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Noise exposure influences the comfort and well-being of people in several contexts,
such as work or learning environments. For instance, in offices, different kind of
noises can increase or drop the employees’ productivity. Thus, the ability of separat-
ing sound sources in real contexts plays a key role in assessing sound environments.
Long-term monitoring provide large amounts of data that can be analyzed through
machine and deep learning algorithms. Based on previous works, an entire work-
ing day was recorded through a sound level meter. Both sound pressure levels and
the digital audio recording were collected. Then, a dual clustering analysis was car-
ried out to separate the two main sound sources experienced by workers: traffic and
speech noises. The first method exploited the occurrences of sound pressure levels via
Gaussian Mixture Model and K-means clustering. The second analysis performed a
semi-supervised deep clustering analyzing the latent space of a Variational autoen-
coder. Results show that both approaches were able to separate the sound sources.
Spectral matching and the latent space of the variational autoencoder validated the

assumptions underlying the proposed clustering methods.
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I. INTRODUCTION

A common metric for sound monitoring is represented by the A-weighted continuous
equivalent level Ly . Deeper statistical representations of acoustic monitoring are provided
by percentile levels, i.e. the 95% SPL (Yadav et al., 2021). However, the Ly o, does not show
any detail about the acoustic scene (Green and Murphy, 2020). Further, the assessment of
background noise levels through percentiles relies on temporal assumptions. The need of
going beyond the Lj ¢ has been addressed especially in passive acoustic monitoring. In
works concerning ecology and underwater acoustics, for instance, the assessment of the
ambient noise levels is carried out through the probability density of the power spectral
density (Merchant et al., 2013, 2015; Parks et al., 2009). The separation of sound sources
would allow more detailed analyses of sound contexts. This ability can improve monitoring

and design of several contexts resulting in the achievement of more comfortable spaces.

Workplaces are one of the most lived-in spaces by people. The achievement of a comfort-
able environment is important for both well-being and productivity. In offices, the latter
are deeply influenced by noises. Individual perceptions can be affected by the nature of
sound (Koskela et al., 2014). The performances can either decrease or increase. It has been
shown that both high or low frequency noises can improve cognitive tasks (Alimohammadi
and Ebrahimi, 2017). The most important factor related to workers’ comfort concerns the
speech intelligibility. Thus, the most distracting noise for workers is represented by col-
leagues’ speech (Ellermeier et al., 2001; Haapakangas et al., 2020). The NF S31-199 and

the ISO 22955:2021 highlight the importance of assessing the noise levels at workstations
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depending on the activity carried out in the office. In particular, the ISO provides a survey
for employees to rank the level of annoyance of several noise sources. This new approach
deeply affects the design of open-plan offices (Harvie-Clark et al., 2021; ISO 22955, 2021; NF
S31-199, 2016). Thus, the ability of separating the noise sources is fundamental. However,
there is a lack of ability in the technical praxis about measuring sound sources in real-world

contexts.

Measurement techniques based on the statistical probability densities of SPLs were used
to monitor noise contributions in classrooms. These methods are based on machine learning
algorithms. Machine learning is the study of algorithms that improve their performance
through the experience (Mitchell, 1997). The applications of these techniques frequently
involve statistical methods and their use is rapidly increasing in acoustics (Bianco et al.,
2019). Long-term monitoring allow to collect large amounts of data. Thus, sound level meter
measurements can be exploited using statistical methods. To analyze the collected SPLs,
clustering techniques can find pattern among data. The multimodal SPLs’ occurrences curve
were exploited via Gaussian Mixture Model and K-means clustering to separately assess the
noise due to the HVAC systems, the noise produced by the students, the teachers’ speech,
and the signal-to-noise ratios (D’Orazio et al., 2020; Hodgson et al., 1999; Wang and Brill,
2021). An application of the Gaussian Mixture Model in five offices was made to measure the
human activity noise levels (Dehlbak et al., 2016). Then, two algorithms were proposed as
unsupervised methods to separate and identify the mechanical noise and the human activity
during working hours (De Salvio et al., 2021).

4



59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

7

78

Blind source separation is a major issue addressed not only in machine learning but in
deep learning too. This is a type of machine learning based on artificial neural networks
that learns representations of data with multiple level of abstraction (LeCun et al., 2015).
Inspired by the cocktail party effect, i.e. the ability of humans to focus the auditory attention
to one speaker filtering other stimuli (Bronkhorst, 2000), the need of extracting the single
source from a mixture of signals lies in many useful applications such as speech, music, and
environmental audio processing (Vincent et al., 2018). In the framework of the acoustic
source separation, the concept of deep clustering was introduced. Deep clustering refers
to the ability of performing clustering through deep learning algorithms (Hershey et al.,
2016). One of the most popular category to perform this is represented by the autoencoders.
These kind of network performs a non-linear mapping of the data through an encoder and
a decoder. The first maps the function to be trained, the second learns how to reconstruct
the original data (Min et al., 2018). Applications of autoencoders in acoustics concerned
speech enhancement and clustering of geophysical data (Jenkins et al., 2021; Lu et al., 2013,;

Ozanich et al., 2021).

A variational autoencoder is a deep generative model that forces the latent code of autoen-
coders to follow a predefined distribution (Min et al., 2018). It has the same architecture
of autoencoders, high-dimensional data are encoded into a low-dimensional latent space
(Kingma and Welling, 2014). The ability of parametrizing data through a probability distri-
butions gained broad attention in the deep learning community. Successful applications of

variational autoencoders concern speech enhancement, blind source separation, and sound
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source localization in reverberant spaces (Bianco et al., 2021; Leglaive et al., 2019; Neri

et al., 2021).

The present work deals with the blind source separation through a sound level meter
long-term monitoring. Basing on the methods proposed in previous work (De Salvio et al.,
2021), a dual analysis of the same phenomenon is proposed. A sound level meter recorded
both the sound pressure levels and the digital audio of the working activity inside an office.
Then, two clustering analyses were performed. The first exploited the two machine learning
algorithms earlier mentioned, i.e. the Gaussian Mixture Model and the K-means clustering;
the second performed a deep clustering analysis through a variational autoencoder. The
goal is to identify and separately measure the main sound sources experienced by workers

during the activity with both approaches.

II. THEORETICAL BACKGROUND

A. Clustering techniques

Clustering algorithms look for pattern in data (Bishop and Nasrabadi, 2006). Data are
gathered in different clusters basing on their similarity. This kind of process is very useful
when a great amount of unlabelled data is available. The task of clustering is finding
useful properties among data, called features, which allow the data to be labelled. Different
algorithms use different criteria to find similarity in data, i.e. shaping clusters. This study

used two algorithms: the Gaussian Mixture model, and the K-means clustering.
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1. Gaussian Mixture Model

Gaussian Mixture model (GMM) is a model-based clustering technique (McLachlan and
Peel, 2004). A probabilistic model recovers the original general distribution. The latter
is described as a linear combination of Gaussian curves. Given a set of N independent

observations X = {z1, ..., zx}, the density f(x;) is:

=Y mN (|, on) (1)

where K are the number of components, N (x;| x4, o) represents a Normal distribution with

mean [ and covariance oy, and 7y is the mixing proportion or weights, that is:

0<m <1 (k=1,..,K) 2)

d me=1 (3)

The most common approach to fit mixtures of distributions is represented by the maximum
likelihood (ML). ML means that, given a set of observations, the assumed statistical model is
the most probable. The likelihood function £ of a mixture of univariate normal distributed

heteroscedastic components is defined as:

n K I

K 2 PRI
S N @il o) = [T S 7 21 = (4)

1k=1 i=1 k=1 To?

n
1=

In the present study, the local ML are found via the iterative Expectation-Maximization

(EM) algorithm (Dempster et al., 1977).

2. K-means clustering

K-means clustering (KM) is a distance-based clustering technique (Bishop and Nasrabadi,

7



e 2006). It aims to shape a number of K clusters given a set of independent observations
us X = {x,..,zy}. Data are gathered minimizing the squared error Euclidean distance
us between the empirical mean cg,, called centroid, of a cluster k; and the data points in the

u7  cluster. The squared error J is defined as:

'](k2> = Z kaz — Ck; g (5)

ZBkZ. eki

us  The goal is to minimize the sum of the squared error over all K clusters:

=

J(K) ZZJ(/%)- (6)

1o K-means minimizes the objective function J(K) through an iterative process. The main

120 steps of the iterations are:

121 1. Selection of an initial partition of data into K clusters.
122 2. Generation of a new partition by assigning each pattern to its closest cluster center.
123 3. Compute new cluster centres.

e After the first step, steps 2 and 3 are repeated until convergence (Jain, 2010).

125 B. Model selection

126 An important issue in data clustering concerns the optimal number of clusters in data.
127 For some classes of algorithms, such as GMM and KM, the number of clusters has to be

18 specified before running the iterative process. Estimating the number of clusters is an open

N

1o problem (Aggarwal and Reddy, 2014). Several metrics allow to find the most likely number

8



130 of clusters with different approaches. Here, four metrics were used to assess the models’

11 number of components, i.e. sound sources, in the collected data, as next.

132 1. Davies-Bouldin

133 The Davies-Bouldin index assesses similarity among clusters through the ratio of within-

1 and between-cluster distances (Davies and Bouldin, 1979).

135 The within-to-between cluster distance ratio for the clusters k; and k; is defined as:
Dij=——— (7)
Ck.. sClk -
iR
136 where

- 1
d, — — e 8

@ Tk, €k;

137 is the average distance between each point in the cluster k; and its centroid and ny, is the size

s of the cluster. Similarly, dmkj is defined for the cluster k;. The Euclidean distance between

130 the centroids of both clusters is:
dckiackj = (’Ckz - ij’2)1/2' (9)
140 Then, with K as the number of clusters, the Davies-Bouldin index DB is defined as:
| X
DB = K Z maxj#{Di?j}. (10)
i=1

11 The optimal model is represented by the smallest value obtained in equation 10.
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2. Gap statistic

Gap statistic was introduced by Tibshirani et al. and formalizes the ”elbow” method
(Tibshirani et al., 2001). The latter is a common empirical approach to find the best number
of clusters by visualizing and assessing the highest decrease of the error measurement among
models. The Gap criterion estimates the elbow by finding the largest gap value between
the within-cluster dispersion of the model and the expected within-cluster dispersion of a
reference distribution.

Let clg,jkl_’:,;kg be the distance between observations zj, and Ty belonging to the same cluster

k;. The within-cluster dispersion is defined as:

Wi =) LD,% (11)

2N,
i=1 <k

where ny, is the number of data in the cluster &;, and Dy, is:

Dy, = Z oy o, (12)

Tk Tk €k;

the pairwise distances of all points in the cluster k;.

Then, the Gap value is defined as:
Gap(K) = E{log(Wk)} — log(Wk). (13)

where K is the expectation under a sample size r from the reference distribution. In
the present study, the expected within-cluster dispersion of the reference distribution is
evaluated via Monte Carlo sampling. The reference distribution is represented by a uniform
distribution. The optimal model is represented by the highest value obtained in equation
13.

10
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3. Calinski-Harabasz

The Calinski-Harabasz index measures the similarity of data points in clusters through the
ratio between the separation and the cohesion of the model (Calinski and Harabasz, 1974).
It is also know as wvariance ratio criterion. The separation SSg is measured through the
inter-cluster dispersion, i.e. the weighted sum of the Euclidean squared distances between

the centroids of a clusters and the centroid of the whole dataset. It is defined as:

K
SSB = anl

=1

cr, = CII° (14)

where ny, is the number of observations in the cluster k;, ci, is the centroid of the cluster
ki, and C' is the centroid of the whole dataset.

The cohesion 5SSy is measured through the intra-cluster dispersion, i.e. the sum of the
Euclidean squared distances between each observation and the centroid of the same cluster.

It is defined as J(K) in equation 6:

K
SSw =J(E) =D > |l — el (15)
=1 Tk, ECk;
where zj, is a data point in the cluster ;.
Then, the Calinski-Harabasz index C'H is defined as:
SSg N — K
CH = 16
SSw K —1 (16)

The optimal model is represented by the highest value obtained in equation 16.

4. Silhouette coefficient

The silhouette coefficient is a graphical quantitative evaluation of the degree of separation

11
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among clusters (Rousseeuw, 1987). Given two data points xy, and x, in the cluster k;, the
within-cluster mean distance, i.e. the similarity, between zy, and the other wy,th points in

the same cluster is defined as:

1
) = ————— E . 1
ati) [ng,| — 1 dmki’zki’ (17)

They Tk ck;

The dissimilarity between wy, and the other x;th points belonging to the cluster kj, is
defined as the mean distance between zy, and zy,. Hence, the shortest distance between wxy,

and the other points of other clusters is defined as:
. 1
b(i) = min—— Z ., - (18)
zkiEki:xkj ck; ‘

The cluster with the lowest dissimilarity is defined as "neighbor” and represents the second

best choice for k;. The silhouette value s(i) is defined as:

(

1—a(i)/b(i) if a(i) < b(i),

st =190 if a(i) = b(i), (19)

b(i)/a(i) — 1 if a(i) > b(i).
0
It can be deduced that —1 < s(i) < 1. Thus, xy, is deemed properly clustered if s(i) is close
to 1, and wrongly clustered if close to -1. In case s(i) is close to 0, either k; or k; represent
a good choice for z,. If s(i) is the mean of each s(i), the silhouette coefficient SC' can be

defined as:

SC = mI?XE(K) (20)

where K is the number of clusters. The SC' is defined only for a number of clusters K > 1.
The optimal model is represented by the highest value obtained in equation 20.

12
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C. Variational Autoencoder

The variational autoencoder (VAE) is a way to realize inference and learning in prob-
abilistic models and was introduced by Kingma and Welling (Kingma and Welling, 2014;
Kingma et al., 2019). From a deep learning perspective, a VAE has the same architecture of
autoencoders. Thus, it is made by an encoder and a decoder. Both are connected by a latent
space. One of the most important qualities of VAEs concerns their ability of describing ob-
servations through a probabilistic approach in the latent space. Like classical autoencoders,
a VAE tries to reconstruct output from input. Thus, it learns a latent variable model for its

input data.

The encoder is represented by a neural network. Its aim is to output a latent hidden
representation z of the input  with weights and biases 6. Typically, the latent space has a
lower dimension with respect to the input size. Thus, it can be deduced that the encoder
learns a compressed representation of the input data according to the distribution gy(z|z).
In the present study, the input x € R™*™2 and its latent representation z € R™ and the

distribution gg(z|z) is represented by a Gaussian probability density.

The decoder is a neural network as well. Typically, it has a mirrored architecture of the
encoder. Its aim is to reconstruct the input sampling only from the compressed representa-
tion of the latent space z. Thus, it outputs parameters to the probability distribution of data
with weight and biases ¢. The decoder process is denoted by the distribution py(z|z). The

latter is represented by a standard Normal distribution N(0,1) with mean 0 and variance

13
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The whole process is assessed by the evidence lower bound (ELBO) loss function. For a

datapoint z;, it is defined as:

li(0,0) = —Eongyzle [logps (il 2)] + Drer(go(2]xi)|[ps(2)) (21)

where the first term is called reconstruction loss and it is represented by the expected
negative loglikelihood of the ith datapoint. It describes the amount of information lost for
the reconstruction through the whole process. The expectation is calculated with respect
to the encoder’s distribution over the representations. The second term is called reqularizer
term and it is represented by the Kullback-Leibler divergence between the two distributions
qo and p, (Kullback and Leibler, 1951). Thus, it describes how the two distributions are
close one each other. The Zf\il l; is the total loss evaluated over the whole dataset of N

datapoints.

III. EXPERIMENTAL SETUP

The case study is represented by a small office with 3 workers placed in 3 different
workstations. The monitoring was conducted after the COVID-19 emergency. Hence, people
wore face masks. The type of work carried out in the office is collaborative. Thus, there
is high interaction between colleagues. The analysis is based on two recordings of the
same event: the sound pressure levels (SPLs) and the digital audio. The sound level meter
acquired octave band filtered (125 — 4000 Hz) sound pressure levels every 0.1 seconds. The
digital audio was recorded with a sample rate of 51.2 kHz and a depth of 32 bit. These
recordings represent the raw data used in the experimental process. Figure 1 shows the plan

14
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of the office and the arrangement of the workstations besides the placement of the sound

level meter. The sound level meter collected about 6 hours of working activity in the office.

|
P | [ ® ]
Workstation 1 Workstation 2
Workstation 3
,A\\\ : ‘
\\ —l @

1 Sound Level Meter

FIG. 1. (Color online) Plan of the office under study.

The air conditioning system was turned off during the measurement and the window is
exposed towards an highly busy road. Thus, the sound environment can be described as
made by two kinds of sound sources: the traffic and the speech. The room has volume
of about 60 m?® with no acoustic treatments and can be considered as a "lightly damped”
environment. The acoustical properties of the office, in particular the reverberation time
and the fagade sound insulation, are shown in Section [V A 2. Figure 2 shows a sample of
the data used. The waveform on the top represents a 10-minute recording, the time series
of SPLs in the middle is used in the machine learning approach, the spectrograms at the
bottom are exploited for the deep learning process.

15
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FIG. 2. (Color online) Example of the data used in this study. On the top, a sample of 10 minutes
recording. In the middle, the sound pressure levels obtained in the same sample. This constitutes
one of the databases for the machine learning approach. On the bottom, the spectrograms obtained

by the same sample used for the deep learning approach.

A. GMM and KM analyses

The procedure of the clustering analyses via GMM and KM follows the same flow de-
scribed in a previous work (De Salvio et al., 2021). Once the distribution of the SPLs
occurrences is obtained, the number of clusters to look for in the collected data has to be
set first. Thus, models with 2 up to 10 components, i.e. sound sources, for both GMM
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and KM were used as candidates. Each metric used for searching the most likely number of
clusters finds similarity among clusters according to its own approach. Hence, the metric’s
highest value represents the best model for Silhouette, Calinski-Harabasz, and Gap statistic,
while the metric’s lowest value represents the best choice for Davies-Bouldin coefficient. In
this study, the the majority rule was used to obtain the optimal number of clusters. Thus,
the most frequent number obtained comparing each metric represents the number of active
sound sources during the event.

Figure 3 shows the type of distribution used for the clustering. On the left, the SPLs
occurrences are collected and analyzed through the normalized occurrences distribution. In
the middle, an example of processing via GMM and on the right, an example of processing
via KM.

Following a brief summary of the procedure:

e Step 1: Clustering analysis performed over several candidate models.

e Step 2: Selection of the best model among candidates.

e Step 3: Spectral analysis and sources labelling according to statistical or distance

metrics.

The three steps are applied for each different clustering algorithm we want to use. Basing
on the acoustic task, any SPLs” frequency band can be used to complete the process. In
this study, the whole procedure is carried out in the range from 125 up to 4000 Hz octave
bands. Hence, each occurrences’ curve is analyzed looking for the most likely number of
clusters. Both GMM and KM were set to repeat the iterative process with different initial

17
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267 global minimum (Jain et al., 1999).

269

271

o Occurrences 55 Gaussian Mixture Model
0181 " Measured SPLs | 0.8/ —Occurrences curve |
’ —QOccurrences curve ’ ——Sound source no.1
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0.14 | \‘
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2 01} ‘
g |
0.08 | i
0.06 | ‘
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[ISound source no.2

Bin count
n w B
o (=] o
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S
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FIG. 3. (Color online) Machine learning approach: example of a sound level meter’s measurement
processing. The figure on the left shows the occurrences distribution of the measured SPLs. The

distribution can be processed via GMM (at the center) and KM clustering (on the right).

After the step 2, each model for each octave band can be collected. The means of each
Gaussian component obtained by the GMM represent the SPLs of each source. Similarly,
the centroids of each cluster obtained via KM represent the SPLs of each sound source.
Thus, the spectra can be reconstructed.

18
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Labelling the sound sources, i.e. linking each spectra to each bunch of clusters found in
each octave band, exploits the temporal parameters of the clusters. The dispersion of data
can be associated to the temporal behavior of the sound sources. Dense clusters represent
nearly stationary noises, while spread data refer to a random source. Being the machine
learning approach an unsupervised analysis, this step is performed after the optimal model
is selected and depends on the clusters’ features given by the algorithm. Concerning the
GMM, a cluster’s standard deviation (SD) equal or greater than 5 dB refers to a speech
source. Values lower than 5 dB describe a mechanical source. In fact, preliminary studies
show that this value is deemed as a good threshold to separate continuous sound sources
from human-related noises (Leonard and Chilton, 2019; Olsen, 1998). Regarding the KM,
the temporal properties of the sound sources are described by the square root of the average
intra~cluster Euclidean distance (AICD) of data points. Similarly to the SD, lower values

are associated to continuous noises, otherwise to human noises.

B. VAE analysis

The digital audio recording has been chunked in 1-second length samples to obtain the
dataset for the analysis through the VAE. Power spectrograms of each chunk were used
as input for the network. A pre-processing procedure has been carried out before feeding
the encoder. The audio has been resampled at 11025 Hz to make the input comparable to
the octave band range (125-4000 Hz) used in the cluster analysis. Moreover, visualizing the
spectrograms, no useful information were found above 5 kHz. Short-time Fourier Transforms
(STFT) with a segment length of Ngpr = 256 and an overlap area of 50% were used to obtain

19
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the spectrograms. With these values each audio chunk is processed with an FFT with a
physical length of about 20 ms. Thus, it can be deemed that in each FFT only one sound
source is detected. A minMAX normalization has been applied to each spectrogram to have

all the amplitude values in [0,1] range. Overall, the dataset contained about 23k samples.

Fou,

ConvTiy ConvT2u ConvT3py ConvT4p

FC

000

Input Convi Conv2 Conv3 Co‘hv_4

Output

@

660000

ConvTio ConvT2c ConvT3c ConvT4o

Input Latent space

FIG. 4. (Color online) Architecture of the VAE. The encoder is constituted by four convolutional
layers, shown in light blue. The latent space is shown in red and the decoder is represented by the

yellow blocks.

Samples of 1-second length can be easily listened. Then, the dataset has been manually
labelled listening each sample of the recording in three classes: traffic, speech, and unclas-
sified sounds. The latter category was useful to label all the samples where the main sound
source was represented by impulsive noises like slammed doors. It is worth noting that,
during the labelling process, audio chunks containing only whispers were labelled as speech.
This choice can create uncertainties on the dataset’s labels. At the end of the labelling
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TABLE I. Architecture of the variational autoencoder. The type of layers and their properties,

like input shape, filters, kernel size, the activation functions, and the output size are shown.

Layer Input shape Filters Kernel size Activation Output shape
Input Reshape [128,87] - - - [1,128,87]
Convolutional (stride = 2) [1,128,87] 16 [3,3] ReLU [16, 64, 44]
Convolutional (stride = 2) (16, 64, 44] 32 [3,3] ReLU [32, 32, 22]
Convolutional (stride = 2) (32, 32, 22] 64 [3,3] ReLU [64, 16, 11]
Encoder Convolutional (stride = 2) (64, 16, 11] 128 [3,3] ReLU [128, 8, 6]
Flatten [128,8,6] - - - [6144]
Fully connected mu (6144] - - - [30]
Fully connected sigma [6144] - - - [30]
Latent space Fully connected (30] - - - [30]
Fully connected [30] - - ReLU [6144]
Reshape [6144] - - - [128, 8, 6]
Transpose convolutional mu (stride = 2) [128,8,6] 128 [3,3] ReLU (64, 16, 11]
Transpose convolutional mu (stride = 2) (64, 16, 11] 64 [3,3] ReLU (32, 32, 22]
Transpose convolutional mu (stride = 2) (32, 32, 22] 32 [3,3] ReLU (16, 64, 44]
Decoder
Transpose convolutional mu (stride = 2) (16, 64, 44] 16 [3,3] ReLU [1,128,87]
Transpose convolutional sigma (stride = 2) [128,8,6] 128 (3,3] ReLU (64, 16, 11]
Transpose convolutional sigma (stride = 2) [64, 16, 11] 64 (3,3] ReLU (32, 32, 22]
Transpose convolutional sigma (stride = 2) [32, 32, 22] 32 (3,3] ReLU (16, 64, 44]
Transpose convolutional sigma (stride = 2)  [16, 64, 44] 16 (3,3] ReLU [1,128,87]
Reshape mu [1,128,87] - - Tanh [128,87]
Output
Reshape sigma [1,128,87] - - Sigmoid [128,87]
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process, the dataset had more than 12k traffic samples and about 10.5k speech samples.
Only 139 samples were labelled as unclassified. The dataset can be considered balanced.

The 80% of the dataset was used for the training set, the remaining 20% for the test set.

The VAE was built in Pytorch. The input size of the spectrograms is 128 x 87. The
encoder is made by four strided convolutional layers (stride =2). Then, a flatten layer
allows the convolutional layers to be linked to the fully connected layers. As highlighted in
Section I1 C, a VAE maps the input to a multivariate latent distribution. The distribution
used in the present work is the Gaussian distribution. Parameters of the distribution, the
mean and standard deviation, i.e. mu and sigma, are the outputs of the encoder. For this
reason, the fully connected layer of the encoder is doubled. Here are the inputs for the
30-dimensional latent space. The decoder uses a different distribution, the prior on the
latent distribution. The architecture of the decoder depends on the parameters needed to
specify the multivariate generative distribution. In the present work, two parameters are
needed: the mean and the variance. Thus, the decoder is made by four strided transposed
convolutional layers (stride = 2) for both parameters. The Pyro library was used for the
stochastic variational inference. Then, spectrograms are reconstructed reshaping the output
of mean and variances obtained by the decoder. Non-linearities are activated through ReLU
functions for all layers except for the output parameters. The decoder is parametrized
according to a standard Normal distribution A/(0,1). Thus, a Tanh activation function
is used for the output of means and a Sigmoid activation function for the the output of
variances. The VAE was trained using a batch size of 32, the Adam optimizer and 6 and
¢ weights were updated with a learning rate equal to 1 x 107°. Figure 4 shows a graphical
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scheme of the VAE’s architecture. The light blue and yellow layers represent, respectively,
the encoder and the decoder. Both are linked by the latent space represented with the
red fully connected layer. Details about the architecture of the whole network are listed in
Table I. Here, the type, the input size, the number of filters, the kernel size, the activation
functions, and the output size are shown for each layer. Training stopped after 400 epochs

since not relevant improvements of the loss function on the test dataset were detected.

IV. RESULTS

A. Machine Learning results

1. Sowurce separation via GMM and KM

Previous work (De Salvio et al., 2021) used only one metric per each algorithm to assess
the optimal number of cluster. Moreover, the elbow technique made the analysis influenced
by the operator’s choice. Thus, the step 2 described in section I A is different. The
comparison among different metrics makes the analysis more robust and inclined to the
automation. Table IT shows the results of model selection. Silhouette (SC), Davies-Bouldin
(DB), Gap statistic (GS), and Calinski-Harabasz (CH) coefficients were used to assess the
most likely number of clusters for each octave band (125-4000 Hz) and the A-weighted
continuous level Ly oq. Concerning GMM, the model selection metrics found that the optimal
number of clusters is equal 2 according to the majority rule. This is true for SC and DB
for each octave band and Lj ¢q. Different results were found only for GS in the 125 Hz
octave band and for CH in the 500 and 4000 Hz octave bands. The same analysis was
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carried out for KM. Here, SC, DB, and GS found an optimal number of clusters equal to 2
for each occurrences curve analyzed. Completely different results were shown by CH that
found 6 clusters in each octave band and Ly ¢q as the best model. Overall, comparing all
metrics, the number of active sources in the office is 2. These results are consistent with
the expectations. The main sound sources experienced during a common working day by

employees were speech and traffic, indeed.

Figure 5 shows the reconstructions of the spectra of both sound sources. Then, the plots
in the middle and on the bottom show the relative spectra compared with references from
standards. Blue lines show results for GMM, red lines for KM. In the relative analyses,
yellow lines show reference spectra. To compare the reconstructed one with reference, each
relative spectrum is obtained by setting the 1 kHz octave band to 0 dB. Table III shows the

quantitative results obtained via clustering analysis.

Both algorithms showed very similar qualitative results. Spectra have the same tenden-
cies, indeed. The most noticeable difference concerns the peak of the speech spectra. It is
detected in the 500 Hz octave band for KM while in the 250 Hz octave band for GMM. With
respect to previous work, low frequencies seem to be easier to separate in this case for both
algorithms (De Salvio et al., 2021). This may be due to the different background noise, the

traffic outside the office instead of a mechanical noise inside the same space.

Concerning the traffic noise, the reference is represented by the normalized spectrum
shown in EN 1793-3 (EN 1793-3, 1997). It is worth noting that the reference spectrum
refers to free field conditions. Thus, acoustical properties of the room and the facade’s
insulation can affect the shape of the results. The shape of the traffic spectra seem to be

24



TABLE II. Analysis of the most likely number of clusters in the measured SPLs. Results are
shown per each metric, octave band from 125 up to 4000 Hz, and the continuous A-weighted level
LA eq- Metric abbreviations refer to silhouette (SC), Davies-Bouldin (DB), Gap statistic (GS), and
Calinski-Harabasz (CH) coefficients. Majority rule’s row show the optimal number of clusters used

to run both GMM and KM algorithms.

GMM

Frequency octave band (Hz)

Metric La,eq
125 250 500 1k 2k 4k

SC 2 2 2 2 2 2 2
DB 2 2 2 2 2 2 2
GS 5 2 2 2 2 2 2
CH 2 2 4 2 2 5 2

Majority rule

No. Sources 2 2 2 2 2 2 2

KM

Frequency octave band (Hz)

Metric La,eq
125 250 500 1k 2k 4k

SC 2 2 2 2 2 2 2
DB 2 2 2 2 2 2 2
GS 2 2 2 2 2 2 2
CH 6 6 6 6 6 6 6

Majority rule

No. Sources 2 2 2 2 2 2 2
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FIG. 5. (Color online) Results of clustering analyses. On the top: reconstruction of the spectra
from 125 up to 4000 Hz. Blue and red lines represent the spectra reconstructed respectively via
GMM and KM. Dashed and solid lines represent respectively the traffic and the speech spectra.
In the middle and on the bottom: relative spectra of traffic and speech spectra compared with
references curves. Traffic reference is taken from EN 1793-3, speech reference is taken from ISO

3382-3.

sz very similar. The most noticeable difference concerns the 500 Hz octave band. However,
s both low-frequencies emitted at slow speeds and the 1 kHz frequencies emitted at free-flow

30 speed seem to be accurately detected (Can et al., 2010).
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TABLE III. SPLs of each sound source obtained via GMM and KM. Standard deviations SD for

GMM and average intra-cluster distance AICD for KM are reported.

Frequency octave band (Hz)

Source LA eq

125 250 500 1k 2k 4k

GMM

Traffic 420 390 36.0 395 35.0 243 425

SD 3.0 3.0 3.3 4.3 4.0 3.7 3.5

Speech 50.5 547 549 520 483 377 575

SD 5.8 7.1 9.1 8.9 8.5 87 7.8

KM

Traffic 422 400 375 397 356 256 43.3

AICD 2.9 3.7 4.5 4.2 4.2 4.3 4.0

Speech 53.1  57.5 59.0 56.2 523 425 608

AICD 4.1 5.2 6.4 6.3 6.1 6.3 5.8

370 The ISO 3382-3 shows the reference speech spectrum of a directional source at a distance
sn of 1 m in free field from the speaker (ISO 3382 - 3, 2012). This is the reference for the
sz speech source; the related spectra obtained via clustering have similar tendencies as shown

;3 on the bottom of Figure 5. Differences can be referred to several factors. The first concerns
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the influence of the acoustical properties of the room. As noticed for the traffic noise, the
ISO spectrum is evaluated at a distance of 1 m from the source in free field. As opposed
to previous work, slight differences concern low frequencies for speech sources. However,
these can be due to the change of the spectrum in noisy environments and the measurement
uncertainty at low frequencies, especially in the 125 and 250 Hz octave bands (Leembruggen
et al., 2016; Rindel et al., 2012). Directivity of the source can affect spectra tendencies
too. In the present study, there are 3 speakers in 3 different positions. Thus, the overall
directivity of the measured source cannot be considered the same as the reference. Moreover,
at low frequencies, modal effects could have affected the results since the sound level meter

was used only in one position.

Both sources show a drop concerning the 4 kHz octave band. This may be attributed to
the acoustical properties of the room since higher frequencies can be strongly affected by

their interactions with surfaces and furnitures in the room.

Further considerations can be made regarding the clusters size. This is described by the
SD and the AICD; both are shown in brackets in Table I1I. The physical meaning associated
to SD and AICD is the temporal randomness of the source. Mechanical sources produce
the same SPLs occurrences depending on their mechanical cycle, indeed. This results in low
SDs for continuous sources because the corresponding Gaussian curve will be narrow. On
the contrary, a human-related noise produce higher SDs. The traffic noise can be deemed in
the middle of these two categories of noise sources. It does not have the same continuity of a
mechanical device but it has specific spectral properties. Moreover, the road has to be busy
to be detected in a long-term monitoring because the occurrences curve has to be affected
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by the noise source. Thus, traffic can be deemed more continuous than the speech but not
like a mechanical source. These considerations are confirmed by the results obtained. Traffic
SDs lie in the range 3.0 - 4.3 dB for each octave band. Previous work showed mechanical
SDs due to the HVAC system in the range 0.9 - 3.9 dB. Thresholds analyses deserve detailed
studies in future works. However, all non-human sound sources were confirmed to be under
the threshold of 5 dB (De Salvio et al., 2021).

The absolute spectra shown on the top of Figure 5 point out differences between SPLs of
the two methods that can be related to the homoscedasticity of data, i.e. constant variances
of data. GMM can be considered as a general case of KM. The two algorithms show the same
results only if the homoscedasticity condition is fulfilled (MacKay, 2003). This is shown in
Table I1I. SPLs are the same for GMM and KM when SD and AICD are almost equal, e.g.
in the 125 and 1000 Hz octave bands of the traffic source. This result confirms that AICD
is a reliable metric to assess the shape of the cluster. It has to be noted that the size of
clusters can be affected by the type of clustering performed by the algorithm, especially for
large SDs. GMM is a soft clustering algorithm, i.e. it can assign data points to more than
one cluster with proportional weights. KM performs hard clustering, instead, i.e. assign
each data point to one and only one cluster (Bishop and Nasrabadi, 2006). The GMM’s

fuzziness can affect the resulting SD of clusters associated with random sound sources.

2. Hints on the influence of the office’s acoustical properties

As noted in previous section IV A 1, the acoustical properties of the office influence the
spectra obtained via GMM and KM. Thus, the reverberation time Tyy and the fagade
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sound level difference Doy, ,7 Were measured respectively according to the precision method
described in the ISO 3382-2 and the global method of the ISO 16283-3 (ISO 16283 - 3, 2016;
[SO 3382 - 2, 2008). Measurements’ results are shown in Figure 6. Solid and dashed lines

show respectively the Ty and Dgy, o1 tendencies in octave bands from 125 up to 4000 Hz.

Office's acoustical properties

0.6 : . . . 16
125 250 500 1000 2000 4000
Octave band (H2)

FIG. 6. Acoustical properties of the office under study. The reverberation time Ty is shown on

the left axis, the facade sound level difference Doy, nr on the right axis.

The office has a reverberation time averaged on the mid frequencies of 500-1000 Hz of
about 0.72 s. The environment can be deemed as “live” because there are no acoustic
treatments. There is a reverberation’s drop in the 500 Hz band maybe due to two steel
closets. The facade has an average insulation of about 22 dB at the mid frequencies of 500
and 1000 Hz. The drop of Dy, n7 in the 1 kHz band is due to the coincidence effect of the
window glass.

The tendencies of measurements’ results in Figure 6 may bring preliminary insights about
the comparison of measured and reference spectra shown in Figure 5. Traffic and speech

spectra seem to be related to the tendency of the Tyy. In fact, the drop in the 500 Hz octave
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band is visible in both sources. Further, the reverberation time has its minimum value in
the same band, as well as one of the highest values of the facade insulation. The energy of
both sources in the 4 kHz octave band seems to be affected respectively by the Ty for the
speech and by the Doy, o7 for the traffic. Thus, a preliminary analysis of the room’s acoustics

seems to support the results obtained through the machine learning approach.

B. Deep learning results

1. Latent space

The clustering analysis carried out through the machine learning approach has been based
on assumptions and spectral matching. The discussion of these evidences depends on the
operators’ knowledge. Hence, it is useful to find an objective method to either confirm or not
the goodness of using GMM and KM. A semi-supervised analysis via deep learning allows
the results to be directly evaluated. This is possible because the audio recording can be
listened. Further, the latent space of a VAE is able to perform a clustering analysis. Thus,
the deep and the machine learning approaches can be compared. The difference between
the two approaches is due to the labelling step. In the machine learning approach, the step
was made at the end of the process, in the deep learning approach, the data were previously
labelled. Thus, the latent space of the VAE aims to be a qualitative tool to assess the

machine learning approach.

Figures 7(a) and 7(b) show the latent distributions of respectively the untrained and
trained network. Because the dimension of the latent space is equal to 30, a 2D t-stochastic
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FIG. 7. (Color online) Latent space of the untrained 7(a) and trained 7(b) VAE. Histograms
show the x and y projections of the density distributions of the data. Blue and orange dots and

histograms represent respectively the traffic and the speech data.

neighbor embedding (t-SNE) visualization was used (Van der Maaten and Hinton, 2008).
This is a dimensionality reduction technique commonly used to visualize high-dimensional
data. The t-SNE algorithm evaluates similarity between pairwise instances in both high
and low dimensional space. Then, through a cost function, the similarities are optimized.

Figures 7(a) and 7(b) are obtained with a perplexity equal to 30.

Data in the latent space are represented basing on their categorical label. The untrained
latent space in Figure 7(a) shows a circular distribution of data since it is perfectly described
by a Gaussian distribution (Connor et al., 2021). However, there is no categorical separation
among data, i.e. blue and orange dots are mixed up. Figure 7(b) shows the results of the
training. After the network has learnt the latent representation of the input data, the latent
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space shows a clear separation of the two categories. Clusters are well-defined. On the sides,
histograms show the 1D projection of the plot along the main axes. These distributions help
to assess whether the two clusters in the 2D plot are overlapped or not. In the present case,
histograms of the trained network show that the two clusters are close but not overlapped.
Thus, clusters are well-separated too. The VAE is able to identify and separate the two
sound sources through a Gaussian latent space. Different densities within clusters may refer
to further properties, e.g. timbre, not considered in the categories taken into account in this
study. Uncertainties on data distributions, i.e. speech frames in the traffic cluster and vice
versa, can be attributed to the manual labelling. For instance, whispers can be manually

labelled as speech but classified by the network as traffic.

2. The reconstruction of the spectrograms

The aim of these approaches is to measure different sound sources. Thus, the reconstruc-
tion of the audio recording can be post-processed to achieve sound level meter measurements.
An example of the comparison between the original input and its reconstruction obtained
via VAE is shown in Figures 8(a) and 8(b). The reconstruction is blurred and this is com-
mon in VAEs (Neri et al., 2021). The blur does not allow a quantitative analysis through
the audio recording. From an energy point of view, the reconstruction has lost resolution in
the frequency domain, especially at low frequencies, where the fundamental frequencies of
the speech lie. At the same time, low energy areas in the mid and high frequencies (around
3000 and 4000 Hz) show higher amplitudes in the reconstruction with respect to the original
spectrogram. Reconstructed samples are highly noisy. Thus, a reconstruction of the sound
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level meter measurement through the reconstructed spectrograms would not be reliable.
However, this loss of information concerns not only the reconstructed data but the original
too. The heavy preprocessing needed to obtain a fast network results in low resolution audio
samples that cannot be considered reliable for a sound level meter measurement. In other

words, the preprocessing step itself adds further uncertainty to the results.
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FIG. 8. (Color online) Example of original 8(a) and reconstructed 8(b) magnitude spectrograms

obtained through the VAE.

VAEs can identify underlying structures of data. With respect to standard autoencoders,
they push the latent code to follow a predefined distribution (Min et al., 2018). In the
present study, the VAE uses an isotropic Gaussian distribution as prior. The Gaussian
representation of the two sound sources is the common thread among GMM, KM, and VAE.
The ability of identifying the two sound sources through all the methods used in this work
leads to deem reasonable to describe sound sources in long-term monitoring with Gaussian
distributions. Further, the goal of these methods is measuring the single contribution of each
sound source in mixtures obtained in real-world conditions. Thus, clustering techniques seem
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to provide more reliable methods than the VAE. This is mainly due to two factors. The first
concerns the ability of GMM and KM to perform blind source separation without particular
pre-processing steps on the measured data. Analyses are carried out directly on the SPLs
occurrences. The second factor concerns the need of deep learning approach of recording
audio in work contexts. This can arise privacy issues, one of the most important aspects on
the application of big data approaches in real contexts (Kelleher and Tierney, 2018). On the
contrary, clustering techniques provide simple and smooth applications for measuring sound
environments. As stated in Section [V A1, GMM can be considered as a generalization
of KM. Recollecting the better performance in the step concerning the optimal number of
clusters, GMM seems to be the most reliable method to perform blind source separation of
sound level meter data. Further studies have to deal with the quantitative aspects of these

methods.

V. CONCLUSIONS

In this study, the blind source separation methods carried out via clustering algorithms
have been qualitatively validated through a deep learning approach. A dual analysis was
performed. The first exploits the occurrence curve of the SPLs through GMM and KM, the
second uses the audio recording through a VAE. The goal of both analyses was to separately
measure the two main sound sources that describe the sound context inside the office selected
as case study: the traffic due to the busy nearby road and the speech of workers.

Clustering algorithms confirmed the robust results obtained in previous works and the
reliablity in the separation of spectra in mixtures, identifying both sources. The reliability
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was assessed through a spectral matching. Relative spectral tendencies in free-field condi-
tions were taken from standards and used as reference curves with respect to the results
obtained. Taking into account the experimental conditions, such as reverberation effects on

the spectra, it is possible to assess the reliability of cluster analysis in each octave band.

The deep clustering analysis performed by the encoder of the VAE into its latent space
was analyzed. The two categories manually labelled were represented by the VAE as two
well-defined and separated clusters. Thus, the VAE learned different features from the two
sound sources. However, this technique cannot be used to measure the separated sound

sources because of the heavy preprocessing on the audio data led to noisy spectrograms.

The ability of measuring sound components in real-world conditions represent an essential
issue in sound contexts analyses. The dissection of complex sound environments leads to a
deeper understanding of the interactions among sound sources and heavy improvements on
the acoustic design processes. The results obtained by the VAE validate the assumptions and
the observation made in the assessment of the clustering analyses. However, the validation
concerns only the qualitative results. Further studies have to examine the quantitative
results obtained by these methods because the goal is to provide a reliable automated analysis

of measured data.
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