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Abstract

With the rapid growth of audio data, there’s a pressing need
for automatic audio classification. As a type of time-series
data, audio exhibits waveform fluctuations in both the time
and frequency domains that evolve over time, with similar
instances sharing consistent patterns. This study introduces
the Audio Scanning Network (ASNet), designed to leverage
abundant information for achieving stable and effective au-
dio classification. ASNet captures real-time changes in audio
waveforms across both time and frequency domains through
reservoir computing, supported by Reservoir Kernel Canon-
ical Correlation Analysis (RKCCA) to explore correlations
between time-domain and frequency-domain waveform fluc-
tuations. This innovative approach empowers ASNet to com-
prehensively capture the changes and inherent correlations
within the audio waveform, and without the need for time-
consuming iterative training. Instead of converting audio
into spectrograms, ASNet directly utilizes audio feature se-
quences to uncover associations between time and frequency
fluctuations. Experiments on environmental sound and music
genre classification tasks demonstrate ASNet’s comparable
performance to state-of-the-art methods.

Introduction

The wide array of recording devices available today has
caused a tremendous surge in recorded and stored audio.
Audio labeling is pivotal for content analysis and retrieval.
However, the workload associated with manual labeling is
considerable, underscoring the need for automated audio
classification systems. Central to these systems is the ex-
traction of distinct features from raw audio. Proper extrac-
tion and integration of audio features typically yield richer
information, enhancing the system’s efficacy. Various audio
classification tasks have driven research in audio feature ex-
traction (Sharma, Umapathy, and Krishnan 2020), facilitat-
ing a profound comprehension of audio nature and offering
crucial impetus for advancing the field of audio analysis.
Typically, audio features could be segmented into two
domains: the time domain (i.e., temporal features) and the
frequency domain (i.e., spectral features) (Panda, Malheiro,
and Paiva 2020). Time domain analysis primarily focuses
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on the evolution of audio signals over time, providing intu-
itive insights. In contrast, frequency domain analysis neces-
sitates methodologies such as the Fourier transform to delve
deeper into the frequency components of the audio. For au-
dio classification tasks, temporal feature extraction captures
nuanced fluctuations of audio signals over time. Concur-
rently, spectral features are equally indispensable, allowing
not only the conversion of audio signals into spectral data
but also revealing intricate inter-frequency relationships. A
holistic approach that integrates insights from both time and
frequency domains (Marafioti et al. 2019) promises a more
comprehensive and accurate depiction of audio recognition.

Recent advances have converted audio into image-like
representations, such as spectrograms, characterized by time
(x-axis) against frequency (y-axis). Visual models like Con-
volutional Neural Networks (CNNs) and Vision Transform-
ers (ViT) (Gong et al. 2022) are then utilized for efficient
audio classification. However, challenges persist: 1) the con-
version to spectrograms might compromise some intricate
temporal details intrinsic to the raw audio waveform; 2) be-
sides, a systematic approach for analyzing the correlation
between waveform fluctuations in the time and frequency
domains is absent, potentially overlooking their correlations
essential for audio discrimination.

Our audio classification framework, the Audio Scanning
Network (ASNet), is illustrated in Figure 1, which incor-
porates both frequency and time-domain modules. In the
frequency-domain module, ASNet segments the audio with
a fixed-size window, transforming it into feature sequences.
We employ Mel-frequency cepstral coefficients (MFCCs)
(Wang et al. 2020) to capture the spectral envelope and fine
details, culminating in a spectral waveform representation.
This module organizes the MFCCs sequentially, reflecting
waveform evolutions over time. Correspondingly, the time-
domain module creates a Root-Mean-Square Energy (RMS)
(Luo, Xu, and Chen 2019) sequence for amplitude dynam-
ics, well-reflecting waveform fluctuations. Also, considering
the rate of waveform change in the time domain, we estab-
lish a Zero Crossing Rate (ZCR) (Toffa and Mignotte 2020)
sequence. Both the above two modules leverage Reservoir
Computing for efficiently capturing dynamic features. This
process transforms sequences into a more intricate “dynamic
feature space”, effectively representing waveform evolutions
through the linear readout model, and without the need for
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Figure 1: ASNet’s framework comprises four modules: frequency and time-domain modules for capturing waveform fluctua-
tion patterns, plus two RKCCA modules for inter-fluctuation correlation. Reservoir model processes RMS, ZCR, and MFCC
sequences into readout models (Ams, Azer, Afreq). Aime embodies fused A and A, through RKCCA. Nonlinear mapping ®,
linear transformations a and b are utilized. These are related to kernel methods, which will be detailed in the following text.

offline iterative training (Chen et al. 2015; Ma et al. 2020).

ASNet further focuses on exploring the correlation be-
tween the dynamic information present in both time-domain
and frequency-domain!. Specifically, a novel Reservoir Ker-
nel Canonical Correlation Analysis (RKCCA) is proposed
within ASNet to adaptively uncover correlations between
time-domain and frequency-domain signal waveform fluc-
tuations’. As depicted in Figure 1, the RKCCA module
builds the kernel by configuring the distance of the readout
model obtained from both the time-domain and frequency-
domain modules, resulting in an integrated audio dynamic
feature vector. Additionally, underlying audio features, like
MFCCs, RMS, and ZCR, termed as audio “static features”,
are also incorporated into ASNet, enhancing its classifi-
cation prowess. Experimental results demonstrate that AS-
Net’s classification performance is on par with state-of-the-
art methods for Environmental Sound Classification (ESC)
and Music Genre Classification (MGC) tasks.

The primary contributions of this paper are as follows:

¢ The time-domain and frequency-domain modules in AS-
Net capture audio waveform fluctuations in both domains
respectively. Additionally, the RKCCA module within
ASNet effectively analyzes and correlates waveform pat-
terns between time and frequency domains. This process
efficiently integrates the rich dynamic information of au-
dio, enhancing the model’s classification performance.

e When constructing audio feature sequences, ASNet
scans audio using fixed-size windows. Subsequently, the
reservoir computing model, employed to capture wave-
form fluctuations in ASNet, continues to utilize sliding
windows with a fixed size. This design enables ASNet to
naturally handle audio of varying lengths.

* The entire framework of ASNet does not involve any
iterative training during the feature extraction process,

'In this paper, the dynamic information of the feature sequence
indicates the waveform fluctuation patterns.

Kernel Canonical Correlation Analysis (KCCA) is employed
to analyze nonlinear correlations between features and perform fea-
ture fusion (Akaho 2006).
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and only matrix operations are required. This character-
istic makes it an ideal choice with limited computing re-
sources and training data.

Related Works

Audio covers an expansive range of categories, among
which environmental sounds and music are two primary
types. ESC tasks have broad applications, such as indoor
monitoring and automation, robot audition, and hazard de-
tection. Besides, MGC aids music retrieval systems in
quickly identifying target tracks. This section presents re-
search related to these two tasks and discusses some works
relevant to Canonical Correlation Analysis.

ESC and MGC Tasks: Audio classification is generally
bifurcated into two phases as suggested by (Cai and Zhang
2022): feature extraction and subsequent classification of
these features. For MGC, a classifier was developed by using
the Joint Sparse Low-Rank Representation (JSLRR) of the
test set (Panagakis, Kotropoulos, and Arce 2014), relative to
the training set, by resolving an appropriate convex prob-
lem. Another approach leveraged Instance-Specific Hidden
Markov Models (ISHMMs) to derive representations (Chan-
drakala and Jayalakshmi 2019) for sound event recognition.
In classifying environmental sounds, a fusion of local binary
pattern features with traditional audio features proved effec-
tive (Toffa and Mignotte 2020).

Furthermore, several research works have utilized time-
frequency diagrams as model input features to bridge the
time and frequency domains. The Masked Conditional Neu-
ral Network (MCLNN) (Medhat, Chesmore, and Robinson
2020) was designed to capture time-frequency details and
holistically learn features from both music and environmen-
tal sound datasets. Tools such as the Audio Spectrogram
Transformer (AST) (Gong, Chung, and Glass 2021) and the
audio MLP-mixer (AMM) network (Tripathi and Pandey
2023) have demonstrated notable classification results in the
context of ESC. For MGC, there have been efforts towards
advancing broadcast-based neural networks with the goal of
bolstering localization and adaptability while maintaining
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a compact parameter set (Heakl, Abdelgawad, and Parque
2022). Different from prior methods, our approach simulta-
neously considers waveform fluctuations in both time and
frequency domains and explores their correlations.

Canonical Correlation Analysis: CCA (Hardoon, Szed-
mak, and Shawe-Taylor 2004) explores the correlation be-
tween two sets of variables, but its effectiveness is limited
when the relationship between variables is nonlinear. KCCA
(Akaho 2006) incorporated kernel techniques into CCA, en-
abling the incorporation of nonlinear relationships. CCA has
been used in several tasks recently. Gabor features were
extracted from the normalized face images and fused with
HOG features using CCA (Haghighat, Abdel-Mottaleb, and
Alhalabi 2016). CCA was combined with self-supervised
learning on graphs to simplify model design (Zhang et al.
2021). In addition, a K-means clustering-based KCCA algo-
rithm was proposed (Chen et al. 2022) for multimodal emo-
tion recognition in human-robot interaction. In our work,
the reservoir computing model combined with KCCA can
handle variable-length audio data and improve the effect of
audio classification.

Audio Scanning Network

The entire network consists of four modules: a frequency-
domain module and a time-domain module for capturing dy-
namic audio feature information, and two RKCCA modules
to explore the correlation between these dynamics.

Capturing Audio Waveform Fluctuation Patterns

In this section, we employ reservoir computing models to
capture the dynamic information of audio feature sequences,
specifically the fluctuation patterns of waveforms.

Building Feature Sequences by Scanning Audio: Given
its nature as high-sampling-rate time-series data (Stan et al.
2011), directly capturing the audio’s context can be chal-
lenging. Traditional feature extraction techniques use a slid-
ing window to extract features from individual audio seg-
ments and then compute statistical attributes, such as mean
and variance, across all segments. In this paper, ASNet uti-
lizes fixed-size windows to scan the audio, preserving fea-
tures in each segment for feature sequence reconstruction.

ASNet employs Mel-Frequency Cepstral Coefficients
(MFCCs) sequences for audio frequency-domain waveform
fluctuations. Besides, it integrates Root-Mean-Square En-
ergy (RMS) and Zero-Crossing Rate (ZCR) sequences for
time-domain waveform fluctuation patterns.

In the frequency-domain module, MFCCs are derived to
illustrate energy distribution across frequency ranges. The
MFCCs exhibit a hierarchy: lower-dimensional ones repre-
sent the spectral envelope, while higher-dimensional ones
capture spectral details, thus the MFCC sequence depicts
dynamic changes in spectral waveform shape over time.

Meanwhile, the time-domain module constructs RMS and
ZCR sequences. RMS describes the amplitude envelope ro-
bustly, while ZCR captures the rate of amplitude changes.
These two sequences encapsulate the fluctuation and fluctu-
ation rate of the time-domain waveform, respectively.
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Figure 2: The figure shows the structure of the Echo State
Network (ESN). The ESN consists of the input layer, the
reservoir network, and the output layer. This work adopts
the next-item prediction task to train the ESN.

Representing Waveform Fluctuation Patterns with
Readout Models: For the feature sequences constructed
above, we fit these sequences using the Echo State Network
(ESN) to capture the waveform fluctuation patterns. ESN
(Jaeger 2001), as a reservoir computing model, proves to
be efficient in fitting sequential data and capturing its in-
trinsic dynamic information without the need for iterative
training (Wu, Zhou, and Chen 2022; Gong et al. 2018; Zhou
et al. 2023). This section provides a concise introduction to
ESN and outlines the process of mapping sequence data to a
higher-dimensional dynamic feature space using ESN.

ESN is a simplified Recurrent Neural Network (RNN)
that uses a reservoir to replace traditional recurrent con-
nections. The reservoir, shown in Figure 2, is a high-
dimensional and sparsely connected structure, with its ar-
chitecture and inter-neuron weights randomly determined
based on the Echo State Property (ESP)’ (Buehner and
Young 2006). The output layer captures the target sequence
by linearly combining the nonlinear dynamic features, and
the output layer weights of the reservoir are obtained by
solving the regression problem.

Assuming the input vector at time ¢ is s(¢f) € R”, the
formula through the reservoir and the output layer can be
expressed as follows:

{

where the state vector 7(t) € R™ of the reservoir at time ¢
depends on both the current input vector s(t) and the state
vector (¢ — 1) from the previous time step. The output
g(t) € R at time ¢ is obtained by linearly transforming the
state vector r(¢). The input weight between the input layer
and the reservoir is denoted by W™ € R™*", the reservoir
weight matrix is denoted by W7 € R™*™ and the output
weight between the reservoir and the output layer is denoted
by Wout ¢ RIX™ The activation function used (sigmoid or
tanh function) is denoted as f, and the bias vector is denoted
as d. W™ and W are randomly initialized and remain

H(0) = FOV7er(t = 1) + Ws(1),

, (1)
g(t) =W r(t) + d = A(r(t)),

ESP requires the spectral radius of the internal connection
weight matrix of the reservoir to be less than 1, which is deter-
mined by the maximum absolute value of its eigenvalues.
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fixed, while W °% is the only parameter that needs to be de-
termined through ridge regression.

Using ESN to fit the feature sequence captures its internal
dynamic information, specifically the waveform fluctuation
pattern, by predicting the sequence value at the next time
step (Chen et al. 2013b). In Figure 2, the MFCC sequence
from the frequency-domain module is used as an example.
The cepstral coefficients s(¢) of the MFCC sequence at time
t is input into the reservoir to obtain the predicted output
g(t). This generates the prediction sequence of the output
layer. The predicted sequence g is combined with the MFCC
sequence shifted one-time step later to perform ridge regres-
sion, resulting in the calculation of the readout model that
characterizes the fluctuation pattern as follows:
(R"R+61)"'R"G,

Wout (2)

where R is a matrix of the reservoir states, I is the identity
matrix, and G is a matrix of the target value.

Based on the above, the dynamic information within the
feature sequence is captured into the fitted readout model, a
more stable and parsimonious representation of the original
sequence for further process (Chen et al. 2013a).

Correlation between Frequency Domain and Time
Domain Waveform Fluctuation Patterns

Building Kernel Matrix: An intuitive approach to trans-
form the original signal space into the dynamic feature space
is by using the trained model’s parameters to characterize the
data (Chen et al. 2015). This involves directly calculating
the distance (e.g., Euclidean distance) between the parame-
ters of the readout model. However, this method depends on
specific model parameters and only reflects the distance of
those parameters. In this paper, we will directly calculate the
distance between the readout models.

The readout A(r) that fits the sequence s; is denoted as
A;(r). When there are two sequences s; and so passing
through the same reservoir, their respective readouts A, (r)
and Ay(r) are obtained as follows:

A1 (7")
AQ(T)

where € R™ represents the state vector, d € R' is the
bias vector, and W4 and W°“2 are the respective out-
put weight matrices. The Ly distance between these weight
matrices in the dynamic feature space can be measured as:

La(Ay, As) = (/ 1Ay (r

w(r) represents the probability density function of r, and C
is the integral domain, with C = [—1,+1]™ when f indi-
cates the tanh function. Assuming that r is uniformly dis-
tributed, a scaling process is provided (Chen et al. 2013b) to
obtain the square of the distance between A; and As:

m 1
> o> wi;+lldP,

j=1i=1

= Wouliy 4 dy,

3
= WOUtQT“FdQ, ( )

z(r)IIQdu(r)>2 L@

A17A2

oo\hﬂ
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Figure 3: Illustration of RKCCA. Assuming x; and x; are
two readout models in dynamic feature space, they are
mapped to Hilbert space:z; — ®.,,z; — ®,,. Calcu-
late the distance between z; and x; according to Equa-
tion (4) and construct the reservoir kernel of Equation (5):
K = I

where w; ; is the (7, j)-th element of W = Woul1 — Jyoutz,
and d = dy — ds. This approach yields the distance between
the readout models in the dynamic feature space. Based on
this distance, the reservoir kernel matrix can be constructed:

K[} = exp{—y- L3(4;, 4;)}, 5)
which is further adopted in our RKCCA.
Reservoir Kernel Canonical Correlation Analysis: Typ-

ical Canonical Correlation Analysis (CCA) investigates the
linear correlation between two variable sets, X and Y, which
aims to find linear combinations of variables within each
set that maximize the correlation coefficient between the
two sets. For the non-linear relationship between variables,
KCCA further maps two variable sets into the Hilbert space
(Akaho 2006) through nonlinear mapping, given as:

X > dx,Y = Py, (6)

where @y € R¥*P &y € R¥*9, p and q represent the fea-
ture dimensions of the mapped X and Y respectively, and
k is the number of examples. KCCA then performs linear
transformations on the mapped two variable sets:
U=addy
V=10
where U and V' are canonical variables. The canonical cor-
relation coefficient between U and V' is defined as A. The
concatenation or summation of U and V' represents the fused
outcome obtained from the correlation analysis of ®x and
®y-. Given the mapping as Equation (6), ®®’ is constructed
for the application of kernel methods to solve U and V.

In this paper, we propose RKCCA by introducing the
reservoir kernel from Equation (5) into KCCA. Figure
3 illustrates a schematic diagram of RKCCA, depicting
the construction of reservoir kernels between two samples
in the dynamic feature space. After transforming Equa-
tion (5) into matrix form, it could be obtained : Kf(
Py Py, Kt = &y ®).. Consequently, the process for max-
imizing the canonical correlation coefficient A could be for-
mulated as:

)

max o KEKEp
st. o/ KEKRa =1

BKEKEB =1,

(®)
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where « and 3 are scalars. Equation (8) can be solved by the
Lagrangian multiplier method, given as:

A
KIKEG = MG KR — Mo,
K{KYa = \(TKY - gl)ﬂ.
It could be defined that:
r RIR
7, — Ro . KXKYy
Ky K 0
[MR2 0
z,— |XKx -3 0 1 (10)
[0 Ky 31
5=1%
3]
thus Equation (9) could be transformed as:
716 = \2od = 75 ' 7,6 = )\, (11)

where \{ = Ao oKxKyp £ )\ is deduced through
the Lagrange multiplier formulation without adding a reg-
ular term, that is, A1, Ao and A are equal to the correlation
coefficients of U and V. Thus U and V could be solved by
finding eigenvalues and eigenvectors in Equation (11).

The above calculation explains the main process of
RKCCA. By solving Equation (11), U and V' could be ob-
tained. RKCCA introduces an additional mapping from the
original data space to the dynamic feature space compared
to KCCA. This provides a more stable representation of dy-
namic information for subsequent correlation analysis.

Analyzing the Correlation of Fluctuation Patterns:
This section explains how to use RKCCA to explore the cor-
relation between waveform fluctuations and integrate this in-
formation into a feature vector.

In Figure 4, there are two RKCCA modules. The first one
operates on the readout model A, for the RMS sequence
and the readout model A, for the ZCR sequence. By substi-
tuting A;ms and A, into the variables X and Y in Equation
(6), we obtain the time-domain model representation Agye
through the first RKCCA analysis. Similarly, by substitut-
ing Agme and Aygq into Equation (6), the integrated audio
dynamic features are obtained through the second RKCCA
module. Here, Agq is derived from capturing the dynamic
information of the MFCC sequence.

The first RKCCA module explores the correlation be-
tween temporal waveform fluctuations and fluctuations in
waveform rate of change, and utilizes Ay to represent the
fusion of information from both, namely the temporal wave-
form fluctuation patterns. In the second RKCCA module, the
correlation between temporal waveform fluctuation patterns
and frequency-domain waveform fluctuation patterns is an-
alyzed, resulting in integrated dynamic features. Algorithm
1 outlines the aforementioned process. The acquired inte-
grated dynamic features are combined with static features
(including MFCC, RMS, and ZCR) for audio classification.

In ASNet, it should be noted that MFCC sequence con-
tains the dynamic information of the waveform, thus Afreq
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Figure 4: The Reservoir Computing model in ASNet trans-
fers data from the static feature space to the dynamic feature
space, while RKCCA integrates dynamic features and maps
them to the Hilbert space after correlation analysis.

Algorithm 1: Exploring the Correlation of Waveform Fluc-
tuation Pattern

Input: Set of audio sy, s2, . . ., S; parameters of ASNet.
Output: Integrated audio dynamic features.
1: for each audio s;,7 =1,2,...,k do

2:  Construct audio feature sequences: MFCC sequence,
RMS sequence and ZCR sequence.

3:  Reservoir state evolution is driven by input feature
sequences, respectively.

4:  The readout models corresponding to the feature se-
quences were obtained by ridge regression: A7, A7
and Af,.

5: end for _ ‘ ‘

6: Put all the obtained Ap,, A, A, together to get

Arms, Ager, Afreq>i =1,2,...,k.

First RKCCA module fuses A, and A, into Agme.
Second RKCCA module analyzes the correlation of
Agime and Ajreq and fuses them into a representation of
the integrated audio dynamics.

that captures its dynamic information is adopted to represent
the waveform fluctuation pattern in the frequency domain,
without the need for extra RKCCA.

Experimental Studies

We used ASNet for environmental sound and music genre
classifications, with results in Table 1. We first assessed how
different audio feature combinations affected classification,
validating the importance of waveform fluctuation patterns
in audio differentiation. We then compared ASNet with ad-
vanced audio classification techniques, emphasizing its con-
sistent performance across varied datasets. Importantly, AS-
Net effectively handles datasets with varied audio lengths.

The Utilized Datasets

ESC-10 Dataset: The ESC-10 dataset (Piczak 2015) con-
sists of 400 5-second environmental soundtracks with 10
classes, each containing 40 samples. The categories include
dog, rooster, rain, sea waves, crackling fire, crying baby,
sneezing, clock alarm, helicopter, and chainsaw.
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ESC-10 USSK GTZAN Homburg

Method SVM RF SVM RF SVM RF SVM RF
Acc FI [ Acc FI [Acc FI [Acc FI [Acc FI [Acc FI | Acc FI [ Acc FI
RMS(S) 41.75 43.17|53.50 5391 (23.85 23.93(42.48 44.57|24.30 25.43|34.10 33.52|19.89 14.30|39.98 19.93
RMS(S+D) 4425 46.04|53.75 54.07 [27.92 27.96|43.12 44.80|33.20 33.58|39.50 39.61|24.50 16.83|41.68 20.26
ZCR(S) 33.50 34.87|43.50 45.39|23.71 24.86|40.30 41.65(23.80 23.21|30.20 30.48 |20.78 14.69|40.99 20.27
ZCR(S+D) 41.25 43.32|48.75 50.29 [28.64 27.91(44.92 45.26|30.30 30.11|39.10 39.19|28.47 19.05|41.63 20.70
MFCC(S) 77.75 77.95|78.00 79.34|72.97 72.79|84.45 84.19 |66.60 67.17 | 66.40 66.61|49.63 33.89|47.67 28.27
MFCC(S+D) 81.50 82.71|80.00 80.35[79.98 79.85|88.42 88.10|73.00 73.54|72.50 72.93|51.59 38.05|49.95 30.64
ASF 69.00 70.33|71.75 73.02|72.62 74.15|84.25 84.45(46.10 48.57|56.80 57.09|34.52 23.05|44.33 20.32
ASF+ADF 81.50 81.57|81.25 81.53|78.15 78.72|88.06 88.00|72.40 72.61|74.00 74.02|50.10 35.22(50.90 30.14
ASNet(CCA) 78.50 77.23|79.25 80.42|65.26 62.36|74.13 69.76 | 70.60 71.50|73.10 72.92|48.52 35.05|50.43 30.35
ASNet(KCCA-P) | 76.75 77.78|79.50 80.29 | 66.79 64.09 | 73.23 70.12 | 74.30 74.86|72.80 72.81|50.85 36.51|50.27 31.64
ASNet(KCCA-G) | 77.50 77.77|79.25 80.47|77.11 78.01|80.81 82.06|82.30 82.43|79.20 79.51|93.00 90.38|76.56 67.68
ASNet 90.00 90.80(92.96 92.41|86.83 87.77|91.63 92.02 (92.00 92.47 | 89.70 90.15|82.45 78.49|70.37 62.69

Table 1: Accuracy and Fl-score are employed to assess the classification performance of various feature combinations. The
classifiers utilized are Support Vector Machine (SVM) and Random Forest (RF).

USSK Homburg

Category Number Genre Number
Air conditioner 1000 Alternative 145
Car horn 429 Blues 120
Children playing 1000 Electronic 113
Dog bark 1000 Folk/Country 222

Drilling 1000 Funk/Soul 47
Engine idling 1000 Jazz 319
Gun shot 374 Pop 116
Jackhammer 1000 Rap/Hip-hop 300
Siren 929 Rock 504
Street music 1000 - -

Table 2: Information on imbalanced datasets

Urbansound8k Dataset: The Urbansound8k (US8K)
dataset is collected from various real-world environments
(Salamon, Jacoby, and Bello 2014), comprising a total of
8732 samples, each with a duration of up to 4 seconds. It
consists of 10 sound categories, and the specific categories
and their respective quantities are shown in Table 2.

GTZAN Dataset: The GTZAN dataset was proposed in
2002 (Tzanetakis and Cook 2002), which contains 1000
songs and is divided into 10 genres. Each genre contains 100
tracks and each track is 30 seconds long. GTZAN is a dataset
with balanced data, and the style gap between each genre is
relatively obvious.

Homburg Dataset: The Homburg dataset (Homburg et al.
2005) contains a total of 1886 10-second audios. The
amount of audio in each genre is unbalanced and some gen-
res are classified with similar styles into one category, so it
could be more challenging to classify the genres. The spe-
cific genres and quantities are given in Table 2.

Experimental Configuration

Deployment Details: The experiments in this paper use
MATLAB R2020b with a reservoir size of 50. Kernel scale
parameter v € {1076,107°,...,1071}. Ridge regression
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Figure 5: The impact of analyzing the correlation between
waveform fluctuation patterns on classification performance.

parameter § € {107°,1074,...,10}. The ESC-10 dataset
is evaluated using S5-fold cross-validation, while all other
datasets are evaluated using 10-fold cross-validation.

Baseline Methods: The performance of ASNet is evalu-
ated from three aspects: 1) Comparing with methods that
directly concatenate static and dynamic audio features with-
out correlation analysis for classification. 2) Using KCCA
combined with other kernel functions to explore the corre-
lation of waveform patterns as a reference. 3) Comparison
with some of the current state-of-the-art audio classification
methods, which have been described in related works.

Experimental Results and Specific Analysis

Table 1 presents the impact of waveform fluctuation patterns
and their correlations on audio classification. “S” denotes
Audio Static Features (ASF), and “D” represents Audio Dy-
namic Features (ADF) without correlation analysis, which
refer to waveform fluctuations. For instance, RMS(S) repre-
sents the untreated static RMS sequence, while RMS(S+D)
signifies the concatenation of the static RMS sequence with
the dynamic information of the RMS sequence acquired
through reservoir computing. CCA stands for replacing
the RKCCA module in ASNet with CCA, while KCCA-P
and KCCA-G respectively replace the reservoir kernel with
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Figure 6: The impact of accurately analyzing the correlation
between waveform fluctuation patterns on classification.

polynomial kernel and Gaussian kernel. We use accuracy
and F1-score to measure classification performance.

Effect of Waveform Patterns and Their Correlations:
Table 1 shows that introducing dynamic features improves
classification performance to varying extents across both
audio tasks, regardless of whether single or multiple au-
dio features are used. The degree of this improvement is
task-specific, reflecting the unique sensitivity to different dy-
namic information. This highlights the critical role of both
frequency-domain and time-domain waveform fluctuations
in enhancing audio discrimination. As evidenced in Figures
5(a) and 5(b), ASNet, utilizing RKCCA to analyze corre-
lations between these waveform fluctuations, surpasses the
straightforward merging of static and dynamic features with-
out correlation analysis in classification efficacy.

The Homburg dataset is characterized by a notable class
imbalance, leading to significant differences between F1-
score and accuracy when classifying directly from audio
features. In Figures 5(b) and 6(b), methods lacking proper
waveform fluctuation correlation analysis exhibit a larger
disparity in Fl-score with ASNet on the Homburg dataset
compared to other datasets. ASNet’s incorporation of corre-
lation analysis not only bolsters accuracy but also narrows
the gap between Fl-score and accuracy. This accentuates
ASNet’s prowess in handling imbalanced classification.

Effectiveness of Reservoir Kernel: Figures 6(a) and
6(b) show that, in terms of classification performance on
the ESC-10, US8K, and GTZAN datasets, ASNet using
the reservoir kernel surpasses other kernels in the figure.
Though the Gaussian kernel in ASNet excels on the Hom-
burg dataset, the reservoir kernel consistently proves more
stable. Table 1 indicates that linear (CCA without kernel
trick) or polynomial kernels don’t notably boost classifica-
tion and may even underperform compared to merely merg-
ing static and dynamic features without correlation analysis.
These results underline the importance of precise correla-
tion analysis between frequency and time-domain waveform
fluctuations in audio classification, with the reservoir kernel
standing out for its stability and efficiency.

Comparison with State-of-the-Art Methods: Table 3
and Table 4 compare the classification performance of
ASNet and some advanced methods on ESC and MGC
tasks, respectively. For the ESC-10, GTZAN, and Hom-
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[ Method [ ESC-10  USSK |
ISHMMs (Chandrakala et al. 2019) 74.00 85.47
MCLNN (Medhat et al. 2020) 85.50 74.22
Toffa-FS (Toffa et al. 2020) 88.50 -
AST (Gong et al. 2021) 90.03 90.86
AMM (Tripathi et al. 2023) 92.93 93.77
ASNet 92.96 91.63

Table 3: Comparison with state-of-the-art methods on ESC.

[ Method [ GTZAN Homburg |
JSLRR (Panagakis et al. 2014) 89.40 63.46
MCLNN (Medhat et al. 2020) 85.10 61.45

BN (Heakl et al. 2022) 90.00 64.00
Cai-FS (Cai et al. 2022) 91.80 65.20
ASNet(KCCA-G) 82.30 93.00
ASNet 92.00 82.45

Table 4: Comparison with state-of-the-art methods on MGC.

burg datasets, ASNet consistently achieves superior accu-
racy compared to the other methods. On the US8K dataset,
The accuracy of ASNet is also close to that of AMM, which
has a much larger parameter size. While much of the au-
dio classification research heavily focuses on deep learning
techniques, our model serves as a viable alternative, espe-
cially when computational resources or data are limited.

Regarding the datasets used in these experiments, there’s
a noticeable variance in audio lengths. This inconsistency is
especially prominent in the US8K dataset, which features a
mix of audio durations. However, ASNet maintains stable
classification performance across all these datasets, empha-
sizing its proficiency in managing audio classification tasks
with varied audio lengths.

Conclusion

The proposed Audio Scanning Network (ASNet) profi-
ciently captures waveform fluctuations in both the time and
frequency domains. Additionally, it employs the Reservoir
Kernel Canonical Correlation Analysis (RKCCA) module to
analyze their correlations and fuse them into an integrated
audio dynamic feature vector, significantly enhancing the
model’s classification capacity. ASNet focuses on the inher-
ent changing characteristics within both the time and fre-
quency domains of the data itself. Besides, the introduction
of the reservoir computing model in ASNet avoids itera-
tive training. These factors make it more suitable for data-
expensive tasks. Looking ahead, ASNet combines dynamic
information from both the time and frequency domains in
a high-dimensional space, thereby offering audio classifica-
tion models more valuable features to enhance accuracy and
stability. This opens up new possibilities in audio analysis
and classification. Additionally, its ability to handle different
audio lengths provides a practical solution, especially in sit-
uations where computational resources and data are limited.
We expect that future research will expand and customize
ASNet to address specific challenges in audio classification,
contributing to the ongoing development of this field.
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