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Abstract

Indoor localization is still nowadays a challenge with room to improve. Even though there
are many different approaches that have evidenced as effective, most of them require specific
hardware or infrastructure deployed along the building that can be discarded in many potential
scenarios. Others that do not require such on-site infrastructure, like inertial navigation-
based systems, entail certain accuracy problems due to the accumulation of errors. However,
this error-accumulation can be mitigated using beacons that support the recalibration of the
system. The more frequently beacons are detected, the smaller will be the accumulated error.
In this work, we evaluate the use of the noise signature of the rooms of a building to pinpoint
the current location of a low-cost Android device. Despite this strategy is not a complete
indoor localization system (two rooms could share the same signature), it allows us to generate
beacons automatically. The noise recorded by the device is preprocessed performing audio
filtering, audio frame segmentation, and feature extraction. We evaluated binary (determining
if the ambient sound recording belonged to a specific room) and multi-class (identifying
which room an ambient noise recording belonged to by comparing it amongst the remaining
18 rooms from the original 19 rooms sampled) classification methods. Our results indicate
that the two Stacking techniques and K-Nearest Neighbor (KNN) machine learning classifier
are the most successful methods in binary classification with an average accuracy of 99.19%,
99,08%, and 99.04%. In multi-class classification the average accuracy for KNN is 90.77%,
and 90.52% and 90.15% for both Voting techniques.

Keywords Noise signature identification - Indoor localization - Audio processing -
Acoustic signals - Feature extraction - Ambient sound

1 Introduction

Localization is the method of determining the position of an object in space. Particularly,
indoor localization involves locating an object or person indoors through an indoor posi-
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tioning system (IPS). The issue of localization is completely solved outdoors by GPS, yet it
becomes a problem again once inside of a building [1]. Though the issue of indoor localization
remains unresolved, its implementation varies such as through its usage within applications
with position tracking and activity monitoring [2, 3], building management [4, 5], and it even
extends to the Internet of Things (IoT) [6]. Although some of these approaches have evi-
denced as effective solutions, most of them are based on the use of supplementary hardware
and infrastructure that increments implementation and maintenance cost, or require intru-
sive methods that involve user’s collaboration and implication (like wearing specific devices,
using face recognition, etc.).

An interesting alternative to those that require specific infrastructure are those based on
inertial navigation. This approach does not require of previous calibration, nor installation of
external infrastructure/additional hardware [7]. It uses the array of inertial sensors embedded
in the smartphone (triaxial orthogonal accelerometer, gyroscope, magnetic field detector,
barometric pressure sensor, etc.) to recognize turns, stationary times, walking or stairs (among
others) that allow us to track the movement of a smartphone inside a building [3] and localize
it with acceptable accuracy. Nevertheless, although these systems perform well in small
buildings and short and simple trajectories, the accumulative error generated in each action
recognition can mean a problem whenever the users perform long and complex tours (a visit
to a museum, for example). This error can be corrected using beacons to re-calibrate the
position. A common strategy is the use of easy to identify points of interest (like stairs, for
example), but this approach is limited by the architecture of the building.

This led us to the need to increase the number of these beacons. The more beacons we
have, the more frequently the accumulated error would be reset. In this context, the objective
is not a complete IPS, but to be able to pinpoint specific positions inside a building. Several
previous studies on indoor localization do so by means such as WiFi, Bluetooth, Ultrasound,
Visible light, Radio Frequency Identification (RFID) [8], Acoustics, and Ultra Wide-band
[6], each with their respective advantages and disadvantages.

Our approach is to make use of the ambient noise signature of the different spaces of a
building to recognize where the user is. Thus, in this work, we evaluate the feasibility of
using the noise captured with a regular low-cost smartphone device to pinpoint the room or
corridor the user is in. This technique has been used with success in other research works [9—
12], but with different objectives. This method requires no additional on-site infrastructure
to perform noise signature recognition and holds potential to be applied in a supplemental
manner towards achieving the goal of indoor localization. We recorded the ambient sound of
several rooms of the Engineering Building IT of the University of South Florida. After filtering
the sample to isolate ambient noise, we trained the system using both binary classification
-whether or not an audio sample belonged to a specific room- and multi-class classification,
which room out of the 19 possible rooms, hallways, entries, and meeting spaces does the
audio sample belong to. The results of the experiments we conducted yielded an accuracy
of 77.84%, 90.77%., 86.73%, 68.2%, 83.66%, 10.42%, 89.02%, 89.94%, 87.85%, 88.17%,
90.52%, and 90.15% with the J48, KNN, MLP, Naive Bayes (NB), Support Vector Machine
(SVM), AdaBoost, Random Forest, Bagging, two Stacking, and two Voting classification
algorithms on the 19 by 19 room multi-class classification problem. Alternatively, with binary
classification, an accuracy of 97.74%, 99.04%, 98.84%, 85.38%, 97.01%, 96.58%, 98.55%,
98.22%,99.08%,99.19%, 98.84%, and 98.8% were achieved for J48, KNN, MLP, NB, SVM,
AdaBoost, Random Forest, Bagging, two Stacking, and two Voting classification algorithms,
respectively.

The organization of this paper is structured as follows: Section 2 summarizes works
related to feature extraction, machine learning classification and audio processing. Section 3
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encompasses a detailed description of the system proposed in this research. Section 4 includes
the experimental tests performed on the proposed system and the results. Section 5 serves
as a conclusion of the results and a brief explanation of proposed future work. Section 6
discusses the limitations of this proposed work.

2 Related works

Recently, there have been studies that focus on indoor localization via acoustic signals but do
so with approaches different from the approach employed in this paper [10—12]. For example,
many studies have cited the research done by Azizyan et al. [13], which achieves localization
via sound, light, WiFi, and color of locations. This is but one example of localization via
acoustic signals performed by a method apart from the acoustic signals exclusively. Other
studies implement indoor localization by analyzing the reverberation of a signal emitted by
the device [14] [5]. Additionally, systems such as those designed by Sun et al. [1], and Jia et
al. [5] implement systems and solutions to indoor localization that are not designed for use
on a smartphone, making these systems inconvenient for the average person to use.

2.1 Classification systems using sound features

In his paper, Dogan [15] uses acoustic signal processing to classify different road conditions
such as asphalt, gravel, stone, and snow-covered roads. He extracted features from the asphalt
samples such as Power Spectrum (PSC) and Mel Frequency Cepstral Coefficients (MFCC),
and classified them by using Linear Predictive Coding (LPC) and an SVM. He found that
road conditions were classified with a 97.5% accuracy rate, and when artificial noise data
(i.e., cars passing by and rain) was added to the sample, the success of classification for cars
passing by and rain were 89% and 67%, respectively.

Likewise, Tradigo et al. [16] use voice acoustic features to indicate specific vocal diseases
via mobile devices. Some of the extracted audio features include frequency (F0), jitter (J), Rel-
ative Average Perturbation (RAP), shimmer, Adaptive Noise Normalized Energy (ANNE),
and Harmonic to Noise Ratio (HRN). They then trained various classifiers with both male
and female voice data sets i.e., SVM, Naive Bayes Classifier (NBC), J48 and Multilayer
Perceptron (MLP).

There are also several papers that used acoustic signal processing for detecting medical
ailments of a patients’ lungs and heart. For instance, Grgnnesby et al.’s study [17] automates
the detection of abnormal sounds such as crackles in lungs using a smartphone. They carried
out their experiments with a 5-dimensional vector and extracted features including variance,
range, sum of simple moving average (fine and coarse), and spectrum mean to classify the
sound as normal or having crackles, achieving an accuracy of 86% with an SVM.

Other studies also used acoustic signals to evaluate sounds in different environments and
on a variety of surfaces. For example, Zeng et al. [18] describe a method of determining
whether a watermelon is ripe or unripe through the use of machine learning algorithms and
mobile device microphones. They extracted features from their sound samples including
sound-to-noise ratio (SNR), zero crossing rate (ZCR), short time energy (STE), Sub-band
short-time energy ratio, MFCC, and Brightness, and trained an SVM for classification of
ripeness, exceeding 89% accuracy.

Yang and Hsieh [19] trained a Recurrent Neural Network (RNN) and a Convolutional
Neural Network (CNN), on acoustic signals of heart sounds preprocessed with Discrete
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Fourier Transform (DTF), and the variance and std. deviation of DFT. Both networks yielded
similar accuracy around 80%.

In their research, Lavner et al. [20] also use a complex CNN classifier and a logistic
regression classifier, where it is shown that the CNN classifier has a considerable advantage
over the logistic regression classifier in terms of results. One of the goals of this study was to
construct a platform for conducting psychological research on co-regulatory patterns between
ababy and its caregiver, with cry events being a primary variable as a predictor of attachment.
This research is relevant to our goal because it proposes methods of detecting specific sound
events, which may prove to be useful for us in determining key room features.

McLoughlin et al. [21] perform classification of sound events with Deep Neural Net-
works (DNN), SVM, Stabilized Auditory Images (SAI) and Spectrogram Image Features
(SIF). They found that DNN performs the best when classifying robust events, yielding
an accuracy of 92.58% on average for noise-corrupted samples and both SVM and DNN
classifiers perform well in noise-free conditions.

In the study performed by Naronglerdrit et al. [4], the authors propose human activity
recognition using mobile phone microphones and trained NB, KNN, C4.5 decision trees,
SVM, and an MLP using WEKA. Naronglerdrit et al. also propose that clustering to repre-
sent features such as MFCC, spectral entropy, harmonics to noise ratio (HNR), and linear
prediction coding coefficients to decompose audio wave forms. The results showed that the
best results were achieved with an MLP model, yielding a 92.46% accuracy. This research
study provides evidence for the usefulness of various classifiers for the task of audio classi-
fication given specific features.

SoundSense by Lu et al. was the first general purpose sound sensing system for resource
limited phones [22]. This study classifies general sound types such as music and voice
(coarse category classification) but also goes a step further to classify genres of music (intra-
category classification) simply from an audio file. This work performs action recognition via
ambient sound of the following activities: walking, driving, riding an elevator, and riding
a bus. For audio preprocessing, Soundsense conducts frame admission control to remove
frames with only white noise or silence by considering energy levels and spectral entropy.
Low energy levels and high entropy would indicate white noise or silence. Features used
for classification of coarse categories are: Zero Crossing Rate (ZCR), low energy frame
rate, spectral flux (SF), spectral rolloff (SRF), spectral centroid (SC), bandwidth, normalized
weighted phase deviation, relative spectral entropy, and variance. This study implemented a
decision tree classifier with Markov-models for each activity. For intra-activity classification,
MEFCC are calculated and then converted into MFCC feature vectors to be used in a simple
Bayes classifier to represent various ambient sound events or activities. This method of
examining ambient sound for the purpose of activity recognition via classification is related
to the goal of our study, as we use ambient sounds of various locations for classification. This
study showcases an effective use of audio features in a classification task, and we ultimately
extract many of the same features presented here in our approach. Although this issue shares
commonalities to our goal and provides scalability for mobile devices, it does not make
advancements towards indoor navigation.

Scarpiniti et al. [23] propose a novel real-time approach to classify small audio frames
to identify work activity and watch remotely construction sites. To achieve this, they dis-
tributed acoustic sensors, create a Deep Belief Network (DBN), and obtained the features
from MFCCs and applied six aggregate statistics on it. They obtain an overall accuracy up
to 98%.

In [24], the authors use an occluding intra-aural device to obtain sounds and classify
them in human nonverbal events (clicking of teeth/tongue, blinking, ...), which could be used
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to monitor users’ health. They used clustering (Gaussian Mixture Models (GMM) and K-
means) and classification (SVM and Random Forest) methods. The features were obtained
using MFCC and Auditory-inspired Amplitude Modulation (AAM), and Per-Channel Energy
Normalization (PCEN), and concatenated their histogram level using difference combinations
among them three. The GMM and SVM option, using MFCC and PCEN for feature extraction,
obtained a performance of 81.5% in sensitivity and 83% in precision.

2.2 Classification systems using indoor localization

Hasegawa et al. [14] propose that the acoustic signals of nearby surface materials can be used
to locate a smartphone. They extract MFCC using Fast Fourier Transform (FFT), and carried
out the experiment in three different environments to test the classification effectiveness. They
achieved a 89.2% accuracy when classifying six different types of phone placements using
Random Forest (RF). This system differs from our proposed work since their system requires
a short beeping sound to be produced from the phone that echoes off of its surroundings to
determine the phone’s location, whereas our goal is to simply record the sounds in a room to
determine which room it is in.

Marron et al. [3] present a system for pedestrian tracking and activity recognition in indoor
environments. The proposed system uses widely-available sensors that are commonly found
in smartphones and similar devices, ensuring that no additional or external infrastructure is
necessary. Ultimately, they achieve an overall accuracy of 91.06% in common human motion
indoor placements. Their system is able to recognize actions such as walking, walking on
steps, standing still, or using the elevator from a smartphone device. This study shows an
improvement towards the simplification and ease of activity monitoring indoors; however,
this study does not solve the issue of locating the user indoors or recognizing the space the
user is in. Rather, the study focuses on the actions and activity of the user.

SoundLoc and SurroundSense systems are well-cited and foundational works for indoor
localization. SoundLoc, a system proposed by Jia et al. [5], considers indoor localization by
emitting a Maximum Length Sequence (MLS) and extracting kurtosis, direct to reverberant
energy ratio, and spectral standard deviation as features and performing classification with a
NBC. This system performed with an accuracy of 97.8%. This work differs from our approach
since it classifies the "echo" of a signal the system generates itself rather than classifying
rooms based on their ambient noise. Additionally, this approach was not implemented on a
smartphone. SurroundSense, which was proposed by Azizyan et al. [13], executes the task of
ambiance fingerprinting via ambient sound, light, color and WiFi. The acoustic fingerprint
was generated by extracting the signal amplitude. However, this signature was employed as a
filter rather than directly used in classification. While this study provides critical contributions
to this field, they perform localization with means other than sound alone.

In their paper, Du et al. [25] implement indoor localization Probabilistic Neural Networks
(PNN), which requires less training than other machine learning techniques and yields results
of high accuracy [1]. Du et al. do not perform indoor localization with ambient sound alone,
but also use chat word sensing, WiFi, and the user’s schedule uploaded from a server, as
well as Acoustic Background Spectrum (ABS) and sparse MFCC (SMFCC) as features. This
study does not completely accomplish our goal due to the use of other components needed
to perform the localization. However, with PNN, their system yields a 70% accuracy.

Furthermore, The Acoustic Landmark Locator (ALL) proposed by Phillips et al. [2]
extracts the frequency and power spectrum to develop an acoustic signature for a specific
hall or corridor. Through training an Artificial Neural Network (ANN), they achieved an
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accuracy for the ALL ranging between 71% and 99%. The lower classification accuracy was
reportedly due to the presence of carpet in the rooms or voices in the audio segments. Our
approach extracts and separates the foreground noises from the ambient sound to allow for
a more holistic analysis of the ambient noise present in the room or corridor while reducing
the error created from foreground sounds such as voices altogether.

Similarly, in their paper, Sun et al. [1] aim to solve the issue of Sound Source Local-
ization indoors with a PNN with a Generalized Cross-Correlation Classification Algorithm
(GCA) to extract sound features. This work compares other existing Sound Source Location
(SSL) classification techniques to their own system for evaluation of performance, which was
successfully increased through these techniques. Although this work does execute accurate
classification of sounds, it solves a different issue regarding where a sound is emanating from
within a room or space, rather than recognizing acoustic signatures.

The study conducted by Moore et al. [26] is fundamental with respect to the idea of
ambient noise characterizing a particular room or space. The concept of a roomprint is
presented, which is similar to a fingerprint and is invariant with time, positioning, and noise.
This work focuses on geometric features, room acoustic parameters, and environmental
sounds, as necessary components of a roomprint. Roomprints exploit unique features of a
room. Moore et al. also distinguishes between two types of roomprints: a reference roomprint
and a latent roomprint; a reference roomprint can include factors of the room that can be
explicitly measured and a latent roomprint can be derived only from recordings of speech
that are uncontrolled. Using environmental sounds as a component of a roomprint directly
aligns with the goals of this paper, since we hope to use ambient sound for classification of
a room against others. Moore et al. achieved an overall error rate of 32.6%; however, when
presenting the results they obtained with the logarithm of frequency-dependent reverberation
time as a feature for classification, an error rate of 3.9% was achieved. This improvement
highlights the substantial difference selecting features that better represent the data can have
on performance.

Molina et al.’s work [27] showcases an implementation of a fingerprint-based system for
indoor localization, specifically in an airport environment. They focus primarily on radio-
frequency (RF) based approaches including GPS, WiFi, Bluetooth Low Energy (BLE), and
Radio-frequency Identification (RFID) for localization. In their approach, the authors propose
asystem which makes use of location fingerprinting to compare the Received Signal Strengths
(RSS) from each wireless access point in an area with prerecorded values. Fingerprinting is
performed via offline sampling and online location. In processing their data, they use KNN
for data classification and matching. In analyzing the results of their approach to localization,
the authors found that there is a benefit to using several RF based methods at once, in that
the use of different technologies together is more accurate than WiFi alone. Although this
study aims to perform optimized indoor localization, it differs from our research goal in that
it strictly uses RF-based methods to perform localization and does not consider audio in
determining indoor location.

In their study, Leonardo et al. [28] propose a framework that achieves indoor localization
on a smartphone device alone, and focuses on the pervasive or ambient sound of a room or
environment. Their proposed algorithm, SoundSignature, extracts acoustic fingerprints and
performs classification with an SVM. They extracted features including the logarithm of each
frequency, MFCC, and Spectral Features such as centroid, spread, skewness, kurtosis, slope,
decrease, and roll-off. They then performed feature selection via the Sequential Forward
Feature Selection algorithm [29] and employed an SVM for classification with a binary
classification or one-versus-rest approach. Ten-fold cross validation was used and for data
collection, sound samples were collected from 16 locations, and the recordings were split
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into 5-second long non-overlapping windows. One data set was recorded on a day with the
A/C on and the other with it off. Applying SoundSignature to the first data set with 10-
fold validation yielded an accuracy of 90.28%, using the same validation on both data sets
combined yields a 77.89% accuracy and the validation of one data set with the other yields
an accuracy of 48.08%. This study has promising results and has implemented this system
on a smartphone device. However, this study does not solve the issue of classification beyond
binary classification.

Van Haute et al. [8] evaluate different solutions for indoor localization that are RF-based.
Although this study was not geared towards audio-based solutions, important flags were
raised by the conclusions of their experiments. Van Haute et al. call for standardized evaluation
methods to provide a means to objectively compare different localization solutions in multiple
conditions. Ultimately, since current systems aimed towards solving the issue of indoor
localization vary so greatly, it creates room for error when attempting to apply these solutions
on different environments. This was shown by implementing three different solutions on three
different environments — the results varied greatly. This study displays the unintentional bias
evident in current solutions — that the solutions are tailored to specific environments (e.g.
offices with brick walls and carpet vs. industrial spaces with concrete and tile).

Song et al. [9] propose a framework to determinate the indoor area location without any
other dedicated device and just using a smartphone. To achieve this, they had to build an
environmental background audio of the rooms to extract their fingerprints using the Pearson
Correlation and Long Short-Term Memory (LSTM), which is a type of RNNs. However,
LSTM was the best one between a comparison with KNN, Back Propagation (BP), and
Radial Basis Function Kernel (RBF). Besides, they have divided rooms in subareas to create
a more precise localization. In this proposal, they have used 96 hours of uncompressed audio
in 14 different rooms and in different times, recording using a smartphone too. They obtained
aroom accuracy localization of 97.64%. In our case, we have obtained an average of 99.19%
just using almost 8 hours of audio files (25 minutes in each room) and using Stacking and
binary classification.

2.3 Audio preprocessing methods

In their paper, Bayle et al. [30] introduce Karalk, a data set geared towards cover song
identification (CSI) and singing voice analysis. Although this study is not focused towards
indoor localization, it does consider the issue of audio processing and classification which
are critical pieces of our larger issue — indoor localization.

This paper uses Karalk on the task of CSI with the Dynamic Time Warping Method.
They used several frameworks and tools including MARSYAS!, and Yet Another Audio
Feature Extractor (YAAFE)? to extract audio features from each track. Features extracted
are: chroma, MFCC, chords and keys, chroma and chord distances. The system achieves an
accuracy of 84%-89% for three of the features. This paper performs sound analysis, feature
extraction and classification between the different genders corresponding to voice, genres of
song, and more. We also utilize YAAFE for feature extraction which is a toolbox for audio
feature extraction [31].

The study by Fedele et al. [32] finds a solution for conducting structural health assessment
of road pavements by studying the acoustic properties of the pavement and optimizing the

1 http://marsyas.info
2 http://yaafe.sourceforge.net/index.html
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pavement managing process. This study uses MATLAB coding? for acoustic signal analysis
an audio preprocessing. [31]. The analysis was specifically targeted towards Power Spectral
Density (PSD) for the purpose of categorizing uncracked, lightly cracked, or highly cracked
slabs of pavement. PSD measures the distribution of a signal’s power over its frequency. The
study concluded that signatures of cracked pavement have a reduced frequency and increase
in amplitude.

3 Approach

Our proposed approach is similar to the SoundSignature system explored by Leonardo et al.
[28]. However, our method increases the number of features extracted and implements other
classifiers that were more successful with this type of problem in other works, such as the
J48 [16], KNN, MLP, NBC [5], and SVM [4]. Furthermore, we have added some ensemble
methods like AdaBoost, Random Forest, Bagging, Stacking, and Voting. Our approach con-
sists of the separation of the original audio samples, as well as feature extraction, but does
not include feature selection.

3.1 Data collection and preprocessing

Data collection took place during afternoon hours across one week in one of the University
of South Florida’s Engineering buildings that mainly consists of labs, offices, a convenience
market, and meeting spaces. We performed data collection in 19 locations within the building
including hallways, entryways, labs, offices, conference rooms, the convenience market, and
the lobby. Table 1 displays the category signifying the kind of space to which each of the 19
locations corresponds. Locations in the hallways, labs, entryways, and convenience market
categories typically are spaces with tile flooring and brick walls. Locations under the offices
or meeting spaces categories typically have carpeted flooring with brick walls. We did not
restrict the passing or entry of individuals while collecting data to record locations in their
natural state. These distinctions are important to this work when considering the way sound
travels in these spaces.

The audio recordings of each location are 25 minutes long, which allowed us to obtain 300
five-second samples of each area. As shown in other related works, sample lengths often vary
but the number of samples used has exceeded 100 [28] and have sometimes exceeded 100,000
[19]. In our case, this particular number of samples provides us with a total number of 5,681
samples which is a reasonable medium between a few hundred and hundreds of thousands
of samples. A Google Pixel smartphone was used to record all samples with a simple audio
recording Android Application, Easy Voice Recorder*. While recording, the smartphone was
kept on a flat surface, often on wooden or metal surfaces. Recordings included sounds such as
talking, footsteps, machines, air conditioning, and the sounds of doors opening and closing.

In order to clean the audio and remove extraneous sounds that may overshade the ambient
sound of the recorded location, we followed the same procedure applied by Fassbender and
Jones to remove the interfering noise [33], and implemented by Adobe Auction auto heal
feature. This method works by analyzing the audio spectrum around the selected noise. It then
reduces the amplitude of the noise, not just by reducing the volume, but also by smoothing

3 https://www.mathworks.com/products/matlab.html

4 http://www.digipom.com/portfolio-items/easy-voice-recorder/
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Table 1 Room Classifications

Offices Research Labs Entryways Hallways Meeting Spaces Convenience Market
Officel Labl Entryl Hallway1 Conferencel Market

Office2 Lab2 Entry2 Hallway?2 Conference2

Office3 Lab3 Entry3 Hallway3 Conference3

Office4 Lab4 Entry4

the spectral shape around the edges’. This process likely involves some form of spectral
subtraction, where the spectral content of the noise is estimated and then subtracted from the
noisy signal. We applied the process to the entire audio file for each location in 12-second
non-overlapping windows.

3.2 Feature extraction

Since YAAFE provides such an expansive array of possible features to be extracted from an
audio input sample, we found that it is useful for both extracting basic and more complex
audio features, as it was applied in other studies with similar scenarios and constraints [34,
35]. This framework allows users to extract multiple features at once with a feature extraction
plan while taking less CPU time than other tools like MARSYAS [31].

We use YAAFE to extract the following features: perceptual sharpness, perceptual spread,
temporal and spectral centroid, temporal and spectral spread, temporal and spectral skewness,
temporal and spectral kurtosis, spectral slope, spectral variation, spectral decrease, [36]; ZCR,
spectral rolloff [37]; MFCC [38], LPC [39], energy and spectral flatness 1, and spectral flux 2.
Table 3 provides descriptions of the features extracted in our study. The complete description
of all features and the equations of the rest of the features can be found available online in
YAAFE source repository®. Most features supported by YAAFE are also described in great
detail in the work of Peeters [36], and this paper was used to complete Table 3. Equations for
energy, spectral flatness, and spectral flux are provided in (1), and (2) respectively. Energy is
expressed as the root mean square of an audio frame, x of the i the frame. Spectral flatness is
computed as the ration between the geometric mean in the numerator and the arithmetic mean
in the denominator. Spectral flux expresses the squared difference of normalized magnitudes
of spectra between adjacent frames [40]. YAAFE’s feature extraction is a two-step process,
beginning with a feature plan parser. YAAFE takes the audio file and a Python script detailing
the features the user wants to extract from the given audio file. The feature plan parser parses
the Python script by feature and then defines the sequence of computational steps needed to
extract each feature. From this, a dataflow graph is created for input to the second step, the
data flow engine. Here, the series of computational steps are linked and executed using C++
component libraries on loaded the data component in accordance with the dataflow graph
created in the first step. The output of the dataflow engine is the desired extracted features
from the given audio file.

Regarding the features extracted, many of them such as spectral features [28], MFCC
[25], kurtosis [5], energy [41], LPC [15], and ZCR [22] were also extracted in several of

5 https://community.adobe.com/t5/audition-discussions/auto- heal-vs-spot-healing-brush-tool/td-p/
10574082

6 http://yaafe.sourceforge.net/features.html
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the studies discussed in the Related Works section of this paper (Section II). However, since
YAAFE is able to extract different features in addition to those mentioned in previous papers,
we utilized YAAFE 0.647 for feature extraction to provide more information to the classifier
for each sample, in efforts to yield an increase in performance. By manipulating the block
and step size of the features to be extracted, where the block size is the unit of measure for
frame size and step size is the step between consecutive frames, each feature was calculated
for every five-second, non-overlapping window in the 25-minute audio file. Ultimately, we
have 33 features per sample, totaling to 187,473 features for all samples.

N1 2 i

energy = M and S flamess = exp(Nl >k log(ar)) n
N N Zk Ak

S flux = Splar(t) — ax(t —1))? o

\/Zk ax(t — 1)2\/21{ ag(1)?

3.3 Classification and Testing

WEKA 3.8.6% was used to implement the following classification algorithms: J48, KNN,
MLP, NBC, AdaBoost (Ada), Random Forest (RF), Bagging (Bag), Stacking (Stack), and
Voting (Vote). We wrote a Python script to train an SVM and perform the binary classification
task. The script also accepts an Attribute Relation File Format (ARFF) for input to the
classification algorithms. As ARFF is the file format that is traditionally the input format into
WEKA, we wrote our script to accept the same format to avoid tedious file format conversions.
We decided on the first four classification algorithms due to their success in the following
related works [4, 5, 16], which all employ one or more of the same classifiers. Additionally,
we have added some ensemble algorithms like AdaBoost, Random Forest, Bagging, two
Stacking, and two Voting because they could improve the results.

The J48 classifier is a pruned C4.5 decision tree [42], and was implemented with WEKA’s
defaults: a pruning confidence of 0.25 and a minimum of two instances per leaf. The KNN
[43] performs distance weighting and selects a k value based on cross-validation. In our
case, k=1 which has performed to us better than k=3. The MLP uses back-propagation to
classify instances and all nodes are sigmoid for non-numeric classes’. Naive Bayes [44]
is a classifier that chooses numeric estimator precision values based on the analysis of the
training data. No modifications or changes were made to the classifiers’ options NaiveBayes.
Support Vector Machines find a hyperplane or a set of hyperplanes as a means to map the
data presented. The hyperplanes fall between the different classes, making this algorithm
effective for classification purposes. As SVM classifier has been used John Platt’s Sequential
Minimal Optimization (SMO) [45] with the default configuration, which replaces all missing
values, transforms in binary the nominal attributes, and normalizes all of them.

AdaBoost [46] allows boosting classifier for nominal attributes. We used AdaBoostM1
with default configuration and DecisionStump as a Classifier. Random Forest combines
trees depending on the values of a random vector [47]. Our Random Forest has the default
configuration. Bagging generates different versions of one predictor to obtain an aggregated

7 http://yaafe.sourceforge.net
8 https://www.cs.waikato.ac.nz/ml/weka/
9 http://weka.sourceforge.net/doc.dev/weka/classifiers/Classifier.html
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Table 8 Accuracy for 19 X 19

Multi Classification Algorithm % Accuracy
J48 77.84
KNN 90.77
MLP 86.73
NBC 68.20
SVM 83.66
AdaBoost 10.42
Random Forest 89.02
Bagging 89.94
Stacking 1 87.85
Stacking 2 88.17
Voting 1 90.52
Voting 2 90.15

predictor [48], which we just configure to use RepTree as a classifier. Stacking allows the
combination of several classifiers to do classification deducing the bias and the error rate
[49]. In this paper, we have implemented two Stacking algorithms. In the first one, we just
combine the algorithms used in [4, 5, 16]. In the second one, we added AdaBoost, Random
Forest, and Bagging. In both cases, we use RepTree as a metaclassifier. Voting allows the
combination of different classifiers to reduce the error based on the combination rule [50]. In
this case, we have implemented two voting algorithms, both use all the algorithms, but the
first one uses "Average of Probabilities" as a combination rule and the other one "Majority
Voting".

Each test performed used a total of 5,681 instances. We performed multi-class classifi-
cation (19-versus-19) and binary classification (one-versus-rest). The binary and multi-class
classification tasks were implemented using all classification algorithms previously described
in this subsection.

4 Results

In the multi-class testing, KNN performed the best with an accuracy of 90.77%. On the other
hand, in the binary classification with an average accuracy of 99.19% the best algorithm is
Stacking using J48, KNN, MLP, NB, SVM, AdaBoostM1, RandomForest, and Bagging as a
classifiers. Table 9 shows the results of the binary classification problem. We have achieved an
accuracy of 97.74%, 99.04%, 98.84%, 85.38%, 97.01%, 96.58%, 98.55%, 98.22%, 99.08 %,
99.19%, 98.84%, and 98.8% were achieved for J48, KNN, MLP, NB, SVM, AdaBoost, Ran-
dom Forest, Bagging, two Stacking, and two Voting classification algorithms, respectively.
The results for the 19 versus 19 classification problem are presented in Table 8 and the
resulting confusion matrices from the two top performing classifiers that were used in previous
researches — KNN and MLP are displayed in Tables 2 and 4, respectively. Tables 5 and 6
show the 19 vs 19 confusion matrix for the two best ensemble methods added in this research,
where both are close to KNN. In addition, KNN improves by more than 4% the rest of the
algorithms used in previous researches, and all ensemble methods except AdaBoost exceed
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the other algorithms except KNN. Table 7 provides the room corresponding to the labels on
the confusion matrices.

In contrast, in binary classification, the best algorithms are Stacking 2, Stacking 1, and
KNN, exceeding the 99% of accuracy. These results are displayed in Table 9, where it can
be seen that SVM, like the other classifiers, outperforms the NB in this task across all
performance measures. Although Table 9 indicates that certain rooms were more accurately
classified with Stacking methods, this could be due to these methods have improved and
reduced the bias and errors, after combining several classifiers including other ensemble
methods that were not used in the other researches.

However, we can see that some rooms have very good accuracy with all the classifiers,
including with NB, like the Market, and Lab4. It could be due to a lower amount of noise
interference with the ambient sound in that particular room, hallway, or corridor. We found
that rooms, hallways, or corridors with recordings of people talking or very distinct ambient
sounds were classified with greater ease, as opposed to a recording in a room with a much
quieter setting, which was more likely to be confused with another room, hallway, or corridor
with similar conditions.

5 Conclusions and future work

The results shown above evidence the feasibility of our proposal. That is, the possibility
of identifying the noise signature of an indoor space using only a low-cost device, without
requiring any extra on-site hardware or infrastructure. Although in this work we used offline
tools for the signal processing and model training, both the libraries we used and the models
we generated in the training process could be added to a downloadable app. Even whether
the performance of this architectural alternative would not reach the minimum levels of effi-
ciency (running classification models in an Android device may require too many resources),
there is room to adapt the model to a client-server architecture that could delegate the classi-
fication to the server-side, still avoiding any on-site infrastructure. Ultimately, this study has
outperformed the work of Leonardo et al. [28] in the binary classification task with the SVM
classifier with a difference of almost 7% accuracy. If we compare this study with Song et
al. [9], they obtained an accuracy of 97.64% using LSTM-RNN while we obtained 99.19%

Accuracy of prior studies

90

85

7 I
60 I
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using a Stacking method and improved their result with our implementation of J48, KNN,
MLP, Random Forest, Bagging, the two Stacking models, and the two Voting models. Fur-
thermore, and as shown in Fig. 1 '°, our results also outperform in terms of accuracy those of
the other prior studies that were reviewed in Section 2.2 Our study could be expanded upon
to increase its impact and usefulness to the average person. Yet, as we discussed, it is not a
complete indoor positioning system (two rooms sharing the same signature, for example), it
can be used to automatically generate beacons to complement other alternatives, like the one
proposed by Marrén et al. [3]. We believe that by extending our work, there could be potential
applications for the system in indoor spaces like hospitals and malls. Future development of
this work would include an increment of the variety of spaces and areas considered.

6 Limitations

This proposed study also has limitations that affect the feasibility of our solution. Firstly, in
order for this system to be successful in any building, it would require the process outlined
in Section 3 to be performed in every considered building. Unless this is performed by the
building management, it places an unrealistic responsibility on the user in order to reap the
benefits and convenience of this system. Secondly, since this system has not been tested
on a smartphone, it is possible that it may require too much power to be carried out in
real-time on a smartphone or other handheld smart device, forcing us to move to the client-
server model alternative described above in the conclusions section. Lastly, the types of
rooms and spaces we included in this experiment are not all-encompassing. Our study was
limited to a single building, where despite the differences between each space, ultimately,
the material used for the walls, flooring, and the purposes of the spaces were rather similar.
It is possible that this system would not achieve the same performance when operating in
an environment that is constructed and used differently. For example, a concrete, industrial
setting that is mainly used for operating machinery may not be a suitable setting for our
system. Furthermore, we also recognize that two or more rooms can share the same noise
signature, such as offices and classrooms, and this is a problem that will have to be accounted
for in future works with this system. Overcoming the limitations'! addressed in this section
would require sampling a larger number of buildings with different purposes and also a
simplified process for preprocessing.
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