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ABSTRACT

HAND CRAFTED VERSUS LEARNED REPRESENTATIONS FOR AUDIO
EVENT RECOGNITION

Kiiciikbay, Selver Ezgi
Ph.D., Department of Computer Engineering

Supervisor: Prof. Dr. Sinan Kalkan

June 2023, [66] pages

Audio Event Recognition (AER) pertains to identifying the types of events in audio
signals. AER is essential for applications requiring decisions based on audio signals,

which can be critical, for example, for health, surveillance, and security applications.

Despite the proven benefits of deep learning in obtaining the best representation for
solving a problem, AER studies still generally employ hand-crafted representations
even when deep learning is used for solving the AER task. Intrigued by this, we
investigate whether or not hand-crafted representations (i.e., spectrogram, mel spec-
trogram, log mel spectrogram, and mel frequency cepstral coefficients) are better than
a representation learned using a Convolutional Autoencoder (CAE) or representation
learned using a pre-trained network. To the best of our knowledge, our study is the
first to ask this question and thoroughly compare feature representations for AER. To
this end, we first find the best hop size and window size for each hand-crafted repre-
sentation and compare the optimized hand-crafted representations with CAE-learned
representations. Our extensive analyses on a subset of the AudioSet dataset con-
firm the common practice in that hand-crafted representations do perform better than

learned features by a large margin (~30 AP). We additionally conduct a comparative



analysis between hand-crafted features and learned representations generated from
pre-trained networks. Our findings indicate that the log mel spectrogram continues to

exhibit superior performance (~8 AP).

Moreover, we investigate whether the aforementioned audio features are complemen-
tary to each other by exploring different fusion strategies. We show that significant
improvements (~6 AP) can be obtained with an early fusion scheme compared to the

best hand-crafted feature.

Keywords: Audio Event Recognition, Audio Event Classification, Deep Learning,
Log Mel Spectrogram, Mel Spectrogram, Spectrogram, MFCC, cross-modal atten-

tion, fusion
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0z

SES OLAYLARI TANIMI iCiN ELLE CIKARILMIS VE OGRENILMIS
OZNITELIKLERIN KARSILASTIRILMASI

Kiiciikbay, Selver Ezgi
Doktora, Bilgisayar Miihendisligi Boliimii

Tez Yoneticisi: Prof. Dr. Sinan Kalkan

Haziran 2023, [66] sayfa

Ses Olay Tanimi1 (SOT), ses sinyallerindeki olay tiirlerinin tanimlanmasi ile ilgili ya-
pilan caligmalar biitiiniidiir. SOT, ses sinyallerine dayal1 olarak alinacak kararlarin
etkili oldugu bazi uygulamalarda ¢cok 6énemli bir rol oynar. Bu uygulamalar; saglik,

gozetlem ve giivenlik uygulamalari olabilir.

Derin 68renme yontemlerinin bir problemin ¢dziimiinde en iyi ¢Oziimleri iirettigi
kanitlanmis olmasina ragmen, SOT c¢alismalarinda problemin ¢6ziimiinde derin 68-
renme kullanilmasina ragmen, hala, bir uzmanin tasarladig1 algoritma ¢iktis1 olan el
yapimu Oznitelikler kullanilmaktadir. Bununla ilgili olarak, bu tez calismasinda yay-
gin olarak literatiirde kullanilan el yapimi 6zniteliklerin (spectrogram, mel spectrog-
ram, logmel spectrogram ve mel frekans sepstral katsayilar1) evrisimsel otokodlayi-
cilar kullanilarak c¢ikarilmig 6znitelikler ve daha 6nce 68renilmis bir ag ile c¢ikaril-
mis Oznitelikler ile karsilastirmasi yapilmigtir. Bilindigi kadariyla, bu soruyu soran
ve SOT i¢in 6znitelik temsillerini bu sekilde kapsamli bir sekilde ele alan ilk ca-
lismadir. Bu amacla, el yapimi 6znitleik ¢ikarimlari icin en iyi pencere ve atlama

boyutu bulunmus ve optimize edilmis el yapimi 6znitelikler otokodlayicinin ¢iktisi
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olan oznitelikler ile karsilagtirllmigtir. Kapsamli analizlerimiz neticesinde, AudioSet
veri kiimesinden olusturulmus bir alt veri kiimesinde le yapimi 6zniteliklerin, 6grenil-
mis Ozniteliklerden daha 1y1 performans (~30 AP) gosterdigi sdylenebilir. Ek olarak
el yapimi Ozniteliklerle 6nceden egitilmis aglardan elde edilen 6grenilmis temsiller
arasinda karsilastirmal1 bir analiz de gerceklestiriyoruz. Bulgularimiz, logmel spekt-

rograminin iistiin performansini siirdiirdiigiinii gostermektedir (~8 AP).

Ayrica bahsi gecen ses 6zniteliklerinin birbirleri ile tamamlayict olup olmadigini aras-
tirmak i¢in farkli birlestirme yontemleri arastirilmistir. En iyi sonucu elde ettigimiz el
yapimi 6znitelikle kiyasladigimizda erken birlestirme diizeniyle 6nemli gelistirmele-

rin elde edilebilecegini gosterilmistir (~6 AP) .

Anahtar Kelimeler: Ses Olay Tespiti, Ses Olay Simiflandirmasi, Derin Ogrenme, Spect-
rogram, Mel Spectrogram, MFCC, capraz model etkisi, fiizyon
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CHAPTER 1

INTRODUCTION

Advances in sensory hardware, signal processing, and machine learning have boosted
applications where identifying various forms of events is beneficial. Example appli-
cations include recognizing intruders at a border between countries using seismic
sensors, monitoring wildlife for endangered animals from audio sensors, classifying
different types of blood cells from high-resolution microscopic images, and detecting

oil spillage in oceans from airborne video cameras.

Multimedia Event Recognition (MER) is the problem of identifying such events from
different forms of signals captured from the environment. These signal forms com-
monly include audio, image, and video data, which carry complementary information

about different aspects of the events.

Existing MER studies and applications have often used visual data such as images
and videos for identifying events since visual data is easier to process and interpret
[L]. However, MER from visual data is limited to the recognition of only events with
a clear line of sight. Events that are not visible require using other modalities, e.g.,

seismic, magnetic, and audio signals.

As events generally produce sound, the use of audio signals for event recognition, i.e.,
Audio Event Recognition (AER), is a common problem in MER. Compared to visual
data, AER does not require a line of sight. Moreover, audio sensors are considerably
cheaper compared to cameras. Finally, audio signals are lower dimensional, requiring

lower space and computational complexities.
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Figure 1.1: The general framework of an AER system. Various types of sound events
are collected as raw audio signals and from these signals, features are extracted. After
selecting the different features, a classification model is applied to the input features

and results are obtained.

1.1 Problem Definition: Audio Event Recognition[|

In this thesis, we focus on the Audio Event Recognition (AER) problem. AER is
a single-label or multi-label classification problem wherein we are interested in es-
timating the labels of the events, such as singing, car horn, and talking, in audio

signals.

AER is generally performed in two steps (Figure [I.1] — see also [4]): (1) Feature
extraction, and (2) event classification/recognition. The first step, feature extrac-
tion, pertains to obtaining crucial information in the audio signals provided as input
whereas the second step tries to find a mapping from the rich feature representations

to the target event labels.

Before the rise of deep learning, these two steps used to be handled separately and
independently. The feature extraction step was addressed using hand-crafted features:
The mainstream approach was to first preprocess the audio signal and extract the low-
level descriptive features [33] 36, 43],[59]]. Thanks to deep learning, it is now possible

to learn representations that are more suitable to the tasks to be solved and provide

1 Some text in this section is borrowed from our MTAP’22 paper [29].
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better performance than hand-crafted features [24, [38]].

Although deep learning is known to obtain the most suitable representation for a
problem, the learning-based AER studies still employ hand-crafted features and use
them as input data for deep networks instead of adopting an end-to-end approach
[24) 127,138,155, 157, 166]. This is peculiar when compared to the findings and common
practice in, e.g. computer vision [28],49]]. The literature lacks a systematic investiga-
tion that can shed more light on this point. Therefore, a comparison of hand-crafted

and learned representations for audio event recognition is necessary (Limitation 1).

Furthermore, different audio features represent different aspects of audio signals and
therefore, AER can benefit from combining the complementary aspects of audio fea-

tures, whether hand-crafted or learned (Limitation 2).

1.2 Scope and Contributions of the Thesis

In this thesis, we are interested in mitigating the two aforementioned limitations. For
the first limitation, we investigate whether or not hand-crafted features are better than
learned features in a deep-learning approach. For the second, we explore various
strategies for fusing different feature representations to see whether the complemen-

tary nature of audio features can be beneficial for AER.

To be specific, we ask and answer the following research questions:

RQI1. Are hand-crafted representations robust against hyper-parameters such as win-
dow size and hop size? Is there a specific hand-crafted representation method

that is considered the best for AER?
RQ2. Do learned representations perform better than hand-crafted representations?

RQ3. Do learned and hand-crafted representations compare well under low data regimes

or under noise?

RQ4. Are different audio features complementary? Could we increase the perfor-

mance of AER by fusing different audio features?

3



1.3 The Outline of the Thesis

Chapter 2] explains Audio Event Analysis studies and presents the previous works
related to AEA studies with different perspectives: studies on AEA and studies on

feature extraction methods in AEA.

In Chapter 3] we describe our method and explain the details of the architecture. We
briefly present the designed system, the dataset used, the feature extraction methods,

and the details of the classifier.

In Chapter[d] we describe our setup and present our results. In Chapter [5]cross-modal

fusion schemes are given and the results are presented.

Finally, Chapter [6] concludes the paper by summarizing our findings regarding the
research questions (RQ1-RQ4) and the literature.



CHAPTER 2

RELATED WORK]

The primary goal of an AER system is to accurately identify and classify specific
sound events or activities within a long audio stream. The objective is to detect and
label individual events of interest, such as identifying different types of musical in-
struments, recognizing environmental sounds, detecting speech, or identifying spe-
cific actions or events in audio data. The aim is to develop algorithms and systems

that can automatically analyze and understand the content of audio recordings.

In the domain of audio event analysis, feature extraction plays a pivotal role as a
crucial step in the assessment and characterization of audio signals, enabling the
extraction of meaningful and discriminative representations that capture the inher-
ent properties and distinguishing attributes of the audio content under investigation.
These extracted features serve as the foundation for subsequent stages in audio sig-
nal processing, including classification, recognition, event detection, and other tasks

essential for audio analysis and understanding.

In this chapter, we first review approaches to AER and then discuss studies that ana-
lyze the features of AER. Finally, we present studies that use fusion techniques in the

feature phase for AER.

In many of the examined studies, the term AED (Audio Event Detection) is used.
However, these studies have not been specifically utilized as a comprehensive ap-
proach to the AED problem. Since the literature often employs the AED and AER
(Audio Event Recognition) concepts interchangeably, our focus in this chapter has

been on feature extraction. As both AER and AED problems utilize common fea-

!Some text in this chapter is borrowed from our MTAP’22 paper [29].



tures, studies addressing both problems have been collectively analyzed in order to

better explore the shared aspects and examine their interrelationships.

2.1 Studies on Audio Event Analysis

With advances in deep learning, AER and AED studies have relied heavily on deep
learning methods for specific tasks. Whether deep learning is used or not, AER stud-
ies rely on feature representations extracted from the audio signal [[17, 141,45, 46, 54].
The methods used for obtaining feature representations can be broadly grouped into
three: (i) Hand-crafted feature extraction methods. (ii) Learned feature representa-

tions. (ii1) Hybrid methods.

Hand-crafted methods generally transform the audio signal into the frequency domain
and obtain rough coefficients in this domain. For example, using the spectrogram of
the audio signal [6} [10} 20, 27], its representation in the mel domain [15, 48, 57, |66]]
or the log mel domain [9, 20, 30, 47, 51,155, 161] are quite common. The visualiza-
tions and detailed explanations of these, frequently used three features are provided

in Chapter 3|

The learning-based methods, on the other hand, aim to obtain the features that are
most suitable for the AER task at hand. This can be done in different ways: either
by (1) using unsupervised or self-supervised learning strategies such as auto-encoders
[10L120,165] or contrastive learning [[16}50], to train a feature representation extraction
network, then training another network for the AER task or (i1) directly providing raw
audio signals to a single network designed for the AER task and performing end-to-

end learning [12, 31].

Despite the success of learning-based representations in other classification problems
such as object recognition, AED studies, regardless of deep learning, still prefer hand-
crafted features since the hand-crafted features provide a very compact representation
that summarizes the audio signal. Moreover, these spectrum-based representations

can be viewed and inspected to provide insight into the event or audio signal.

Hybrid methods take advantage of both types of methods and combine hand-crafted
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Figure 2.1: The proposed method in [18]] is illustrated in the conceptual diagram. The
analysis pipeline involves two distinct steps: Firstly, hand-crafted audio features are
computed on the raw signal. Secondly, a supervised CNN, which has been trained

to differentiate between different context classes, is utilized as a feature extractor.
[Figure source: [18]]]

features with learning-based features [I8]. As shown in Figure [2.1, while hand-
crafted features are computed on one side, learned features are computed on the other
side, and then they are fed into separate channels to the classifier for urban sound
recognition purposes. The learned features are context-aware features since they are
derived from the whole dataset by a training procedure to accomplish a certain task;
on the other hand, hand-crafted features are extracted from an algorithm and are based
on expert knowledge. Since learned features are difficult to interpret and hand-crafted
features are narrow in scope, it is better to use early or late fusion in the feature ex-
traction phase. The classification accuracy is improved significantly when the learned

feature representations are combined with the typical hand-crafted features.
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2.2 Studies Analyzing Features for Audio Event Analysis

In the field of audio signal processing, the extraction of features plays a vital role in
audio event analysis. Audio features are essential representations derived from the
raw audio signal that capture relevant characteristics related to the underlying audio
events. The desired properties of these features include easy adaptability, robust-
ness against noise, straightforward implementation, and the presence of appropriate

smoothing characteristics [38]].

Despite its importance for the AER problem, there is limited analysis of the feature
representation methods for the AER problem and such analyses generally pertain to
only a small subset of the commonly used feature extraction methods used in the
literature. Moreover, the existing studies do not provide an extensive analysis of the

(hyper) parameters of the methods (see Table [2.1)).

For example, Cakir et al. [9] utilized log mel spectrogram features with 40 ms window
size and 20 ms hop size and 40 mel bands. They also used MFCC features with 40
ms window size and 20 ms hop size and 40 mel bands. Cakir and Virtanen [10]
carried out their study based on feature extraction over the raw waveform. They also
extracted log mel spectrograms with different sampling rates in audio samples, so they
changed their feature dimensions by using different sampling rates. They took 40 ms
as window size and 20 ms as hop size in log mel spectrogram feature representation.
Li et al. [35] used different features such as 23 mel band MFCC with 20 ms window
size and 10 ms hop size, MFCC, and log mel spectrogram features with 60 and 200
mel bands separately. Piczak et al. [47] used 60 mel band log mel spectrogram
features with 25 ms window size and 10 ms hop size. Xu et al. [65] took 20 ms
as window size and 10 ms as hop size and 24 mel bands for MFCC feature. Kong
et al. [26] used learned representations and fusion of log mel spectrogram features
to tag the audio files in the AudioSet dataset. They analyzed different hop sizes and

different coefficients only for the log mel spectrogram.
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Figure 2.2: Early fusion mechanism and overall schema in [22]. Log mel spectrogram
and MFCC features are extracted and the temporal frequency attention mechanism is

applied to the features as early fusion. [Figure source: [22]]

2.3 Studies about Fusion Schemes for Audio Event Recognition

It is important to use fusion schemes based on basic statistics or cross-modal attention
in the feature extraction phase. In some studies, traditional single acoustic features
are unable to adequately capture the key feature information of audio events, lead-
ing to poor performance in classification models. Jin et al. [22] used temporal and
feature space attention mechanism as depicted in Figure [2.2] as early fusion and im-
proved the baseline system 12.4% and 25.2%. Jo et al. [23] use concatenation-based
early fusion in their study in order to fuse the spatial features and confirmed that their
combination and proposed feature scheme yielded better performance than state-of-
the-art methods. McLoughlin et al. [40] studied the use of three different features:
spectrograms, cochleograms, and constant-Q transform-based images. They also ex-
plored feature fusion by using CNN for each pair of features and found that the fusion
of spectrograms and cochleograms was beneficial. Lee et al. [32] propose a method
for addressing the problem of polyphonic sound event localization and detection. In
the paper, the dual cross-modal attention method is utilized for specified tasks. The

first cross-modal attention is used to capture the relationship between audio and visual
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features. They used log mel spectrogram features in their study and reported that they
achieve competitive results and outperforms other state-of-the-art approaches in terms
of accuracy. In [44], a novel approach that utilized attention mechanisms to improve
the fusion of information from different modalities is proposed. Attention bottlenecks
are introduced and they enable the network selectively attend to the most information
from each modality and enhance the fusion process. One of the multi-modal tasks that
they evaluate their approach is audio-visual speech recognition. They use AudioSet in
their study, experiment with different fusion techniques, and work with spectrogram
features. They improve performance by using the cross-attention technique at lower
computational cost and achieved state-of-the-art results on benchmarks. Tan [56] pro-
posed a multi-modal network with cross-modal attention by processing information
in both audio and visual modalities. The method incorporates audio-visual fusion fea-
tures, a heterogeneous graph-like approach for the aggregation of features. They use
learned representation for the feature extraction phase and fuse and finally classify
them. Experimental results indicate favorably over existing methods in audio-event

localization tasks.

The study [7]] introduces the Multi-level Attention Fusion network (MAFnet), a novel
architecture designed to dynamically fuse visual and audio information for event
recognition. The researchers integrate both modalities at various levels within the
visual and audio pathways that are depicted in Figure [2.3] Moreover, the network
dynamically emphasizes a specific modality during a relevant time window for accu-
rate event classification. Experimental evaluations on the AVE (Audio-Visual Event),
UCF51, and Kinetics-Sounds datasets demonstrate the effectiveness of our approach

in enhancing the accuracy of audio-visual event classification.

2.4 A Summary of the Literature and Our Contributions

Previous research has primarily concentrated on extracting specific features with pre-
defined parameters. These studies typically choose an extraction method and evaluate
its performance based on the selected architecture, as shown in Table @ However,
the table indicates that there is a lack of comprehensive analyses that consider well-

established feature extraction methods with varying parameter settings on the same
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Figure 2.3: The Multi-level Attention Fusion network (MAFnet) is taken from the
original paper [7]. Firstly, a video is divided into T non-overlapping clips. Then,
pre-trained models are employed to extract audio and visual information from each
clip. These clip features are subsequently passed through the modality and temporal
attention module to generate a global feature representation that encompasses multi-
modal and temporal information. This global feature is utilized to predict the label of

the video. [Figure Source: [7]]

dataset

In this thesis, we perform an in-depth representation analysis for AER using a subset
of the AudioSet dataset [17] to seek answers to the research questions (RQ1-RQ4)

outlined in Chapter [I] To be precise:

e We compare the performance of a deep convolutional network for AER when
its input is (i) the widely used hand-crafted features namely spectrogram, mel
spectrogram, log mel spectrogram, or MFCC features, (ii) raw audio waveform
or (ii1) learned representations using convolutional autoencoder (CAE) and (iv)

learned representation using the pre-trained network.

e We conduct a systematic analysis of various settings for the methods, including
spectrogram, mel spectrogram, and log mel spectrogram features with different
window and hop sizes, as well as MFCC features with different coefficients.
Through this analysis, we identify the optimal setting for each method, deter-

mining the configuration that yields the best performance.
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Table 2.1: A comparison of AED and AER studies in terms of the feature representa-

tions they use.

Sun and Ghaffarzadegan, 2020 [55]

Kong et al., 2020 [26]

Kwag and Chunk, 2020 [30]

Maria and Jeyaseelan, 2021 [39]

Eutizi and Benedetto, 2021 [15]

Paper Ref. Spect. Mel Spect. Log Mel Spect. MFCC Learned Repres.
Zhuang et al., 2008 [67] X X v v X
Piczak, 2015 [47] X X v X
Stowell et al., 2015 [54] X X X v
Hershey et al., 2016 [20] v X X X
Piczak, 2016 [48] X v X X
Xu et al., 2016 [65] X X X v
Mesaros et al., 2016 [41] X X X v
Cakir et al., 2017 9] X X v X
Lietal., 2017 [35] X X v v
Cakir and Virtanen, 2018 [10] v X v X
Shah et al., 2018 [51] X X v X
Becker et al., 2018 6] v X X X
Wang et al., 2019 [14] X X X v
Kothinti et al., 2019 [27] v X X X
Zhang et al., 2019 [66] X v X X
Turpault and Serizel, 2020 57] X v X X
X X v X
X X v X
X X v X
X X X v
X v X X
X X v X
v X X X
X X v X
X X X X

SIS X XXX [ X|IX|INSIX [ XXX X[ X[ XN X[ X[ XN X | X]|X][|X

Wang et al., 2021 l61]
Nagrani et al., 2021 [44]
Lee et al., 2022 [32]
Tan, 2022 (561
Our work v v v v

e In our evaluation, we assess the performance of the considered methods not

only in terms of their AER performance but also in their ability to maintain
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robustness when exposed to various types of noise present in the input signal.

e We try to fuse the features to gather better accuracy. We utilize early and late
fusion for different features to feed the classifier with the output of cross-modal

attention.
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CHAPTER 3

AEDNET: MODEL AND METHODS FOR AUDIO EVENT RECOGNITION]]

In this chapter, we first introduce a convolutional network for AER, and present the
alternative audio feature representations (hand-crafted or learned) with which the net-

work can be used.

3.1 Problem Formulation

In AER, given an audio signal x € R"*7 we are interested in finding the label y €
of the audio event in x, where ) is a set of discrete labels such as ‘singing’, ‘water’,
‘vehicle’, ‘speech’, and ‘guitar’. In AER approaches, generally a hand-crafted or
learned feature extractor ¢(x) € RM*C is used to extract a representation for x.
Depending on the feature-extraction method, N and the length C' can take on different
values according to the parameter settings of the method (e.g. window size, stride,
etc.). In our dataset, audio recordings can have multiple classes; on average, there are

2.7 labels per recording.

3.2 The CNN Architecture and Objective

In this thesis, we first construct our CNN-based architecture similar to the model of
Shah et al. [S1]. Shah et al. designed a fully convolutional network in order to
handle audio signals of variable length — see Figure Their main motivation was
localizing the events in the AudioSet dataset [17]. We chose the model of Shah et al.

!Some text in this chapter is borrowed from our MTAP’22 paper [29].

2 1In our paper [29], we referred to it as AEDNet, and to maintain consistency and avoid any confusion, we
continued to use the same name throughout the entire thesis.
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Figure 3.1: WAL-Net from Shah et al. [51] consists of 6 convolutional layers followed
by a max pooling layer and 2 convolutional layers followed by a global average pool-

ing layer. [Figure source: [51]]

[S1]] since it is a deep CNN model, it is easy to modify, and it provides reasonable
results on the challenging AudioSet dataset. In our study, we use the same dataset
and adapt the network in order to be able to handle smaller feature dimensions and
name the architecture as AEDNet — see Figure [3.2]for an overall view of the network

and Table [3.1]for the details of all layers.

The AEDNet architecture employs max-pooling after each convolutional layer to re-
duce the dimensionality. In addition, each layer is followed by a batch normalization
layer for regularization. In total, the network has ten convolutional layers, which, as
shown by Shah et al. yield promising results for the AER problem. Deeper networks
could have been designed and tested; however, for the purposes of comparing the

different representations, the AEDNet architecture in Figure [3.2]is sufficient.

The AEDNet is trained with the binary cross-entropy loss, irrespective of the type of

feature used (hand-crafted or learned):

1

i Z[—yc x logp. — (1 —y.) x log(1 — p.)], 3.1)

cey

Lagr =

where y. € {0,1} is the target output for the class ¢ € ), and p. € [0,1] is the
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Table 3.1: AEDNet architecture details.

Layer Filter Size # of Filters Activation
Convolution 2D 3x3 16
BatchNormalization - -

Activation - - RelLU
MaxPooling 2x2 - -
Convolution 2D 3x3 32
BatchNormalization - -

Activation - - RelLU
MaxPooling 2x2 - -
Convolution 2D 3x3 64
BatchNormalization - -

Activation - - ReLU
Convolution 2D 3x3 64
BatchNormalization - -

Activation - - ReLU
MaxPooling 2x2 - -
Convolution 2D 3x3 128
BatchNormalization - -

Activation - - ReLU
Convolution 2D 3x3 128
BatchNormalization - -

Activation - - ReLU
MaxPooling 2x2 - -
Convolution 2D 3x3 256
BatchNormalization - -

Activation - - RelLU
Convolution 2D 3x3 256
BatchNormalization - -

Activation - - RelLU
MaxPooling 2x2 - -
Convolution 2D 3x3 512
BatchNormalization - -

Activation - - RelLLU
MaxPooling 2x2 - -
Convolution 2D 2x2 1,024
BatchNormalization - -

Activation - - ReLU
Convolution 2D Ix1 16

Activation - - sigmoid
Global AveragePooling - - -
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Figure 3.2: AEDNet network architecture (modified from Shah et al. [S1]) is com-
posed of many convolution and pooling layers. The shapes of the convolution layer
and pooling layers change according to input type; i.e. raw audio waveform (x) or

extracted/learned features (¢(x)).

prediction probability of AEDNet for class c.

3.3 AER with Hand-crafted Representations

As hand-crafted features, we consider the widely used representations: Namely, spec-
trogram, mel spectrogram, log mel spectrogram, and MFCC. See Figure [3.3] for an

illustration of these features for a sample audio signal.

3.3.1 Spectrogram - ¢ (X)

A spectrogram is the time-frequency representation of an audio signal (x). The main

steps of extracting a spectrogram representation are given in Figure[3.4] When calcu-
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Spectrogram

Mel Spectrogram

Log Mel Spectrogram

Figure 3.3: The diagram illustrates the commonly employed hand-crafted features.
The arrows indicate the process of utilizing mel-scale filter banks to transform a spec-
trogram into a mel-spectrogram, followed by the computation of the logarithm of the

mel-spectrogram to generate a log mel spectrogram.

lating a spectrogram ¢p..(x), since the frequencies in a signal change over time and
in most cases the application of Fourier Transform to the entire signal makes it more
difficult to recognize events with short durations, the signal x is first split into small
segments {s; };. After slicing the signal into segments, in order to reduce the “spectral

leakage”, a windowing function w(n) is applied to each segment s; as follows:

w
S =) smxw(n), (3.2)
n=0

where §; is a windowed segment of the signal, WW = |s;| is the number of samples in
the segment and w(-) can be e.g. the Hamming function:

2X T XN
T) 3.3)

After the windowing function, a short-time Fourier Transform is applied to the win-

w(n) = 0.54 — 0.45 X cos <

dowed segments to obtain the Fourier coefficients, as F; = FFT(S;). With these
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steps, the spectrogram ¢@p..(x) for an audio clip (x) is calculated as a matrix:

CbSpeC(X) = []:jk]jk" (3.4)

with j € [0, N — 1] and k € [0,C — 1]. N, the row size, and C, the column size, are

calculated as:

L x F,
N = u 3.5
SR (3.5)
C:1+M2/S, (3.6)

where L is the audio clip duration in seconds; F; is the sampling rate; W is the
window size; and S is the stride, or the hop size, indicating the overlap among the

windows.

Audio Signal splittin
piting Audio ' Windowed

X Segments Segments

Spectrogram

Pspec (x)

Figure 3.4: A block diagram listing the steps of spectrogram feature extraction for

audio event detection.

3.3.2 Mel spectrogram features - ¢,,.;(x)

A mel is a pair of sounds perceptually equidistant in pitch. The name mel comes
from the word melody and indicates that the scale is based on pitch comparisons.
Humans do not perceive frequencies on a linear scale: The difference between S00Hz
and 1000Hz is easy to perceive, in contrast to the difference between 10000Hz and

10500Hz even though the magnitude of the difference is the same. The mel-scale [S3]]
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aims to mimic the non-linear human ear perception of sound, being more discrimina-
tive at lower frequencies and less discriminative at higher frequencies. The mel scale
is divided into units called mels and the reference frequency of 1000Hz, 40dB above
a listener’s threshold, is assigned to 1000 mels. Beginning at a frequency around
500Hz, the perceived interval between two pitches decreases as frequency increases.
Above 500Hz, the number of mels between pitches is perceived as evenly spaced.
Below 500Hz, the number of mels associated with a tone approximately corresponds

to its frequency. Mel spectrograms are spectrograms that represent signals on the Mel

scale:
gbmel(X)i - mel(¢spec<x)i)a (37)
where mel(-) transforms a signal from the Hertz scale into the Mel scale:
f
I(f) =2595 x1 14+ =—=. 3.8
mel(f) X ng( +7OO (3.8)

The mel spectrogram for an audio signal has size N x M, where N is defined in

Equation @] and M, the number of columns, is the number of mels.

3.3.3 Log mel spectrogram features - ¢;,g,c;(x)

The log mel spectrogram is simply obtained by taking the logarithm of mel represen-

tation:
¢logmel(x>i = lOg(¢m6l(X)i)- (39)

Taking the logarithm compresses the dynamic range of values and makes frequency
estimates less sensitive to slight variations in input. The size of the log mel spectro-

gram for an audio signal is the same as the mel spectrogram of that signal.

3.3.4 Mel Frequency Cepstral Coefficients - ¢, rcc(x)

Cepstral coefficients obtained from the Mel spectrogram are referred to as Mel Fre-
quency Cepstral Coefficients (MFCC). To get the MFCC, Discrete Cosine Transform
(DCT) is applied on the log mel spectrogram:

K
dyvrco(x) = Zlog Dy, x cos {m X (k: — %) X %} , (3.10)
k=1

21



where m = 1,2, ..., K is the number of coefficients and D, is the mel power spec-
trum coefficients. The MFCC feature for an audio clip has a size (N, m), where N
is as defined in Equation [3.5]and m is the number of coefficients. MFCC was very
popular in traditional machine learning algorithms since they provide a very com-
pressed representation with a few coefficients. Unlike numerous mel bands, MFCC
can have as few dimensions as 13-20. Despite its compactness, MFCC can provide
some advantages: DCT produces highly uncorrelated features, and deep neural net-
works can learn from these features much more easily than the correlated ones. In
deep learning techniques, it is still unclear whether MFCCs perform better, as deep
neural networks are less sensitive to highly correlated inputs than traditional machine

learning algorithms.

3.4 AER with Raw Audio Waveform

In order to be able to better analyze AEDNet’s performance with hand-crafted or
learned features, we evaluate the model using the raw audio waveform, x, as input.
In this case, we use AEDNet with 1D convolutional layers with the same kernel size
and the same number of filters and activation functions shown in Table In the
dataset, all audio clips are sampled with 44100 hertz with two channels. Moreover,
the total duration of the audio clip is 10 seconds; therefore, the input x has the size of

(441000, 2).

3.5 AER with Learned Features from a Convolutional Autoencoder

Hand-crafted features are designed by humans and therefore may be sub-optimal. An
alternative method is to learn to encode the raw audio signal using an autoencoder.
To see if learned features have any advantages, in this work we compare the features
learned with an autoencoder with the popular hand-crafted features we introduced
in Section [3.3] We implement a convolutional autoencoder and use its ‘bottleneck’
features from the encoder. We do this by adapting the autoencoder architecture from
[3]], which was used to extract a learned representation of the raw audio signals, and

modify the kernel sizes and the strides as needed - the architecture is listed in Table
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[3.2] The autoencoder is trained with an MSE loss defined as follows:

Lag

WxT

1 .
= ir 2 R

=1

(3.11)

where x € RW*T is the original input and x € R" > is the reconstructed input.

Table 3.2: The convolutional autoencoder we use for learning features.

Encoder Decoder
convlD conv1DTrans
Filters:16 Filters:16
Layerl
Kernel Size:2 Kernel Size:2
Stride:2 Stride:2
convlDTrans
maxPooling Filters:32
Layer2
Size:8 Kernel Size:2
Stride: 1
convlD
Filters:32 upSampling
Layer3
Kernel Size:2  Size:8
Stride:2
convlDTrans
maxPooling Filters:16
Layer4
Size:8 Kernel Size:16
Stride:2
convlD
Filters:64 upSampling
Layer5S
Kernel Size:2  Size:8
Stride:1
convlD convlDTrans
Filters:128 Filters:1
Layer6
Kernel Size:2  Kernel Size:2
Stride: 1 Stride:2
Layer7 Dense(128) Cropping
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3.6 AER with Features from a Pre-trained Network

Pre-trained networks for feature extraction have gained significant popularity in the
field of audio event detection tasks[2} [13], 25 162, 164]], allowing researchers to utilize
the representations to extract meaningful features from audio signals. These pre-
trained models are trained on large-scale datasets and are capable of capturing high-
level features in audio that can be used as inputs for downstream tasks like event
detection, sound classification, speech recognition, and more. In the case of utilizing
pre-trained networks for feature extraction, it is common practice to remove the final
classification layer and extract features from the preceding layers. These features,
known as bottleneck features, can then be employed as inputs to another model for
additional processing and analysis. By leveraging pre-trained networks for feature
extraction, researchers can benefit from the knowledge and representations learned by
these models, saving substantial computational resources and achieving competitive

performance on various audio-related tasks.

Contrastive loss

L
Context
representations C F F ( T
Transformer
Masked

Quantized
representations

Latent speech
representations

raw waveform X

Figure 3.5: Wav2Vec2 model network architecture (from Baevski et al. [5]). The
framework demonstrates the simultaneous acquisition of contextualized speech rep-

resentations and a repository of discretized speech units. [Figure source: [S]]

In this thesis, we utilized the Wav2Vec2 model [S]] as a pre-trained network for feature

extraction. The model is primarily focused on addressing automatic speech recog-
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nition tasks. The network structure is given in Figure 3.5 The fundamental concept
behind this model is self-supervised learning. It employs a contrastive learning frame-
work to pre-train the model using unlabeled speech data. With the help of this step,
the model learns to extract meaningful representations from raw audio. By predict-
ing future audio samples from the past, the model becomes proficient at capturing

intricate patterns and phonetic information from the signals.

The core of the Wav2Vec2 architecture model is a stacked transformer encoder. The
encoder in this model consists of several layers, each composed of multi-head self-
attention mechanisms and position-wise-feed-forward neural networks. These layers
allow the model to capture long-range dependencies and learn high-level contextual
representations from the audio input. Following the pre-training phase, the Wav2Vec2
model undergoes a fine-tuning process using labeled data that includes corresponding
transcriptions. During fine-tuning, the model’s parameters are adjusted to optimize
its performance on the specific task at hand, incorporating the provided transcriptions
for supervision and improving its ability to accurately transcribe speech. This process
aligns the learned acoustic features with textual data, enabling the model to associate
acoustic features with linguistic units. By integrating all of the aforementioned steps,
the Wav2Vec2 model becomes capable of capturing robust representations from raw
audio signals, enabling it to effectively learn and process the underlying audio infor-

mation.

The selection of the Wav2Vec2 model for the AER task in this thesis is motivated by
its ability to extract high-quality features. The model has been pre-trained on a sub-
stantial amount of data, consisting of six different corpora. Moreover, it is a relatively
recent study (from 2021). In addition, Wav2Vec? is trained with raw audio signals
and therefore, very suitable for our analyses with raw audio signals. We believe that
the inclusion of Wav2Vec2 in our study is beneficial because it has been designed
to capture general patterns and features that are typically present in audio signals.
This inherent generalization ability of Wav2Vec2 enables it to extract high-level fea-
tures that are particularly relevant for the AER task. By employing the pre-trained
Wav2Vec2 model, we expect to leverage its capacity to learn meaningful representa-

tions from audio data, ultimately enhancing the effectiveness of our AER analyses.
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CHAPTER 4

ANALYSIS OF HAND-CRAFTED AND LEARNED REPRESENTATIONS
FOR AUDIO EVENT RECOGNITION]]

In this chapter, we present the findings obtained through experimental evaluations and
analysis. We aim to provide quantitative analysis to answer research questions that

we follow in the Chapter ]|

4.1 Evaluation Measure

We use mean average precision (mAP) as an evaluation measure following the liter-
ature [S1]]. The mAP metric is calculated by taking the mean of average precision
(AP) over all classes in the dataset. For this, we first calculate AP for each event class
using:
1
AP = NZ(Rn—Rn_l) x P, , 4.1)

where R,, and P, are the precision and recall at the n'" threshold, and NN is the number

of such thresholds.

4.2 Utilized Dataset

We make use of the AudioSet [17] in our experiments. The original AudioSet dataset
consists of approximately 2.1M samples with 527 classes and audio events organized
by a hierarchy. Classes are organized with a maximum depth of 6 level labels. In

Figure 1] the top two level labels are presented.

!Some text in this chapter is borrowed from our MTAP’22 paper [29].
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Table 4.1: The AudioSet subset we used in our experiments. The number of samples

is listed.

Class Name Training Samples Test Samples
Music 898 804
Speech 648 574
Animal 404 420
Vehicle 401 310
Musical Instrument 410 305
Domestic Animals, Pets 328 352
Guitar 309 286
Singing 229 214
Boat, Water Vehicle 210 201
Dog 260 252
Plucked String Instrument 295 232
Brass Instrument 211 200
Water 211 201
Car 264 227
Percussion 214 201
Wind, Wood Instrument 212 203
Total 5504 4982

Each instance is tagged with one or more labels. If one sample has a child class, it
takes all parent classes as the class label. We use a balanced subset of AudioSet which
included 16 classes. The selected classes and the number of samples that belong to
these classes are given in Table[d.I] We choose samples randomly for each class, and

the classes are constructed in a balanced way.
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Figure 4.1: Top two main classes of 527 audio classes that are collected from
2,084,320 YouTube videos. All audio classes may have multiple classes. The la-
bels are given by human annotators. To nominate segments for annotation, YouTube

metadata and content-based search is used. [Figure Source: [17]]

4.3 Experimental Results

In this section, we analyze the methods following the research questions listed in
Chapter 1]

4.3.1 Analysis 1: Analyzing Features and their Hyper-parameters (RQ1, RQ2)

We now analyze different window sizes and hop sizes to see the effect of different
parameters for the hand-crafted features that are commonly used in the literature:
spectrogram, mel spectrogram, log mel spectrogram and MFCC. We also consider
different numbers of coefficients for the log mel spectrogram and MFCC feature.

We evaluate the best parameters based on mAP, time complexity, GPU usage, and
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memory usage. We train AEDNet for each method and setting.

4.3.1.1 Analyzing the effect of window and hop sizes

We first analyze the effect of window and hop sizes for the hand-crafted features by
fixing the number of mel bands to 128, providing the best performance (see the next
experiment). As shown in Figure the methods perform best with different window
and hop sizes. Namely, the best mAP is achieved with the parameters window size
as 2048 and the hop size as 1024 for spectrogram features; 1024 and 256 for the mel

spectrogram; and 1024 and 512 for log mel spectrogram.

4.3.1.2 Analyzing the effect of the number of mels

We analyze the effect of the number of mels. As the log mel spectrogram provided
the best results in the previous experiment, we only focus on the log mel spectrogram
with a window size of 1024 and a hop size of 512. The results in Figure 4.3| suggest
that 128 mels is indeed the best setting, although the difference from other mels is not
significant. Therefore, if resource efficiency has a higher priority, a lower number of

mel bands may be preferred with a slight decrease in performance.

4.3.1.3 Analyzing the effect of the number of coefficients in MFCC features

The number of coefficients in MFCC features is generally very small, which makes
it difficult to utilize a deep AEDNet that is comparable in depth to the AEDNet with
other hand-designed features. We designed two different coefficient settings: 40 co-

efficients, yielding an mAP of 0.60 and 20 coefficients, yielding an mAP of 0.56.

4.3.1.4 Comparison among Hand-crafted Features

We now compare the best settings of all representations in Figure[d.4] We see that log
mel spectrogram consistently outperforms the alternatives across different window

& hop size combinations. In contrast, mel spectrogram features generally perform
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Figure 4.3: The effect of the number of mels for the log mel spectrogram feature

(with 1024 as the window size and 512 as the hop size).

the worst, except for certain window & hop sizes (e.g. W=1024, §=256). In ad-
dition, MFCC coefficients provide better mAP than both the mel spectrogram and
spectrogram but are still lower than the log mel spectrogram. The individual class
performances for the log mel spectrogram features are given in Table d.2] where we
see that some classes (e.g., ‘Music’) are easier to recognize than others (e.g., ‘Boat,
Water Vehicle’).
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Figure 4.4: Effects of different window and hop size options in log mel spectrogram,

mel spectrogram, and spectrogram features.
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Table 4.2: Individual class performances for log mel spectrogram features.

Class Name mean Average Precision (nAP) Standard Deviation
Music 80 % 40.02
Speech 60 % +0.02
Animal 77 % +0.02
Vehicle 68 % 40.04
Musical Instrument 52 % +0.02
Domestic Animals, Pets 75 % +0.03
Guitar 71 % +0.01
Singing 53 % +0.03
Boat, Water Vehicle 49 % +0.04
Dog 66 % 40.02
Plucked String Instrument 58 % +0.01
Brass Instrument 75 % +0.03
Water 62 % +0.03
Car 56 % +0.03
Percussion 67 % +0.03
Wind, Wood Instrument 68 % +0.02
Average 64 % 40.01

4.3.2 Analysis 2: Learning-based Representation (RQ2)

4.3.2.1 Tuning the Autoencoder Hyper-parameters

We implement a convolutional autoencoder to extract learned representation from the
raw audio waveform. While designing the architecture, we experiment with different
kernel sizes, and the stride values, as shown in Table @ We select these two pa-
rameters to show the effectiveness of the dimensions in the size of the feature. We

see from the table that the best results are obtained using 2 as the kernel size in all
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convolutional layers.

Table 4.3: The effect of kernel sizes and strides on convolutional autoencoder. See

Table @ for the layer numbering.‘*’ denotes cases where training diverged.

Kernel Size Values in Layers

Layerl =8 Layerl =4 Layerl =2
Layer3=32 Layer3=4 Layer3=2
Layer5=16 Layer5=4 Layer5=2
Layer6 =8 Layer6 =4  Layer6 =2

Layerl =2
Layer3 =2

0.31 £0.07 0.33+£0.08 0.38 £0.07
Layer5=1

Layer6 =1

Layerl =2
Layer3 =2
Layer5=2

0.33£ 0.07 4 0.31 £ 0.04

Stride Values in Layers

Layer6 =1

Layerl =2
Layer3 =2

0.27 £ 0.06 * 0.27 £+ 0.03
Layer5=2

Layer6 =2

4.3.2.2 Analyzing the effect of normalization

It is known that normalization can significantly affect performance in deep learning.
For this reason, we analyze the different normalization techniques such as L1, L2,
MinMax, and instance normalization. Since other normalization methods did not

yield promising results, we only continue analyzing instance normalization, L..:
X

max; |Xz"

Xscaled = (42)

where the X; is the raw audio signal of the i*" window.

As shown in Figure 4.5 while the performances of hand-crafted features are better

without normalization, the learned representation performs better with the normalized
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Figure 4.5: Comparison of the AEDNet performance for learned representation,

hand-crafted features, and raw audio waveform with and without normalization.

signals. In particular, the performances of the raw audio waveform and the MFCC

features are nearly the same with and without normalization.

4.3.2.3 Analyzing the learned representations from a pre-trained network

We conducted an analysis that utilizes the Wav2Vec2 model [S]] for feature extraction.
The general steps are given in Figure To be able to use the Wav2Vec2 model, we

needed to resample the audio clips to 16kHz while using this pre-trained network.

The results obtained from these experiments demonstrate that when we feed the
learned representations obtained as the output of this model into AEDnet with pa-

rameter tuning, we achieve a mAP value of 56.

4.3.3 Analysis 3: Comparing All Representations (RQ3)

We now compare all the methods for different aspects in order to see their effects.

35



Resampling Pre-trained Wav2Vec2

Model

Bottleneck |
Features

AEDNet

Figure 4.6: In order to analyze the effect of pre-trained network outputs on learned

representations, we used the Wav2Vec2 model [3].

4.3.3.1 Overall Comparison

Table 4.4: A comparison of the best settings of hand-crafted features. Average signal
preprocessing time refers to the average time in milliseconds for processing a signal
i.e. reading the raw signal, extracting the feature from the signal, and appending it
to the data frame before feeding it to the architecture. *The input audio signal is

processed without windows.

Method w, S mAP  Feature Size Number of parameters Avg. preprocessing time of a signal
Dspec 2048, 1024  52% 221,616 unxsiy) 4,471,568 30.6 ms
Dlogmel 1024,512  64% 110,592 seixizs) 4,471,568 36.3 ms
Dinel 1024,256  56% 110,592 sswxizs) 4,471,568 36.1 ms
Yyee] 1024,512  60% 34,560 @sxen 4,471,568 50.7 ms
Draw * 33% 882,000 wsroox2 1,859,248 13.0 ms
Plearnedyreirained * 56% 510,916 wooxions) 4,471,568 76.0 ms

(Jblearned(;AE * 38% 220,416 am2xizs) 4,471,568 28.9 ms

In Table 4.4] we contrast the best settings of the methods in terms of mAP and sev-

eral resource-related aspects as these can be important in practice. We see that log

36



mel spectrogram provides the best results among hand-crafted, learned (both for CAE
and Wav2Vec2), and raw waveform representations. Moreover, we see that the meth-
ods significantly provide different levels of resource use and therefore, comparing the
methods in terms of these aspects is important. For example, we notice that MFCC
provides 60% mAP with only ~1/3 of the feature size of log mel spectrogram and
~1/30 of the raw waveform. Moreover, the number of parameters required for learn-
ing from all the representations is the same (except for the raw waveform) because of

the convolutional & pooling based design of our AEDNet.
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Figure 4.7: To see the effect of features on size, different methods of feature extraction
on datasets of different sizes are performed. The values on the y-axis represent the

ratios taken from the original dataset.

4.3.3.2 Robustness against the amount of training samples

In this part, we analyze the effect of the quantity of the dataset. We do this by reducing
the size of our dataset by different ratios. As shown in Figure[d.7] we see that reducing

the size of the dataset significantly degrades the performance of all methods. The
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results suggest that selecting the feature extraction method based on the size of the
dataset is an essential step for the subsequent steps. In the same architecture, the
dataset prepared by taking 25% of the original dataset gives better results with the

spectrogram features. However, the log mel spectrogram still gives higher results.

4.3.3.3 Robustness against the noise (RQ3)

AWGN applied to train data AWGN applied to test data
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Figure 4.8: Additive white noise is applied to the dataset to see the robustness of

features.

In this part, we add additive white Gaussian noise (AWGN) to the training data to see
the effect of the noise on different features. We add noise with five different levels of
signal-to-noise ratio (SNR), which can be expressed as:

signal

RM S?

noise

(4.3)

RMS?
SNR =10 x log <—) ,

where RM S is the root mean squared value of the signal and the noise. AWGN
contains all frequency components.

We perform two experiments (Figure[d.8): (i) Both training and test sets are corrupted

with noise, which assesses the suitability of all methods if we are to make them more
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robust against the noise by adding noise at the training stage. (ii) To assess the robust-
ness of the models against unforeseen noise conditions, only the test set is subjected
to the addition of noise. This allows for the evaluation of the model’s performance
and its ability to handle noise types that were not included in the training data. The
results in Figure {.§| suggest that all methods may very well benefit from noise in the
training data and perform well if such noise is also present in the test data. However,
Figure .8|(b) shows that all methods are affected by noise that is only supplied to test

samples, although mel spectrogram and spectrogram provide more robust behavior.
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CHAPTER 5

MULTI MODAL FUSION FOR AUDIO EVENT RECOGNITION

Multi-modal fusion strategies in audio features refer to techniques used to combine or
integrate multiple audio features or representations into a unified representation. By
fusing information from different sources, the resulting representation can provide a

more comprehensive and robust understanding of the underlying data.

There are various fusion strategies commonly used in audio signal processing. Some
of the popular techniques include early-fusion, mid-fusion, or late-fusion which can
be depicted in Figure [5.1] Most common fusion strategies use methods like concate-
nation and decision-level or multi-modal networks. Cross-modal attention methods
have also been increasing in the fusion in recent studies [37,164,160]. The comparison
of the fusion studies in terms of the schemes and methods they use in audio domain
is also is given in Table[5.1] Cross-modal attention presents a novel and intuitive fu-
sion technique, involving the utilization of attention masks derived from one modal,
to highlight the extracted features in another modal. Cross-modal attention is dif-
ferent from self-attention since in the self-attention, attention masks from one modal
are employed to emphasize its own features, cross-attention is a distinct approach
that utilizes attention masks from one modality to highlight the extracted features in

another modality.

The choice of fusion strategy depends on the specific task, available audio features,
computational requirements, and desired performance. In this study, we focused on

early and late fusion techniques.

Spectrogram features were excluded from the fusion phase due to their compara-

tively inferior performance when compared to other hand-crafted features like log
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Table 5.1: A comparison of fusion studies in terms of the schemes and methods they

use for audio signal domain

Paper Ref. Fusion Scheme Type Fusion Method
McLoughlin et al., 2020  [40] Early Concatenation
Brousmiche et al., 2021 7] Mid Sef-Attention

Cai et al., 2021 (18] Early Cross-Modal Attention
Nagrani, 2021 [44] Early, Mid or Late  Self, Cross Modal Attention
Xu et al., 2021 [64] Mid Transfer Learning
Jin et al., 2022 [22] Early Self-Attention
Joetal., 2022 [23] Early Concetanation
Lee et al., 2022 [32] Early Cross-Modal Attention
Tan, 2022 [156] Mid Cross-Modal Attention
Xiong et al., 2022 [63] Early Cross-Modal Attention

mel spectrogram and MFCC. Furthermore, incorporating spectrogram features in the
fusion phase would lead to increased computational complexity due to their large

dimensions. Hence, they were not included in the fusion process.

5.1 Implementation Details of Fusion Schemes

In this section, we describe the early and late fusion schemes employed in this study.
Early fusion involves merging the feature representations from different modalities or
sources at an early stage of processing before any further analysis or modeling takes
place. On the other hand, late fusion techniques involve combining the outputs or
decisions of multiple models or systems at a later stage, after individual processing

and analysis have been conducted.

The combination of different feature representations can be achieved through the use

of basic statistics or concatenation techniques. While these methods are simple to
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implement, they may not always be the most effective choice. In recent years, re-
searchers have been developing new fusion techniques that utilize attention-based
mechanisms [22} 23| 32, 140, 44, 56]. These fusion methods provide a uniform and
generic structure and allow for the fusion of features at various scales, such as bottle-

neck features that can better represent raw input.

5.1.1 Early Fusion Scheme

As described in [52]], early fusion is a technique that combines uni-modal features
before learning concepts. Early fusion creates a new feature representation from the
start. In this thesis, we extract hand-crafted features and combine them through con-
catenation or by using the attention mechanism, feeding the resulting feature repre-

sentation into AEDNet in order to obtain new results.

. Feature

;I [ Prediction

Model @ Extracted Feature
M Modality 1

Neural Neural i
(1171 ieleee eunl | || el 51 Modaity 2
@888 oo 2 @ese oooo = oup

Early Fusion — Type | Joint Fusion — Type |

Model
Model 1 Model 2
Early Fusion — Type Il Joint Fusion — Type Il Late Fusion

Figure 5.1: Three main different fusion strategies, namely early-fusion, joint (mid-
fusion), and late-fusion. Early- fusion concatenates raw input or extracted features.
Mid-fusion joins features at the input level, but the loss is propagated. Late-fusion

aggregates predictions. [Figure Source: [21]]

43



5.1.1.1 Concatenation-based Early Fusion

The general scheme for concatenation-based early fusion on the features is given in

Figure

¢logmel (x)
o 2
Prmet (X) > 5 AEDNet
" g
¢MFCC (X)

Figure 5.2: The general process for early fusion using concatenation is shown in the
diagram. Hand-crafted features are extracted and then combined vertically through
concatenation. Any combination of features can be used in this process. Once the
concatenated features are obtained, they are fed into AEDNet as a new feature repre-

sentation.

In the initial experiment, we focused on the concatenation of the log mel spectrogram
and MFCC features. These two features were selected based on their superior per-
formance in our main study, where we fine-tuned their hyperparameters. Once the

features were extracted, we vertically combined them.

5.1.1.2 Attention-based Early Fusion

We propose a novel approach for combining features using an attention mechanism in

this part. The module accepts hand-crafted features as input and generates attention-
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based features as output. These attention-based features are then fed into AEDNet for
evaluation as a new feature representation. This method of combining features using
an attention mechanism is referred to as attention-based early fusion. The general

steps are given in Figure[5.3]

QSlogmel

or
¢mel

or

dMFCC v

Attentional
Features

Attention Module |7

AEDNet

¢lagmel

or
¢mel

or
dMFCC

Figure 5.3: The general process for attention-based early fusion is shown in the di-
agram. The inputs for the attention module can be any combination of hand-crafted

features, as long as they have the same dimensions.

We used the implementation from [[11]] in our thesis but modified the dynamic tem-
poral attention module with a multi-layer implementation to a single layer. The
attention-based features were then extracted from the attention module. The details

of the attention module are shown in Figure [5.4]

This attention module is used in [[11] and the goal was to detect scene changes be-
tween two images, but we used this module with some adaptations to extract attention-
based features from hand-crafted audio features. Our attention module consists of a
single layer, which takes two same-sized feature vectors from two channels as in-
put and produces an attention-based feature representation as output. After obtaining
attention-based features from the module, we input them into AEDNet and evaluate

the new results.
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Figure 5.4: The Temporal Attention (TA) mechanism [11]. The query matrix is used
to calculate the covariance between each sample in the feature at the first channel and
the related samples in the dependency scope from the feature at the second channel

by operating on the key matrix. [Figure Source: [11]]

5.1.2 Late Fusion Scheme

According to the definition in [52]], late fusion involves reducing uni-modal features to
separately learned concept scores and then integrating these scores to learn concepts.
Late fusion emphasizes the individual strengths of different modalities. Instead of
combining features, it merges uni-modal concept detection scores into a multi-modal
semantic representation. Thus far, all of the work has been conducted in Section
[5.1.1] using early fusion techniques. In Section [5.1.2] of the thesis, we attempted to
implement late fusion by trying out concatenation-based and attention-based methods

for fusing features.
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5.1.2.1 Concatenation-based Late Fusion

In this technique, we fed the log mel spectrogram and mel spectrogram features as
input to two different AEDNet, where we dropped the last 2 layers. We concatenated
the outputs obtained from each AEDNet. This concatenated feature vector is then
fed into a classifier for the desired task. This technique allows for the combination
of different information sources, leveraging their complementary strengths and we

expect to improve overall performance. The general steps are depicted in Figure[5.5]

¢logmel ¢mel

AEDNet AEDNet

dropped dropped

global Average Pooling Layer global Average Pooling Layer
& &
Sigmoid Layer Sigmoid Layer

concetanation

A4

Classifier

Figure 5.5: The diagram shows the design of the concatenation-based late fusion.
Hand-crafted features are input into AEDNet without the last two layers of the orig-
inal model, and the outputs are concatenated. Finally, a classifier produces a final

output
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5.1.2.2 Attention-based Late Fusion

In the attention-based late fusion method, we use log mel spectrogram and mel spec-
trogram as the features. These features are input into AEDNet with the last two layers
removed, and the outputs are then processed by the multi-head attention module as

separate channels. The module performs the following steps:

1. First, the inputs are processed through self-attention, where each position at-
tends to other positions in the sequence. The attention weights are calculated

based on the inputs.

2. The attention weights are scaled by the square root of the feature dimension

and then masked. Masking is useful to prevent attending future positions.

3. The attention outputs are concatenated across the heads and processed through

a linear layer to obtain the final output.

The attention-based features are generated in the multi-head attention module and

passed to a basic classifier to evaluate the results. The general steps are shown in

Figure[5.6]

5.2 Experimental Results of Fusion Schemes

In this section, we present the experimental results of the fusion schemes employed

in our study. We evaluate the performance of early fusion and late fusion techniques.

5.2.1 Experiment 1: Early Fusion Schemes

We first analyze the results obtained from early fusion techniques. Our experiments
demonstrate that early fusion consistently outperformed individual hand-crafted fea-
tures. The concatenation-based early fusion technique, specifically combining log
mel spectrogram and MFCC features, yielded a remarkable improvement, achieving

an average precision (AP) score of 67%. This surpassed the performance of the log
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Figure 5.6: The diagram shows the design of the cross-modal attention module.
Hand-crafted features are input into AEDNet without the last two layers of the orig-
inal model, and the outputs are then processed by the attention module. Finally, a

classifier produces an output

mel spectrogram feature alone. In the early fusion scheme, we used two different

strategies: concatenation-based early fusion and attention-based early fusion.

The results shown in Table [5.2] indicate that early fusion consistently outperformed
individual hand-crafted feature representations. By concatenating the log mel spec-
trogram and MFCC features, we were able to achieve a 67% mAP, surpassing the
score obtained with the log mel spectrogram alone. However, when we attempted to
include the mel spectrogram as a third feature alongside this pair, its performance was
not as promising. Despite the similar mAP scores, we ultimately chose the concate-

nation of log mel spectrogram and MFCC features due to their smaller feature size
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and lower time and memory complexity

Table 5.2: A comparison of concatenation-based early fusion of hand-crafted features

and their baseline performance results on the AEDNet.

Features mAP # of Parameters in Model Fusion

Plogmel 64% 4,466,608 -

Jvstelel 60% 4,466,608 -

Pmel 56% 4,466,608 -

Dlogmel + DM FCC 67 % 4,466,608 Concatenation-based Early
Plogmel + PMFCC + Pmer  66% 4,466,608 Concatenation-based Early

The attention-based early fusion results are presented in Table[5.3] Since the attention
module requires feature vectors of the same size, we experimented with different
combinations of hand-crafted features with equal dimensions. Based on the success of
early fusion, we tried to log mel spectrogram, mel spectrogram, and MFCC features.
As shown in the table, we obtained the best results with the log mel spectrogram and
mel spectrogram attention map features, improving our baseline scores by 70% in

terms of mAP.

Table 5.3: A comparison of attention-based early fusion of hand-crafted features and

their baseline performance results on the AEDNet

Features mAP # of Parameters in Model Fusion
Progmel 64% 4,466,608 -

dMFCC 60% 4,466,608 -

Pmel 56% 4,466,608 -

Dlogmel + Pmel 70 % 4,471,600 Attention-based Early
Brogmel + Ormrce  61% 4,471,600 Attention-based Early
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5.2.2 Experiment 2: Late Fusion Schemes

The results of the different late fusion schemes are given in Table[5.4] The initial mAP
score obtained with a concatenation-based late fusion approach was 37%. Despite
tuning the hyperparameters and changing the classifier, we improve our result by
10% and raised the score to 47%. However, in the attention-based late fusion, we

obtained an mAP score of 62% by tuning the parameters.

Table 5.4: A comparison of late fusion of hand-crafted features and their baseline

performance results

Features mAP # of Parameters in Network Fusion

Dlogmel 64% 4,466,608 -

¢mrcc 60% 4,466,608 -

Pmel 56% 4,466,608 ;

Blogmel + Pmer  62% 13,149,872 Attention-based Late
Dlogmel + Pmet  4T1% 9,255,136 Concatenation-based Late

According to the results of the late fusion scheme, we could not achieve better results
than hand-crafted features. We obtained a worse result compared to the concatenation-
based early fusion or log mel spectrogram on AEDNet. We believe that we encoun-
tered two important limitations in this study. Firstly, the small size of the training
dataset, where we think a model trained with more data could have better avoided
overfitting. Secondly, the number of parameters in the network, as we worked with
nearly twice the number of parameters compared to AEDNet. For such a deep net-

work, a larger dataset might have been required.
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CHAPTER 6

CONCLUSION AND DISCUSSION]|

In this thesis, we provided a comparative analysis of the different feature represen-
tation methods for the AED problem. To be specific, we were intrigued by the use
of hand-crafted features for AED in the literature, despite the end-to-end use of deep
learning methods in other domains, and we compared commonly used hand-crafted
features with learned representations. Our analysis considered hand-crafted features
such as spectrograms and MFCC, raw waveform as well as representation learned
using an autoencoder and evaluated the methods on a subset of the AudioSet dataset
in terms of their detection quality, resource efficiency, and robustness against various

aspects.

6.1 Answers to the Research Questions (RQ1-RQ4)

Our analysis focused on seeking answers to the three research questions (RQ1-RQ3)

listed in the Introduction section:

RQ1. Are hand-crafted representations robust against hyper-parameters such as win-
dow size and hop size? Is there a specific hand-crafted representation method

that is considered the best for AED?

Our findings: Our analysis suggests that hand-crafted representations are very
sensitive to window size and hop size. In fact, there can be a difference of
28 AP between the best setting and the worst (e.g. for the mel spectrogram fea-

tures in Figure 4.2)). This gap is, however, less for spectrogram (~13AP) and

!Some text in this chapter is borrowed from our MTAP’22 paper [29].
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RQ2.

log mel spectrogram (~18 AP). As for the second part of the question: the log
mel spectrogram offers the best detection performance (at 64AP versus 54AP
of spectrogram and S6AP of mel spectrogram) while it is not the fastest among
the hand-crafted features. Log mel spectrogram takes 36.3 ms whereas spec-

trogram does 30.6ms.

Comparison with respect to the literature: In the literature [20, 47, 48, 51, re-

searchers generally set the hyper-parameters at specific values and extract the
features based on these settings. In audio processing, generally, window sizes
range from 20ms to 100ms with 50% overlap between consecutive windows for
feature extraction and recommended settings are 40ms for window size which
provides a good balance between having sufficient details and not being too
high-dimensional [42]]. However, our findings suggest 23ms to be the best set-
ting for the window size for log mel spectrogram and mel spectrogram features,
and 46ms or 12ms for spectrogram features. In contrast, our results confirm that

a hop size corresponding to 50% overlap provides good results in general.

Overall, our results suggest that window size and hop size should be tuned for
AED and the recommended settings may not provide the ideal setting. To the
best of our knowledge, there are no studies that experiment with different win-

dow and hop sizes or coefficients in hand-crafted feature extraction methods.

Do learned representations perform better than hand-crafted representations?

Our findings: Upon comparing hand-crafted features with features learned by a
convolutional autoencoder, we observe that all hand-crafted feature representa-
tions surpass the learned representations in performance. This holds true even
when training an AED network with the raw waveform as input. However,
when utilizing a pre-trained network, we achieve improved results for certain
hand-crafted features, specifically the spectrogram and mel spectrogram, yet

the log mel spectrogram continues to exhibit the highest performance.

Comparison with respect to the literature: As we discussed in Introduction, the

literature mainly use deep learning with hand-crafted feature representations.
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RQ3.

Although existing studies do not compare hand-crafted features with learned

representations, our results provide a justification for this trend.

Do learned and hand-crafted representations compare well under low data

regimes or under noise?

Our findings: According to our experiments, feature representations are af-
fected by the amount of the dataset and performance dropped drastically with
the reduction in dataset amount. For example, the performance of the log mel
spectrogram dropped by 6AP, when 55% of the dataset is used, and by 11AP
when 25% is available. However, despite being affected by the reduction in
data, the log mel spectrogram still provides the best performance across differ-
ent amounts of data. Our analysis for robustness to noise shows that, although
log mel spectrogram features provide the best results, spectrogram, and mel
spectrogram features are more robust against noise: Log mel spectrogram fea-
tures admit ~14AP drop under noise whereas mel spectrogram’s performance
is almost unaffected with ~2AP change in performance. It is also worth men-
tioning that, when noise is added only to the test data without introducing ad-
ditional noise to the training data, the obtained results in terms of mAP are not
significantly low. This might be because the original dataset already contains
noise, which allows the training data to perform well even when tested with
noise-added data. This suggests that a model trained on real-world data con-

taining inherent noise can achieve robust and accurate results.

Comparison with respect to the literature: We are not aware of any work that

compared the robustness of methods against a reduction in data or increase in

noise.

RQ4. Are different audio features complementary? Could we increase the perfor-

mance of AER by fusing different audio features?

Our findings: Our experiments have shown that different fusion techniques can

affect the performance of the system. By using early fusion methods, we were
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able to improve upon our baseline and enhance the performance of the detection
system. Even with the simple concatenation-based fusion, we saw an improve-
ment in results to 67% mAP. The attention-based module further enhanced the
system, leading to an mAP score of 70%. However, we did not obtain promis-
ing results with late fusion approaches. For example, we expect to achieve
better results with the help of the concatenation-based late fusion technique,
however, even trying different classifiers with tuned hyperparameters, we did

not achieve better scores than our baseline

Comparison with respect to the literature: We are not aware of any work that

uses any comprehensive analysis fusion schemes by using attention-based or

concatenation-based.

6.2 Limitations and Future Work

Although the analysis we provide in this paper is very valuable, it is performed with
a balanced subset of the AudioSet dataset in order to be able to perform in-depth
experiments. An analysis with a larger dataset would be valuable and might reveal
e.g. that deep representation learning requires significantly larger datasets than the

ones we used.

Another important aspect is the deep model that was used for the comparative anal-
ysis. We chose a CNN-based model that could be considered to be representative of
existing CNN-based solutions. However, it would be interesting to study how dif-
ferent types of architectures (e.g. networks using attention, transformers etc.) would

work with different representations.

In this thesis, besides Wav2Vec2, alternative approaches can be explored for extract-
ing features from audio signals. Two widely used state-of-the-art models, namely
AST (Audio Spectrogram Transformer) [19] and BART (Bidrectional and Auto-Regressive
Transformer) [34]], can be considered as potential feature extractors. AST is a pre-
trained network that leverages the transformer architecture. It takes spectrograms as

input and trained with the AudioSet dataset. BART, initially developed for natural
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language processing tasks, has shown promise in various domains, including audio
processing. It can be utilized by using spectrogram-based inputs, similar to AST.
However, note that AST and BART take a spectogram representation as input while

Wav2Vec2 works with raw audio signals.

Another promising research direction is to study how the different representations can
be fused in order to obtain better performance. In the study, we tried to use early and
late fusion schemes, however, mid-level fusion can improve the performance. Also,
the fusion mechanism can be dynamic, i.e., depending on the requirements of the task,
different representations can be utilized. For example, if the input seems to be easy,
the fastest representation can be chosen to obtain a reliable response in the shortest

time possible.

The size of the dataset may have an impact on attention-based late fusion. As the
architecture changes in terms of the number of parameters, the utilized dataset may
be modified by adding new samples or classes, increasing the number of samples, and

allowing the entire network to learn more effectively.
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