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Abstract

ture to their spectral features.

In everyday life, people experience different soundscapes in which natural sounds, animal noises, and man-made
sounds blend together. Although there have been several studies on the importance of recurring sound patterns

in music and language, the relevance of this phenomenon in natural soundscapes is still largely unexplored. In this
article, we study the repetition patterns of harmonic and transient sound events as potential cues for acoustic scene
classification (ASC). In the first part of our study, our aim is to identify acoustic scene classes that exhibit characteristic
sound repetition patterns concerning harmonic and transient sounds. We propose three metrics to measure the over-
all prevalence of sound repetitions as well as their repetition periods and temporal stability. In the second part, we
evaluate three strategies to incorporate self-similarity matrices as an additional input feature to a convolutional neural
network architecture for ASC. We observe the characteristic repetition of transient sounds in recordings of “park”

and “street traffic”as well as harmonic sound repetitions in acoustic scene classes related to public transportation. In
the ASC experiments, hybrid network architectures, which combine spectrogram features and features from sound
recurrence analysis, show increased accuracy for those classes with prominent sound repetition patterns. Our findings
provide additional perspective on the distinctions among acoustic scenes previously primarily ascribed in the litera-

Keywords Acoustic scene classification, Sound recurrence analysis, Sound repetition patterns, Self-similarity matrix,
Harmonic-percussive source separation, Result fusion, Ensemble models

1 Introduction

During the course of their daily lives, humans are sur-
rounded by a wide variety of different soundscapes. A
soundscape defines the “acoustic environment as per-
ceived or experienced and/or understood by a person
or people, in context” [1]. These sounds come from
various sources and include, among others, geophonic
sounds such as running water and wind, biophonic
sounds coming from animals such as birds or insects,
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and anthrophonic sounds generated from human activi-
ties such as industrial or traffic noise [2, 3]. Even com-
plex acoustic environments with multiple concurrent
and consecutive sound events can be decomposed by
the human auditory system, allowing us to locate, detect,
and classify individual sound events. In the research field
of machine listening, sound event detection (SED) [4]
aims to detect and classify individual sound events as
local temporal-spectral patterns, while acoustic scene
classification (ASC) [5] aims at a high-level categoriza-
tion of the entire soundscape. Common ASC taxono-
mies cover between 10 and 15 classes of indoor and
outdoor scenes [6].

Audio recordings from different domains, such as
speech, music, and everyday sounds, differ in their
temporal structure and especially in the occurrence of
sound repetitions. For example, the temporal structure
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of speech signals is influenced by prosody, i. e., rhyth-
mic and intonational aspects of spoken language. Music,
on the other hand, exhibits structure and repetitions
on multiple levels, from individual notes to entire seg-
ments. At the most basic level, notes are sometimes
repeated or arranged in patterns to create melodies and
rhythms. These notes are further grouped into phrases
that are repeated or varied to create larger sections of
a song. At the highest level, the structure of a musical
piece is defined, among others, by repeating segments,
such as verses and choruses. This hierarchical organiza-
tion of repetition and variation is a fundamental aspect
of musical compositions [7]. Despite the large number
of independent sound sources, studies have shown that
natural soundscapes also exhibit repeating sound struc-
tures on multiple time scales [8, 9]. Examples range from
short-term tone repetitions, such as those found in bird
songs in natural soundscapes, to long-term repetition,
such as the daily ebb and flow of traffic noise in urban
soundscapes.

In this work, we address two main research questions.
First, we systematically investigate the temporal structure
in different types of acoustic scenes. More concretely, we
study the self-similarity matrix (SSM) as a structural rep-
resentation for the overall task of identifying repeating
sound patterns in audio signals, i. e., sound recurrence
analysis (SRA). Second, we compare different strategies
to integrate SRA into a deep learning-based ASC model
to improve its performance. The main contributions
of this work are as follows. First, we conduct a qualita-
tive data analysis and illustrate in which acoustic scene
classes sound repetitions occur, which repetition rates
are typical, and whether these sound repetitions relate
to harmonic or transient signal components. Second, we
propose and evaluate several fusion strategies to inte-
grate information about the self-similarity of an audio
signal in an ASC model based on a convolutional neural
network (CNN) architecture.

1.1 Acoustic scene classification

For the last decade, the Detection and Classification of
Acoustic Scenes and Events (DCASE) research com-
munity has been an important driver of research in
the field of ASC [6]. Historically, ASC has emerged
from Computational Auditory Scene Analysis (CASA)
research, which studies how human listeners process
complex environments by segregating and fusing audi-
tory features into auditory objects [10]. Early research
on ASC focused on combining audio signal processing
algorithms such as Mel frequency cepstral coefficients
(MFCC) with traditional machine learning algorithms
such as hidden Markov models (HMMs) and Gaussian
mixture models (GMMs) [5]. Similar to other fields of
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machine listening, ASC underwent a paradigm shift
towards data-driven deep learning-based algorithms,
in which both feature processing and classification are
part of the model to be trained.

In a more recent review [11] written by the first
author, common ASC algorithms are compared accord-
ing to different stages of data preparation and data
modeling. To this day, spectrogram-based audio signal
representations, such as the Mel spectrogram, are most
often applied and combined with logarithmic magni-
tude compression similar to the human auditory sys-
tem [12—-14]. Other feature representations applied in
recent ASC works include MFCC [15], Wavelet trans-
formation [16], amplitude modulation bank features
[17], scalogram [18], as well as raw audio signals [19]
for end-to-end learning.

ASC algorithms may include a source separation stage,
where a given acoustic scene recording is decomposed
into multiple audio streams, or signal enhancement,
where some signal parts are enhanced while others are
suppressed. For example, harmonic-percussive source
separation (HPSS) [20] separates harmonic and transient
signal components [13, 21] while the repeating pattern
extraction technique (REPET) [22] separates foreground
sounds from repetitive background sounds [23]. The per-
channel energy normalization (PCEN) technique [24, 25]
suppresses stationary background noise. Another core
element of deep learning-based ASC algorithms is data
augmentation to increase the amount and variability of
training data. Common methods include mixup [14, 26],
temporal crop [12], and SpecAugment [27].

In the last 3 years, different research trends can be
identified in ASC research, driven in part by designated
tasks in the annual DCASE challenges. Acoustic scenes
are often defined by a set of characteristic sound events.
Consequently, approaches for joint SED and ASC mod-
eling have been proposed, e.g., using binaural audio fea-
tures [28] or relational graph representations [29]. In
multichannel recording setups, spatial features based on
cross-correlation analysis have been shown to improve
ASC performance [30]. Another main research focus
is on device mismatch scenarios, where the different
recording characteristics between the ASC model train-
ing and the inference stage cause a domain shift. Several
domain adaptation methods have been proposed as coun-
termeasures, ranging from normalization techniques
[31] to data augmentation techniques such as impulse
response augmentation [32]. Finally, another recent trend
is to design efficient deep neural network architectures
and model compression techniques [33, 34], which allow
the deployment of ASC models on resource-constrained
mobile devices and hearables.
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1.2 Sound recurrence analysis

In several audio domains, methods for SRA have been
developed. As shown in [35], both repetitive and sta-
tionary sound components can be identified using a
binarized self-similarity matrix (SSMs) computed over
acoustic features such as MFCCs. This has been shown to
be beneficial for different environmental sound classifica-
tion tasks such as ASC [35] and urban sound event classi-
fication [36] as well as crowd sound classification during
basketball games [37]. As an alternative to self-similarity
matrices, the real and imaginary parts of the complex
modulation spectrogram have been used as a multichan-
nel feature representation for an ASC model based on a
convolutional recurrent neural network (CRNN) [38].
In music information retrieval (MIR), SSMs are a widely
used feature representation, as they can be computed
on various audio feature representations to unravel rep-
etitions and homogeneous segments in different domains
such as rhythm, timbre, or harmony [7]. Extending the
concept of self-similarity, similarity between different
music recordings has been analyzed using cross recur-
rence plots (CRP) to identify cover songs [39].

2 Dataset

In this study, we use the development set of the TAU
Urban Acoustic Scenes 2019 dataset used in the DCASE
2019 Task 1A', This dataset includes 40 hours of audio
data recorded in 10 European cities at a sample rate of
48 kHz. The audio recordings were divided into 14,000
ten-second-long long stereo audio segments, which
are evenly distributed throughout the 10 acoustic scene
classes airport, shopping mall, metro station, pedestrian
street, public square, street with medium level of traffic,
traveling by tram, bus, and metro as well as urban park.
We use the pre-defined dataset partitioning into training
and test sets based on separated recording locations. Fur-
thermore, we manually split the official training set into a
training set (= 70%) and a validation set (= 30%) follow-
ing the same criterion. In total, the ratio between train-
ing, validation, and the test set is approximately 5:2:3.

3 Audio processing

3.1 Audio feature representations

We process 10 s long audio signals at a sample rate of
fs =22.05kHz. We use both channels of the stereo
recordings in the baseline system (see Section 5.1.1) and
a mono-down-mix thereof in all SRA-based models (see
Section 5.1.2). The Mel spectrogram X € RX*N is calcu-
lated using an FFT size of 1024 samples (46.4 ms), a hop
size of 512 samples (23.2 ms), K = 128 Mel bands, and
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N € N time frames. Logarithmic magnitude scaling is
applied. In our experiments, we use the /ibrosa Python
library [40]%

3.2 Self-similarity matrix

Before computing the self-similarity matrix, we perform
background subtraction to enhance salient foreground
sounds and suppress stationary background noise. We
estimate the background spectrogram X} by applying
a median filter on X using a kernel of size 81 along the
time axis (corresponding to 1.88 s) and 5 along the fre-
quency axis and compute a spectrogram with enhanced
foreground events as

X¢ = X — min (X, Xp). (1)

The self-similarity matrix (SSM) S € RN*N s cal-
culated based on the cosine similarity between pairs
of spectral frames, i.e., columns in X;. We first create a
modified spectrogram X; by normalizing all columns in
Xf to unit Ly norm and compute the SSM as

§ =X/ Xs. (2)

As a final step, we enhance the path structures in S as
proposed in [41]. Here, we first use diagonal smoothing
with a filter length of 5 to enhance the path structures.
In a second step, we apply a tempo difference adaptation
to compensate for tempo variations of roughly — 50 to
50% as some similar sound patterns may appear at dif-
ferent tempos. As an example, Fig. 1 illustrates (from top
to bottom) the Mel spectrogram X, the Mel spectrogram
after applying the background subtraction X, and the
final self-similarity matrix S for an audio recording of the
DCASE2019 TasklA development set, which is associ-
ated with the acoustic scene class tram.

3.3 Harmonic-percussive source separation (HPSS)

In this section, we briefly introduce harmonic-percussive
source separation (HPSS). This method outputs two alterna-
tive signal representations for SRA, from which we compute
SSM representations as introduced in Section 3.2. HPSS
separates an audio signal into two streams with orthogonal
spectral characteristics. On the one hand, the harmonic
stream includes harmonic sounds with stable fundamental
frequency that manifest themselves as horizontal line struc-
tures in a spectrogram. On the other hand, the percussive
stream is characterized by transient sounds, which appear
as vertical line structures in a spectrogram. We use the
method proposed in [20] and further discussed in [7], which
combines two median filtering operations in horizontal and

! https://dcase.community/challenge2019/task-acoustic-scene-classification
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Fig. 1 Example audio recording from tram class shown as a Mel spectrogram X, b Mel spectrogram after applied background subtraction X;, and ¢

self-similarity matrix S

vertical directions, i.e., along time and frequency. From the
filtered spectrograms, time-frequency masks are derived,
which allow one to filter the original signal into a harmonic
and percussive stream. In preliminary experiments, we
found that suitable median filter sizes are 81 along time and
15 along frequency, respectively.

4 Sound recurrence analysis in acoustic scenes

In this section, we introduce three metrics to describe
sound repetition patterns in acoustic scenes. First, the
prevalence metric introduced in Section 4.1 describes
how clearly a sound repetition pattern is pronounced. Sec-
ond, the sound repetition rate introduced in Section 4.2

characterizes the number of sound repetitions in a given
time interval. Finally, the temporal irregularity metric
introduced in Section 4.3 describes how regularly the
sound repetitions occur. Figure 2 illustrates the concepts
discussed for three acoustic scenes with regular, irregular,
or no sound repetitions. In our data analysis, we focus on
two aspects. First, we initially apply a signal decomposi-
tion using HPSS (see Section 3.3) to investigate whether
these repetitions manifest themselves in harmonic or
transient sound components. Second, we study to what
extent these repetitions are characteristic of particular
acoustic scenes and therefore could provide important
cues for an ASC algorithm (see Section 5).
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Fig. 2 Three examples of acoustic scenes with a regular sound repetitions (beeping sounds in tram), b irregular sound repetitions (passing cars
in traffic environment), and ¢ no sound repetition (shopping mall ambience). For each acoustic scene, the figures (from top to bottom) show
the Mel spectrogram X, the modified SSM Sp, the column-wise average g, its autocorrelation function ACF,, and its magnitude spectrum |DFT,|

4.1 Prevalence of sound repetition patterns

We define two metrics based on the SSM S to measure
the prevalence of sound repetitions. In order to empha-
size repetitive patterns, we first subtract the global
mean of S and apply clipping to a lower bound of 0 as

] NN
Sp:=max | 0,S — 2 Z 25(1’111712)

nm=1ny=1

®3)

We observed that the global average over Sy increases
with a higher number and a longer duration of repeated
sound events. Consequently, we derive a prevalence
metric yp as

;] NN
=1 >0 Solm,ma).

n=1ny=1

(4)

For the three examples shown in Fig. 2, we observe a
higher prevalence value of yp = 0.041 for the example
with regular repetitions in Fig. 2a compared to yp = 0.037
and yp = 0.026 for the examples with irregular repeti-
tions in Fig. 2b and no repetitions in Fig. 2¢, respectively.

4.2 Sound repetition rate

The second characteristic we investigate is the repetition
rate of a sound sequence, which can vary greatly depend-
ing on the type of sound source. For example, after lis-
tening to several traffic class examples in our dataset, we
observed that vehicles pass at a rate of 2 s to 5 s, which
corresponds to repetition rates of 0.2 Hz to 0.5 Hz. In
contrast, noises from running machines in a factory sce-
nario often exhibit higher sound repetition rates in the
range of 1 Hz. Since acoustic scenes are characterized
by a unique set of common sound sources, we expect the
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sound repetition rate to be a meaningful cue to inform
ASC algorithms.

As a basis for a periodicity analysis, we calculate the
column-wise average a € RN over the modified SSM Sy
as

1 N-1
aim) =~ Y Solm, ) ©)

ny=0

for n; € [0, N — 1]. We estimate the predominant rep-
etition period TR using two common methods: the auto-
correlation function (ACF) and the discrete Fourier
transform (DFT). Based on the applied feature extraction
parameters (see Section 3.1), the temporal resolution of
a is At ~ 23.2 ms, which corresponds to a sampling fre-
quency of fg = 1/At = 43.1Hz.
The ACF over a is defined at time lag [ as

N-1

ACF,(1) := ) " a(m) - a(m — 1), (6)

m=0

All peaks at non-zero lag positions indicate high local
self-correlation and hence a possible signal repetition.
Therefore, we estimate TR in x as the lag of the largest
local peak for [ > 0.

While the ACF characterizes the self-similarity prop-
erties of a signal in the time domain, the DFT decom-
poses a signal into multiple periodic signals defined
by different frequency, magnitude, and phase values.
Similarly to the ACF, we estimate the repetition rate
from the frequency position of the highest peak in the
DFT magnitude spectrum. Before computing the DFT
over a, we apply zero-padding to increase the signal
length by factor 5 and Hann window to reduce spectral
leakage.

Finally, when choosing whether to use ACF, or DFT,,
we generally prioritize DFT, to estimate the sound rep-
etition rate Tr unless 1) the difference between two
highest detected peaks of ACF, exceeds an empirical
threshold of 0.1, or 2) Tr estimated with DFT, is larger
than 10 s, which occasionally happens due to zero
padding.

In the first acoustic scene illustrated in Fig. 2a, the
ACF, shows equidistant peaks, which gradually decay
with increasing lag values. The lag position of the highest
peak for / > 0 is around 1 s, leading to a repetition rate
of around 1 Hz. This result is confirmed by the largest
peak in the DFT, magnitude spectrum around 1 Hz. The
remaining peaks can be interpreted as sub-harmonics
at multiples of the actual repetition period. For acoustic
scenes without sound repetitions, as shown in Fig. 2c,
both ACF, and DFT, do not exhibit a clear peak structure
and therefore do not allow for reliably estimating 7. In
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the case of irregular repetitions (Fig. 2b), the ACF, func-
tion has a more ambiguous peak structure, since multiple
repetition rates can be observed.

4.3 Temporal irregularity
As a third characteristic, we measure the temporal
irregularity of the sound repetitions. If sounds are emit-
ted, for instance, from evenly running machines, the
sound repetition rate is approximately constant. If, in
contrast, sounds are emitted from multiple independ-
ent sound sources, sound repetitions are often irregu-
lar. Examples of such irregular sound repetitions are
vehicle sounds from passing cars in a traffic environ-
ment or bird calls in nature environments. The tempo-
ral irregularity of the sound repetitions is well reflected
in the non-sparsity in DFT,. Regular sound repetitions
result in sparse peaks in DFT,, whereas irregular rep-
etitions lead to a more noisy and less sparse structure
in DFT,.

Following [42], we use a non-sparseness measure to
quantify temporal irregularity in DFT, as

_ IDETals
VN — 5t
VN -1

where |[DFT,||; and ||DFT,||2 denote the £; norm and £,
norm over DFT,. With yr1 € [0, 1], lower values of yt1
indicate more regular sound repetitions, whereas higher
values of yr1 indicate more random sound repetitions.
This intuition is confirmed for the three examples of
acoustic scenes illustrated in Fig. 2. For the two examples
of regular and irregular repetitions in Figs. 2a and b, we
observe y11 = 0.251 and p11 = 0.269, respectively, while
the third example without sound repetitions shown in
Fig. 2c leads to a higher value of yr1 = 0.454.

yri=1-— (7)

4.4 Selecting acoustic scenes with sound repetitions
Naturally, the sound repetition rate introduced in Section 4.2
is only a meaningful concept in acoustic scenes with actual
sound repetitions. We therefore combine three criteria to
select those audio recordings for SRA analysis, which either
(i) simultaneously show a high prevalence value yp and a low
irregularity ', (ii) show a very high prevalence value, or (iii)
show a very low irregularity value. We empirically found the
following threshold values by manually observing around
300 example recordings from our dataset:

(yp > 0.03 A y11 < 0.4) VvV (yp > 0.04) V (y11 < 0.3).

(8)

These selection criteria are applied only for the sound
recurrence analyses discussed in Section 4. For the
ASC experiments that will be discussed in Section 5,
the entire dataset is used. Considering again the three
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examples from Fig. 2, we would include for the sound
recurrence analyses the first example with regular
repetitions, which fulfills yp > 0.04 as well as the sec-
ond example with irregular repetitions, which fulfills
yp > 0.03 A y11 < 0.4. Figure 3 illustrates the joint dis-
tribution between the metrics yp and y11 for each acous-
tic scene class in our dataset. Samples shown in blue
fulfill the combined selection criterion given in (8).

4.5 Results and discussions

Sections 4.5.1 and 4.5.2 summarize the main findings
from a statistical analysis of the class-wise distributions
of the sound recurrence metrics yp, yr, and Tr, com-
puted over the harmonic and percussive signal streams,
respectively. After confirming the non-normality of the
class-wise distributions using the Shapiro-Wilk test, the
Kruskal-Wallis H-test and Dunn’s post-hoc test using a
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Bonferonni correction were used to identify groups of
acoustic scene classes with significantly different group
medians.

4.5.1 Transient sound repetitions

Figure 4 summarizes the characteristics of repetitive
transient sound patterns for different acoustic scenes
classes. We observe similar distributions in yp for the
classes bus and metro. Similarly, the classes shopping
mall and street pedestrian form a second group with
similar group medians. Looking at yri, we observe
that the classes street traffic and park form the group
with the lowest prevalence of transient sound repeti-
tions while the class tram has the highest prevalence,
which is presumably caused by rattling driving noises.
Despite the low prevalence, transient sound repetitions
in street traffic recordings have the highest temporal
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Fig. 3 Joint distribution between the prevalence of sound repetition patterns yp and temporal irregularity yr illustrated for each acoustic scene
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regularity (lowest median yp values). Our interpreta-
tion is that the sounds emitted from passing vehicles
are quite different among themselves, but occur at a
constant rate.

As a third attribute, Fig. 5 provides histograms of the
sound repetition period for individual acoustic scene
classes. Audio recordings without clear sound repetitions
are excluded according to criterion (8). The number of
acoustic scenes considered for the SRA is given in paren-
theses. We make the following observations. First, the
acoustic scenes park and public square show fewer sound
repetitions compared to the other classes. Second, his-
tograms generally indicate similar distributions between
classes, with most of the observed repetition periods
being around 2 s. As an exception, the sound repetition

Airport (743) Bus (942) Metro (943)

40
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o M l-_ l I-__ . I-_f
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periods of passing vehicles in street traffic scenes are
more evenly distributed and exhibit values up to 5 s. This
can be explained by different distances between consecu-
tive vehicles.

4.5.2 Harmonic sound repetitions

In this section, we focus on repetitions of harmonic
sounds, which are characterized by stable frequency
components over time. In our dataset, examples of such
sounds are car horns in the traffic scene, beeping sounds
in public transportation announcements, or bird calls
in the park scene. Figure 6 illustrates the class-wise dis-
tributions of the prevalence metric yp and the temporal
irregularity metric yr1. Figure 6a shows that in general,
repetitions of harmonic sounds are less frequent than

Metro station (813) Park (357)

Tram (1099)

Street traffic (500)

_II.-__
0 5

TR (s)

Ml
0 5

Tr (s)

5 10 10 10

Fig. 5 Histograms of the estimated repetition periods T of transient sound repetition patterns for different acoustic scene classes. Absolute

number of recordings per class considered for SRA is given in brackets
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repetitions of transient sounds, which is indicated by
average values of yp around 0.025 and 0.04, respectively.
Furthermore, we observe a higher number of repetitive
harmonic sounds in acoustic scene classes related to pub-
lic transportation (bus, metro, metro station, and tram).
At the same time, Fig. 6b confirms that in particular in
nature environments (park), harmonic sound repetitions,
such as from bird calls, tend to be more irregular. As can
be seen in Fig. 4b, a similar observation can be made for
transient sound repetitions.

5 Integration of sound recurrence analysis

for acoustic scene classification
Qualitative data analysis presented in Section 4 indicates
that sound recurrences are a characteristic property in
several types of acoustic scenes. Based on this observa-
tion, we investigate different approaches to integrate SRA
features into a deep neural network-based ASC model.
This approach complements qualitative data analysis and
allows us to investigate to what extent the recognition of
class-specific sound repetition patterns can contribute to
improve acoustic scene classification. In the experiments
described in this section, our focus is not on surpassing
state-of-the-art performance on the ASC data set used
but on a quantitative performance comparison between
different input feature combinations.

5.1 Model architectures

5.1.1 Baseline model

Different frequency bands contain discriminatory infor-
mation for ASC [43]. We use a ResNet architecture
proposed in [44] (denoted as M-SPEC), which uses two
input branches with multiple residual layers that sepa-
rately process the low- and high-frequency parts of a
Mel spectrogram. The authors hypothesize that a sepa-
rate processing of low and high frequencies allows to
learn separate feature representation for improved ASC.
While this hypothesis has not been validated directly, the
proposed model architecture achieved second place in

High Frequency Half

[eRRRR —>

Mel Spectrogram

M =

Audio Signal

s —>

Low Frequency Half
Fig. 7 Architecture of the baseline model [44] (M-SPEC)
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the DCASE 2019 task 1B “Acoustic Scene Classification
with mismatched recording devices” The feature maps
at the output of both input branches are concatenated.
Then, convolutional layers of shape 1 x 1 are used such
that the resulting feature map has 10 output channels. A
final global average pooling operation yields classification
scores for all 10 classes. The architecture of this baseline
model is illustrated in Fig. 7.

In the residual layers, strided convolutions with a ker-
nel size of 3 x 3 are performed in such a way that feature
maps are only down-sampled across time, not across fre-
quency. The model uses a multichannel input feature that
includes the Mel spectrogram and its first two deriva-
tives. The input branches of the network process the
upper and lower 64 Mel bands of the input feature, which
corresponds to a cutoff frequency of around 2150 Hz. For
training the M-SPEC model, we use Mixup data augmen-
tation [45] with @ = 0.6 and stochastic gradient descent
(SGD) optimization with a momentum of 0.9 and a batch
size of 32. Following [12, 46], we apply a cosine anneal-
ing-based learning rate scheduler with a maximum learn-
ing rate of 0.001 and use early stopping on the validation
set.

5.1.2 Model based on sound recurrence analysis

The M-SPEC model introduced in Section 5.1.1 pro-
cesses spectrogram features and therefore can learn to
recognize acoustic scenes based on their timbral proper-
ties. Given the scope of this work, we investigate another
model architecture (denoted as M-SRA), which processes
only SRA features such as the self-similarity matrix
obtained from the Mel spectrogram (compare Sec-
tion 3.2). By excluding spectrogram features, this model
allows us to investigate to what extent different acous-
tic scenes can be classified only based on class-specific
sound repetition patterns. Unlike the time and frequency
axes of a spectrogram, an SSM has two time axes with a
similar meaning. Since images similarly have two seman-
tically related dimensions, we adapt the ResNet-101 [47]

Residual
Layers

Convolutional

Concatenation E Layers

—>{ Classification )
A /

Residual
Layers
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architecture from the computer vision domain and apply
it to SSM based input features. The general architecture
of the model is illustrated in Fig. 8. Before computing the
SSM, we down-mix the stereo audio recordings to single-
channel audio recordings. Then, we obtain a two-channel
feature with separate SSMs for the harmonic and per-
cussive stream if HPSS is applied prior to the SSM com-
putation and a single-channel feature if not. We use the
same training hyperparameters as for the M-SPEC model
introduced in Section 5.1.1.

5.1.3 Hybrid models

In the hybrid network architectures introduced in this
section, we compare different fusion strategies to com-
bine spectrogram features and SRA features for ASC.
All models are trained using the same methodology as
described in Section 5.1.1.

As a first strategy, we apply an intermediate fusion
approach as illustrated in Fig. 9. In this model, both the
spectrogram features and the SRA features are processed
by individual network branches before the resulting fea-
ture maps are fused and processed by the final layers to
yield a classification result. We compare two fusion strat-
egies: a concatenation of feature maps from both input
branches based on combining 1 x 1 convolution and

.
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global average pooling (denoted as M~HYB-CON) and a
weighted element-wise summation of both feature maps
(denoted as M-HYB-SUM). For the latter, the weighted
summation is defined as

z=in1+ A — Dz 9)

given two flattened feature maps z; € R? and z; € R? as
well as a weighting factor 4 € R, which is implemented as
a trainable parameter in the network.

As a second strategy, we combine the two mod-
els introduced Sections 5.1.1 and 5.1.2 into a classifier
ensemble, which benefits from the individual strengths
of each model. As long as the individual models are
diverse and independent, we expect the prediction error
to decrease using the ensemble model. During inference,
we average the probability estimates for each acoustic
scene class across both classifiers. This model is denoted
as M-HYB-ENS.

As a third strategy, we implement an additional ensem-
ble model (denoted as M-ENS—-GLOB) that combines the
predictions of the single-branch models M-SPEC and
M-SRA as well as the dual-branch model M-HYB-CON.
This model can be considered as an upper performance
limit, as it combines the individual strengths of these
three models. However, realistically, this model would

LI T TR T Y
L T Y
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L T TR T T Y
L L T L T )
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Fig. 8 Architecture of the M-SRA model
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: ) 4
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Baseline Model

Mel Spectrogram

Fig. 9 Model architecture overview of M-HYB-CON and M-HYB-SUM models, which combine spectrogram features and SRA features using

different intermediate fusion approaches
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Table 1 Summary of ASC models categorized by model name,
section reference, input feature(s) (MS: Mel spectrogram, SSM:
self-similarity matrix), and fusion strategy

Model Section Input feature Fusion strategy
M-SPEC 5.1.1 MS (frequency split) -

M-SRA 512 SSM -

M-HYB-CON 513 MS + SSM IF (concate)
M-HYB-SUM 513 MS + SSM IF (sum)

M-HYB-ENS 5.3 ENS(M-SPEC, M-SRA)
M-ENS-GLOB 5.1.3 ENS(M-SPEC, M-SRA,

M-HYB-CON)

not be used in practice, as the spectrogram features and
the SRA features are processed redundantly in different
models. We summarize all models introduced in Sec-
tion 5.1 in Table 1.

5.2 Results and discussions

Table 2 provides both the class-wise and average accu-
racy scores for ASC obtained by the single-branch
models M-SPEC and M-SRA, the dual-branch models
M-HYB-CON, M-HYB-SUVM, and M-HYB-ENS as well as
the global ensemble model M~ENS-GLOB.

5.2.1 Spectrogram features

The M-SPEC model reaches 67.5% average accuracy on
the test set. The confusion matrix illustrated in Fig. 10a
shows that park and street traffic are classified most reli-
ably with accuracy values above 80%. At the same time,
we observe several misclassifications due to explainable

(2025) 2025:1
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similarities between acoustic scene classes. Around 16%
of the test instances are confused between public square
and street pedestrian, which both share sounds from
human actions and conversations. As another example,
we observe several confusions of around 20% between
recordings of the metro and tram classes, which were
recorded in public transportation with similar indoor
acoustic characteristics.

5.2.2 SRA features

During an initial experiment, we observe a slight
improvement in the classification accuracy from 39.3 to
39.9% when both background subtraction (BS, see Sec-
tion 3.2) and HPSS (see Section 4) are used as preproc-
essing steps. Figure 10b shows the confusion matrix
obtained for this M-SRA model configuration. There-
fore, for the remainder of this work, we used HPSS con-
sistently for all model configurations that involve SRA
features.

Given that this model only takes SRA features and no
spectrogram features as input, it is notable that it still
shows a good classification performance of 60% for park
and 70% for street traffic. These results confirm that both
acoustic scene classes exhibit class-specific sound repeti-
tion patterns. The results of the qualitative analysis dis-
cussed in Section 4.5 offer a possible explanation: Here,
we find that street traffic recordings show transient sound
repetitions from passing vehicles, which are regular but
have a lower repetition rate. On the other hand, the park
recordings show fewer regular repetition structures for
harmonic and transient sounds. On the contrary, metro

Table 2 Class-wise and averaged accuracy values for single-branch, dual-branch, and global ASC models listed in Table 1

Scene class Model

Single-branch Dual-branch Global

M-SPEC M-SRA M-HYB-CON M-HYB-SUM M-HYB-ENS M-ENS-GLOB
Airport 0.60 045 0.75° 0.58 061 0.75
Bus 0.67 0.39 0.70 0.76° 0.69 0.73
Metro 0.69 037 0.61 0.67 0.67 0.67
Metro station 0.63 0.25 0.69° 0.67 0.64 0.72*
Park 084 0.60 0.82 0.77 084 0.86*
Public square 0.57 027 0.57 042 0.53 0.59*
Shopping mall 0.71 0.35 0.70 0.70 0.71 0.70
Street pedestrian 0.57 022 0.55 0.56 0.52 0.58*
Street traffic 0.81 0.70 0.78 0.79 0.85° 0.83
Tram 0.67 043 0.75 0.77° 0.67 0.75
Average accuracy 0.675 0.399 0.690 0.671 0.669 0.715

Bold font indicates highest class-wise score across all models. Classes, where the dual-branch models outperform single-branch models, are marked with ©. Classes,
where the global ensemble model M-ENS-GLOB achieved a higher accuracy than all other models, are marked with *
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station, public square, and street pedestrian show poor
classification results below 25%, which indicates that
these classes do not have distinctive sound repetition
patterns or that typical long-term patterns are not cap-
tured due to the limited audio clip duration of 10 s.

In addition to the class-wise performance, we observe
three groups of acoustic scenes with prominent confu-
sions: (1) airport, shopping mall, and street pedestrian,
(2) tram, bus, and metro as well as (3) public square and
park. The acoustic scene classes in each group share
very similar distributions of the three sound recurrence
metrics introduced in Section 4, namely the prevalence
yp, the temporal irregularity yr1, as well as the repetition
period TR, across the transient and harmonic sounds as
shown in Figs. 4, 5, and 6.

5.2.3 Hybrid ASC models

After discussing the performance of the ASC mod-
els, which exclusively use spectrogram or SRA features,
we now focus on the performance of the hybrid models
introduced in Section 5.1.3, which combine both types of
features. The accuracy scores of the single-branch mod-
els M-SPEC (A = 0.675) and M-SRA (A = 0.4) serve as
a reference to compare the performance of the hybrid
models.

We first focus on the performance of the dual-branch
models. For each of the classes airport, bus, street traf-
fic, and tram, one of the dual-branch models outperforms
the M-SPEC model (marked by °), which demonstrates
the potential to complement spectrogram-based fea-
tures with SRA-based features for ASC. However, none
of the models shows a significant global improvement in
all classes compared to the M-SPEC model. We suspect
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that sound repetition patterns provide only discrimina-
tive cues for a subset of the investigated acoustic scene
classes, as also confirmed by the results discussed in Sec-
tion 4.5. Among the aggregation strategies, the interme-
diate fusion approach in the M-HYB-CON model, where
intermediate feature maps are concatenated, leads to the
highest accuracy value A = 0.69, which represents an
improvement of 1.5% compared to the M-SPEC model.
As expected, the global model M-ENS-GLOB achieves
the highest average accuracy of A = 0.715 and outper-
forms the other models for the classes metro station,
park, public square, and street pedestrian as indicated
by *. However, the differences in accuracy between the
M-SPEC model and the M-HYB-CON as well as M-~ENS-
GLOB models are not statistically significant as confirmed
by one-way ANOVAs (distribution normality was test
using the Shapiro-Wilk test). Furthermore, for a practi-
cal application, such a global ensemble model is not very
efficient, since it requires the individual results of three
different classification models to arrive at a decision.

6 Conclusion

In this paper, we examined sound repetitions in various
types of acoustic scenes. Specifically, we used the self-
similarity matrix as a suitable signal representation for
sound recurrence analysis (SRA) in audio recordings.
Through an initial qualitative data analysis, we identi-
fied characteristic repetition patterns for harmonic and
transient sound elements for different acoustic scene
classes. In the second part of our work, we introduced
and evaluated multiple fusion strategies designed to inte-
grate information about the self-similarity of an audio
signal into an acoustic scene classification model based
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on a convolutional neural network architecture. Our
results demonstrate that hybrid network architectures,
which combine spectrogram features and SRA features,
can lead to an increase in ASC accuracy for those acous-
tic scene classes which exhibit characteristic sound rep-
etition patterns. However, when looking at the overall
classification performance averaged across all acoustic
scene classes, we found that the accuracy gains of 0.015
(hybrid model M-HYB-CON) and 0.04 (global ensemble
model M-ENS-GLOB) are not statistically significant.
This stands in contrast to previous work [48], where the
performance of an ASC algorithm based on support vec-
tor machine (SVM) classifier and MFCC timbre features
improved when features derived from a recurrent quan-
tification analysis were integrated. However, similar to
our findings, features derived from a spectrogram filter-
ing, which was informed by self-similarity, only improved
classification accuracy when being used within classifier
ensembles in the ASC system presented in [23].

Our analyses further provided a deeper insight into the
characteristics of sound repetition patterns in natural
acoustic scenes. In particular, we found that sound rep-
etitions are particularly present in vehicle-related scene
classes such as bus, metro, and tram and generally show up
in transient rather than harmonic sounds. The classes with
the most regular sound repetitions are street traffic for
transient sound repetitions as well as bus, metro, and tram
for harmonic sound repetitions. In general, most repeti-
tion periods are around 2 s. Therefore, while we have only
examined signals with a duration of 10s in this work, char-
acteristic sound repetitions should therefore also be recog-
nizable in shorter signals with a duration of at least 4s.

It should be noted that the highest average accuracy of
A = 0.715 (see Table 2) is clearly below the best accuracy
reported in [44] for the baseline model of A = 0.81. We
see two possible reasons for this. On the one hand, we
did not use the random crop data augmentation as pro-
posed in [44], since it significantly increases the compu-
tational cost for computing self-similarity matrices on
the fly during training. On the other hand, we only used
70% of the development set as training data as described
in Section 2. Although we did not achieve state-of-the-art
results for the applied acoustic scene classification (ASC)
dataset, we believe that our results nevertheless provided
valuable insights into the importance of sound repetition
patterns for different acoustic scenes. As a potential limi-
tation of the SSM-based SRA approach, many perceptu-
ally relevant sound repetitions in natural acoustic scenes
may not manifest as exact repetition patterns and might
require a more fuzzy detection approach. Furthermore,
we believe that the modulation spectrogram could be a
possible alternative signal representation for SRA.

(2025) 2025:1
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Abbreviations

AFC Autocorrelation function

ASC Acoustic scene classification

CASA Computational auditory scene analysis

CNN Convolutional neural network

CRNN Convolutional recurrent neural network

CRP Cross recurrence plot

DCASE  Detection and Classification of Acoustic Scenes and Events
DFT Discrete Fourier transform

FFT Fast Fourier transform

GMM Gaussian mixture model

HPSS Harmonic-percussive source separation
HMM Hidden Markov model
MFCC Mel frequency cepstral coefficient

MIR Music information retrieval

PCEN Per-channel energy normalization
REPET Repeating pattern extraction technique
SED Sound event detection

SRA Sound recurrence analysis

SSM Self-similarity matrix

SVYM Support vector machine
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