ACOUSTIC EVENT DETECTION WITH BINARIZED NEURAL NETWORK

WONG KAH LIANG

A project report submitted in partial fulfilment of the
requirements for the award of the degree of

Master of Engineering (Computer & Microelectronic Systems)

School of Electrical Engineering
Faculty of Engineering

Universiti Teknologi Malaysia

JULY 2020



DEDICATION

This thesis is dedicated to my father, who taught me that the best kind of knowledge to
have is that which is learned for its own sake. It is also dedicated to my mother, who

taught me that even the largest task can be accomplished if it is done one step at a time.

iv



ACKNOWLEDGEMENT

In preparing this thesis, I was in contact with many people, researchers,
academicians, and practitioners. They have contributed towards my understanding
and thoughts. In particular, I wish to express my sincere appreciation to my main
thesis supervisor, Associate Professor Muhammad Mun’im bin Ahmad Zabidi, for
encouragement, guidance, critics and friendship. Without his continued support and
interest, this thesis would not have been the same as presented here. I would like to
thank my panel of examiner on FYP 1, Dr Usman Ullah Sheikh and Dr Musa Mokji,
panel of examiner on FYP 2, Dr Mohd Afzan Othman and PM Ir Dr Muhammad Nadzir
Marsono who have gave me feedbacks and comment of improvement in my research

during the presentation session.

My fellow postgraduate student should also be recognised for their support. My
sincere appreciation also extends to all my colleagues and others who have provided
assistance at various occasions. Their views and tips are useful indeed. Unfortunately,

it is not possible to list all of them in this limited space.

Last but not least, I would like to thank all my family member who have gave

me encouragement, moral and mental support throughout this project.



ABSTRACT

Implementation of deep learning for Acoustic Event Detection (AED) on
embedded systems is challenging due to constraints on memory, computational
resources and, power dissipation. Various solutions to overcome this limitation have
been proposed. One of the latest methods to overcome this limitation is by using
Binarized Neural Network (BNN) which has been proven to achieve approximately 32x
memory savings and 58x lower computational resources. XNOR-Net is a type of BNN
which uses the XNOR gate to perform a logical function on the input data and give all
outputs in binary form. In this project, the XNOR-Net model is constructed and trained
for the AED task using urban sound (UrbanSound8K) and bird sound (Xeno-Canto)
datasets. Prior to performing the training, the datasets were pre-processed through
audio segmentation to produce 1-second sound files. Each audio file is converted from
the time domain to Mel-Spectrogram in the frequency domain and thresholding was
implemented to convert each spectrogram into a binary image. The images are then
reshaped to 32 x 32 pixels before being used for the training procedure. A performance
comparison between BinaryNet and XNOR-Net in terms of the number of hidden
layers used was performed and one binary convolutional layer structure XNOR-Net
was determined and constructed. The block structure and hyperparameters of the
XNOR-Net were analyzed and optimized to achieve a training accuracy of 96.06% and

validation accuracy of 94.08%.
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ABSTRAK

Pelaksanaan pembelajaran mendalam untuk Pengesanan Acara Akustik (AED)
pada sistem tertanam sangat mencabar kerana kekangan pada memori, sumber
komputasi dan pelesapan daya. Pelbagai penyelesaian untuk mengatasi batasan ini
telah dicadangkan. Salah satu kaedah terkini untuk mengatasi batasan ini adalah
dengan menggunakan Binarized Neural Network (BNN) yang telah terbukti mencapai
kira-kira 32x penjimatan memori dan 58x sumber pengiraan yang lebih rendah. XNOR-
Net adalah jenis BNN yang menggunakan gerbang XNOR untuk melakukan fungsi
logik pada data input dan memberikan semua output dalam bentuk binari. Dalam
projek ini, model XNOR-Net dibina dan dilatih untuk tugas AED menggunakan
set data bunyi bandar (UrbanSound8K) dan suara burung (Xeno-Canto). Sebelum
melakukan latihan, set data telah diproses sebelumnya melalui segmentasi audio untuk
menghasilkan fail suara 1 saat. Setiap fail audio ditukarkan dari domain waktu ke
Mel-Spectrogram dalam domain frekuensi dan ambang dilaksanakan untuk mengubah
setiap spektrogram menjadi gambar biner. Gambar kemudian dibentuk semula menjadi
32 % 32 piksel sebelum digunakan untuk prosedur latihan. Perbandingan prestasi antara
BinaryNet dan XNOR-Net dari segi jumlah lapisan tersembunyi yang digunakan telah
dilakukan dan satu struktur lapisan konvolusional binari XNOR-Net telah ditentukan
dan dibina. Struktur blok dan hiperparameter XNOR-Net dianalisis dan dioptimumkan
untuk mencapai ketepatan latihan 96.06% dan ketepatan pengesahan 94.08%
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CHAPTER 1

INTRODUCTION

1.1 Background of Research

The sound comes with a wide variety of frequency content and temporal
structure in unstructured environments. The wide range of frequency variations gives
different kinds of information especially in urban areas such as car horns, dog bark,
birds chirp, and others [1]. For example, the center frequency of baby crying is at 2

kHz and glass shattering at 4 kHz as shown in Table 1.1.

Table 1.1 Types of sounds and their center frequencies [2].

Sound Number Sound Name Center Frequency (Hz)
1 Airplane passing 250
2 Baby crying 2000
3 Bird singing 2000
4 Cow mooing 500
5 Cuckoo clock sounding 1000
6 Dog barking 1000
7 Coyote howling 500
8 Glass shattering 4000
9 Baby rattle shaking 4000
10 Train chugging along 250
11 Thunder cracking 250
12 Drum beating 500

For home surveillance, Amazon has introduced a smart sensor that can help

users to keep their home safe, known as the Alexa Guard [3]. The Alexa Guard can



be activated by the sound of smoke alarms, carbon monoxide alarms, or glass breaking
that happens when the user is out of the home. This system uses a Convolutional Neural
Network (CNN) to recognize the type of sounds detected. If it is an alarm sound, the

Alexa Guard will send the sound recording to notify the user remotely.

The Convolutional Neural Network (CNN) is one of the fundamental network
architectures of Deep Neural Networks (DNNs). The CNN performs very well on object
recognition and detection in real-world applications. In common with other classes of
intelligent systems, CNN must be trained to obtain the model of the desired behaviour.
Training CNN-based recognition systems require large amounts of computational power
and memory resources. Today very fast and power-hungry Graphics Processing Units

(GPUys) are used to train the neural network [4].

For the embedded system such as the Alexa Guard, the training can be done by
high-performance computers. The embedded system only requires the model produced
by the training process for run-time inference [5, 6]. The main issue with embedded
systems is the limited resources available on the devices. The CNN architecture must
run with sufficient performance at low power with the available memory and compute

capabilities.

1.2 Problem Statement

. The Deep Neural Networks (DNNs) are becoming more powerful and hence
the power and resource constraints have become the challenge as they require

more storage and computational power.

. This causes the DNN is not capable to be implemented into low power devices
such as smartphones, drones, mobile devices, and embedded systems that are

able to provide low memory storage and low computational power.



1.3

14

Objective

To implement Binarized Neural Networks (BNNs) in performing training and

validation using binary input images.

To explore the architecture of Binarized Neural Networks (BNNs) so that to

optimize the training and accuracy of the model.

To analyze and optimize the hyperparameter of the neural network improve the

testing and validation accuracy.

Scope of work

All work was performed on a personal laptop with the Intel Core i5 7th-
generation processor and NVIDIA GeForce MX150 graphics card in the

Windows environment.

Process the input sound datasets to create a binarized spectrogram for BNN

training samples.

Preparation of positive datasets from Xeno-Canto website [7] and negative

datasets from UrbanSound8K [8].

BinaryNet was used to structure the neural network for bird sound

presence/absence detection and recognition using the Python Keras framework.
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