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ABSTRACT

Pooling plays a critical role in spectrogram-based audio analysis by determining how

time–frequency information is compressed and preserved within deep learning models.

However, existing evaluations of pooling methods primarily emphasize downstream

task performance, such as classification accuracy, rather than directly assessing their

ability to preserve key spectrogram features. Furthermore, existing pooling methods

often fail to account for the non-stationary and multi-scale nature of audio signals.

This study addresses these gaps by developing unified frameworks for understand-

ing, evaluating, and advancing pooling mechanisms in audio analysis applications.

We first propose a standardized evaluation framework using 17 metrics across four

domains to assess pooling performance comprehensively. We then examine how spe-

cific pooling strategies affect feature retention across 15 audio application types. By

identifying each application’s key spectrogram characteristics and grouping them ac-

cordingly, we evaluate 12 pooling methods and analyze which features each method

preserves. This provides task-level insight into selecting the most effective pooling

technique, enabling more granular evaluation, improved explainability, and more ef-

ficient audio analysis pipelines. Building upon these insights, the study introduces

a learnable adaptive wavelet pooling framework that combines multiscale feature de-

composition with dynamic subband weighting, enabling the network to flexibly adjust

the preservation of local and global features. To comprehensively evaluate perfor-

mance and interpretability, we consider three major audio domains; speech, music,

and environmental sounds and further analyze specific categories within each domain

such as content, speaker/source, semantics, environmental factors etc. These categories

allow systematic examination of how adaptive pooling responds to different informa-

tion requirements, highlighting which spectral and temporal features are most critical

for each type of application. Experimental results across representative datasets show

that the proposed method consistently outperforms conventional and adaptive pooling

baselines, achieving higher accuracy across all domains.

Keywords: Audio analysis, Spectrograms, Dimension Reduction, Wavelet Pooling, Evalua-

tion Metrics

iii



TABLE OF CONTENTS

Declaration of the Candidate & Supervisor i

Acknowledgement ii

Abstract iii

Table of Contents iv

List of Figures vi

List of Tables vii

List of Abbreviations vii

1 Introduction 1

1.1 Background 1

1.1.1 Pooling in Spectrogram-Based Audio Analysis Applications 3

1.2 Motivation 4

1.3 Objectives 4

1.4 Research Contributions 5

1.5 Thesis Structure 6

2 Literature Survey 7

2.1 Overview of Feature Extraction in Audio Processing 7

2.2 Literature Review on Deep Learning Methods in Audio Processing 8

2.3 Literature Review on Pooling Methods in Deep Neural Networks 10

2.4 Literature Review on Adaptive Pooling Methods 11

3 Background 13

3.1 Fast Wavelet Transform 13

3.2 Two-dimensional Wavelet Transform 13

3.3 Wavelet Pooling 14

3.4 Scaled Wavelet Pooling 14

3.5 Adaptive Wavelet Pooling 14

4 Methodology 16

4.1 Feature Extraction 16

4.1.1 Analyzing the Spectrograms 16

4.1.2 Evaluation of Various Pooling Methods 16

iv



4.2 Proposed Pooling Method and Loss Function 17

4.2.1 Orthogonality Loss 17

4.2.2 Scaled Adaptive Wavelet Pooling 19

5 Experiments 20

5.1 Data 20

5.1.1 Speech 20

5.1.2 Music 22

5.1.3 Environmental Sounds 23

5.2 Metrics for Evaluating Pooled Spectrograms 24

5.3 Experimental Setup 30

5.3.1 Evaluating the Performance of Existing Pooling Methods Us-

ing Evaluation Metrics 30

5.3.2 Evaluating the Performance of SAWP 30

6 Results and Discussion 32

6.1 Analyzing Spectrograms 32

6.1.1 Speech Applications 32

6.1.2 Music Applications 33

6.1.3 Environmental Sound Applications 35

6.2 Performance of Existing Pooling Methods 35

6.2.1 General Trends Across Pooling Methods 35

6.2.2 Task-Specific Observations 39

6.2.3 Discussion on Performance of Different Pooling Methods 40

6.3 Performance of Scaled Adaptive Wavelet Pooling 41

6.3.1 Overall Trends 41

6.3.2 Speech Domain 41

6.3.3 Music Domain 43

6.3.4 Environmental Sound Domain 43

6.3.5 Cross-Domain Insights 44

7 Conclusion 45

8 Future Work 47

References 48

v



LIST OF FIGURES

Figure Description Page

Figure 1.1 Time-domain waveforms for speech, music, and environmental sound

data 2

Figure 1.2 Time-frequency domain waveforms for speech, music and environmen-

tal sound data 2

Figure 4.1 Illustration of the feature extraction and pooling process of audio anal-

ysis applications. Evaluation metrics are used to compare the original

and pooled spectrograms. 17

Figure 4.2 Illustration of the SAWP process: 1) The input feature map is first de-

composed by a 2D discrete wavelet transform. 2) Four subband are

created: one low-frequency approximation (LL) component and three

high-frequency detail components (LH, HL, HH). 3) Each pooled sub-

band is scaled by a learned weight to modulate its contribution. 4) An

inverse wavelet transform recombines the weighted subbands to recon-

struct the final pooled feature map. 19

Figure 5.1 Types of evaluation metrics categorized based on different usages 25

Figure 6.1 Voice patterns of the same person with different emotions 32

Figure 6.2 Voice patterns of different people of same gender talking the same sen-

tence shown in a spectrogram 33

Figure 6.3 Voice patterns of male and female voice with the same sentence shown

in a spectrogram 33

Figure 6.4 Spectrogram patterns of different music genres that are used for music

genre classification 34

Figure 6.5 Spectrogram patterns with different music instruments that is used for

music instruments identification 34

Figure 6.6 Spectrogram patterns with different environmental sounds 35

vi



LIST OF TABLES

Table Description Page

Table 5.1 Categorization of audio features of each domain and summary of task

characteristics to be preserved for each application 21

Table 6.1 Performance of pooling methods on the Speech Emotion Classification

task using the evaluation metrics from 5.2. The table reports pooled-to-

original spectrogram ratios or similarity scores, indicating which fea-

tures each pooling method preserves. 36

Table 6.2 Performance of pooling methods on the Music Genre Classification

task using the evaluation metrics from 5.2. The table reports pooled-to-

original spectrogram ratios or similarity scores, indicating which fea-

tures each pooling method preserves. 37

Table 6.3 Performance of pooling methods on the Environmental Sound Classi-

fication task using the evaluation metrics from 5.2. The table reports

pooled-to-original spectrogram ratios or similarity scores, indicating

which features each pooling method preserves. 38

Table 6.4 Performance of state-of-the-art pooling methods and wavelet-based pool-

ing variants across audio applications (mean accuracy and standard de-

viation over 5-fold cross-validation) 42

vii



LIST OF ABBREVIATIONS

Abbreviation Description
AST Audio Spectrogram Transformer

AWP Adaptive Wavelet Pooling

CNNs Convolutional Neural Networks

CQT Constant-Q Transforms

CRNNs Convolutional Recurrent Neural Networks

DFT Discrete Fourier Transform

DWT discrete wavelet transform

FFT Fast Fourier Transform

LPC Linear Predictive Coding

LSTM Long Short-Term Memory

MFCCs Mel-Frequency Cepstral Coefficients

RBMs Restricted Boltzmann Machines

RNNs Recurrent Neural Networks

SAWP Scaled Adaptive Wavelet Pooling

STFT Short-Time Fourier Transform

SWP Scaled Wavelet Pooling

ZCR Zero-Crossing Rate

viii


