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Abstract

Sound event localization and detection (SELD) plays a vital role in
understanding the environment. Recently, the SELD problem has received
increasing interest from the research community. The state-of-the-art models for
the DCASE 2020 for the SELD task have achieved good performance in terms of
accuracy, but these models are generally based on multistage deep neural
networks, which require substantial computational power and memory, making
them unsuitable for deployment on low-cost Internet of Things (loT) edge
devices. In this paper, we propose a single-stage convolutional recurrent neural
network (SS-CRNN) designed for real-time implementation of SELD on
resource-constrained devices like Raspberry Pl We also conducted a
comprehensive analysis of different feature representations in terms of both
accuracy and computational efficiency. Our results demonstrate that the SS-
CRNN outperforms other models on the DCASE 2020 SELD dataset 1n terms of
real-time factor (RTF), with only a slight trade-oft: a 1% reduction in frame
recall performance and a 6-degree decrease in localization accuracy compared to
State-of~the-art methods. Additionally, we employ SpecMix augmentation to
further enhance the model’s performance, which helps to boost our model’s
performance during training.
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INTRODUCTION

Localization and event detection (SELD) has received
increasing interest over the last few years due to its
application in domestic activity monitoring [1], robot
guidance [2], and speaker identification [3]. The SELD
can be divided into two sub-tasks, i.e. Sound Event
Detection (SED) and Direction of Arrival (DOA). In
SED, the goal is to find the onset and offset time of
sound events while also classifying these events.
Whereas in DOA, the aim is to find the azimuth (Azi)
and elevation (Elev) of the active sound event source
[4]. So, the overall goal of the SELD is to find the
active label and its location when an event is active.
SED can be further divided into monophonic or
polyphonic. In the monophonic SED, there is no
overlapping of the sound events, whereas in the
polyphonic SED, there is an overlapping of the sound
events. Although monophonic sound events are relatively

easier to work on, the polyphonic SED method is more
useful for real-world applications, as it 1s more likely for
these to contain several sound sources [5]. The main
challenge for the SELD 1s intra-class variability, in which
for instance footsteps or car horn events if repeated, may
cause small shifts in the frequency and time domain.
SELD plays a vital role in environmental awareness and
1s useful in many applications, such as robotics that can
detects and localizes the sound source and can also
navigate the directions [2], bio-acoustic sensors in which
autonomous recording units (ARUs) cap-ture sounds of
wildlife animals for longer periods [6], sound
localization that deter-mines the location of a sound
source 1n three dimensions (two angles and distance) [7]
and speech segregation to separate speech from noise [§].
For many of the above-mentioned real-world
applications, SELD has to be implemented on low-end
processing devices rather than standard computers [9].

/" DOA Estimation SED Estimation
Speaking H Dog Bark Dog Bark H H Speaking
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Cat
Time © Time "
\_ Sound Event Localization & Detection /‘

Figure 1: A General Hlustration of SELD Model

The primary objectives of the Sound Event Localization
and Detection (SELD) task are to (1) identify the
classes of relevant sound events, (i1) determine the onset
and off- set times for each occurrence, and (ii1) localize

the spatial position of each sound event while it is active.

When an audio signal exhibits activity, a SELD system
generates a temporal activation track for each target
sound class, along with one or more corresponding
spatial trajectories. The result 1S a spatio-temporal
representation of the acoustic scene, which can be
leveraged in a wide range of artificial intelligence
applications, such as self-localization, environ- ment
classification, navigation in the absence of visual input or
with occluded targets, monitoring specific sound sources,
smart home systems, scene visualization tools, and audio
surveilllance, among others. The detection and
localization of overlapping sound events is referred to as
polyphonic SELD, as illustrated in Figure 1.

Recently, the use of single-board computers (SBC) [10]
have gained the notice of the reasearchers as they are
cost- effective. When compared with the standard
computers, the SBCs are cost-friendly, compact, and
also engergy efficient which make them well suited to
operate with batteries for longer durations in remote
locations. The processing unit is the primary part of the
SBC. Some of the SBCs that are readily available in
market are, Raspberry Pi, BeagleBone, and Arduino [10].
The compute-intensive techniques that are challenging to
implement on SBCs, such as deep learning for image
classification, while SELD techniques can be imple-
mented on these low-power SBCs.

The Internet of Things (IoT) has palyed an important
role in our day to day lives, and it continous to shape our
world in more impactful ways and make the surrounding
environment smarter. Among the IoT techniques used in
a smart environment, SELD is one of the technologies
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that offers by interpreting the acoustic landscape of our
daily lives. Our surroundings are filled with physical
activities or events in the form of sounds, such as
ambulances passing by, heavy traffic on roads, the
opening and closing of doors, turning off the page,
heartbeats, etc. These sound events carrying information
about the soundings, and the human auditory system is
capable to separate these sound events and recognize
them. If we want to make such a smart system to act like
a human’s auditory system, then it must be able to
separate sound events well enough to recognize and
localize them as well.

In this paper, we propose an efficient algorithmic
implementation for the Raspberry Pi to address the
SELD challenge in real time. The Raspberry Pi is a
portable, low-cost, and energy-efficient device that can
be easily de- ployed for a wide range of applications.
Although the top algorithms proposed in DCASE 2019,
2020, and 2021 for SELD task improved the
performance in terms of sound event detection and
classification as well as the direction of arrival
estimation, most of these were generally based on
complex and multi-stage deep neural networks. As a
result, such algorithms are typically too computationally
intensive to run in real-time on resource-constrained,
low-cost IoT edge devices like the Raspberry Pi. We
propose a single- stage CRNN, which 1s more hardware-
friendly as compared to other proposed methods. Real-
time factor (RTF) 18 an important metric used for the
feasibility analysis of real-time implementations. Lesser
the RTF, the better the execution speed. For real-time
implementation, the RTF value must be less then one.
Our proposed system has achieved a low enough RTF
value between 0.5 and 0.7, with only a slight trade-off: a
1% reduction in frame recall performance and a 6-
degree decrease in localization accuracy compared to
state- of-the-art methods

The major contribution of this paper are as follows:

We propose a novel single-stage CRNN architecture
which 1s efficiently implemented on Raspberry Pi for
SELD in real-time (SELD-RT). The pro-posed system
has low power consumption and low computational cost
which makes it very suitable for real-world SELD
applications. The best performers in DCASE 2019 2020

and 2021 wuse multi-stage CRNN, with higher
computational complexity. Our single-stage CRNN
architecture re-duces the computational complexity.

We highlight the discrepancies between four different
features and figure out the best performance while con-
sidering the RTF. We achieve SELD results by using
only magnitude information of logmel energies.

The rest of the paper is organized as follows: Section 11
describes a comprehensive survey of the field, the
proposed method 1s described in  Section IV,
experimental  results, performance evaluation,
embedding capacity, visual quality and comparison are
presented in Section VI, and finally conclusion is
drawn 1n Section VIIL

RELATED WORKS

Early approaches to SED methods utilize Mel Frequency
Cepstral Coefficients (MFCC) [11], which often
combine with Gaussian Mixture Models (GMM) and
Hidden Markov Models (HMM) [12], also Non-negative
Matrix Factorization (NMF) [13] has also been explored
for the SED.

In recent years, deep learning has emerged as a
promising technique for problems in almost every field.
Convolutional ~ Neural  Networks (CNN) and
Convolutional Recurrent Neural Networks (CRNN) have
shown promising performance in the SED task [14]. The
use of CNN and recurrent neural networks (RNN) has
interestingly increased the field of audio signal
processing, with their combination outperforming earlier
SED models [15]. Besides, a combination of CNN and
RNN outperforms previous SED models [16]. However,
RNN suffers from vanishing gradients due to its long-
term dependencies during training [17]. To address the
vanishing gradient problem, gated recurrent units (GRU)
and long short-term memory (LSTM) [18] are proposed.
Both GRU and LSTM have a gating mechanism that
selectively learns relevant information while discarding
irrelevant  information, making them effective in
capturing temporal patterns that are relevant in the SED
tasks [19]. Despite their advantages due to gating,
deploying these models on low-cost, low-power
hardware remains a significant challenge [20].

Several studies have addressed the task of sound event
localization (SEL) or direction of arrival (DOA). Some
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of the common approaches to estimate the DOA are
steered-response power-phase transform (SRP-PHAT)
[21], time- time-difference-of-arrival (TDOA) [22],
multiple signal classification (MU-SIC) [23], and
estimation of signal parameters via the rotational
mvariant technique (ES-PRIT) [24]. All of these
approaches show trade-offs in terms of complexity and
compatibility with different microphone array structures.
For DOA analysis, among these approaches, MUSIC
performs well; however, its effectiveness almost depends
on accurate estimation of the number of active sources,
which is not always feasible in the real-world scenarios.
Moreover, it performs drops under low signal-to-noise
ratio (SNR) and reverberation scenarios [25]. Many
methods discussed address SED and DOA estimation
separately. Several recent studies have proposed
performing SED and DOA jointly. Kapka and
Lewandowski proposed [26] a four-stage CRNN that
contains two main tasks. These subtasks include detecting
of active source and estimating of DOA when one sound
source 1s active. The model gives state-of-the-art
performance in the DCASE 2019 challenge in the SELD
task. They [27] proposed a two-stage approach that
performs SED and localization separately. The Logmel
energies were used as features for SED, while the
intensity vector and GCC-PHAT were used for the
localization part. A masking method was used to
enhance the DOA, which is based on SED. The Xu et
al.

[28] used a conventional microphone array signal
processing approach that performed well for the SELD
task. They used a three-stage strategy to solve the
SELD problem. Their method employed logmel,
constant-Q transform (CQT), and the angular spectrum

of four channels to solve the SELD problem. Zhang et al.

The [29] wused Spec-Augmentation [30], a data
augmentation technique and post-processing step that 1s
based on prior knowledge regularization (PKR) for the
SELD task. They used logmel and short-time Fourier
transform (STFT) representations as input features to the
dual-branch CRNN. Nguyen et al [31] proposed the
decoupling of detection and localization. They used
GCC- PHAT and log-mel Bark Spectrogram as input
features to the CRNN with mix-up augmentation. Wang

et al [32] offer a comprehensive technological solution
that includes post-processing, model ensembles, network
training, and data augmentation. A more reliable
prediction of SELD is produced using a model ensemble
with many proposed designs. In addition, they employ a
post-processing step, which applies various thresholds at
different sound occurrences. In [33], the authors perform
the SED part using the Cao et al. [27] model and the
DOAs using the single-source histogram approach. The
method 1n [34] built model ensembles by averaging the
results of various models that have been trained under
various settings, which include various input features,
training folds, and model designs. With precise time-
frequency mapping between the signal strength and the
source of direction-of-arrival, the method in [35]
developed a unique feature known as the spatial cue-
augmented log-spectrogram (SALSA). The feature
consists of stacked multi-channel log-spectrograms for
each time-frequency bin on the spectrograms, the
estimated direct-to-reverberant ratio, and a normalized
version of the primary eigenvector of the spatial
covariance matrix. Kang et al. [36] used a conformer-
based model with audio channel swapping, which is
used for data augmentation, which helps to enhance their
model performance. Kim and Ko [37] use a residual
connection in the CNN and self-attention mechanism,
which 1s then ensembled to improve the SELD scores.
Dong et al. in [38] proposed a model that performs
SELD by unifying a framework that models SED, DOA,
and distance estimation, which treats DOA and SED
parts separately and combines them at the output stage.
Yeow et al. [39] enhance the channel and attention
mechanism by introducing a squeeze and excite
conformer-based RasNet, which utilizes SALSA and
data augmentation and data synthetic generation to boost
the SELD performance.

OVERVIEW OF DCASE 2019 DATASET

The TAU Spatial Sound Events 2019 dataset [40]
provides two datasets for the SELD task. The first set
1s recorded in four-channel first-order ambiosonic
(FOA), which captures a full 3D area (W,X,Y,Z), and
the second set consist of four-channel directional
microphone (MIC) arrays. The FOA dataset 1s obtained
by converting 32 channels of the Eigenmike using filters
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based on anechoic array response measurements. In
contrast, the MIC recordings do not need any additional
filtering and are obtained using 6, 10, 26, and 22
channels of Eigenmike arrays. FOA and MIC both
contain 400 one-minute-long audio recordings, which
are sampled at 48 kHz with a 30 dB signal-to-noise
(SNR) ratio for audio. These audio recordings were
captured in five indoor locations having impulse
responses (IRs), resulting in 504 unique combinations of

azimuth and elevation. These IRs are then convolved
with 11 events of the DCASE 2016 task 2 dataset [41].
The 400 recordings in the development dataset were
organized into four cross-validation splits, each
containing 100 audio files. In practice, MIC is easier to
use due to its direct catering approach, whereas FOA
requires a spherical microphone array and additional
spatial encoding but provides a more complete
representation of the 3D sound field through Ambisonics.

Table 1: Overview Of Related Work In Sound Event Localization And Detection (SELD)

Literature (Year) Architecture / Strategy

Input Features

Kapka et al. [26] (2019) approach

Cao et al. [27] (2019) DOA estimation)

Four-Channel CRNN with multi-tasking

Two-stage CRNN (SED followed by

STFT, Complex Spectrogram

Log-Mel, Intensity Vectors, GCC-PHAT

Xue et al. [28] (2019)
Zhang et al. [29] (2019)

Nguyen et al. [31] (2019)

Wang et al. [32] (2020)
Nguyen et al. [33] (2020)

Three-stage CRNN framework

CRNN with SpecAugment and PKR
Two-stage CRNN with mix-up
augmentation

CNN + CRNN hybrid architecture
Ensemble of Two-stage CRNNs

Log-Mel, CQT, Angular Spectra
Log-Mel, Complex STFT

Bark Log-Mel, GCC-PHAT

Log-Mel, Intensity Vectors, GCC-PHAT
Log-Mel, Complex Spectrogram

Shimada et al. [34] @021)  RDoNet with "TERN
ensemble
CRNN  ensemble  with

Nguyen et al. [35] (2021)

Kang et al. [37] (2023)
Kim et al. [37] 2023)
Dong et al. [37] (2025)

Yeow et al. [37] (2024)

augmentation
CNN with self attention

ResNetConformer
Squeeze-and-

and D3Block

Confromer with data augmentation

Resnet-18 with conformer
architectures  with

PCEN Spectra, IDP, Magnitude, cosIPD,
sinlPD

Log-Mel,
Spectra

Log-Mel
Log-Mel
Log-Mel, intensity vector

Yeow et al. [37] (2024)

elgenvector Eigenvector-Augmented

We utilzed the development dataset and four cross-
validation splits provided by DCASE 2019 task 3, as
outlined in Table 2. Each splits contain the audio
recordings and their corresponding metadata, which
specifies the onset and offset time of the sound events
and their spatial locations in terms of azimuth and
elevation angles.

PROPOSED METHODOLOGY

THE RASPBERRY PI 4 AND RESPEAKER

The primary objective 1s to develop an acoustic sensor
network (ASN) that has the capability to not only detect
active sound events but also localize the events by using
spatial information. Although the best algorithms
proposed in DCASE 2019 to 2025 have significantly

improved the performance in terms of sound event
detection as well as the direction of arrival estimation,
most of these approaches rely on complex multistage
deep neural networks, as shown in Table 1. Furthermore,
in dataset creation, eigenmikes were used, which cost
around ($3,999).

Due to their high computational requirements and
dependence on costly hardware, these algorithms are not
well-suited for deployment in low-cost and resource-
constrained devices. In contrast, the goal of this work 1s
to explore and propose affordable and efficient solutions
for the deployment of ASN using low-power embedded
systems. Specifically, we propose a setup based on the
Raspberry Pi 4 paired with the ReSpeaker microphone
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array, which offers a cost-effective alternative for real-
world ASN deployments. The deployment of the ASN
model can be divided into three groups depending on
sensor functionality and the cost associated with it.
High-End Commercial Devices: These devices are made
for accuracy and reliability and are often used in
commercial or industrial monitoring applications. These
devices may cost up to 11, 000. An example of these
devices 18 Bruel and Kjaer [42], which costs around 15,
000.

Mid-Range Research and Commercial Devices: This
category falls in the mid-range and is used for research
as well as commercial applications. These devices have a
moderate price tag and cost around $600. Examples of
such devices are Libelium’s Waspmote Plug & Sense and
RU-MEUR [9].

Low-Cost Academic Prototypes: These sensors are
designed for large-scale deployment that offering a low
cost of around ($150). These devices are mainly built by
university research groups [43].

Recently, advances in low-cost and low-power
microphone technology and networking have provided a

platform for real-time data processing with deep learning.
For the quality of ASN at low cost, it must provide at
least the following features [44].

Recent developments in wireless networking and low-cost,
low-power microphone arrays have made it possible to
create deep learning-powered real-time ASN monitoring
systems. A low-cost ASN must fulfil the following
essential conditions to be efficient and scalable.

The ASN will have the ability to monitor SELD with a
comparable level of performance in the form of SED
and DOA metrics. Doing digital signal processing (DSP)
tasks in real-time and also performing wireless audio
transmission. Overall cost must not exceed $100.

In this work, we propose a robust and efficient model
with low computational and power cost, a real-time
SELD system (SELD-RT). The SELD-RT model
continuously monitors acoustic environments, detects
the active sound events and their azimuth and elevation
angles for localization, making it suitable for low-cost
real-world scenarios.

Table 2; Cross-Validation Setup For Model Performance Evaluation

Fold Training Set Validation Set Test Set
1 Folds 3, 4 Fold 2 Fold 1
2 Folds 4, 1 Fold 3 Fold 2
3 Folds 1, 2 Fold 4 Fold 3
4 Folds 2, 3 Fold 4 Fold 1

In contrast to other SBC devices, such as BeagleBone
Black, ODROID C1+, and Tinker Board, which range
between 47-70. The Raspberry Pi comes in a complete
package for building an ASN because of 1its processing
power, RAM, storage options, built-in WIFI, and support
for Secure Shell (SSH) for remote management.

The SBC device used in our proposed system is the
Raspberry Pi 4, which has a low cost and low power
consumption and features a 1.5 GHz quad-core CPU,
4GB of RAM, and a 40-pin GPIO interface, all at a cost
of approximately $59. It runs on the open-source
operating system (OS) Raspbian [45] and its SSH allows
for remote updates and maintenance of the model. Due to
its capabilities, the Raspberry Pi 4 is chosen for real-
time audio signal processing and the deployment of deep
learning models in embedded environments.

Table 3 presents a comparison of popular single-board
computers (SBCs) commonly used in edge computing
and sensor network applications. Among these, the
Raspberry P1 4 offers the best balance of performance,
connectivity, and affordability. It features a quad-core
CPU, 4 GB of RAM, and built-in Wi-F1, making it well-
suited for real-time signal processing and machine
learning tasks. Its low cost ($59), small form factor, and
active open-source community further support its
adoption 1in scalable, low-power acoustic sensor
networks

Considering the main purpose of our work, which 1s to
employ a low-cost and efficient model for ASN, we also
proposed a microphone array device, ReSpeaker 4-Mic
array[46], that can be integrated with Raspberry Pi 4.
ReSpeaker has a tetrahedral array and is widely used for
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audio capturing in sound applications. It 1s easily
available and has a low cost ($20-25). Figure 2 illustrates
the complete flowchart for the SELD- RT. Audio event
signals are captured by the Re-speaker array, which
contains 4 microphones that cover 360 degrees in
azimuth. These audio signals can be digitized and then
fed to our pre-trained model in a Raspberry Pi 4 that
performs SED and DOA.

The proposed technique for SELD-RT 1s evaluated using
the TAU Spatial Sound Events 2019 dataset [40]. This
benchmark dataset 18 used for training and testing of the
proposed CRNN system to assess the feasibility of
SELD-RT. Additionally, the Real-Time Factor (RTF) is
analyzed to provide a more accurate evaluation of the
system’s real-time performance.

SELD FEATURES

Most of the acoustic sound classification signals are
monaural. However, in the case of multi-channel signals,
events are well spatially distributed, and this spatial
information can be used for localization of the event.
The first joint SELD was introduced in DCASE 2019
task 3. In the aspect of research, SL and SED are
different. In DCASE 2019 task 3 most common features
for sound event detection (SED) were Log- mel, constant
Q transform (CQT), and for sound localization (SL)
GCC-PHAT, and intensity vector was used. Log-mel
and CQT are like human auditory perception, which 18
based on a non-linear frequency scale.

To obtain the lag time between two microphones, GCC
18 used. GCC-PHAT removes the impact of the
amplitude, and the cross-power spectrum 1S whitened,
leaving only the phase. For robustness, the popular
PHAT weighting scheme can be used to obtain a unity
gain for all frequency components, while preserving
phases which contain the actual delay information. The
GCC-PHAT can be expressed as

Volume 3, Issue 4, 2025
_ C.) C.)
= 1
) cof o] @
Where ~1'is the inverse-FFT from £to , (., )is

the short-time Fourier Transform (STFT) of the st
microphone signal, and () denotes the conjugate.
For feature extraction, we use the librosa library. We
use different features derived from MIC datasets. The
features for SED are log mel energy and CQT, and for
DOA calculation, GCC PHAT, and intensity vector are
used. CQT is expressed as
()= x2 / 2

where 1s the minimum frequency,  1is the filter
index, and B 1s the number of bins per octave. We make
four combination features for the SELD-RT task. To
reduce RTF, we only consider the Mic dataset and four
combinations of features. We have used these
combinations because for Task 3 of DCASE 2019, most
of the participants have also used these features.
From mic data-sets, we used the following combination
of features ;

Log Mel energy (4 channels) and intensity
vector (3 channels) (LI)

CQT (4 channels) and intensity (3 channels)
vector (CI)

Log Mel energy (4 channels) and GCCPHAT (6
channels) (LG)

Log Mel energy (4 channels) , intensity vector
(3 channels) and GCCPHAT (6 channels) (LIG)
The parameters for the extraction of the feature are
listed in Table 4. As there 1s a trade-off between
computational complexity and system performance [47].
We have used 64 mel bins for feature extraction, which
1s observed as the optimal filter size for the proposed
model.

Table 3: Comparison of Common SBC Devices for ASN Deployment

SBC Device Retail Price CPU RAM Wi-Fi
Raspberry Pi 4 $59 Quad-core (1.5GHz) 4GB Yes
ASUS Tinker Board ~ $70 Quad-core (1.8 GHz) 4GB Yes
BeagleBone Black $55 Single-core (1 GHz)  0.5GB Yes
Odroid cl1+ $37 Quad-Core (1.5Ghz) 1Gb No
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Raspberry Pi 4 SED

Audio Signals H Re-Speaker 4-MICS H (Contains Trained
Model) DOA

Figure 2: Block diagram of the Re-speaker model
MODEL ARCHITECTURE

We have trained a single-stage CRNN for SELD task
implementation in a Raspberry Pi. By using variance and
mean, they are normalized before feeding as input
features to the single-stage CRNN-based model. CRNN-
1 are inspired by VGGNeT, which has four group
convolutional layers and has the ability to learn both
inter and intra-channel features. Each group include two
2D Conv layers with a filter size of 3 % 3, a stride size
of 1x1 and a padding size of 1 x 1 and average
pooling of 2 % 2. We applied batch normalization to
speed up the process and for stabilization. The Relu
function is used as a non-linear function. After four
group convolutional layers, we applied Global averaging
pooling to reduce the computational cost in CRNN-1.
Finally, the two layers of the GRU which are connected
to the fully connected layers. GRU’s are used to learn
temporal information from audio. GRU consist of reset
and update gates that can store relevant information and
remove unnecessary information. These gates also help
in removing the gradient descent problem. The output
layer for SED i1s sigmoid as an activation function; the
output will be in the [0,1] range. In order to improve
overall and to minimize model over-fitting, we have
used a data augmentation technique which is inspired
from spec- augmentation known as spec-mix. For
optimization, we have used Adam as optimizer and
Binary Cross-Entropy Loss is used as a loss function.
Our learning rate 1s set to 0.001 for 1000 iterations, and
then 1t is reduced by 10 % and a batch size of 32 1s used.
Overview of the SELD-RT model CRNN is shown in
Figure 3.

EXPERIMENTAL RESULTS AND DISCUSSIONS

We describe the experimental setup in this section,
which makes use of the Pytorch module and the SELD
dataset. On a 64-bit PC with an Intel Core 15-7300HQ
quad-core CPU (6 MB cache, up to 3.5 GHz), 24 GB of
2400 MHz DDR4 RAM, 128 GB of SSD storage, 1
TB of 5400RPM SATA storage, and a GTX 1060 6 GB
graphics card, all of the implementation programs for

training were built 1n an experimental Python
environment utilising Pytorch. While using the same
Python environment and Pytorch for deep learning, the
trained model 1s transferred to the Raspberry Pi 4 (OS
Raspbian).

The proposed Single-stage CRNN contains three main
parts, as shown in Figure 4. In the first part, we have
extracted features on the Raspberry Pi and noted RTF of
each feature. In the second part, we have trained our
model by using a GPU and in the last part, we transfer
our trained model to a Raspberry Pi 4 and inference our
model on the Raspberry Pi 4. For real-time justification,
we have used RTF, which is given in Equation 3.

=— 3)
where D 18 the input of duration, and T is the time. If
RTF is less than 1, it means processing 1s in real time.
PERFORMANCE EVALUATION
SELD contains two subtasks, SED and DOA; therefore,
separate evaluation metrics are used for each task. The
SED performance is evaluated using the F-score and the
error rate (ER) [40]. Ideally, the Fl-score should be 1,
and the ER should be 0. F1-Score 1s expressed as

2x
1 = " " O]
=1 =1 =1
1s the total number of window segments, and

Where
18
the single window segment. TP(k) is the true positive,
FP(k) 18 the false positive, and FN(k) is the false

negative. ER 13 expressed as

= OF 5 O 50O
L O ©

Where () is the total number of active sound events in
reference, () Substitution, ( ) Deletion and ( )
Insertion, defined as follows:
()=min( (), () (6)
()=max(0, ()— () )
()=max(0, ()— () (8
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DOA error and frame recall are used to evaluate the
performance of DOA [3].
. = (=) Qo
= C - ) © . |

-1 -1 Where is an indicator. Its output value is 1 when =
Where 1s recording length, Reference else it’s 0.
at time frame , Estimated at time
frame and is the Hungarian Algorithm
Table 4: Parameters for Features
Parameter Value
Sampling rate 32 KHz
Window size 1024
Hop size 320
Minimum frequency 52 Hz
Mel bins 64 bins

Multichannel Audio Input

Feature Extraction
FOA
-+
MIC

y

Convolutional Block

L4

GRU, Bi-Directional

y

Fully Connected Layer

y

Fully Connected Layer
Sigmoid

Y

v v

SED DOA

Con2D 3x3 @64
BN, Relu

2x2
Average Pooling

Con2D 3x3 @128
BN, Relu

2x2
Average Pooling

Con2D 3x3 @256
BN, Relu

2x2
Average Pooling

Con2D 3x3 @512
BN, Relu

2x2
Global Pooling

Figure 3: Overview of the SELD Model Convolutional Recurrent Neural Network
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Figure 4: Block Diagram Of The Proposed System

VII. RESULTS AND DISCUSSIONS

As our main goal for the SELD task is to make it
computationally efficient, therefore, we have devised our
model for hardware efficiency and ease of
implementation in Raspberry Pi. We have compared our
results with the works of Cao. et al model [27] in terms
of the best feature and real-time. As illustrated in Figure
5, the best feature for SED, which is used as input to
CRNN-1a, i1s LG, having an F-score of 0.901 and an
error rate of 0.163, while Cao. et al. model has an F-
score of 0.90 and an error rate of 0.16. In DoA
performance, the proposed model with CI as input

feature has DOA error of 14.1° and LG has a feature
that has the best frame recall of 0.87, while Cao. et al.

model has a DOA error of 9.8° and a frame recall of and
having of 0.863. The best RTF 1s achieved by LI 0.5,
and the large RTF value is achieved by LGI has an RTF
of 0.7, while Cao. et al. The Surrey model has achieved

Sgurd Eveil Geteckion Hesaks
& B o JA

Sunruy rakl
0o A s WL
=
=10 B
&=
—
2] &
ELE
B
s 1 T L} 1 rl:
115 a7 13 L1 20 0zl

[ ror Bwie

i3]

RTF of 1.2, which is not real-time. Furthermore, if we
increase the number of channels, then the RTF value for
inference also increases. Another observation is that
although LI and CI have the same number of channels, 1-
e 7, L1 is a more robust feature than CI.

All the features proposed, which is given as
mput to CRNN- 1a has RTF less than one, which shows
their. robustness. In their findings presented in [4€], it
was demonstrated that the DOA and frame recall were
successfully achieved by solely utilizing the magnitude
values of logmel energy. We have compared our model’s
results, which were also accomplished by utilizing
magnitude information, specifically LI. Our LI results
surpassed both the SED and SELD scores of [48] and
performed favorable compared to the baseline of
DCASE 2019 [40]. An error rate of 0.16 and an F1-
score of 90.0 were achieved. Additionally, a DOA of
15.8 and a frame-recall of 88.0 were obtained.

Sound Lezalization Hesults
Samruy_reakil &

=

Figure 5: Overall Results of Proposled Model with RTF of different features. (a) Sound Event Detection Results, (b)

Sound Localization Results
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Table 5: Comparison Using Magnitude As Input
SELD Model Brror rate F1-score DOA Frame-Recall
CNN5-Avg [48] 0.33 80.7 544 77
CNNO-Avg [48] 0.32 80.5 440 77.1
CNN9-Max [48] 0.34 794 45.6 76.3
CNN13-Avg [48] + 042 72.8 428 714
Baseline [40] + 0.34 79.9 28.5 85.4
Proposed CRNN LI- 0.16 90.0 15.8 88.0
Feature +
RTF Wise Results
% 0.6
0.0 7
uG LG a U Surrey_model
Figure 6: Overall Results of Proposed Model with RTF of different features
CONCLUSION [1] Sharnil Pandya and Hemant Ghayvat. Ambient

In this Paper, we have introduced more robust and
hardware-friendly models that can use SBC devices like
Raspberry Pi for the SELD task. We also study different
DNN models and propose a novel single-stage model
which can be deployed in a Raspberry Pi 4 to perform
inference. Four different combinations of features are
proposed, which are extracted from Mic datasets. All
proposed features have RTF less than 1 on the Raspberry
Pi as shown in Figure 5. Our experiment plays with the
effect of GRU layers by increasing their layers, which
boosts the performance of SELD. The spec-mix also
mcreases SELD performance. The single-stage CRNN
proposed 1s highly in favour of embedded systems and
some useful applications like robotics, speech
enhancement, etc., with low-power and low-cost
resources. We have evaluated our model using the
DCASE 2019 task 3 development dataset by comparing
the F1 score, error rate, DOA error, DOA frame recall,
and RTF.
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