoding a combination of
cues that help individuals interpret sounds. The development of
computational methods inspired by human capacities has estab-
lished opportunities for improving machine hearing. Recent studies
based on deep learning show that using convolutional recurrent
neural networks (CRNNs) is a promising approach for sound event
detection and localization in spatial sound. Nevertheless, depending
on the sound environment, the performance of these systems is still
far from reaching perfect metrics. Therefore, this work intends
to boost the performance of state-of-the-art (SOTA) systems by
using bio-inspired gammatone auditory filters and intensity vec-
tors (IVs) for the acoustic feature extraction stage, along with the
implementation of a temporal convolutional network (TCN) block
into a CRNN model, to capture long term dependencies. Three data
augmentation techniques are applied to increase the small number
of samples in spatial audio datasets. The mentioned stages consti-
tute our proposed Gammatone-based Sound Events Localization
and Detection (G-SELD) system, which exceeded the SOTA results
on four spatial audio datasets with different levels of acoustical
complexity and with up to three sound sources overlapping in time.

Index Terms—Acoustical signal processing, acoustic scene
analysis, sound event localization and detection, reverberation,

spatial sound, deep learning, dilated convolutions.
HE faculty of detecting and localizing sounds in an
environment imparts survival advantages and sensitive
communication skills for natural human interaction with the
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surroundings [1]. The human auditory system processes sound
arriving in our ears from sources distributed all over space. If
we were to rely solely on our ears to recognize an unfamiliar
environment, our auditory system would first recognize familiar
sounds and then compare them with how those sounds were per-
ceived in other familiar environments. This activity that seems
so natural to us can be challenging for computers. Furthermore,
considering that our natural listening is three-dimensional, why
is it that most of the audio signals we usually listen to do not
maintain the spatial information of the sound field? Based on
this premise, the goal of spatial audio is to recreate the listener’s
perception in the real world, maintaining all the characteris-
tics that allow our auditory system to process the content and
direction of sound sources. In that sense, this area of machine
hearing considers the use of spatial audio recordings, along with
systems inspired by human hearing, to enhance the detection and
localization of sounds. Several applications relate to machine
hearing, such as intelligent meeting rooms [2], helping deaf
people to know the sounds of their environment [3], [4], and
acoustic monitoring of urban environments or wildlife [5], [6].

The sound events localization and detection (SELD) task im-
plies multi-class sound events detection (SED) and sound source
localization (SSL) of multiple directions of arrival (DOASs)
with respect to the microphone. Regarding DOA estimation
techniques, we found systems based on the time difference of
arrival (TDOA) [7], the steered-response power (SRP) [8], the
generalized side lobe canceller [9], and beamforming techniques
such as compressive beamforming [10], and the minimum vari-
ance distortionless response (MVDR) beamforming [11]. These
methods vary in algorithmic complexity, compatibility with mi-
crophone arrangements, and assumptions regarding the acoustic
scenario. To overcome these complications and estimate the
number of active sources directly from the input features, authors
in [12] studied the use of deep neural networks (DNNSs) for
direction of arrival (DOA) estimation.

Recent studies have accomplished SELD with a multi-task
perspective. In [13], the spectrogram is used as an intermediate
representation of audio, which is processed by four convolu-
tional layers and three fully-connected (FC) layers. The SELD-
net system [14] also uses the spectrogram as input, but it extracts
the phase and magnitude components as separate features. The
SELDnet architecture comprises a convolutional neural network
(CNN) with three convolutional blocks for feature extraction
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and dimensionality reduction. It also established the use of a
recurrent neural network (RNN) based on gated recurrent units
(GRUEs) to learn temporal context information from the output
of the convolutional blocks. Then, separate branches contain-
ing FC layers perform the classification and localization tasks.
Based on SELDnet, an improved framework was presented as
a baseline for the Task 3 of the DCASE2021 Challenge [15],
which objective was the localization and detection of sound
events in multichannel audio. This SELDnet-DCASE2021 ver-
sion receives log-Mel spectrograms and intensity vectors (IVs)
as intermediate audio representations. Instead of using sepa-
rate branches for each task, it adopted the Activity-Coupled
Cartesian Direction of Arrival (ACCDOA) representation [16]
to unify both classification and localization losses.

In contrast, concerned about an efficient implementation of
these types of systems on embedded hardware, the SELD-TCN
system [17] proposed to substitute the recurrent blocks of SELD-
net with temporal convolutional network (TCN) blocks contain-
ing dilated convolutions that capture long-term dependencies of
data. TCNs also avoid the sequential computing of the input
by processing the whole sequence in parallel via convolutions.
The SELD-TCN framework maintains the original SELDnet
characteristics regarding the intermediate audio representations
and the separate output branches.

A modified version of SELDnet was implemented in PyTorch
as a baseline for Task 2 of the L3DAS21 Challenge [18],
which also aims to achieve the SELD problem. The phase
and magnitude components of the spectrogram were used as
features. As in the SELDnet system, the phase is expected to
contain information on location and the magnitude of detection
and classification. Regarding the architecture, one additional
convolutional block and one more recurrent block were added to
augment the network’s capacity, while the two branches’ output
structure of SELDnet was maintained. The ability to detect
multiple sound sources of the same class that overlap in time
was also implemented through an augmented output matrix.

Regarding intermediate representations of audio, the Mel
auditory model has been used in Automatic Speech Recognition
(ASR) [19] and SELD [15] tasks. However, it still presents limi-
tations in the attempt to model the human ear. By contrast, gam-
matone filter impulse responses were obtained from measures
on the basilar membrane of small mammals. Moreover, applying
a gammatone filter bank to the spectrogram has shown to be
more robust against ambient noise in acoustic event monitoring
compared with Mel-scale filter bank representations [20], [21].
The gammatone filter bank has also shown good performance
in automatic audio captioning systems [22] and active noise
control systems [23]. For this reason, a gammatone filter bank
is explored in this work to obtain a log-gammatone spectrogram
that will be used as the intermediate audio representation, along
with the IVs.

We also propose a novel deep learning architecture for the
SELD task, which joins the independent improvements proposed
by the state-of-the-art (SOTA) systems. First, we question the
plain inclusion of new convolutional and recurrent blocks aiming
to improve the performance of the SELD system. Instead, we
propose to include in the middle of the CNN and RNN blocks
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Fig. 1. Flowchart of the G-SELD system. In the preprocessing stage, the four

channels spectrogram is processed into four log-gammatone spectrograms and
three IVs. Regarding the neural network architecture, the number of blocks are
depicted.

a TCN block that captures long-term dependencies and, at the
same time, continues with the identification of core features by
using dilated convolutions. Additionally, we adopt the single
branch ACCDOA representation and modify it to detect mul-
tiple sound sources of the same class overlapping in time. The
mentioned stages constitute our proposed Gammatone based -
Sound Events Localization and Detection system, which will be
referred to as the G-SELD system.

Since creating labeled datasets of spatial audio for the SELD
task is a demanding and maybe imprecise process, the datasets
usually contain less than a thousand samples. That restriction
hinders the generalized learning of supervised deep learning
approaches that require as many data samples as possible to be
trained. Therefore, three suitable methods of data augmentation
for spatial audio are also explored in this work: frequency
masking, channel swapping, and random magnitude.

This article is organized as follows: Section II explains each
stage of the proposed methodology. In Section III, we present
the results of our G-SELD system by evaluating it on different
polyphony levels and under different sound scene conditions.
We also present an ablation study for each stage of the G-SELD
system. Finally, Section IV presents the conclusions of this
work.

II. METHODOLOGY

A methodology overview of the proposed G-SELD system is
shown in Fig. 1. First, each audio input channel is processed into
a spectrogram, from which the log-gammatone spectrogram and
the I'Vs are obtained. The metadata is preprocessed to support
the detection of up to three simultaneous sound events of the
same class. Later, in the data augmentation stage, two new
feature samples are generated using three techniques: frequency
masking, random magnitude, and channel swapping. Subse-
quently, the original and the synthetically augmented samples
input the deep learning G-SELD architecture, formed by a
single branch containing CNN, TCN, RNN and FC blocks. The
predicted classes and locations are obtained by processing the
network output vector. Finally, we adopt four metrics used in
analogous works to evaluate the system’s performance. Fur-
ther details of each stage will be explained in the following
sections.
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A. Datasets

The spatial audio datasets used in this work are provided in the
Ambisonics format, which relies on the spatial decomposition
of the sound field in the orthogonal basis of spherical harmonic
functions [24]. The First Order Ambisonics (FOA) B-format
consists of four signals that encode the overall sound in terms of
pressure and particle velocity components. This format contains
a signal W that represents an omnidirectional pattern and three
orthogonal signals X, Y, Z aligned with the Cartesian coordinate
axes.

The FOA spatial audio datasets used to evaluate the G-SELD
system were selected due to their inherent diverse acoustic char-
acteristics. These include anechoic and reverberant audio scenes,
synthetic and measured impulse responses (IRs), background
noise, and interference sound. Our objective is to evaluate the
performance of the G-SELD system across various levels of
difficulty that correspond to the level of effort required by
humans to detect and localize sounds. For instance, we expect
that the performance of G-SELD will be better in an environment
without background noise than in a noisy scenario. All datasets
contain FOA B-format audio files in which the sound events are
spatially positioned, accompanied by a set of accurate metadata
that includes time-boundaries, DOA, and sound type. Moreover,
all datasets contain at least one subset in which up to three
sound events may overlap in time. In order to provide a better
understanding of why each dataset plays a significant role in the
robust evaluation of the G-SELD system, we will briefly describe
the acoustical and technical characteristics of each dataset.

1) ANSYN: The TUT Sound Events 2018-Ambisonic, Ane-
choic and Synthetic Impulse Response (ANSYN) dataset con-
tains static point sources associated with a spatial coordinate
described in terms of azimuth, elevation, and distance. The
anechoic environment was synthesized using artificial IRs, and
the individual sounds were extracted from Task 2 of the DCASE
2016 Challenge [25], which objective was the detection of
sound events in synthetic audio. The sounds were recorded in
residential areas and home scenes, from which these 11 classes
of sounds were selected: speech, laughter, cough, clear throat,
door slam, page-turning, phone ringing, keyboard sounds, keys
dropping, door knock, and drawing sound. This datasetis divided
into three subsets: OV1, which consists of audio samples with
no sound events overlapping in time, and the OV2 and OV3
subsets, in which up to two and three sound events overlap
in time can be found, respectively. Each subset contains three
cross-validation splits, all with 240 development samples and 60
evaluation samples, summing a total of 900 audio files sampled
at 44.1 kHz for 30 s. The whole dataset containing OV 1, OV2,
and OV3 subsets consists of 2700 audio samples with their
corresponding metadata files.

2) REAL: The TUT Sound Events 2018-Ambisonic, Rever-
berant and Real-life Impulse Response (REAL) dataset con-
tains static points sources positioned in a reverberant three-
dimensional scene. The IRs were collected from a university
corridor with classrooms. The isolated real-life sound events
were extracted from the Urban-Sound8k dataset [26], from
which eight classes of urban environment sounds are used: car
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horn, dog barking, drilling, engine idling, gunshot, jackhammer,
siren, and street music. Air conditioner and children playing
sounds are used as background noises. The subsets’ distribution
is the same as ANSYN dataset, as well as the sampling frequency
of 44.1 kHz and the duration of 30 s.

3) L3DAS21: We use data related to the 3D SELD task of
the L3DAS21 dataset [18], which IRs were recorded with two
FOA microphones positioned in a small reverberant office envi-
ronment equipped with typical office furniture. In this project,
only the samples related to the microphone placed exactly
in the center of the room are used. Fourteen clean types of
sounds typical of an office environment were extracted from Lib-
rispeech [27] and FSD50K [28] datasets (computer keyboard,
drawer open/close, cupboard open/close, finger-snapping, keys
jangling, knock, laughter, scissors, telephone, writing, chink
and clink, printer, female speech, and male speech). Four back-
ground noises (alarm, crackle, mechanical fan, and microwave
oven) were selected from FSD50 K. The dataset contains four
training splits, summing 600 audio samples and one evaluation
split with 150 audio samples. The duration of each audio is 60 s,
and the sampling frequency is 32 kHz. Each subset contains the
same amount of files associated with one, two, and three sound
events overlapping in time.

4) DCASE2021: The DCASE2021 dataset [15] was pro-
vided for the Task 3 of the DCASE2021 Challenge. Besides
containing time-overlapping sound events, this dataset includes
directional interference events, moving sound sources, and an
additional layer of background noise in all samples. The IRs
were collected in 13 rooms with different reverberant conditions,
in which circular and linear trajectories were recorded, changing
the fonts’ heights, distances, and elevations. The ambient noise
of each room was recorded during 30 min, and later, 1 min-
duration segments were added to every spatial audio file with
varying signal-to-noise ratios (SNR) ranging from 30 dB to
6 dB. Twelve classes of isolated sound events (alarm, crying
baby, crash, barking dog, female scream, female speech, foot-
steps, knocking on the door, male scream, male speech, phone,
piano) were extracted from the NIGENS general sound events’
database [29], from which two additional classes (running en-
gine and burning fire) were used as interference events, out of
the target classes. The available development dataset consists
of six folds, four for training, one for validation, and one for
testing. Each split contains 100 one-minute-long audio samples
with a sampling rate of 24 kHz.

B. Preprocessing

Each channel of the audio wave files is scaled from a 16-bit
pulse-code modulation (PCM) to a float vector with values
ranging from -1.0 to 1.0. Then, a spectrogram is computed for
each Ambisonic B-format channel with a 40 ms Hanning win-
dow, 20 ms hop length, and a 1024-point fast-Fourier transform
(FFT) with 512 frequency bins. Two intermediate representa-
tions are extracted from the multichannel spectrogram: four
log-gammatone spectrograms that yield frequency information
at different time instances, and three acoustic IVs that express
net acoustic energy flux (Fig. 2).
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Fig. 2. Intermediate representations of multichannel audio. The log-
gammatone spectrograms of the FOA channels (left) and the three IVs (right)
are shown. The vertical concatenation of the channels is employed just for
illustration.

The frequency axis of both intermediate representations or
features are wrapped into the 64 bands of the gammatone filter
bank. The lowest and highest frequencies of the filter bank were
set to 0 Hz and half of the Nyquist frequency, respectively.
Finally, the feature map has a dimension of 7 x T' x 64, where
7 is the number of input channels, T represents the number of
time frames for each dataset, and 64 is the number of frequency
bins.

The metadata files contain information about every sound
source in the recording, such as onset and offset times in seconds,
class, and localization, which can be expressed in spherical or
Cartesian coordinates. The preprocessing stage of SOTA sys-
tems such as SELDnet and SELD-TCN is restricted when more
than one sound event of the same class is overlapping in time. In
contrast, inspired by the L3DAS21 framework, in the proposed
G-SELD system, we overcome the location overwriting for the
second or third sound event of the same class, bringing the
possibility of, for example, localizing up to three people simul-
taneously speaking. We process one annotation every 100 ms,
which also allows us to track moving sound sources.

C. Data Augmentation

Considering the reduced number of samples in spatial audio
datasets, we use three data augmentation techniques in the
spectral domain features: frequency masking, FOA channels
swapping, and random magnitude.

Frequency masking was proposed in [30] to be applied in
one-channel Mel spectrograms for ASR. In this project, we
adapt it to mask a maximum of ' consecutive frequency bins
of the log-gammatone spectrograms and the I'Vs every 100 ms,
maintaining the same instantaneous mask for the seven channels
of the feature map. We compute two augmented outputs: one
with ' = 16 and just one mask per time frame, and a second
with two masks per time frame and F' = 8 aiming to position two
mask blocks in different frequency bins of the same time frame.
The initial frequency bin, as well as the number of masked bins,
are randomly selected. Fig. 3 shows an example of frequency
masking with one mask per time frame. Note the different
sizes of masks in different time frames. In this technique, the
annotations did not need to be modified.

The FOA channels swapping strategy was initially proposed
in [31] for increasing the number of DOAs of the sound events
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Fig. 3.  Example of frequency masking applied on one channel of a log-
gammatone spectrogram. One mask is allowed per time frame, and F' = 16.
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contained in the dataset. As proposed in [32], the input feature
channels that correspond to the X, Y, Z FOA signals can be
randomly swapped, and their signs randomly reversed in order
to change the direction of the sound events. Due to its omnidi-
rectional nature, the W channel is not modified with this tech-
nique. Considering the correlation between the log-gammatone
spectrograms and the IVs, we equally transformed both. Two
modified feature samples are computed for each original sample,
and the original annotations were transformed.

The third data augmentation technique is inspired by the
random magnitude technique proposed in [32], which modifies
the overall volume of an audio sample by adding a random scalar
value to the log-Mel spectrograms. We modify the magnitude
of the log-gammatone spectrogram by adding random variables
sampled from a normal distribution with a mean equal to 0 and
a standard deviation of 0.02. For this technique, the intensity
vectors and the annotations are not modified.

D. G-SELD Model

As depicted in Fig. 4, the G-SELD model receives a feature
map with dimension 7 x T" x 64, which passes by three CNN
blocks responsible for identifying translation invariant patterns
and reducing the dimension of the input data by maintaining
the most important features. The CNNs are expected to learn
inter-channel features from the four gammatone spectrogram
channels and the three channels of IVs. Each convolutional block
contains 2D convolutions with 64 filters, which kernel size is
3 x 3 and their stride size is 1 x 1. The 2D max-pooling values
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for the three convolutional blocks are 5 x 4, 1 x 4, and 1 x 2,
respectively, and the dropout is 0.05. The first and second axis
of the CNN blocks’ output are permuted, aiming to let the time
dimension 7" in the first position since the TCN block processes
a sequence.

Originally proposed in [33] and later adapted for audio signals
in [17], the use of dilated convolutions embedded in a residual
block flexibly expands the feature map. As shown in Fig. 5, the
output of the stacked layers is added to the input mapping using a
shortcut connection, which then passes to the next residual block.
By using this residual learning framework, the layers stacked in
the residual block are optimized to learn the residual mapping
instead of an individual mapping after each layer [34], [35]. Each
residual block has a dilated convolutional layer with 256 filters of
kernel equal to 3, followed by a batch normalization layer and the
sigmoid and tanh activation functions. Regarding the purpose of
the activation functions, the sigmoid function controls the flow
of information through the input mapping, behaving like a gate,
with its output ranging between 0 and 1. In contrast, the tanh
function regulates the network values, preventing excessively
large or small values that could hamper the network’s learning
process. Therefore, the tanh function ensures that the values
range between —1 to 1. The activation function outputs pass
by an element-wise multiplication, and later, the dropout rate is
set to 0.5. Lastly, aiming to ensure the same dimension before
adding the residual connection, a 1D convolutional layer is used
to guarantee the exact shape of the input vector and the skip
connection vector.

As shown in the TCN block of Fig. 4, we use four resid-
ual blocks with dilation factors that change in the range of
[20,21 22 23], Then, the TCN output passes by two recurrent
blocks with 128 GRUs, as used in SELDnet. Finally, a fully-
connected layer reduces the dimension to a suitable prediction
vector.

E. Prediction

The ACCDOA algorithm unifies the SED and SSL losses into
a single weighted regression loss, avoiding the use of separate
branches of dense layers for each subtask [16]. We adapted
this algorithm to deal with three time-coincident sound events
of the same class with different DOAs. The prediction vector
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contains up to three estimated locations in Cartesian coordinates
for each possible class. However, it does not directly contain
the probability of occurrence for each class. Therefore, class
prediction is obtained from the vector norm or magnitude of
each location estimator as /22 + y2 + 22, from which every
magnitude greater than 0.5 is considered an active sound event
of each class. Summing up, the predictor direction indicates the
DOA, and its length constitutes the probability of occurrence
of the corresponding sound class. Finally, the estimated DOAs
are transformed from Cartesian into spherical coordinates to be
consistent with the metrics computation.

FE. Experimental Setup

We assessed three aspects of the G-SELD system, which
include: 1) its ability to perform at varying levels of polyphony,
2) its ability to perform in different sound environments with
varying levels of complexity, and 3) an ablation study to evaluate
the individual contribution of each proposed improvement.

The evaluation of our G-SELD system followed the same
experimental setup in all tested cases. The Adam optimizer [36]
was used with an initial learning rate of 0.001, the batch size
was set to 64, and the maximum number of training epochs was
100. The G-SELD system was developed using the TensorFlow
framework and a computer with a 9¢h generation Intel Core ¢7
processor equipped with an NVIDIA Titan V GPU.

G. Evaluation Metrics

We adopted the metrics proposed in [37], which were used
in the DCASE2021 Challenge [15]. It formulates location-
sensitive detection metrics that evaluate sound event detection
with specific spatial error allowance, and class-sensitive local-
ization metrics that measure the spatial error between sound
events with the same classification. The spatial error is calculated
as the angular distance between reference and predicted DOAs,
for which a threshold of 20° is allowed. The Error Rate (ER) and
the Ficore (F1) are location-sensitive detection metrics, whereas
the Localization Recall (LR) and the Localization Error (LE)
are class-sensitive localization metrics. A combination of the
metrics (SELDygor) is used as the early stopping parameter and
is defined as:

SELDscore = ER+ (1 - f55) ;r 1E + (1-1R) "

The ideal metrics are: ER= 0, Ficore = 100%, LR= 100%),
LE= 0, and SELDy.. = 0. Finally, the early stopping process
monitors the SELDq. With a patience of 30 epochs. The values
presented in Tables I to V represent each metric average obtained
from the cross-validation scheme.

III. RESULTS AND DISCUSSION

In this section, we provide a detailed account of the results
obtained from the polyphony evaluation and the assessment of
the G-SELD system’s performance in sound environments with
increasing complexity. Additionally, we present the findings of
an ablation study conducted on the proposed improvements of
the G-SELD system.
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TABLE I
G-SELD AND SELDNET PERFORMANCES UNDER DIFFERENT POLYPHONY
LEVELS IN A FREE FIELD CONDITION*

SELDnet [14] G-SELD
Metric OV1 OvV2  0OV3 OVl OvV2  0OV3
F1 1 97.70  89.00 85.60 | 98.60 95.00 86.40
ER | 0.04 0.16 0.19 0.02 0.09 0.19
LR 1 99.40 85.60 70.20 | 99.60 95.70  90.50
LE | 3.40 13.80 17.30 | 2.40 7.30 12.90
SELD | | 0.022  0.12 0.18 | 0.013  0.06 0.12

* Note that the arrows show if the metric improves by increasing or decreasing its
value.

A. Polyphony Evaluation

The performance of the G-SELD system was evaluated under
different polyphonic levels in audio scenes, starting with a scene
containing sources that do not overlap in time (OV1), followed
by scenes with higher polyphonic levels (OV2, OV3). This
experiment was performed on two datasets that simulate a free
field condition and a reverberant environment.

1) Free Field Condition: For this evaluation, we used the
ANSYN dataset that represents an ideal free field condition
with no reflections. We compare our results with SELDnet [14],
which was trained for a maximum of 1000 epochs, against our
G-SELD system trained for 100 epochs, saving the last best
model. Table I shows the results of this experiment, in which,
as expected, the best performance of the G-SELD system was
achieved with no overlapping sound events, followed by the
performances related to two and three overlapping sounds of
the same dataset. The SELDg.. gives us a general idea of
all metrics, simplifying the overall performance comparison.
Note that the arrows show if the metric improves by increasing
or decreasing its value. We show that the G-SELD polyphony
evaluation metrics for a free field condition dataset surpass the
equivalent SELDnet metrics.

This experiment can be partially compared with [38], in which
the human listening ability to identify and localize the total
number of simultaneous sound sources spatially distributed was
studied. The estimation depends on the audio signal type (speech
or tone stimuli) and the overlapped sounds. The percentages
achieved by the listeners were in the range of 68 — 93% for
a single sound source, 42 — 84% for two sounds overlapping
in time, and 34 — 70% for three sounds overlapping in time.
The metric that could be considered analogous is the LR, as it
evaluates the number of sound events that were correctly located.
Comparing the results obtained with human listeners with the
performance of the G-SELD system, we noted that our machine
hearing system surpasses by 6.6%, 11.7%, and 20.5% the best
localization performances of the human auditory system in the
aforementioned scenarios.

2) Reverberant Environment: The G-SELD system was also
evaluated in the REAL dataset, which emulates a reverberant
environment. Table II shows the results for the evaluation split
using SELDnet and G-SELD systems. We identified the exact
behavior of the G-SELD system on the ANSYN dataset, where
the metrics worsen as the number of overlapping sound events
increases. We also evinced that the SELDg.. and all metrics of
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TABLE II
G-SELD AND SELDNET PERFORMANCES UNDER DIFFERENT POLYPHONY
LEVELS IN A REVERBERANT ENVIRONMENT*

SELDnet G-SELD
Metric OV1 Oov2 0V3 OV1 OovV2 0V3
F1 1 60.30 53.10 51.10 | 85.00 78.50 57.50
ER | 0.40 0.49 0.53 0.19 0.31 0.51
LR 1 6490 41.50 24.60 | 8230 82.00 55.90
LE | 26.60 33.70 36.10 | 6.00 1320  21.30
SELD | | 0.32 0.43 0.49 0.14 0.19 0.37

* The arrows show if the metric improves by increasing or decreasing its value.

each subset OV1, OV2, and OV3 were improved with the G-
SELD system, compared with SELDnet results. Also, G-SELD
metrics improvement exceeds the boost obtained on the ANSYN
dataset.

B. Sound Environment Evaluation

In this section, we present the results for the G-SELD system
evaluated on four spatial audio datasets which represent differ-
ent sound scene conditions. The selected datasets, previously
presented in Section II-A, include ANSYN, REAL, L3DAS21,
and DCASE2021 datasets. The system does not need to know
beforehand the number of sound events in each sample, and
we are not focusing on the polyphony level anymore but rather
on the sound environmental conditions. However, polyphony is
limited to three sound sources, which is the maximum number
of target sound sources present in all the considered datasets.
We applied the k-fold cross-validation technique to the training
samples of each dataset, whereas the testing splits were always
maintained. Note that training, testing, and validation are always
made within the same dataset.

The results obtained on each test set are summarized in
Table I1I. We compute the mean of the metrics obtained from the
cross-validation models of each dataset (G-SELD mean values).
The metrics of the best model over the cross-validation process
are also included in Table III to exhibit the best performance of
G-SELD for each dataset (G-SELD best model). In the following
sections we analyze our results, compare them with the reported
SOTA approaches used as a baseline for each dataset, and
analyze the learning curves.

1) Free Field Condition: We compare the metrics of the
G-SELD system with the reported in [17] for the SELDnet
and SELD-TCN approaches and evaluate them on the same
dataset. As shown in Table III, the SELD..., which takes into
account the joint performance of all four metrics, was surpassed
by the G-SELD system. Considering the G-SELD mean values
for each metric, the LR and LE metrics associated with the
class-sensitive localization were exceeded by 13.67% and 9.22
points, respectively, compared with SELDnet. They surpassed
the performance of the SELD-TCN system by 8.07% and 7.72%,
respectively. The LR and LE metrics of our best model sur-
passed in 13.70% and 9.30 points the SELDnet approach and
in 8.10% and 7.80 points the SELD-TCN approach. However,
the location-sensitive detection metrics (Fs.or and ER) did
not surpass the values achieved by SELD-TCN, in 2% for the
Fycore and 0.03% for the ER. Nevertheless, the percentage of
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Fig. 6. Learning curves of the G-SELD system evaluated on a free field condition. ANSYN dataset.
TABLE III

PERFORMANCE EVALUATION OF THE G-SELD SYSTEM ON FOUR DATASETS
THAT REPRESENT DIFFERENT ACOUSTIC SCENE CONDITIONS. EACH
CONDITION IS COMPARED TO ITS BASELINE SOLUTION * T

Condition [ Approach | F1IT ER|] LRT LE| SELD|
G-SELD 93.20 0.12  94.87 8.28 0.07
. mean values
Free field GSELD
(ANSYN) best model 93.50  0.11 9490 8.20 0.07
SELDnet 9340  0.11 81.20 17.50 0.12
SELD-TCN 95.50  0.08 86.80 16.00 0.09
CY_SEFD ) 78.02 030 7878 11.94 0.21
mean values
Reveberant GSELD
(REAL) best model 79.80 029 79.80 11.70 0.19
SELDnet 74.10 039 4820 38.10 0.34
SELD-TCN 75.10  0.39 52.40 35.80 0.33
mSa_r?]::/;]il)es 59.20  0.50 59.90 13.70 0.35
Background G-SELD
noise best model 6140 047 62.30 13.60 0.33
(L3DASZD) —T3paso7
Baseline [18] 45.00 - 40.00 - B
G-SELD 43.12  0.65 5582 2323 0.46
N mean values
Directional G-SELD
interferences best model 4390 0.65 5590 22.50 0.44
(DCASE2D) " "5EASE 2021
Baseline [15] 30.70  0.73 40.50 24.50 0.54
* The symbol ‘-’ indicates that the information is not available.

" The arrows show if the metric improves by increasing or decreasing its value.

improvement obtained for the SSL task allows our system to
maintain the best performance according to the joint SELDg¢ore
metric.

The learning curves, shown in Fig. 6, present the metrics’
evolution on the ANSYN dataset’s validation split. The solid
lines represent the average value calculated from the metrics
of each cross-validation model for each epoch. The colored
shadow that wraps around each curve represents two standard
deviations below and above the mean, giving us an idea of
the values’ variability across the cross-validation combinations.
These learning curves show that the model fitted the data since
the validation metrics reached almost optimal values. The stan-
dard deviation reaffirms that the performance of our models
is consistent over the cross-validation splits. Additionally, it is
possible to evince that in the validation subset, the model reached
a better performance on the localization task, as exhibited for
the test set results in Table III.

2) Reverberant Environment: According to the evaluation
results of the REAL dataset, presented in Table III, we can
corroborate that modeling this dataset became more complicated
than the ANSYN dataset due to the nature of the acoustic scene
in which there are reflections produced by the use of real IRs
captured in a reverberant space. However, our results surpassed
all the metrics obtained with SELDnet and SELD-TCN systems.
The LR was the metric with the most significant improvement,
exceeding the SELDnet LR by 30.58% for the G-SELD mean
value and by 31.60% for the G-SELD best model. The SELDy¢oe
also corroborates the general best performance of our model
compared with SOTA systems.

The learning curves are shown in Fig. 7, in which the valida-
tion curves suggest that the characteristics learned from training
data were not enough to perfectly generalize our model to unseen
data. The learning curves’ evolution does not show overfitting,
and the reached values are comparable with the metrics of the
testing split. Additionally, the colored shadows that represent
two standard deviations show that the cross-validation models
result on validation metrics close to the mean, showing a reduced
variability across models.

A plausible explanation for the drop in performance of the
G-SELD system on REAL dataset, compared with ANSYN
dataset, is that a substantial multi-path interference caused by
room reverberation can significantly impact localization [39].
As concluded by [40], reverberation tends to smear the periodic
components across time, and thus some time-frequency (T-F)
samples in the reverberation tail are incorrectly assigned to
the detected sources. However, our results are still competitive,
considering the complexity of the scenario.

3) Reverberant Environment With Background Noise: Next
in line, we use the L3DAS21 dataset, which IRs contain re-
flections from room boundary surfaces and office furniture.
Moreover, this dataset includes constant background noise. The
L3DAS21 Challenge baseline system [18] computed two met-
rics: Fscore and LR, which can be compared with ours (Table I1I).
As the baseline also computed precision of P = 52.00%, we cal-
culate and compare our average precision P = 62.26%, demon-
strating that all the comparable metrics were surpassed by more
than 10% using the G-SELD system. As expected, the obtained
metrics are lower than those achieved on ANSYN and REAL
datasets since L3DAS21 is a more challenging scenario that
combines reverberation with background noises. Authors in [41]
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demonstrated that early reflections produce phase misalignment
that greatly decreases the ability to separate signals from noise.
These facts help us understand the reasons for the decrease in
the performance of our system in this environment. The mixed
presence of reflections, background noise, and a 44% increment
of sound classes to be identified reduced the performance of our
system on the SELD task.

The learning curves of the G-SELD system applied to the
L3DAS21 dataset are presented in Fig. 8. All curves reached
almost flat slopes before completing 100 epochs, which means
that the models could extract and learn features from original and
slightly modified data during the number of training epochs.

We also note the presence of some peaks on the learning
curves, which could be caused by the mini-batch gradient
descent method used in Adam optimization. In other words,
as training data is shuffled, the mini-batches may contain a
more significant amount of unusual samples, causing a slight
decrease in the metrics in a specific epoch. The colored shadows
representing two standard deviations below and above the mean
show that the cross-validation models produce slightly more
variable validation metrics than the obtained for ANSYN and
REAL datasets. This can be explained by the increased number
of sound classes contained in a smaller set of audio samples of
the L3DAS21 dataset.

4) Reverberant Environment With Moving Sound Sources
and Directional Interferences: DCASE2021 is the most chal-
lenging dataset in which our G-SELD system was evaluated, as
itincludes all the complexities presented in ANSYN, REAL, and
L3DAS21 datasets. Moreover, different challenging conditions

40
Epoch

60 80

Epoch

Learning curves of the G-SELD system evaluated on a reverberant environment with background noise - L3DAS21 dataset.

were included to simulate difficult real-life situations. Moving
sources were incorporated from about 500 sound event samples
of 12 types, and an additional layer of directional interferences
was selected from 400 sound events. The network is expected
to learn to ignore interferences; if not, they will be considered
false positives.

We compare our results with the metrics published by the
baseline system of DCASE2021 Challenge [15]. As shown in
Table III, all metrics were surpassed. The Fi.,.. and LR were
exceeded in 12.42% and 15.32% respectively by the G-SELD
mean values, and in 13.20% and 15.40% by the G-SELD best
model. The ER was improved by 7% by the mean value and the
best model, and the LE was surpassed by 1.27 and 2 points by the
mean value and the best model, respectively. Our system reached
an overall improvement of 10% according to the SELDgore-
The LE exhibits that the inclusion of moving sources turns the
DOA estimation more complex, such that the localization of
several detected samples of sound events does not satisfy the
threshold to be considered as a correct localization prediction.
However, the improvements are promising, considering that the
G-SELD network architecture is dealing with the SELD problem
without dividing it into specific branches for the localization
and detection subtasks, maintaining conceptual simplicity on
the implemented modifications.

The cross-validation models’ variability, represented by the
standard deviation shown in the learning curves of Fig. 9 in-
creased compared with previous datasets. However, we consider
it tolerable since this dataset includes a wider variety of sounds
and DOAs in a few audio samples.
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dataset.

We identified that the LR was the less aggravated metric
compared to the increasing difficulty of the databases. This
demonstrates that the G-SELD model can extract a significant
amount of information from the feature vectors, which leads to
the detection of a significant quantity of samples that contain
sound events, even in challenging scenarios.

The difficulty related to directional interference increases
when the target sound is similar to the sound that should be con-
sidered as an interference (inter-class similarity problem). We
identified the mentioned problem in the DCASE2021 database,
in which engines and fire sounds are used as interferences. Then,
considering that a characteristic sound related to fire is a fire
alarm, the system learned from many samples that an alarm-like
sound should be considered interference. Therefore, in case the
system detects a sound with comparable characteristics, it will
wrongly disregard this sound as an interference.

C. Ablation Study

We conducted an ablation study to analyze the individual con-
tributions of the Gammatone based SELD (G-SELD) system.
However, we highlight that the G-SELD system as a whole
encompasses all the proposed improvements, whose results
were presented in Sections III-A and III-B. The k-fold cross-
validation technique was also used to train different split com-
binations of each dataset. The results in this section represent
the mean value of the metrics obtained from the test split of the
cross-validation scheme.

1) Gammatone Vs. Mel Filter Banks: The SELD-
DCASE2021 architecture proposed in [15] was used to
evaluate our hypothesis of using a gammatone filter bank
instead of a Mel filter bank for obtaining a better performance
on the SELD task. For this experiment, we changed the filter
bank while maintaining fixed all other parameters related to the
preprocessing stage. The results presented in Table IV were
obtained for the test fold of the ANSYN dataset. This dataset
was selected due to the high metrics achieved by baseline
systems such as SELDnet and SELD-TCN. We noted that as
metrics reach near-perfect values, it becomes more difficult to
get improvements. Then, we sought to prove that just changing
the filter bank applied to the spectrogram in the preprocessing
stage results in a performance improvement in a dataset that has

40 60
Epoch

80 100 0 20 40

Epoch

60 100

Learning curves of the G-SELD system evaluated on a reverberant environment with moving sound sources and directional interferences - DCASE2021

TABLE IV
COMPARISON BETWEEN THE USE OF GAMMATONE AND MEL FILTER BANKS
USING THE SELD-DCASE2021 ARCHITECTURE '

FIT ER| LR LE| SELD]
gammatone
filter bank | 5040 021 8920 1070 0.12
Mel
filter bank 85.80 0.23 88.60 11.00 0.13

* The arrows show if the metric improves by increasing or decreasing its value.

already reached nearly perfect values. Note that although small,
all metrics show an improvement. We did not use the G-SELD
model architecture, since we wanted to guarantee that the filter
bank change alone leads to better performance.

2) Inclusion of a TCN Block: As previously explained, the
G-SELD architecture contains four types of blocks: CNN, TCN,
RNN, and FC. In order to visualize each group of blocks’
contribution to the SED task, we apply the t-SNE visualization
technique that reduces a high-dimensional feature vector into
a two or three-dimensional map [42]. In this experiment, we
restricted our data to samples that contain just one sound event
at the same time to simplify the clusters’ visualization. The
ANSYN or REAL datasets could be used for this experiment
since they provide a split of data containing audio with sound
events happening one at a time. As in the previous experiment,
we selected ANSYN dataset because it is more challenging to
get improvements in a database that has reached near-perfect
metrics.

Fig. 10 shows the t-SNE representations of the output vectors
taken after each group of blocks in the G-SELD architecture,
with a perplexity value of 50. It is possible to recognize a clus-
tering process that begins with the CNN blocks and finishes with
the FC layers. However, despite being close to each other, the
class-coincident samples of the CNN output are better clustered
after passing through the TCN block. The clustering evidences
how valuable the use of the TCN block is in the G-SELD
architecture. Then, the RNN and FC layers, as final stages of
the network, are used for learning temporal dependencies of
data and reducing its dimensionality, respectively, which also
contributes to the clustering evolution through the model.

3) Data Augmentation: We also experimented with the stage
of data augmentation, aiming to demonstrate that our G-SELD

Authorized licensed use limited to: Universidade Estadual de Campinas. Downloaded on October 20,2023 at 17:47:00 UTC from IEEE Xplore. Restrictions apply.



ROSERO et al.: SOUND EVENTS LOCALIZATION AND DETECTION USING BIO-INSPIRED GAMMATONE FILTERS

o CNN output TCN output
.5
15 4
0.0 “
] o
. Ly 10 o0
=05 If‘. oo i . 2
SR 0 3 s = &
~ -10 e %0 . ~ L A
L . 9 g oo ® 5
Q- o q00 va? o8 7] = 3 . g
-20 <& M Y 9
o -10 . e 10
=25
a0 -15 «'n'«"
-1 4 1 2 3 4 -15 -10 -5 0 5 10 15
tSNE 1 tSNE 1
RNN output FC output
2.0
. 2.0 : .
15 . .
K 15 . .
10 16
~ o5 o~
% § s % 0.5
= 00 o (9 * 00 o
-05 . os
-1.0 10
. .
-4 -3 -2 =1 [ -1.5 -1.0 -05 0.0 0.5 1.0 15
tSNE 1 tSNE 1

Fig. 10. t-SNE representation of the CNN, TCN, RNN, and FC outputs for a
sample of the ANSYN dataset. The colors represent the sound classes.

TABLE V
COMPARISON OF THE METRICS IMPROVEMENT WITH AND WITHOUT DATA
AUGMENTATION |

FIT ER|] LRT LE] SELD]
Data augmentation 5875 0.50 59.60 13.83 0.35
No data augmentation | 52.70  0.55 56.50  17.00 0.39

T The arrows show if the metric improves by increasing or decreasing its value.

system can improve the metrics even without this technique.
The best-ranked results in Task 3 of the DCASE2021 chal-
lenge [15] showed that using data augmentation techniques
applied to spectrograms results in a performance improvement
on the DCASE2021 dataset [43], [44]. Therefore, we decided
to conduct our experiment in a dataset that has not yet been
used for this comparison. Concretely, we use the L3DAS21
dataset to explore the impact of data augmentation in the overall
improvement of our model.

For this trial, we used the L3DAS21 dataset and the G-SELD
architecture. The neural network was first trained without data
augmentation and then using the three data augmentation tech-
niques detailed in Section II-C. The results for the test fold are
shown in Table V. It is possible to compare two metrics of our
results with the published for the L3DAS21 Challenge baseline
system: the Fiore = 45.0 and the LR = 40.0 were improved
by the G-SELD system without data augmentation at 7.7% and
16.5% respectively and by 13.75% and 19.60% with the use of
data augmentation. In conclusion, the G-SELD system improves
the metrics of the SELD task even without the data augmentation
stage.

Based on the experiments presented in the last sections, we
show that each proposed improvement in the G-SELD system
is a valuable addition to the whole performance of the system.

IV. CONCLUSION

In this work, we used a deep learning approach to develop
a system for sound event detection and localization in spatial
audio.
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A combination of acoustic features inspired by the human
auditory system and IVs containing phase information were
implemented to provide appropriate cues for estimating the
location in time and the direction of arrival of a sound event. It
was demonstrated that gammatone filters are a viable alternative
to modify the frequency linear resolution of the spectrogram
since they model the tonotopic frequency distribution produced
in the cochlea.

Based on a deep learning model that includes CNN and
RNN layers, the architecture of our model is improved by
incorporating a TCN block that is capable of learning core
features in the structure of sequential data, due to its ability to
capture long-term dependencies. This modification generates a
deeper feature extraction, producing a more significant number
of trainable parameters.

In summary, the G-SELD system was evaluated on four
databases that provide different ambient conditions, from a con-
trolled environment without reflections to various reverberant
scenes. The G-SELD system maintains a good performance for
polyphony up to level three in anechoic and reverberant envi-
ronments. The performance decays when background noises
and directional interferences are included in addition to the
target classes because the system must learn to overlook those
specific types of sounds. However, our results surpassed the
ones obtained using the baseline systems proposed along with
each dataset, maintaining a conceptual simplicity of the network
architecture.
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