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Abstract—In the context of sound source localization, many
approaches have been proposed and implemented to solve
the inherent problems and achieve high localization accuracy.
However, there is currently a lack of comprehensive solutions
that integrate the individual components into a single, user-
friendly library that offers all necessary capabilities for sound
source localization. We present pysoundlocalization, a Python
library aimed at the localization of stationary and moving sound
sources in polyphonic, noisy environments. Pysoundlocalization
offers ready-for-use implementations to support simulation of
real-world experiment setups, preprocessing of audio signals,
and localization of sound sources based on time difference of
arrival and multilateration, which has been applied in research
due to its simplicity and effectiveness. The library is validated
through four experiments that measured localization accuracy
in a range of randomized setups. The results show that the
library can achieve accurate localization of single and multiple
stationary and moving sound sources in polyphonic noisy
environments.

Index Terms—Sound Source Localization, Python Implemen-
tation, GCC-PHAT, TDoA, Multilateration

I. INTRODUCTION

The localization of sound sources in different environ-
ments has been a topic of research for the past decades [1].
With a large number of useful applications across different
industries—such as robotics, healthcare, Internet-of-Things
(IoT), and many more [1]—a wide range of approaches
has been proposed to achieve high localization accuracy
and to solve the inherent problems like reduced locali-
zation accuracy in highly noisy, polyphonic environments
[2], [3]. Industry examples are manifold and include the
use of passive acoustic systems to track low flying aircraft
[4], particularly relevant in the detection of cross-border
smuggling; the use of SONAR to localize targets underwater
[5]; construction site monitoring for accident prevention
[6]; noise localization for industrial plants [7]; or predictive
maintenance of machines.

Although the current state of research provides a variety
of methods and tools for sound source localization for many
use cases, fewer contributions have focused on practical im-
plementations that combine the necessary tools and can be
used out-of-the-box. Currently, the diversity of algorithms,
each with distinct strengths and weaknesses, often requires
combining these components manually, a process that is
both time-consuming and complex.

Some attempts have been made at providing more sup-
port for sound source localization, like the software package
pyroomacoustics [8], which is ‘aimed at the rapid devel-
opment and testing of audio array processing algorithms),
but not specifically for localization. Other examples include
selected implementations of relevant algorithms, such as
audio signal filtering, noise reduction, and multilateration-
based methods for localization [9], [10], [11], [12], [13].
However, to the best of our knowledge, there is currently no
open source library that combines relevant functionalities
into a single, ready-for-use toolbox that supports sound
source localization using regular, omnidirectional micro-
phones placed around the sound source(s).

We present pysoundlocalization, a Python library aimed
at the localization of sound sources in polyphonic, noisy
environments. Given a real-world experiment with deployed
microphones, the library creates a digital twin [14] by
simulating the localization setup for effective audio signal
preprocessing and sound source localization. Contents of
the library can be divided into three main components:

1) The simulation of the real-world environment by digi-
tally recreating the experiment setup and microphone
placements

2) The preprocessing of the recorded audio signals to
prepare for sound source localization

3) The localization of the sound sources using implemen-
tations of different state-of-the-art algorithms

The library enables users to apply the optimal prepro-
cessing and localization methods for the specific use case.
Notably, the library supports relatively simple localization
setups as it only requires that:

- The microphones are placed around the sound sources

- The microphone coordinates (or the distances between

microphones) are known

. The audio recordings are taken for the same time

interval

Through its range of built-in preprocessing and localiza-
tion algorithms, the objective of the library is to localize
single or multiple stationary and moving sound sources in
both non-polyphonic and polyphonic noisy environments.
As part of the defined objective, the following functionalities
are derived to localize sound sources:



1) Single, stationary sound source
2) Multiple, stationary sound sources
3) Multiple, moving sound sources

The report is organized as follows: Section II presents
the fundamentals relevant for the introduced library, which
includes the major concepts and algorithms for implement-
ing sound source localization. Section III introduces the
pysoundlocalization library from a design and implementa-
tion perspective. Section IV evaluates the robustness of the
library through four experiments that measure localization
accuracy in randomized setups. Section V presents the final
considerations, including summary, conclusions, and future
work.

II. FUNDAMENTALS

This section will first highlight the specific localization
approach implemented in the introduced library (pysound-
localization) and then focus on the related work relevant
for its implementation.

A. Localization

Pysoundlocalization focuses on multilateration [1], [15]
as the underlying mathematical method for localizing the
sound source, which is well-established in research and
widely used due to its simplicity, reliability, and effec-
tiveness [1]. Multilateration is in principle the same as
trilateration, but uses four or more sensors rather than
exactly three [1]. Given the distance of each sensor from the
sound source, the way multilateration localizes the sound
source can be understood visually, as seen in Figure 1: For
each sensor, the method creates a circle with the radius
corresponding to the distance of the sensor to the sound
source. The circle represents all possible sound source
locations for the given sensor and the intersection of all
circles is the localized sound source [1], [15].
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Fig. 1: Localizing the sound source at the intersection [1]

Multilateration implies that the distance of each sensor
to the sound source is known. Pysoundlocalization uses the
time difference of arrival (TDoA) [15] of acoustic signals
at the sensors to determine the distances. This method
measures the difference in time it takes for the acoustic
signal to be captured by the sensors placed in different
locations and knowing the speed of sound in the given

environment, the distance to the sound source can be
determined. Different approaches exist to compute the
TDoA, such as the Generalized Cross-Correlation Function
(GCC) [16], of which one variant was also implemented
in this library. The use of TDoA implies that the sensor
localizations, and by extension the distances between sen-
sors, are known. Further, the method requires at least three
sensors to capture audio signals.
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Fig. 2: A typical experiment setup for sound source localization

In practice, an experiment with deployed sensors might
look like in Figure 2. Four omnidirectional microphones
are placed around a sound source that should be localized.
The microphone localizations are known, and one audio
signal is recorded for each microphone during the same
time span. Using the recorded audio signals, the library
localizes the sound source via the described localization
approach.

B. Selected Related Work

A robust library requires three components for effective
implementation of sound source localization: a way to
digitally simulate the real-world experiment to run locali-
zation algorithms, preprocessing capabilities to preprocess
the possibly noisy and polyphonic audio signals, and sound
source localization through implementations of state-of-
the-art algorithms. Table I provides an overview of the
selected related work relevant for the preprocessing and
localization implementations.

Localization

Multilat.

Reference Preprocessing

Filters Normalizer Separation GCC-PHAT

Butterworth et al., 1930 [17] v
Hussin et al., 2016 [18] v
Hirano et al., 1974 [19] v
Steinmetz and Reiss, 2021 [20]

Series, 2011 [21]

Lee and Seung, 2000 [22] v

Lee and Seung, 1999 [23] v

Widdison and Long, 2024 [15] v
Popovici, 2020 [24]

Knapp and Carter, 1976 [16]

Chen et al., 2005 [25]
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TABLE I: Selected Related Work

1) Preprocessing: Pysoundlocalization offers a selected
range of preprocessing capabilities applied to the audio
signals to improve later localization accuracy.

Butterworth filter: The library includes an implemen-
tation of the Butterworth filter first introduced in 1930
by Stephen Butterworth [17], which allows frequencies



within a specified range to pass through while attenuating
frequencies outside this range [18]. For example, a low-
pass filter removes frequencies above a specified cutoff
frequency, while the order controls the steepness of the
slope of the filter. These filters work inversely: Low-pass
only allows frequencies below the cutoff to pass, while high-
cut achieves the same result. The filter’s frequency response
is maximally flat, i.e. the filter mask does not contain
any ripples and goes towards zero. Formula 1 depicts the
frequency response of a Butterworth filter [26]. Note that
this is the form of a low-pass filter:

|B(j 1)|? : Squared magnitude of the filter’s freq. response
j ! :The angular frequency (2...f)

j¥¢:The cutoff angular frequency (2...f;)
N :The order of the filter
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The implementation leverages the Python SciPy library
[10]. The filter is useful when certain frequencies, such as
monotone background noise, can be excluded to improve
localization accuracy.

Notch filter: The Notch filter was implemented to at-
tenuate a specific narrow frequency band while allowing
frequencies outside that band to pass through relatively
unaffected [19]. The implementation leverages the Python
SciPy library [11]. The filter is especially useful when a
certain frequency decreases the audio signal quality and
negatively affects localization accuracy.

Noise reducer: The library includes an implementation
of a noise reducer based on a non-stationary spectral
gating approach, which is helpful in improving audio signal
quality in the presence of noises. Spectral gating is a tech-
nique to transform the input audio signal into its spectral
representation using Short-Time Fourier Transform (STFT)
and selectively attenuates specific frequency features based
on the ratio between their relative loudness and a given
noise threshold. The implementation leverages the open-
source project noisereduce [9] whose work also serves as an
introduction to how noisereduce works [27]. Noise reduction
is useful when audio samples present a highly distinct
background noise that standard frequency filters do not
account for well.

Audio normalizer: To normalize audio signals, a reference
implementation was included based on prior work by [20].
It follows the ITU-R BS.1770-4 recommendation by [21],
which has seen widespread adoption [20].

Audio source separation: When audio is recorded in
a polyphonic environment, different overlapping sound
sources are captured within the same audio signal—also
called a mixture. For example, two different sounds playing
at the same time are captured with a single sensor and the
resulting audio signal is a mixture of both sounds, where
individual components can become hard to distinguish. For

sound source localization, it can become difficult to focus
on the correct sound source for localization—especially
when the desired sound source is not clearly distinguishable
from the other sounds. The library implements a blind
sound source separation (BSS) method based on Non-
Negative Matrix Factorization (NMF) [22], initially intro-
duced by [23] and later adapted to different problems of
separation of sound sources [22], [28], [29], [30]. Given the
number of sound sources as input, the algorithm splits the
audio signal into its most distinct components, which can
be used for more accurate localization.

The general approach consists of reconstructing and
factorizing a presented data matrix V into two non-negative
unknown matrices W and H until the product of them
produces the original matrix, see Formula 2 [31].

V=WH=V )

This approximation is done while the following condi-
tions are satisfied (non-negativity), Formula 3 [31].

W=0

3
H=0 ®)

The estimation of the matrices W and H is obtained
by optimizing a given cost function—pysoundlocalization
uses the Euclidean cost function—by iteratively updating a
gradient descent. The estimation function is expressed in
Formula 4 [31].

arg min D(V|WH) =D(V|V) = d(Vi jIIWH]; ;) (4)
W,H=0 i=1j=1

Moving sound sources: The problem of localizing a mov-
ing sound source has been a topic of research for some
time. Though localization methods such as TDoA are well-
suited for localization of static sound sources, the fre-
quency shift caused by the Doppler effect creates issues
in localization accuracy for moving sound sources [32].
The library does not implement a localization algorithm
that accounts for the Doppler effect. However, it allows
for accurate localization of moving sound sources that are
stationary while the sound is emitted and only move their
position in-between. The library’s built-in chunking method
allows for splitting the audio into chunks of a defined size,
which allows for continuous sound source localization. By
selecting chunks of a meaningful size, the audio signal can
be repeatedly localized when it stops moving and emits a
stationary sound.

2) Localization: Pysoundlocalization offers a selected
range of localization algorithms to perform multilateration
of one or multiple sound sources given that a) the sen-
sors—such as regular, omnidirectional microphones—are
placed around the sound source(s); b) that sensor co-
ordinates—and implicitly the distances between the sen-
sors—are known; and c) that all audio signal recordings are
taken for the same time interval.



Multilateration: The library implements a multilateration
algorithm to localize a sound source given sensor coordi-
nates and the TDoA values computed using the recorded
audio signals. Different approaches have been proposed
to solve the multilateration problem [15]. The library im-
plements an iterative, non-linear least squares algorithm
based on an implementation by [24]. The constructed linear
equations, see representative Formula 5 are collected to
form a system of linear equations, see Formula 6 that are
solved using the least squares algorithm, where M corre-
sponds to the microphones, and the coefcients  Any, Bm,
and D, express the differences (microphone positions and
reference position) in the x- and y-coordinates, scaled by
the speed of sound v and the time delay ¢. This procedure
yields the estimated coordinates ( x,y) [24].
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TDoA using GCC-PHAT: The implemented multilateration
algorithm requires TDoA values as input. Different ap-
proaches have been proposed to nd the time differences,
focusing on common challenges like distortions through
noise or reverberations [25]. The library includes an imple-
mentation of the Generalized Cross-Correlation with Phase
Transform (GCC-PHAT) algorithm [16], [33] as it has been
shown to be robust against these challenges [34], [35].

GCC-PHAT consists of two main components. The rst
part is the Generalized Cross-Correlation (GCC) that esti-
mates the TDoA values of signals from two microphones.
The GCC equation is de ned below, see Formula 7 [36]:

Xi (! ): Signal of microphone i
Xj (! ):Signal of microphone j
I : Angular frequency
[1° : Conjugate transpose operation
& ij (! ): Weight func. to optimize perf. criteria
Zp
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The second part is the phase transform (PHAT) de ned
below, see Formula 8 [36]. It can be interpreted as a Iter
that discards the amplitude, but preserves the phase of a
given signal [36].

1 1
X )XP X (X )i

GCC-PHAT is useful for noisy and heavily distorted au-
dio signals, as no assumptions about the signal or room
conditions have to be made, which are typically unknown
[36].

TDoA using Threshold peak matching: For simple ex-
perimental setups, a straightforward algorithm has been

() A& (8)

implemented that selects the highest peaks of the audio
signals to compute the TDoA values. The algorithm is ef -
cient when each recorded audio signal has a single distinct
peak that correlates with the sound source to localize.
However, if the audio signals have multiple peaks, are con-
voluted or include multiple sound sources, the algorithm
quickly experiences issues in accuracy as nding clear—and
correct—audio peaks becomes dif cult. This approach is
particularly effective in experiment setups when there is
a single, clearly identi able peak in the audio signal that
matches with the sound source that should be localized,
such as when the sound source emits a single signal that
is distinguishably louder than all other sounds.

DoA: The computation of the direction of arrival (DoA) of
a sound source is not strictly necessary for the sound source
localization. However, the library implemented a method
for DoA computation as it is closely related to TDoA and
often useful.

C. Summary

The related concepts and methods discussed form the
theoretical foundation for the newly introduced library:
pysoundlocalization , supporting an implementation of well-
established preprocessing and localization capabilities for
practical applications. An array of preprocessing methods,
such as ltering, noise reduction, and audio source sep-
aration, improve audio signal quality for accurate sound
source localization. For localization, the library leverages
multilateration and TDoA estimation, particularly through
the Threshold and GCC-PHAT algorithms, to achieve accu-
rate sound source localization even in noisy or complex en-
vironments. By implementing these methodologies within
a cohesive framework, pysoundlocalization bridges the gap
between theoretical principles and practical applications.

I1l. P YSOUNDLOCALIZATION

In the applied part of this project, we worked on the
creation of an exploratory Python library for sound localiza-
tion. In the following sections, the proposed system design
and implementation of the pysoundlocalization library is
presented. Additional periphery work is described, such as
recording setup, both streaming and standalone, test data
collection, and extensive hands-on example scripts of how
to utilize the library. Figure 3 illustrates the fundamental
functions provided by the library.

Fig. 3: Pysoundlocalization - functionalities



A. Introduction

Pysoundlocalization is a Python library for sound source
localization in noisy polyphonic environments and is a
speci ¢ contribution that can be used for many different
applications. This highlights the dif culty of not knowing
the optimal preprocessing approach and the localization
algorithm choices a priori. The library equips users with a
toolbox of functionalities that support the process of nding
the domain-speci ¢, optimal preprocessing and localization
techniques.

In the following sections, a deep dive into the design
and implementation of the proposed pysoundlocalization
library is presented.

B. Requirements and Assumptions

Localization systems require the consideration of differ-
ent factors that in uence their implementation, accuracy,
and performance. This section summarizes the require-
ments and assumptions that were taken for the proposed
system.

1) Requirements: The following requirements are de ned
for the design of the library.

Audio signal timing: It is required that the audio signals
are synchronized before localization is performed, partic-
ularly so that TDoA values can be computed accurately.
If necessary, the library provides utility functions to syn-
chronize the audio signals based on their recording start
timestamps. Generally, the library assumes synchronized
audio signals. If audio signals are neither synchronized nor
possible to be synchronized using known timestamps, ac-
curate localization becomes impossible. Further, even with
synchronized audio signals, it is required that the recordings
are latency-free as limitations, such as from the recording
hardware, can introduce inaccuracies in localization.

Audio signal format: The audio signals that are provided
to the system are expected to have an identical length
(sample count) and sample rate; otherwise, the source
positions are wrongly approximated. However, the library
provides utility functions to adjust the sample rates.

Audio signal characteristics: The provided audio signals
are expected to exhibit clearly identi able amplitude peaks.
This is a prerequisite for one of the proposed localization
algorithms, i.e., the Threshold algorithm, as it is based on
those amplitude peaks. Furthermore, the to-be-localized
sounds cannot be both monotone and persistent at the
same time, e.g.,a single frequency sine wave spanning over
multiple seconds; otherwise, GCC-PHAT fails.

2) Assumptions: The assumptions de ne the scope and
the implemented capabilities of the library.

Dimensionality: While this library is a starting point
for a fully- edged analysis tool, the scope is de ned for
planar 2D localization. This reduces complexity in terms
of processing logic, recording setup, and computational
overhead while making it easy to extend the system towards
3D localization in the future.

Speed of sound: As the speed of sound strongly depends
on temperature as well as the medium through which a
sound wave is propagating, the default library con guration
is 343.2m/s. This corresponds to the speed of sound in
dry air conditions at a temperature of 32 *F. Users can
easily adjust this to a desired value in the library via the
con guration le, i.e., cong.py.

Detection area: When microphones are positioned within
the environment, they de ne the detection area. The sound
sources are expected to be found inside this area; otherwise,
the accuracy of the localization algorithm declines rapidly.

Result interpretation: If the sound source duration is
greater than the localization update interval, the visualiza-
tion result might not be as expected. In the visualization
plots, only the interval in which the peak of a given sound
source appears displays the source position.

C. Structure

The library is organized into different packages that are
logically separated; see Figure 4. Together with the library,
a collection of test audio data, various demo examples, the
conducted experiments, and the documentation form the
content of the repository.

Fig. 4: Pysoundlocalization - package diagram

The following section gives an overview of the modules
in pysoundlocalization :

Core: Fundamental data entities that orchestrate the
library's core functionalities, see section IlI-D1.

Preprocessing:A collection of different preprocessing tools
that can be applied to the audio data at runtime such as
various lters, converters, noise reducer, amplitude normal-
izer, and a source splitting algorithm, see section I1lI-D2.

Localization: Algorithms used for localization, such as the
TDoA computation, either by GCC-PHAT or Threshold, and
the multilateration implementation, see section I1I-D3.

Visualization: Various visualization plots tailored for the
usage with the domain-speci c entities such as simulation,
environment, microphone, and audio.

Util: Contains utility functions for setting up synthetic
experiment data to be used with the library.

Recording: Script for both—recording audio data with the
microphone connected to the device, and audio streaming
to a central processing unit—, as well as sample scripts for
editing a given audio recording le towards the required
shape.



D. Work ow Pipeline

The concept of the localization work ow can be divided
into three distinct phases:

1) Environment setup

2) Preprocessing

3) Localization

The implementation follows a forward-only progression
through the individual phases. While this behavior is not
enforced, it is recommended.

1) Environment setup: In the rst phase of the pipeline,
the experiment needs to be de ned. The experiment is
represented internally as a digital twin that lets the user
interact with it in an intuitive manner. For this, the user is
presented with the following entities, see Figure 5.

Fig. 5: Module "core" - UML diagram

Simulation: This is the top-level entity of the system.
Through the maintained list of environments, it is possible
to switch back and forth between different environments,
enabling their parallel comparison at runtime.

Environment: The environment represents one individual
recording setup. The environment can be de ned with its
own custom speed of sound setting and is constructed by a
list of vertices passed by the user. The environment allows
for the addition of microphones and veri es whether each
microphone is positioned within the de ned boundaries
of the environment. By passing the vertices and adding
the microphones, a digital twin of the real world can be
modeled.

Microphone: Microphone objects are placed within the
environment, and together, they de ne the detection area
that yields the best results for the localization. Once a
microphone is placed, an audio recording can be associated
with it. By this, the recorded audio gets linked to a position
within the environment. As de ned by the 1lI-B1, the audio
signal needs to have a recording start time, which is done
by the microphone object.

Audio: The library offers two ways how to create an audio
object: 1) Provide a le path to an audio recording, which

then independently loads the signal from the le. This is
the correct choice for localization setups where the audio
recordings are already at hand. 2) The second option is
Audio.create_from_signal(): An audio object is created by
providing an audio signal, i.e., a np.array consisting of
amplitude values ranging from j 1.0 to 1.0. It is important
to also provide the sample rate for the newly created audio
object, as this determines the resolution of the audio signal
and, therefore, the total duration of the audio; see the
provided Formula 9:

tsignal : Duration of the signal (in seconds)
Nsamples : Total number of samples in the signal
fs: Sample rate (in Hz, samples per second)

tsignal Ew (9)
S

Furthermore, when stereo audio data is provided to the
object, it is formatted to mono automatically. Lets examine
how the audio signal is stored: The audio signal is a list
of np.array elements. The reason is that when the user
wants to continuously locate the sound source position by
an update interval, the audio signal needs to be split into
those intervals, i.e., chunks, see 1lI-D3. Note that when the
list of audio signals contains only one np.array, the signal
is implicitly unchunked. The audio entity provides several
utility functions, e.g.,resampling the audio signal to a target
sample rate, splitting the audio signal into chunks—either
by duration in milliseconds or by number of samples—,
exporting the audio signal as a .wav-le to the current
location in the le system, or playing (audible) the audio
signal.

2) Preprocessing: In the preprocessing phase, two differ-
ent activities can be performed. The recommended ap-
proach is to rst bring the loaded audio signals in the
correct format. Regarding the requirements 1l1I-B1, we es-
tablished that the loaded audio signals need to follow
various criteria before being suitable for the localization,
such as 1) identical duration, i.e., number of samples, 2)
identical sample rate, and therefore, 3) have the same
recording_start_time . The library supports the user in meet-
ing these criteria for the audio signals in a seamless way.

SampleRateConverter: Multiple utility functions to con-
vert the sample rate of single audio signals or entire
environments and its loaded audio signals. The library
offers functions for converting both environment and audio
objects. Every function implements specialties of how to
handle the different entities, but they ultimately call the
external function librosa.resample() [37].

SampleTrimmer: Helper functions to trim the audio sig-
nal from the beginning or the end, as well as slicing
certain portions from the signal, by either providing a
duration, or a number of samples. The method Sam-
pleTrimmer.sync_environment() trims automatically every
loaded audio signal in a given environment according to
the following Formulas 10, 11, 12, 13:



tSstart - Audio start timestamps

T Sstart
tSsync_start

tSsync_end : End timestamp of synced audios

: List of all audio start timestamps
Start timestamp of synced audios
Taudio : List of all audio durations
tsync : Duration of synced audios
async : Synced audio

a: Audio
tSsync_start EMax(T Sstart)
tSsync_end ZEMIN( T Sstart A T audio)
tsync AET Ssync_end i T Ssync_start

Each audio object is then trimmed to:

(10)
(11)
12)

async AEa[tSsync_start i tSstart : tSsync_starti tSstart A tsync] (13)

AudioNormalizer: The localization of sound sources is
based on the timestamps of peak amplitude levels above
a certain threshold. When various lIters are applied to a
given audio signal, the amplitude of the signal vanishes
increasingly. Therefore, the AudioNormalizer can be used
to keep the amplitude at desired levels, see Figure 6.

Fig. 6: Audio normalizing

The normalization procedure is implemented as depicted
in Formulas 14, 15, 16:

chunk; :i-th chunk of the audio signal
Atarget - Max. amplitude after normalization

AEL)aX :Maximum amplitude of i-th chunk
scale_factor; : Scaling factor of i-th chunk
chunkﬂgrm‘ :Normalized i-th chunk
Al Emax(jchunk ) (14)
A
scale_factor; A& target (15)
A(')
max
chunkﬂgrm. Achunk; ¢scale_factor; (16)

The second activity includes the preprocessing of the
audio data in terms of spectral features. The initial goal
of this project is to localize sound source positions in noisy
environments where the localization itself is performed
based on amplitude peaks. Depending on the data and use
case, identifying peaks might get tricky due to potential
noise. There are cases where the noise is too loud to even
hear the sound source at all. Therefore, the task is to apply
Itering to isolate certain sounds. The library supports
nding the optimal Iters for a given use case.

In the library, three different types of processing tool
are implemented: Frequency ltering, noise reduction, and
blind source separation.

Frequency ltering: As described in detail in section
Il, frequency Itering consists of digital lters that are
applied to the input signal, producing an output signal
of which certain frequency regions have been attenuated.
Consequently, an output signal can be redirected and used
as the input signal for another frequency Iter. Thanks to
this property, chaining different frequency Iters becomes
possible. In the library, this attribute is leveraged by the
FrequencyFilterChain. The design of this functionality is
closely related to the Chain of Responsibility design pattern.
Each concrete frequency Iter implementation is a subtype
of the interface IFrequencyFilter to ensure each lter has
the same capabilities. In this case, the interface only de nes
the method IFrequencyFilter.apply() , which takes an audio
object as a parameter and returns the modied audio
object itself. The FrequencyFilterChain object holds a list of
IFrequencyfFilter objects that can be added or removed from
the chain at runtime. Once the modeling of the desired lter
chain is done, by invoking the FrequencyFilterChain.apply()
method, the audio objects get passed through all Iters in
this chain in a queue-like manner. If the user wants to
apply the identical Iter chain to all audio signals in a given
environment, he may just use the same chain for all audio
signals. Examples of the Iter chain and the application
of Iters on audio signals can be found in the respective
example implementation from the library [38].

The proposed library uses the Butterworth Iter design,
which has been discussed in detail in section I.

Here is a list of all frequency lters included in the library.
Note that a High[Cut/Pass]Filter is the complement of a
Low[Cut/Pass]Filter and vice versa:

2 LowCutFilter: Useful for removing low frequencies, for
example, when machine rumbling noises need to be
removed.

2 LowPasskFilter: Useful for letting low frequencies pass,
for example, when the humming sound of a power line
needs to be isolated.

2 HighCutFilter: Useful for removing high frequencies,
for example, when sharp sibilance sounds in speech
audio need to be removed.

2 HighPassFilter: Useful for letting high frequencies pass,
for example, when bird chirping needs to be isolated.



2 NotchFilter: Useful for attenuating one specic fre-
guency band, for example, when an alarm sound needs
to be canceled out of the audio data.

Frequency ltering is the most suitable approach when
the frequency domain of the sound source is clearly sep-
arable from the most prevalent background noise. In this
case, inspecting the frequency domain by using the spectro-
gram_plot visualization, can help in identifying the speci c
background noise frequencies that need to be attenuated.

Noise reducing: When the frequency domain of the sound
source is not clearly separable from the background noise,
i.e., the sound source shares frequency bands with the
noise, frequency ltering is not suf cient. In these cases,

a noise reduction technique is needed. In the pysound-
localization library, the open-source tool noisereduce [9]
is used Pysoundlocalization relies on the non-stationary
noise reduction approach, where the assumption is made
that the noise is not monotone, i.e., varies in terms of the
intensity or the frequency spectrum. Moreover, noisereduce
estimates a noise pro le either from a silent segment or
using an adaptive model during low-energy frames. It then
applies a frequency mask, that suppresses the frequencies
of the signal where the noise is dominant. The facade class
NoiseReducer in pysoundlocalization removes much of the
complexity and makes noise reduction very easy.

Fig. 7: NoiseReducer - UML diagram

As depicted in Figure 7, the NoiseReducer provides both
a method for reducing the noise in a single audio signal
and a method for reducing the noise for each audio in
the environment. Optionally, a noise sample can be passed,
which may lead to even better results.

Blind source separation: As de ned in functionality 2, the
library achieves the localization of multiple sound sources
at the same time. In this setting, the microphones in the
recording setup capture the sound signals of all sound
sources in the environment in parallel and produce a mixed
recording signal. Since the localization of a sound source
is based on the TDoA values that are obtained from the
comparison between the amplitude peaks, this mixed signal
becomes an issue, as it is not possible to decide which
sound source a certain peak belongs or sometimes even to
identify a peak.

Fig. 8: Mixed audio signal

In Figure 8, the mixed audio signal of two distinct sound
sources is depicted. Like this, it is impossible to tell which
peak belongs to what sound. The solution is to utilize the
frequency representation.

Fig. 9: Mixed audio signal spectrogram

Figure 9 shows the spectrogram of the exact same audio
signal and reveals that, indeed, two different sound emitters
are present:

2 Source 1: Monotonous sound source, emitting three
sounds with frequency 5 %00hz at an interval of about
half a seconds.

2 Source 2: Complex sound source, emitting sounds
around the entire frequency band.

These differences in the frequency representation can be
leveraged for the localization of multiple sound sources.
The approach in pysoundlocalization is to separate the
mixed audio signal into N individual audio signals that are
individually localized. There are multiple BSS algorithms
such as Independent Component Analysis (FastlCA), see
implementation by Sklearn [39], or NMF II-B1, see reference
implementation [31]. Testing both approaches in  pysound-
localization , see ex_fast_ica.py[38] and NonNegativeMatrix-
Factorization.py [38], the approach with NMF yields sub-
stantially better results. As the output array of audio sig-
nals produced by the NMF algorithm is non-deterministic,
running NMF for each microphone individually raises two
questions: At which position of the NMF output array do
we nd which sound source audio signal and—see Figure
10—whether a given audio signal, so the separated sound
source, is at position zero for both microphones.

Fig. 10: NMF - non-determinism

To solve this problem, the generic approach is to rst
create the environment, preprocess the audio data, and
then export the audio splits for each microphone to the
le system. In a second script, recreate the environment
and load the audio signals into the microphones correctly
ordered, after which the localization can be done.



In scenarios where real time localization or a fully auto-
mated approach is needed, the library offers the following
workaround:

Fig. 11: NMF - workaround

The implemented procedure is described in this example
as follows. The corresponding Python code of this example
can be found in ex_nmf.py [38].

Fig. 12: NMF - original audio

Figure 12 depicts the original loaded audio signal for the
four microphones in the environment:

Step 1: All audio signals of the four microphones in the
passed environment are concatenated into one single audio
signal; see Figure 13.

Fig. 13: NMF - concatenated

Step 2: The concatenated audio signal is passed to the
NMF algorithm to separate the signal into the sound
sources. The result is an audio signal array representing the
separated sound sources, i.e., two elements in this example,
see Figure 14.

Fig. 14: NMF - splits

Step 3: The next step is to split the two sound source
audio signals into the respective parts for the four micro-
phones; see Figure 15.

Fig. 15: NMF - split microphones

NMF - sample loss: Because NMF is a BSS technique with
losses, the output signal consists of fewer samples than the
input signal, and unfortunately, it is not possible to nd out
which exact samples were lost. According to the tests that
we have performed, see nmf_sample_loss_test.py the loss
of samples is expected to be around 0.018% of the total
duration, which can cause considerable time shifts in the
audio signal that in uence the outcome of the localization.
The implementation of pysoundlocalization takes this loss
into account by splitting the separated sound source signals
according to this Formula 17:

10

orig : Original i-th microphone signal length

|§3j_ : Adjusted i-th microphone signal length

Liotal : Total original signal length

Sioss : Total sample loss
10
0} iy . o9
15 g | T £ Stoss (17
total
Step 4:To localize the two sound sources, the microphone
splits of each sound source are loaded iteratively into the
respective microphones. The localized source position of
each iteration is appended to a dictionary that keeps track
of all sound source locations.

Fig. 16: TDOA illustration

3) Localization: Finally, the prepared audio data is ready
for localization. To localize the sound sources, the TDoA,
see Figure 16, between the microphones, needs to be calcu-
lated. To obtain these TDoA values, the pysoundlocalization
library offers two different approaches. 1) The rst approach
is the GCC-PHAT algorithm, where the cross-correlation of
the signals is calculated as described in the section I.

2) The second approach is the Threshold algorithm
proposed by the authors, where the timestamp of the peak
amplitude where the prede ned threshold level is exceeded
is used, see Formula 17, to compute the TDoA values: Build
all unique microphone pairs, combinations (n choose 2),



Fig. 17: Threshold illustration

see Figure 18, and compute the delta of their timestamps
where the threshold Iev'é‘el Ihas been exceeded.

n En(ni 1)

9 > (18)

This approach is an exact algorithm that achieves sub-
stantially better performance. Note that for this approach,
the normalization of the audio signal to ensure that peak
amplitudes are above the desired threshold level, as well as
a thorough preprocessing of the raw audio data, is needed
to achieve good results. The implementations for both the
GCC-PHAT and Threshold algorithms used in the library
can be viewed on the projects GitHub repository [38].

The preceding multilateration step is identical for both
approaches. The approximation of the sound source loca-
tion is implemented as described in Section II-B2. Given the
initial position, this algorithm approximates the location
of the sound source by performing a least-squares min-
imization. Note that the algorithm only implements a 2D
approximation, but it can easily be expanded into 3D space.
Pysoundlocalization initializes the sound source position
with the coordinates of the center within the detection
area. The output of the multilateration function is the tuple
consisting of the x- and y-coordinates of the estimated
sound source location.

When the system needs to locate multiple sound sources,
special consideration must be given to the multilateration
process. In such cases, the NMF algorithm produces an
array of audio signals, where each array element represents
one sound source. Therefore, the multilateration method
needs to be called for each array element: First, iterate
over the indices of the audio signal array. Then, at each
iteration, the respective array element splits are loaded into
the microphones, after which the Environment.localize()
method gets invoked to obtain the source position of the
currently loaded sound source. In the following iterations,
the remaining signals are loaded and individually localized.
At each iteration, an array of positions is maintained to
collect the sound source positions. This array can be passed
to the visualization plot; see Figure 18.

Chunking - Moving sound sources: Even though function-
ality 3 de ned the capability of localizing moving sound
sources, the focus has been only on stationary sound
sources.

The proposed solution for localizing moving sound
sources is called chunking. Section IlI-D1 explains how
the audio entity stores a list of audio signals. Initially, the
list holds one element at index O, i.e., the loaded audio
signal. When multilaterating the sound source positions,

Fig. 18: Result - localization of two sound sources

only one position will be computed, namely the position
of the sound source where it rst appeared in the audio
wave. If the sound source is in motion, the position would
not be updated. For this, chunking needs to be applied, and
pysoundlocalization offers two ways of doing this:

2 Split by chunk time: Splits the audio signal into chunks
of the given duration and stores them in the list of
audio signals in the audio entity.

2 Split by chunk samples: Splits the audio signal into
chunks of the given number of samples and stores
them in the list of audio signals in the audio entity.

Fig. 19: Chunking

Figure 19 illustrates the concept of the mechanism. When
the audio is chunked, the localization loops through all
chunks. For each iteration, the TDoA values are computed
and used individually for the multilateration. Therefore,
the output of the multilateration is a dictionary containing
the start sample index of each chunk, mapped to either
None, which equals to no sound present in the chunk, or
(x,y), which equals to the location of the sound source
event during the chunk. The dictionary is then appended
to the source_positions array, which stores the localization
dictionaries for each separated sound source.

The implemented chunking procedure for one audio
signal is described in Formulas 19, 20, 21:



a : Original audio signal

Ci : Chunk at i-th position

tc : Chunk duration (in seconds)

fs:Sample rate (in Hz, samples per second)
S¢ : Chunk duration (in samples)

(i) .
Cp'ad :Last chunk, zero-padded
Se AfsE te (19)
Ci /&ali £ S (i ALE S (20)

For the last chunk:

(i)dﬁE G, .if len(c;) A£Sc 1)
Pad” pad(Ci,Sci len(Cy)), iflen(ci)CSc

E. Visualizations

As pysoundlocalization is an exploratory library, visualiza-
tions are an essential component. The visualization module
holds a collection of various plots that are summarized in
Table II.

F. Audio generation

A valuable tool in the pysoundlocalization library is the
generation of raw audio data in a constructed experi-
ment setup, which brings benets to the user in terms
of exploration of library functionalities, quick algorithm
assessments, and comparison of different preprocessing
techniques. The simulate_noise_util.py module implements
the generate_audios method, see Figure 20, which is a
helper function for generating audio signals.

Fig. 20: Generate audios - signature

By providing the environment along with the following
parameter values, the method returns the environment
containing the generated audio signals loaded into the
microphones:

2 environment: The environment contains the room di-

mensions (vertices) and the placed microphones.

2 sample_rate: De nes the target sample rate for the

generated audio signals.

2 sound_sources:The list de nes for each entry a unique

sound source that occurs in the environment. Depicted
in Figure 21 is an example of such a list.

The dictionaries for the sound sources de ne the sample
index as the key and a tuple ( x,y) for its value. Note that
the sample index is valid for the reference location in the
environment, which is the location of the passed sound at
a given sample index.

1 sound_sources = [

2 {

3 "sound_1": sound_1,
4 15000: (50, 85),

5 37000: (100, 85),

6 h

7 {

8 "sound_2": sound_2,
9 12000: (20, 72),

10 24000: (25, 74),

11 39500: (24, 77)

12 }

13 ]

Fig. 21: Generate audio - sound_sources

The implementation determines the total length of the
output audio signal as follows, see Formulas 22, 23, 24, 25:

X,Y :Coordinates for environment vertices

Vsound : Speed of sound (in m/s)

fs: Sample rate (in Hz, samples per second)

dmax : Max. poss. delay for env. (in meters)

¢ tmax : Max. poss. delay for env. (in seconds)

S¢t : Max. poss. delay for env. (in samples)

l1ast : Last input signal sample index

Smax : Max. input signal length (in samples)
Soutput - Output signal length (in samples)
P
dmax £ (max(X)i min( X))2A (max(Y)i min(Y))2 (22)
d

¢ tmax A (23)

Vsound
S¢I ’CEfS¢¢ tmax (24)
Soutput /| IastASmaxASu (25)

Now, these resulting output audio signals are constructed
in such a way that they simulate and re ect the times of
arrival of a certain sound source between the microphone
locations and the sound source's own current location. The
implemented behavior for constructing the audio signal of
one microphone is described as follows, see Formulas 26,
27, 28, 29, 30, 31:

sse: Sound source event
d : Distance between sseand mic. (in meters)
Vsound : Speed of sound (in m/s)
tgelay - Delay between sseand mic. (in seconds)
fs: Sample rate (in Hz, samples per second)
Sdelay : Delay between sseand mic. (in samples)
I start - Start sample index of sseat mic.
lsse: Start sample index of sse
asse: Audio signal of sse
aSoieq - Mixed audio signal of sse

mix[i]:Loudness mix i-th element

agutput - OUtput audio signal of sse
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