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Abstract

The rapid expansion of urban areas globally necessitates innovative approaches for under-
standing and managing complex urban dynamics. However, traditional urban monitoring
methods relying on sparsely distributed static stations are inadequate to capture the intricate
dynamics and fine-grained spatio-temporal variability inherent in complex urban environ-
ments. Participatory sensing, leveraging the ubiquitous presence of smartphones equipped
with various sensors, presents a compelling alternative for acquiring large-scale, high-resolution
data on diverse urban phenomena.

Despite its potential, existing participatory sensing solutions are hampered by several
limitations. Notably, the absence of a unified framework hinders seamless integration and
data exchange between diverse applications. Additionally, inadequate attention is paid to
privacy-aware solutions, potentially compromising user anonymity and trust. Also, lack of
fair task allocation techniques exist for participatory / crowd sensing systems which is lead-
ing to efficient incentive mechanism. Furthermore, limited analysis of the inherent spatio-
temporal variability in urban dynamics restricts the accuracy and generalizability of insights
derived from the collected data. Finally, insufficient exploration of the geographically vary-
ing relationships between urban dynamics and various risk factors hinders the development
of targeted interventions and resource allocation strategies.

This thesis bridges these critical research gaps by introducing novel techniques for study-
ing urban dynamics using participatory sensing data. We propose JUSense, a unified frame-
work that integrates diverse urban sensing applications, fostering seamless data exchange and
collaboration. We propose a privacy-preserving user identification module based on deep
learning for robust user authentication while safeguarding anonymity. To address data qual-
ity concerns, we explore context-aware data cleaning and device-specific calibration mech-
anisms to ensure data accuracy. Additionally, we propose TATA, a truthful double auction-
based incentive mechanism that promotes fair task allocation and motivates user participation
in data collection.

To leverage the rich spatio-temporal data collected through participatory sensing, we
explore advanced analytical methods. We present a system that enables dynamic noise pollu-
tion mapping as a service, employing novel spatial interpolation techniques to address sparse
data scenarios and ensure high accuracy. Furthermore, we investigate the spatio-temporal
variability of deep learning models for predicting health outcomes, such as COVID-19 cases
and mortalities. This analysis allows for the identification of regions where specific models
perform exceptionally well, enabling targeted and efficient resource allocation for healthcare
interventions. Finally, we delve into the issue of geographical heterogeneity by employ-
ing geographically weighted regression models to explore the spatially varying relationships
between COVID-19 health outcomes and diverse socio-economic, demographic, and envi-
ronmental risk factors. This analysis provides valuable insights into the localized factors
influencing the pandemic’s course and informs targeted interventions tailored to specific ge-

ographical regions.
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By addressing the critical research gaps, the contributions in this thesis pave the way
for the development of robust and efficient urban dynamics analysis systems. These ad-
vancements hold significant potential to empower urban planners and policymakers with the
necessary insights to make informed decisions, ultimately leading to improved resource man-

agement, enhanced urban planning strategies, and a better quality of life for citizens.



Chapter 1

Introduction

1.1 Overview

The last few decades have seen a fast expansion of urban areas worldwide. In light of ongoing
trends in population density, coupled with the development of regions with high urban ex-
pansion probability, a substantial prediction of the change in worldwide urban land-cover is
anticipated [1]. A research states that by 2030, urban land cover would have increased by 1.2
million km?, approximately three times the worldwide urban land area as of 2000 [2]. This
fast expansion of urban areas is raising the need for effective planning and informed decision
making in order to enhance the quality of citizen’s lives. However, the urban settings exhibit a
complex system influenced by various factors/aspects such as air and noise pollution dynam-
ics, health dynamics, road and traffic condition, population dynamics, and beyond. Hence,
efficient sensing, analyzing, monitoring, and mapping of these diverse aspects is becoming a
challenging task.

Traditionally, urban dynamics are assessed through government setup static monitoring
stations sparsely distributed across locations (e.g., streets, railway stations, hospitals, air-
ports, residential, and commercial areas) or through manual monitoring by human experts.
However, Internet of things (IoT)-based participatory sensing / crowd sensing has recently
grown as a captivating approach for sensing and acquiring data for urban dynamics [3]. Par-
ticipatory sensing is a process in which a large number of people share data and extract
crucial information from it in order to manage, estimate, or infer diverse phenomena of in-
terests [4] [5]. Participatory sensing has become an effective way of sensing urban dynamics
due to the widespread availability of smartphones among citizens. Sensors and communi-
cation technologies are regularly utilized in smart handheld (e.g., smartphones, tablets, etc.)
and wearable devices. These large number of sensors, allowing to acquire a variety of data
such as image, audio, video, geo-location, and environmental information. These smart IoT
devices could be utilized for effective monitoring of different dynamics namely environmen-
tal pollution, health dynamics, traffic and road condition, etc. Participatory sensing data
along with artificial intelligence (AI) techniques, offers a promising opportunity for analyz-
ing large-scale, real-world data from citizens, which can help to better understand various
urban dynamics.

In the aforementioned context, this PhD thesis aims to investigate predictive techniques

for studying urban dynamics using both traditional and participatory sensing data. The focus
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is on predictive modeling for spatio-temporal analysis of various urban dynamics, including
air pollution, noise pollution, and citizen health. In the subsequent sections of this chapter
highlight the gaps or research issues in the existing solutions for exploring participatory-
based modeling and spatio-temporal analysis of various urban dynamics. This chapter also
describes how those research gaps motivate us to conduct this PhD thesis work. Moreover,
our major contributions that bridge the identified gaps in the existing research are also high-
lighted.

1.2 Research Issues

This section provides a comprehensive overview of research issues and gaps in the litera-
ture. There are existing methods that focus on exploring various participatory-based urban
sensing applications [3, 6—16]. Chapter 2 provides a detailed description of such previous
works. However, previous research exhibits several major shortcomings, including inef-
ficient framework design for participatory sensing, insufficient emphasis on privacy-aware
solutions, limited analysis of high-granular spatio-temporal variability in dynamics, and in-
adequate exploration of the geographical association between urban dynamics and various
risk factors. Additionally, the issues like context aware-sensing, calibration, etc are also
highlighted. A detailed examination of research issues / gaps in the literature is presented

below.

Gy: Need of a unified framework for participatory sensing-

Urban sensing systems aim to tackle various urban challenges (e.g., deteriorating air
and noise pollution, declining health conditions, transportation system issues, poor
road conditions) by leveraging data from diverse city dynamics. Traditionally, sepa-
rate urban sensing applications are designed to monitor different urban dynamics like
environment, transportation, mobility, etc. However, combining these applications to
aggregate information can lead to various new inferences. Existing solutions fall short
in delivering a unified framework for participatory sensing. It’s essential to note that
the primary purpose of such a unified framework is to enhance urban sensing applica-
tions by mitigating their individual limitations.

Gy: Less attention on context aware-sensing and calibration mechanisms-
Existing techniques do not pay sufficient focus on the pre-processing for improving the
quality of acquired raw participatory sensing data. We mainly identified two research

issues associated with the pre-processing of participatory data.

(a) In participatory sensing data may be generated from different sensing contexts.
The acquired data of different dynamics may not provide accurate values due to
inappropriate sensing context. This approach should have a proper context-aware
data cleaning technique to remove the measurements collected from inappropri-

ate sensing contexts.
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(b) Low-cost IoT devices, such as smartphones used in participatory sensing, may
produce suboptimal data quality for specific urban dynamics, like ambient pol-
lution levels. In essence, smartphone measurements might not reflect accurate
values. To ensure accurate data, it is essential to implement proper calibration

mechanisms specific to IoT devices.

(c) In participatory sensing based data collection, sometimes we need to use static
stations’ data as ground truth to validate the data quality. However, missing val-
ues in static stations’ data, which are frequently brought on by hardware break-
downs or data corruption, are a serious problem in environmental pollution re-
lated research. These missing data affect real-time evaluation participatory data

quality and future data processing.

Insufficient emphasis on privacy-aware sensing solutions-

As sharing smartphones with guest users (e.g., members of the family, colleagues,
friends, etc.) is a common scenario, it is necessary for the crowd sourcing platforms
to identify the actual data provider in smartphone-based crowd / participatory sensing
systems. It is because the raw participatory / crowd sensing data may suffer from inac-
curacies due to the variety of expertise, reliability, and trust value of users. Under the
circumstances mentioned above, it is required to have a privacy protected authentica-
tion system that can efficiently, silently and inconspicuously identify the current user
(i.e. participatory data provider) from their smartphone sensor data. However, the ex-
isting solutions do not pay attention on such a privacy protected authentication system

for participatory sensing.

Lack of fair task allocation techniques for participatory / crowd sensing systems which
is leading to efficient incentive mechanism-

In a participatory sensing based system, a task provider (also known as a crowdsourcer)
may have a set of sensing tasks regarding different dynamics of a city. Here, adequate
users’ participation is necessary to acquire a sufficient amount of data which is a key
factor for the participatory sensing based systems to provide good service quality. But,
existing works on sensing task allocation suffer from lack of good incentive mecha-
nisms that are attractive and fair enough to produce high satisfaction for both the task

providers and executors.

: Limited predictive analysis of spatio-temporal variability in urban dynamics-

There are two major research issues we have found for predictive analysis of spatio-

temporal variability in urban dynamics.

(a) The IoT-based participatory sensing approach generates extensive data on di-
verse urban dynamics. However, data collection depends on participant mobil-
ity, resulting in spatially sparse datasets in certain regions. Sparse datasets hin-
der accurate estimation of urban dynamics at high spatial granularity, impacting
overall accuracy. Spatial missing values in participatory sensing data further im-

pede achieving high accuracy. Efficient techniques are required to address sparse
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datasets, ensure high accuracy, and improve response time for the analysis and

visualization of urban dynamics.

(b) For spatio-temporal predictive analysis, deep learning techniques have emerged
as the state of the art in many domains, such as pollution monitoring, urban
planning, public health, environmental management, and so on. Even though
there are numerous effective deep learning-based models that can handle differ-
ent problem-specific difficulties, it has been identified that no single ideal model
can perform better across all the regions. It is therefore necessary to conduct re-
search to look into the spatiotemporal variation in how well predictive methods

for evaluating urban dynamics perform.

Gg: Inadequate exploration of the geographically varying association between urban dy-
namics and various risk factors-
The variation in the pattern of urban dynamics may be related with a number of under-
lying variables, such as demographic, socio-economic, atmospheric or environmental
pollution related risk factors. Past studies mainly utilized the global models to explore
such relationships where the relationships are assumed to be constant and independent
of location. These models lack in identifying the spatially heterogeneous effects of the

risk factors on the outcome of interest.

1.3 Motivation

As highlighted earlier, the rapid expansion of urban areas and the resulting challenges in ef-
fective urban planning and decision-making necessitate innovative approaches to understand
and manage complex urban dynamics. The motivation behind this research stems from the
limitations or gaps observed in current approaches and predictive methodologies. Traditional
methods of monitoring urban dynamics, relying on static government setups monitoring sta-
tions and manual interventions, are proving insufficient to address the evolving needs of our
expanding urban regions. While government monitoring stations and manual interventions
have been foundational, they often lack the granularity and also unable to provide a scalable
solution for monitoring urban dynamics.

The advent of Internet of Things (IoT)-based participatory sensing provides an effective
way of sensing urban dynamics due to the widespread availability of smartphones among
citizens. More specifically, in participatory sensing, people and communities use mobile
devices (e.g. smartphones, tablets, etc.) to collect and cloud services to store and analyze
systematic data in order to explore any phenomena of interest. It provides a dynamic and
scalable method for gathering spatial as well as temporal data of multiple modalities, such
as textual data (e.g., user reviews about any point of interest), numerical data (e.g., Sensor
readings of environmental parameters), images (e.g., urban road condition images), audio
(e.g., ambient sounds), video (e.g., surveillance footage), etc. It can produce a huge volume
of data that are ideal for spatio-temporal analysis using advanced artificial intelligence (AI)

techniques, having a potential for enhanced urban dynamics modelling. The idea to perform
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spatiotemporal predictive modelling of participatory sensing data comes from the need to
harness this potential for urban planning, resource management, and improvement of QoL
(quality of life) of the residents.

Although the recent use of participatory sensing rather than relying solely on traditional
approaches has created numerous new opportunities for in-depth analysis, it has also raised
critical research issues and gaps that must be addressed in order to effectively analyse partic-
ipatory sensing data. In this context, the ‘Research Issues’ section (i.e., Section 1.2) reveals
critical issues and gaps in the existing participatory-based solutions. The lack of a unified
framework for participatory sensing, insufficient emphasis on privacy-aware solutions, lim-
ited analysis of spatio-temporal variability, and inadequate exploration of the geographical
associations between urban dynamics and risk factors present compelling challenges. Ad-
dressing these research gaps is essential to unleash the full potential of participatory-based

urban sensing, monitoring, and methods.

1.4 Objective

The primary objective of this PhD thesis is to come up with efficient techniques to study
urban dynamics from participatory sensing data. More specifically, the aim of this thesis is
to perform predictive modelling for spatio-temporal analysis of various urban phenomena of
interest. In light of the research issues / gaps mentioned in Section 1.2, we have a specific

research objective corresponding to each and every research issue / gap.

O;: To bridge the gap/issue G, the objective is to design and implement a unified frame-

work for to integrate IoT-cloud based various applications for participatory sensing.

0O,: To explore pre-processing techniques for participatory sensing data. This objective is
divided into two sub-objectives corresponding to the research issues Gy (a), Go(b) and

Gs(c) as follows.

(a) To address the research issue G, (a), the objective is to create context aware data

cleaning technique for IoT-based participatory sensing data collection.

(b) To address the research issue G;(b), the objective is to develop IoT device specific

proper calibration mechanisms.

(c) To address the research issue Gj(c), the objective is to predict missing values in

government setup static stations’ data.

O3: To address the research issue Gs, the objective is to develop predictive models for pri-
vacy protected user identification / authentication for smartphone based participatory

sensing applications.

O4: To address the research issue G4, the objective is to design an incentive mechanism for

participatory sensing to perform fair allocation of sensing tasks.
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Os: To perform predictive analysis of spatio-temporal variability in urban dynamics. This
objective is divided into two sub-objectives corresponding to the research issues Gs(a)
and Gs(b) as follows.

(a) To address the research issue Gs(a), the objective is to come up with techniques
that can address diverse scenarios in spatial data analysis like sparse datasets,
high accuracy, better response time, etc. for participatory sensing data.

(b) To address the research issue Gs(b), the objective is to explore spatio-temporal
variability analysis in the performance of deep learning based predictive models

for modelling any phenomena of interest.

Og: To address the research issue Gg, the objective is to explore geographically varying

relationships / associations between any phenomena of interest and various risk factors.

1.5 Contribution

This section describes the detailed contribution made in this thesis. Before discussing the spe-
cific contributions we made, we first discuss the research areas where we have contributed.
The contributions are mainly spread over three major focus areas of research: urban dynam-
ics and societal applications, sensing methodologies, and predictive modelling for spatio-
temporal data of urban dynamics. The shaded parts in Figure 1.1 better highlight the broad
research areas where we contribute. For instance, although there are various urban dynam-
ics, we consider health dynamics and pollution dynamics such as noise and air pollution
to be phenomena of interest. In the area of participatory-based sensing methodology, we
mainly focus on four areas of issue and challenge, namely privacy preservation, data quality,
incentive mechanisms, and task allocation. Finally, in the area of predictive modelling for
spatio-temporal data on urban dynamics, we focus on statistical, machine learning, and deep
learning techniques.

The contributions in this thesis work lie in achieving the objectives (O; - Og) that ad-
dressed the presented research gaps/issues (G; - Gg). To achieve each of the objectives, we

have made a set of contributions as given below.

C;: To achieve the objective Oy, the following contributions are made.

(a) A unified framework called JUSense (Judicious Urban Sensing) is proposed to
integrate IoT-cloud based various applications for urban sensing. Four urban
problems are considered and their corresponding subsystems are integrated with
JUSense.

(b) The framework JUSense is also designed to act as a recommendation system. For
example, depending on the users’ health profile, a suitable route (less air/noise

polluted) which is good for his/her health is recommended.

(c) The proposed system JUSense is evaluated using largescale experiments on real

world participatory sensing based dataset collected by participants.
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C,: To achieve the objective O, the following contributions are made.

(a)

(b)

(c)

IoT-Device specific calibration mechanism is developed for noise pollution dy-

namics in smartphone-based crowd / participatory sensing

A classification algorithm is developed that detects the sensing contexts for smart-
phone based ambient noise pollution data collection. The classification algorithm
mainly detects whether the phone is in the pocket or in hand so that noise data

collected during inappropriate sensing contexts can be removed.

Efficient predictive models coupled with the site selection methods are developed
that can be used to perform the task of missing value imputation from multi-
site air pollution time series data. Specifically, a total of six machine learning
methods (e.g., Elastic Net, Decision Tree, Random Forest Regressor, LightGBM,
ANN, CNN) and three different site selection methodologies (e.g., Radius based,
KL divergence, and Cluster based) are explored for predicting missing Values for

atmospheric Ozone data.

Cs3: To achieve the objective Oz, the following contributions are made.

(a)

(b)

Deep learning model based on Convolutional Neural Network (CNN) is proposed
for privacy protected user identification with smartphone equipped accelerometer

sensor data in crowd/participatory sensing systems.

Extensive experiments are performed to evaluate the performance of the proposed
CNN model on a real-world benchmark dataset. To validate the effectiveness of
the proposed model, it is compared with five baseline methods namely Support
Vector Machine (SVM), Decision Tree (DT), Random Forest (RF), Logistic Re-
gression (LR), and K-Nearest Neighbors (KNN).

Cy4: To achieve the objective Oy, the following contributions are made.

(a)

(b)

An effective incentive mechanism is proposed for participatory sensing based
systems related to different city dynamics. The incentive mechanism is modeled
as a double auction game to address multiple task provider and multiple task

executor scenario.

The proposed auction based incentive mechanism TATA (Truthful Double Auc-
tion for Task Allocation) is designed in such a way that it satisfies desirable prop-
erties such as truthful, budget balanced, individually rational, and computation-
ally efficient.

Cs: To achieve the objective Os, the following contributions are made.

()

(b)

We have introduced a system that enables the users to get spatio-temporal vari-

ability of an ambient noise pollution dynamics as a service.

We have proposed three methods (GLIDW, I-GLIDW, GLIDW-OK) for dynamic
noise pollution mapping using spatial interpolation techniques based on partic-

ipatory sensing data. The results show that our proposed methods (I-GLIDW,
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FIGURE 1.1: A taxonomy of contributions. The shaded portions indicate the area of research where
the thesis work best fits in terms of its contributions.

GLIDW-0OK) perform more accurately compared to the baseline methods (IDW,

OK) for participatory sensing noise data.

(c) We have built deep learning based forecasting models for exploring spatio-temporal
variation of health dynamics. Specifically, Explore spatio-temporal variability
pattern in the performance of deep learning based forecasting models (namely
CNN, RNN, Vanilla LSTM, LSTM Autoencoder, and Bidirectional LSTM) for
predicting COVID-19 health outcomes in India.

(d) Finding spatial distribution of best-performing models for predicting Covid-19
mortality data for different temporal resolutions (e.g., one week, two weeks, etc).

Ce: To achieve the objective Og, the following contributions are made.

(a) The potential socio-economic, demographic, and environmental driving factors
for COVID-19 health dynamics has been explored.

(b) The geographically varying relationships of COVID-19 health outcome with the
driving factors has been investigated by employing local (GWR) model.

1.6 Organization of the Thesis

As previously mentioned, we have pinpointed research issues and gaps (refer to Section 1.2)

and established corresponding objectives (outlined in Section 1.4) to tackle these challenges.
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The subsequent chapters systematically justify the contributions (refer to Section 1.5) made
to realize these objectives. Table 1.1 provides a comprehensive summary of chapter orga-
nization, encompassing focus areas, objectives, contributions, and publications. Moreover,
Figure 1.1 can also be referred that highlights the chapter wise contributions. The details of
the organization of the thesis is as follows:

Chapter 1 presents the problem of predictive modeling for spatio-temporal analysis of
participatory sensing data. The chapter commences with an overview of the problem, and
proceeds to examine the research issues and gaps within the existing literature that are per-
tinent to our thematic domain and contribute to the resolution of the identified problem.
Following this, the chapter provides a discussion on motivation, objectives, and the specific
contributions.

Chapter 2 extensively examines the detailed literature pertaining to diverse urban dy-
namics and the different sensing techniques, including both traditional and participatory sens-
ing. This chapter comprehensively addresses the challenges and issues insufficiently tackled
in prior research related to participatory sensing. Furthermore, it presents a detailed discus-
sion of existing research focusing on predictive modeling for spatiotemporal data associated
with urban dynamics.

Chapter 3 presents a unified framework called JUSense (Judicious Urban Sensing) that
can derive benefits from these applications by combining their functionalities. It explains
how JUSense provides the opportunity for applications to tackle the challenges associated
with data collection, aggregation of data in cloud, calibration, data cleaning, and prediction.
Further, a multi-view fusion model is proposed for spatiotemporal urban air and noise pollu-
tion map generation. This chapter also provides the large scale experiments to evaluate the
efficacy of JUSense on real-world dataset.

Chapter 4 introduces technique that attempts to performs privacy-aware user authenti-
cation based on their gait patterns (i.e. unique walking patterns). More specifically, a deep
Convolution Neural Networks (CNN) model is designed and implemented for the user iden-
tification with accelerometer data generated from users smartphone sensors.

Chapter 5 presents a double auction based incentive mechanism called TATA (Truthful
Double Auction for Task Allocation) for participatory sensing. The chapter highlights that
TATA performs fair allocation of tasks which is leading to efficient incentive mechanism.
In the case of TATA, the fair allocation of sensing tasks of the task providers to the task
executers indicates that the proposed double auction mechanism is able to satisfy the truth-
fulness property in order to resist market manipulation (i.e., untruthful bidding and asking).
Specifically, the chapter shows that TATA achieves all the desirable properties like individual
rationality, truthfulness (i.e. incentive compatibility), budget balance, etc.

Chapter 6 provides a way of using IoT-cloud based framework to generate dynamic (i.e.
changes in terms of time and space) noise pollution mapping as a service with the help of
spatial interpolation techniques. In this chapter, we have proposed three spatial interpolation
techniques (GLIDW, I-GLIDW, GLIDW-OK) that work on participatory sensing based noise
pollution data collected using smartphones as [oT devices to generate dynamic noise maps.

Proposed techniques can address diverse scenarios like sparse datasets, high accuracy, better
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Chapter 1. Introduction

TABLE 1.1: A summary of the thesis structure in terms of focus areas, objectives, contributions, and

publication

Chapter

Focus area of the
chapter

Objectives (as
per Section 1.4)
of the chapter

Contributions (as
per Section 1.5) of  Publication
the chapter

Chapter 1

Problem overview, re-
search issues, moti-
vation, objective, and
contribution

Chapter 2

Literature review
on urban dynamics,
sensing methodolo-
gies, and predictive
techniques for spatio-
temporal analysis

- [17]

Chapter 3

Participatory sensing
framework, pollution
dynamics, recom-
mendation,  context
aware data cleaning,
calibration = mecha-
nism, etc

Oy, Oz(a)(b)

Ci(@)(b)(e), Co@bye) L1

Chapter 4

Privacy protected
authentication in
participatory sensing,
deep CNN based
modelling

Cs(a)(b) [20]

Chapter 5

Incentive mechanism
design for participa-
tory task allocation,
Game theoretic mod-
elling

Oy

Cy(a)(b) [21]

Chapter 6

Spatial interpolation
techniques for par-
ticipatory sensing
data, Spatio-temporal
variability —mapping
of noise pollution
dynamics

Os(a)

Cs(a)(b), Cx(a)(b) [22]

Chapter 7

Spatio-temporal vari-
ation of Covid-19
health dynamics,
deep learning based
forecasting models

Os(b)

Cs(e)(d) [23]

Chapter 8

Geographically vary-
ing relationships of
COVID-19 health
dynamics with the
driving factors, GWR
model building for
participatory sensing
data

Cs(a)(b) [24]

Chapter 9

Conclusion and the
future directions
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response time, etc.

Chapter 7 conducts a case study to examine the spatio-temporal variation in the per-
formance of deep-learning-based techniques for predicting COVID-19 health outcomes in
India. Several widely used deep learning approaches, including CNN (convolutional neural
network), RNN (recurrent neural network), Vanilla LSTM (long short-term memory), Bidi-
rectional LSTM, and LSTM Autoencoder are investigated for spatio-temporal performance
variation.

Chapter 8 conducts a study where ordinary least square (global) and geographically
weighted regression (local) methods are employed to explore the geographical relationships
between COVID-19 deaths and different driving factors. It also investigates whether geo-
graphical heterogeneity exists in the relationships. More specifically, in this chapter, the ge-
ographical pattern of COVID-19 deaths and its relationships with different potential driving
factors in India are investigated and analysed.

Chapter 9 concludes the thesis work by providing summaries of the presented work, its

limitations, and some future directions.
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Chapter 2

Literature Review

A key component of creating a more advanced society relies on the process of sensing and
monitoring diverse facets of urban life, including pollution, traffic, and health [3,6]. More
specifically, efficient acquisition of data from various urban dynamics is a critical criterion
for creating societal application for better and smarter monitoring. In this context, this chap-
ter mainly discusses the existing works associated with various urban dynamics and different
sensing techniques such as traditional and participatory sensing. The various challenges and
problems that are not adequately addressed in existing work for participatory sensing are
also covered in this chapter. Moreover, the existing works on the predictive modelling for
spatio-temporal data of urban dynamics are also presented. Specifically, Section 2.1 dis-
cusses about urban dynamics and societal applications. Section 2.2 and Section 2.3 presents
traditional sensing and participatory sensing respectively. Section 2.4 discusses major issues
and challenges associated with the participatory sensing. Some of the representative existing

literature are presented in Table 2.1.

2.1 Urban Dynamics and Societal Applications

The rapid growth of the worldwide urban population would bring to the cities to face some
increased variety of risks, concerns, and problems. For example, degrading environmental
conditions of air, water and noise pollution, deteriorating transportation system, poor road
condition etc. In this context, an urban sensing system seeks to address these issues by using
the data generated from different city dynamics [6,25]. Here, city/urban dynamics can be
defined as those aspects of a city that directly influence citizens’ quality of urban life like
environment, transportation, mobility, driving and road condition, etc. The study of urban
dynamics at high granularity in a large area like a city has a significant role to correctly
tackle the issues related to different dynamics.

Traditionally, separate urban sensing applications are designed to monitor different urban
dynamics like environment, transportation, mobility, etc. Sensing and monitoring of different
aspects of a city (pollution, traffic, heath, etc.) for improving the quality of citizens’ life is an
essential component of building various societal application. A lot of societal applications
were already designed and implemented in past and are in use today. For instance, applica-
tions like AirSense [7], HazeWatch [8], Common Sense [26], and GasMobile [27] develop

light weight and low-cost devices for air quality assessment. These applications depend on
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citizens’ direct involvement in air quality monitoring, which necessitates the use of IoT-based
modules to acquire data. Similarly, several applications are also available for health moni-
toring and smart home. HealthAware [9] and SPA [28] are examples of smartphone assisted

systems for health care and wellbeing.

2.2 Traditional Sensing

This type of sensing makes use of conventional techniques of the human senses or standard
devices to collect data from the environment. There are existing methods that use traditional
sensors for sensing different dynamics of a city. Even though these traditional sensors have

the advantages of high reliability and accuracy, there are several problems associated with it.

1. The traditional approaches of using static sensors for sensing urban dynamics are not
only expensive but also unable to provide a scalable solution. For example, in the
case of studying city pollution dynamics using the traditional methods, the cost of in-
stalling and maintaining the static air and noise pollution monitoring stations in a city
becomes very high which limits the scalability. Similarly, trying to curb rash-driving
or monitoring the transportation system by installation of ultrasonic and loop detectors
or constant vigilance through CCTVs throughout a city is not very economical for de-
veloping countries. Also, continuous monitoring of traffic conditions, road conditions,
etc. at a citywide scale is difficult because it is not financially feasible to deploy sensors

for every segment of the roads.

2. Moreover, the traditional approaches to study urban dynamics work at a macro level.
That’s why it fails to produce high granular inferences. For example, the sparsely
distributed pollution monitoring stations in a city unable to track individuals’ exposure

to pollution levels at high granularity.

3. Traditionally, separate urban sensing systems are designed for different city dynam-
ics. This approach looses the benefits of having new inferences that can be drawn by

aggregating information by combining several urban sensing systems.

2.3 Participatory Sensing

There is a relatively new user-centric sensing paradigm called participatory sensing that
can be used to address the above-mentioned shortcomings. Here, participatory sensing is
a method where a large group of individuals collectively share data and extract vital informa-
tion from that data in order to manage, plot, estimate or infer various phenomenon of their
common interest [4] [5]. In other words, this method of sensing allows individuals to vol-
untarily participate in contributing high granular data for different dynamics of a city. The
number of mobile phone users was forecasted to pass the seven billion mark by 2021 [29].
Now, the rich set of smartphone equipped sensors enable the users to sense the location and
other sensor data and allow them to capture images and videos for the sensing contexts. Thus,

they can act as sensor nodes and collect a huge amount of location-aware data that can be
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anonymized and processed making participatory sensing an extremely effective approach in
the way of building a smarter and better society. Participatory sensing prioritizes the involve-
ment of citizens for sensing and noting their daily activities, like where they live, work, eat or
monitor their exposure to the ambient air or noise pollution, etc. It can vary from individual
observations to the composition of data collected from several users to interpret and map dif-
ferent patterns across the entire city. Participatory sensing is not only highly economical but
also greatly effective in spreading general awareness of the existing urban problems among
the citizens and directly paves the path for a better life in a healthier society. This has led to
the emergence of the idea of noise and air pollution monitoring, driving and road condition
monitoring, etc.

Participatory sensing using IoT devices (e.g. smartphones) has recently been used as a
sensing method to explore a city’s various dynamics (e.g. pollution, human mobility, road
condition, etc.) at high spatiotemporal resolution [3, 10, 15,30]. The IoT based participatory
sensing generates sensor data stream [31, 32] that could be analyzed in many applications
that are related to those dynamics. There are numerous attempts to make citizen-centered
improvements through the utilization of such sensing data [6]. This type of sensing gen-
erates a huge amount of data that covers a wide variety of information, including human
mobility, city pollution, road conditions, etc. Many works investigate data acquired from
participatory sensors such as from smartphone equipped sensors [11-13,18,27,33], vehicles
GPS [34], car-mounted cameras [35], on-body sensors [36], etc. For instance, the existing
works [12, 33] explore different phenomena related to human mobility dynamics using citi-
zens’ location data from smartphones. In [13], the authors focus on exploring road condition
dynamics using smartphone sensor data. They proposed an efficient way of estimating the
transverse slope profile of a road segment using GPS, gyroscope, and accelerometer sensor
data of smartphones. In [37], Cao et al. utilize high granular trajectory data (mobile cellular
accessing data) to explore daily commuting patterns on a citywide scale. In [35], Tokuda
et al. proposed an approach for generating a spatio-temporal pedestrian density map using
street-level images of New York City. Moreover, smartphone based human mobility and
activity data are also used for transit map generation [38], quantifying people’s behavior in
public areas [39], health-optimal routing [40], etc. Similarly, there are existing works that fo-
cus on exploring pollution dynamics of the city using smartphone based participatory sensing
data [41].

It is worth noting that the above mentioned applications fall under independent urban
sensing systems for different urban dynamics. However, in a vast region such as a city,
the high granular study of urban dynamics plays a crucial role in accurately addressing the
problems associated with various phenomena of interest. Therefore, combining data from
these separate urban sensing systems is necessary to make a number of novel inferences. In
this particular case, conclusions that are more accurate can also be drawn, which will benefit
society greatly.
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2.4 Challenges of Participatory Sensing

There are a number of open challenges and issues in IOT-based participatory sensing, which
required the researchers’ attention. In this section, we primarily concentrate on some sig-
nificant issues associated with participatory sensing, namely privacy preservation [14,42],
incentive mechanism design [15], data quality [16], and task allocation. For instance, partic-
ipatory sensing systems rely heavily on the engagement of a substantial user base to gather
the necessary data. However, these systems face challenges related to user participation. On
one hand, users are burdened by the expenses associated with sensing and transmitting data,
while on the other hand, they are concerned about privacy issues stemming from the disclo-
sure of sensitive information such as their GPS locations. These dual concerns, pertaining
to both cost and privacy, often discourage users from actively participating in sensing tasks.
Consequently, offering a compelling reward or incentive becomes crucial to motivate users
and encourage their involvement in these tasks. It is worth noting that efficient incentive
mechanism design is a complex issue, as it requires a trade off between a number of different
goals (e.g., increased participation, effective allocation of sensing tasks, resource optimiza-
tion, privacy preservation, etc.) to build a sustainable and effective participatory sensing
ecosystem. Moreover, the participatory-based data collection technique depend on contribu-
tions from a diverse group of people, hence, there may be serious issues with the quality of
the data [16]. The participants, for instance, may contribute incorrect and low-quality data,
which needs to be handled carefully.

2.4.1 Privacy Preservation

The scientific community has spent considerable time and effort in the last few years looking
into privacy and security concerns in participatory sensing-based systems [43—48]. Ding.
et al. [49] presents an application for s-Health (i.e., smart health) and the associated privacy
issues. The privacy-aware solution helps people who have respiratory disorders by suggesting
low-pollution paths for individuals in order to alleviate their respiratory-related issues. In
[50], Xie et al. proposed a system called PAMS for privacy-aware traffic monitoring. They
demonstrated that the collected information can preserve location privacy of drivers while
ensuring effective traffic monitoring. In [51], Zavalyshyn et al. developed a privacy-aware
framework called HomePad for home environments. The framework intends to offer the
users with control over how applications access and process confidential data acquired by
smart devices (such as web cams), as well as to stop applications from running unless they
adhere to the privacy constraints set by the users. Also, several other existing works [52-54]
focus on the security aspect and privacy of loT-based health and home environment. Some
IoT-based pollution monitoring applications also exist that focus on privacy issues of the end
users [55,56].

2.4.2 Task Allocation and Incentive Mechanism Design

In a participatory sensing based system, a task provider (also known as a crowdsourcer) may

have a set of sensing tasks regarding different dynamics of a city. Note that adequate users’



2.4. Challenges of Participatory Sensing 17

participation is necessary to acquire a sufficient amount of data which is a key factor for
the participatory sensing based systems to provide good service quality. The task providers
appoint a set of task executors (smartphone users i.e. participants of crowdsensing tasks) to
execute those sensing tasks. But, existing works on sensing task allocation suffer from lack
of good incentive mechanisms that are attractive for the task executors.

In theory, there are several incentive mechanisms available for participatory sensing
based systems that encourage participants to perform the sensing tasks [57-61]. In [62],
Chow et al. discuss the issue of the incentives for the exchange of sensing data. There are
several literature on designing incentive mechanisms for mobile crowdsensing, that is sim-
ilar to participatory sensing [63—65]. In [66], the authors propose a participant recruitment
system for participatory sensing based data collection. However, the system only enables
the organizers to identify appropriate participants for sensing services, it doesn’t provide any
incentive mechanism to motivate the users for data collection. Jin et al. [67] design a quality-
aware incentive mechanism for MCS systems using reverse auction. However, they make the
assumption that the total Qol (quality of information) that all winners have on a particular
task is the sum of the Qols of the winners that execute the task. In [68], Lee et al. introduce
a reverse auction based incentive method to encourage user participation. They consider
dynamic pricing, where the participants provide the sensing data to the provider at the bid
values claimed by the participants. However, the introduced reverse auction based incentive
model unable to hold certain desirable properties like truthfulness. Esmaeilyfard et al. [69]
provide a game-theoretic incentive mechanism for a multi-publisher and multitask mobile
crowdsensing system. They use Stackelberg model where the task publishers act as leader
because they determine the rewards. Besides, users act as followers because they choose the
level of task participation based on the publishers’ rewards. However, their proposed model
may not satisfy some important characteristics such as budget balance, individual rationality,
etc. In [63], Yang et al. propose two incentive mechanisms: platform-centric model and
user-centric model. The platform-centric model is based on a Stackelberg game, where the
platform (the leader) enjoys more benefits than the participating users (the followers). On
the other hand, the authors also provide a user-centric model called LBS that is based on
an auction game where the participating users have more control over the incentive/reward
determination. Another interesting work based on the Stackelberg game is presented by Li
et al. [70]. For the strategic interactions in their privacy-preserving MCS scenario, they sug-
gest a three-stage Stackelberg incentive system. They take into account privacy, fairness, and
quality issues in their incentive system. However, the method does not satisfy the truthful-
ness property. In [71], Liu et al. propose an incentive mechanism called IMRAL for location
aware-sensing. The incentive mechanism IMRAL is designed based on a reverse auction
game. IMRAL aims to increase the participation of the users by maximizing their utility.
Later in Section 5.5.3, the performance of TATA is compared with two above mentioned ex-
isting auction based incentive mechanisms IMRAL [71] and LBS [63]. In [72], along with
the incentives, the authors also consider the privacy protection issue in the design of the in-

centive mechanism. The above mentioned incentive mechanisms are designed for the offline
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scenario, although the online incentive mechanisms for participatory sensing are also avail-
able in literature [73,74]. In case of the offline scenario, all the participating users announce
their strategic types beforehand. In contrast, in case of the online scenario, the users may
appear in a random manner and the decisions will be taken immediately upon arrival of the
users.

The design of double auction-based incentive models for crowdsensing has gained pop-
ularity in recent years. Zhang et al. [75] provide auction-based incentive mechanisms using
three auction-based models (IMC-SS, IMC-SM, and IMC-MM) and show that the proposed
models satisfy various desirable properties. The IMC-SS and IMC-SM models only con-
sider a single requester, with competition limited to providers. The IMC-MM modelm on
the other hand, considers several requesters and providers, with a double auction used to
engage competition among both providers and requesters. However, the work suffers from
several limitations. For instance, the assumption in their problem formulation is that, each
job should comprises of a number of smaller tasks, and the winner can work on a certain
subgroup of these tasks. Moreover, the essential condition for ensuring truthfulness in the
incentive mechanism proposed by Zhang et al. [75] is that there is no monopoly provider
over the selected jobs. Also, they do not consider location awareness in their problem formu-
lation. Another important incentive model is presented by Ni et al. [76]. Specifically, on the
basis of the double auction and taking into account worker dependabilities, Ni et al. [76] sug-
gest a differentially private mobile crowdsensing incentive model. They create the incentive
system by applying the exponential process in a two-sided auction to pick the market price.
They employ the widely-used uniform price system, in which all successful workers are paid
the same clearing paying price and all successful requesters are charged the same clearing
charging price. For double-sided heterogeneous MCS marketplaces, Chen et al. [77] present
a truthful double auction. However, they make the assumption that there is no user collusion
during the auction and that each user’s stated expenses are unique. Chen et al. [78] develop
a two-sided auction called SPARC that is strategy-proof for MCS. However, their problem
formulation assume that the demand for sensing time cannot be manipulated by the sensing
task. Moreover, the presented model does not hold some important characteristics, such as
budget balance and computational efficiency. Deng et al. [79] investigate a double auction
market design in which the auctioneer seeks to maximise its overall revenue. They make use
of discriminative pricing models. Jin et al. [80] introduce a framework for crowdsensing that
comes up with an incentive model. They presume that the platform already understands the
reliability level matrix and has a history of it. However, the incentive mechanism is mainly
designed in a manner that will enable the most user engagement, and every winning worker
requester receives the supremum and infimum of her bid from the pricing process. Also,

budget balance may not be ensured in their work.

2.4.3 Data Quality

The raw data in a participatory sensing-based approach is typically collected using low-cost
sensors of IOT devices and smartphones [81]. But, the use of low-cost IOT devices and smart-

phones for sensing urban dynamics (e.g., ambient pollution level, road condition, etc) do not
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provide accurate high quality measurements. For instance, Maisonneuve et. al. [82] shows
that sensor devices that are not properly calibrated might provide data that is potentially in-
accurate or even deceptive. Specifically, the authors conduct an experiment for an ambient
noise pollution monitoring application to assess the accuracy of the loudness calculated with
a low-cost smartphone in comparison to a sound level meter. Zhu et. al. [83] also empha-
sise the significant measurement inaccuracies that result from the direct use of inexpensive
equipment, such as smartphones, for participatory-based sound level sensing. Moreover, the
quality of participatory sensing data also depends on the sensing context [82]. For instance,
the accuracy of the ambient noise data that are collected using the smartphones also depends
on the sensing contexts, like whether the smartphone is carried in hand or pocket. Existing
research also emphasise other dynamics, such as air pollution, where the sensing context
(landuse, indoor, outdoor, traffic situation, etc.) will be useful in excluding the data samples

originating from improper sensing contexts [41].

2.5 Predictive Techniques for Spatio-temporal Analysis

In the previous works, several predictive methods are employed to perform spatio-temporal
analysis on the participatory sensing data. Specifically, various state-of-the-arts statistical
[ref], machine learning[ref] and deep learning[ref] techniques exists that could be used as the
predictive methods. These methods are used to infer knowledge, spot patterns, and discover
trends in urban dynamics. For instance, environmental pollution monitoring, traffic and road
condition monitoring, smart health, smart home, etc. are some of the city dynamics where
the participatory sensing based applications use these techniques. Capponi et al. [3] perform
a detailed survey on participatory sensing/crowd sensing sensing systems that highlights the
use of statistical, machine learning and deep learning-based modelling for managing large
and heterogeneous sensing data.

Buelvas et al. [84] present the role of spatial method like interpolation to enhance the spa-
tial or temporal resolution of IoT-based air quality data. In another study, Nunez et al. [85]
employ spatial interpolation techniques to determine the geographic distribution of the air
pollutants. In literature, there are several methods available for spatial interpolation [86].
Among them, the two popular methods are Inverse Distance Weighting (IDW) [87] and Krig-
ing [88], which are frequently used in the field of environmental science. Data from various
urban dynamics such as ambient air and noise pollution that are collected using IoT-based
approach can be used by spatial interpolation methods to generate spatially continuous pol-
Iution maps. Note that, spatial interpolation is the process of using the values at observed
locations to predict the values at other unknown locations in geographic space. The rationale
behind spatial interpolation is the assumption that everything is related to everything else, but
near things are more related than distant things in space (Tobler’s Law of Geography [89]).

Apart from the predictive techniques such as spatial interpolation, various other statisti-
cal techniques are widely used for spatio-temporal analysis of various urban dynamics. For

instance, Geographically Weighted Regression (GWR) [90,91] is a local statistical modelling
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technique that examines the location-specific relationships between a set of independent vari-
ables and a dependent variable. It is a extension on the conventional Ordinary Least Squares
(OLS) [92] regression that takes geographical heterogeneity into consideration and makes
it possible to look at how the relationship between variables varies across different loca-
tions. Many variants of GWR such as semi-parametric geographically weighted regression
(s-GWR) [93] and multi-scale geographically weighted regression (MGWR) [94] exist in the
literature. Note that GWR and its variants can be used to explore the geographical relation-
ships of urban dynamics with various driving factors including socioeconomic, demographic,
or environment related factors.

A wide range of applications of machine learning and deep learning techniques are also
found in spatio-temporal analysis of urban dynamics. For example, CNN (convolutional neu-
ral network), RNN (recurrent neural network) and various LSTM (long shortterm memory)
variants such as Bi-LSTM, Stacked LSTM, etc are popularly used in spatiotemporal fore-
casting of different urban dynamics [95-98]. In [96], Ong et al. presented a RNN based
approach that makes use of an auto-encoder for PM, 5 time series forecasting. Mohimont et
al. [98] employed temporal CNN to forecast various health outcomes, e.g., number of con-
firmed cases, deaths, etc. Moreover, various learning techniques are also frequently used
in other spatio-temporal analysis of urban dynamics such as optimal site selection, missing
value imputation, spatial and temporal mapping of any phenomena of interest, etc [99-101].

2.6 Summary

This chapter provides a comprehensive overview of the present state of research in urban
sensing, emphasising the strengths, limitations, and challenges of traditional and participa-
tory sensing methodologies. Furthermore, it highlights the significance of predictive mod-
elling tools for analysing spatio-temporal data in the context of diverse urban dynamics.
Traditional sensing methods are discussed, highlighting their reliability and accuracy advan-
tages. However, challenges such as high cost, limited scalability, and lack of granularity are
found, especially in applications like pollution and health dynamics monitoring. Participa-
tory sensing, a user-centric paradigm leveraging smartphones as IoT devices, is discussed
as a cost-effective and citizen-engaging alternative. Applications such as pollution monitor-
ing and health awareness are cited, emphasizing the economic benefits and effectiveness of
involving citizens in data collection. The chapter discusses issues and challenges in participa-
tory sensing, including privacy preservation, incentive mechanism design, and data quality.
Privacy concerns related to disclosure of personal information (e.g., location data) and the
need for compelling incentives to motivate user participation are highlighted. The impact of
data quality on the reliability of participatory sensing is also acknowledged. The chapter also
discusses the use of predictive techniques for spatio-temporal analysis in the context of ur-
ban dynamics. Spatial interpolation, statistical methods, and Al techniques, including CNNs,
RNNs, and LSTMs, are explored for forecasting and analyzing data from participatory sens-
ing, enhancing our understanding of urban phenomena at high resolution. The literature

review provides a comprehensive overview of the current state of research in urban sensing,
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TABLE 2.1: Existing Literature

Research area Year  Author Application Method  Description
2010 Rana et al. Ear-Phone - Urban sensing approach to monitor
[102] roadside ambient noise
Urban dynamics 2008 Mohan et Neri cell - Monitor traffic and road condition of a
al. [103] city using the in-build sensors of smart-
phone.
2017 Dutta et al. AirSense - Low-power, low-cost, light weight IoT
[7] device is developed to monitor air pol-
lution.
2017 Dutta et al. NoiseSense - Noise pollution monitoring system,
[104] based on context aware smartphone
sensing.
2013  Sivaraman HazeWatch - Low-cost participatory sensing frame-
et al. [8] work for monitoring urban air quality
levels.
2020 Benegui et - CNN User Identification based on Motion
al. [105] Sensor data of Tap on screen motion
represented
2020  Angrisano - RF Walker identification using ensemble
et al. [106] learning
Privacy preserva- 2016 Neverova et - CNN Walker identification by dense convolu-
tion al. [107] tional Clockwork RNNs
2016  Buriroetal. - NN User identification based on sensory
[108] data of finger movement on smartphone
screen
2011  Shi et al. - NB Senguard: Passive user identification on
[109] smartphones using multiple sensors
2015 Zhangetal. - Double  Provide auction-based incentives mech-
[75] auction  anisms using the three auction-based
models
2015  Jin et - Reverse Proposed a quality-aware incentive
al. [67] auction  mechanism for MCS systems
Incentive and task 2022 Zhang et al. - Reverse Incentive mechanism based on non-
allocation [110] auction  deterministic mobility forcrowdsensing
data collection.
2022  Esmaeily et - Stackel- Incentive mechanism for a multi-
al. [69] berg publisher and multitask mobile crowd-
game sensing
2022 Chen et al. - Reverse  Incentive scheme for vehicular crowd-
[111] auction  sourcing
2016  Guillaume - - Noise mapping depending on participa-
etal. [81] tory measurements
Data quality 2015 Zhu et al. - - Explore inaccuracies that result from
[83] the use of inexpensive equipment, like

smartphones, for participatory-based
sound level sensing

2009 Maisonneuve Noise Tube - Shows calibration for smartphones-
et al. [82] based ambient noise data to determine
noise exposure of individuals.
2016  Yabe et. al. - - Predicts irregular movement of humans
[33] after the mid-level disasters.
2017 Gu et. al. - - Predict venue(s) visited by citizens
[12] from the GPS trajectory.
Predictive = mod- 2021 Mohimont - CNN Forecasting methods for COVID-19
elling for spatio- et al. [98] health outcome
temporal data
2020  Yang et al. - GWR Explores spatially varying relationships
[112] of PM2.5 with meteorology

2018  Alimissis et - ANN Spatial estimation of urban air pollution
al. [113]
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emphasizing the strengths and limitations of traditional and participatory approaches and the
importance of predictive modeling techniques.

Based upon earlier discussions (refer to Section 2.3 and Section 1.2), the initial obser-
vation is the necessity for a unified framework in participatory sensing. Consequently, in
the upcoming chapter (Chapter 3), we develop and implement a unified framework designed

to integrate various applications for participatory sensing, leveraging loT-cloud technologies.

Publication(s) related to this Chapter:

* Middya, A.L, Dey, P. and Roy, S., 2022. loT-based crowdsensing for smart environ-
ments. In Internet of Things for Smart Environments (pp. 33-58). Cham: Springer
International Publishing. (DOI: https://doi.org/10.1007/978-3-031-09729-4_3)
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Chapter 3

Unified Framework Design for
Participatory Sensing Applications

3.1 Introduction

The focus of this chapter is to design and implement a unified framework for integrating var-
ious participatory-based urban sensing applications that are used to improve citizens’ QoL
(Quality of Life) by collaborating data from the applications. A participatory-based urban
sensing system can be considered to be a system that utilizes information and communica-
tion technologies (ICT) like sensors and actuators, wireless sensor networks (WSN), Internet
of Things (IoT), etc. to enhance the quality and performance of urban services and utilities.
The rapid growth of the worldwide urban population would bring to the cities to face some
increased variety of risks, concerns, and problems. For example, degrading environmental
conditions of air, water and noise pollution, deteriorating transportation system, poor road
condition etc. In this context, a participatory-based urban sensing system seeks to address
these issues by using the data generated from different city dynamics. Here, city dynamics
can be defined as those aspects of a city that directly influence citizens’ quality of urban life
like environment, transportation, mobility, driving and road condition, etc. Traditionally, it
is common to have independent urban sensing systems for different city dynamics. How-
ever, combining these independent urban sensing systems to aggregate information can help
us to draw various new inferences. In this case, inferences can also be drawn with a higher
accuracy that will give numerous benefits to society. Thus, an urban sensing system needs
to be visualized as a collection of applications related to different city dynamics. For exam-
ple, data from the environment through applications like air pollution monitoring and noise
pollution monitoring can impact the transportation or mobility of people. More specifically,
it integrates urban sensing applications, data storage, data analysis, and service offering into
a continuous process to improve the lives of people. Therefore, the future of urban sensing
systems will revolve around the ability to combine data from different dynamics of a city to

make better decisions in our day-to-day life.
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3.1.1 Objective

There are existing methods that use traditional sensors for sensing different dynamics of a
city. Even though these traditional sensors have the advantages of high reliability and ac-
curacy, there are several problems associated with it (see Chapter 2.2 for more details). In
this context, participatory sensing is a new user-centric sensing paradigm that can be used
to address the above-mentioned shortcomings (see Chapter 2.3 for more details). Now,
in the previous works, some participatory sensing applications (namely AirSense, Nois-
eSense, SenseDCity, and D&RSense) were introduced for building a smarter and better so-
ciety [114—118]. These applications can directly address specific urban problems such as air
pollution (AirSense [114]), noise pollution (NoiseSense [115]), human mobility (SenseDC-
ity [116]), aggressive driving and poor road conditions (D&RSense [117]) using [oT devices
and smartphones. In this context, the objective of the chapter is to come up with a unified
framework called JUSense (Judicious Urban Sensing) which is used to derive benefits from
these applications by combining their functionalities. Here, the primary motivation of design-
ing JUSense comes from the lack of existence of such a unified framework. Moreover, in or-
der to enhance the accuracy and reliability of the participatory sensing data, it is essential for
such participatory sensing based unified framework to address some critical pre-processing
steps namely context-aware data cleaning, calibration, etc. The context-aware data cleaning
can be used to remove erroneous sensor values. Specifically, it ensures that erroneous sensor
values, not recorded in appropriate sensing contexts, are removed, thereby enhancing the re-
liability of the data. On the other hand, since low-cost IoT devices and smartphones may not
provide high-quality measurements, calibration is required which helps predict actual mea-
surements from sensor responses. Specifically, sensor calibration can improve data accuracy
before analysis. Hence, the additional objectives are to explore context aware data cleaning
technique and calibration mechanisms for loT-based participatory sensing data collection.

These ensure that the data used for decision-making is reliable and of high quality.

3.1.2 Contribution

The major contributions of this chapter can be summarized as follows:

e A unified framework called JUSense (Judicious Urban Sensing) is proposed to inte-
grate loT-cloud based various applications for urban sensing. Four urban problems are
considered and their corresponding subsystems are integrated with the current imple-
mentation of JUSense. These subsystems can accumulate information independently
but at the same time also improve their functionalities and results, and validate their
conclusions through mutual interaction. JUSense can also act as a recommendation
system. For example, depending on the users’ health profile, a suitable route (less

air/noise polluted) which is good for his/her health is recommended.

e A context-aware data cleaning algorithm is explored that distinguishes between “in-
pocket” and “in-hand” phone positions during participatory based data collection. More-
over, loT-Device specific calibration mechanism is developed for noise pollution dy-

namics in smartphone-based crowd / participatory sensing.
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e A new multi-view data fusion technique is proposed for spatiotemporal urban air and
noise pollution map generation. The inference of air/noise pollution level of a POI is
done through its spatial view as well as temporal view. A spatial interpolation tech-

nique is employed to create urban air and noise pollution maps.

e The proposed system JUSense is evaluated using large-scale experiments on real world
participatory sensing based dataset collected by participants over a period of 1 year
(June, 2018-June, 2019).

3.2 Existing Works

In this section, first we present a few existing systems/ platforms that can support multiple
urban sensing applications. Next, we provide different participatory sensing based methods
that are used in existing literature for exploring different dynamics of a city.

There are lack of existing systems/platforms that can works on a diverse set of appli-
cations. Although, some loosely related platforms or projects are available in the existing
literature. For example, Zhao et. al [119] proposed an integrated processing platform called
DeCloud4SD for traffic sensor data. It is designed to provide services for retrieval, storage,
acquisition, and computation of traffic sensor data in a scalable framework. Li et. al [120]
proposed a cloud-based holistic data management system for both real-time and historical
trajectory data. This system accommodates various trajectory queries that can be utilized
by various urban sensing applications so that they can be realized in a much simpler way.
Hochreiner et. al [121] proposed an approach called VISP for elastic data stream processing
in IoT. VISP helps the user through the reuse of existing components for case-specific topolo-
gies and a GUI to create a new topology. Also, there are other existing literature [122] [123]
that can work on various application based services in loT environment.

A considerable amount of research has been performed on monitoring urban noise pollu-
tion dynamics. Developing countries lag in noise assessment and noise control due to finan-
cial constraints faced in deploying expensive noise monitoring stations. In this context, noise
monitoring through participatory sensing can have a remarkable impact. Rana et al. [102]
have presented an end-to-end noise pollution mapping system named Earphone. It utilizes
the microphone along with the GPS and system clock available in smartphones to show dif-
ferences in noise levels when the phone was carried in hand, bag, pocket, and waist. Can et al.
have proposed a cross-calibration method that depends upon outlier detection, sensor-based
correction and Ly,, (Day-Evening-Night Sound Level) calculation. It is used for managing
and refining the raw data gathered through low-cost sensor networks using a participatory
sensing based approach [81]. Also, there are approaches where citizens themselves act as
sensors to sense the ambient noise. They voluntarily sense the environment and provide the
sensed facts for processing. For instance, New York City (NYC) had opened a complaint
line named 311 where the citizens could lodge complaints about different problems across
the city. In this context, Zheng et.al [124] focused on noise pollution since noise was the

third greatest class of complaints. The authors have modeled the noise condition of NYC
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by aggregating the data collected from citizens across the city along with the road networks
data, social media data, and Points of Interests (Pol).

Now, in the case of urban air quality monitoring, the concept of citizens as sensors along
with smartphone or IoT as sensors can also be applied. U-Air is an approach where real-time
information about air quality has been informed across a city [125]. It is based on both real-
time and historical air quality data that was reported by established air quality monitoring
stations in the city. HazeWatch project [8] uses lightweight air quality monitoring devices.
These devices are mounted on private vehicles and they interface with smartphones to send
accumulated data to a server. The collected data can be aggregated with data collected by
other users so that one can have a city wide pollution map. In [126], the authors have proved
the effectiveness of social media data for monitoring air quality trends and associated human
perception and response. They mine a total of 93 million messages from Sina Weibo (it is
China’s largest microblogging website) and perform a qualitative study of the content of air
pollution related social media messages. The authors come up with the fact that the volume
of air pollution related social media messages are highly correlated with a particular pollution
level.

Some important research works are also available on monitoring other urban dynamics
like road condition, driving, human mobility, etc. Eriksson et al. have proposed an approach
called Pothole Patrol (P2) to gather data from vibration and GPS sensors of smartphones, and
processes the data to assess road surface conditions [127]. Nericell [103] is an approach that
monitors road and traffic conditions using the data gathered from smartphone sensors like
accelerometer, microphone, GPS, etc. Ly et al. [128] have put forward research on driving
style recognition and classification. They use the gyroscope and accelerometer sensors found
on smartphones, and they analyze data using machine learning algorithms such as SVM and
k-means clustering. Kuang et. al [129] propose a deep-learning based model to accurately
predict taxi demand using historical taxi trips records. In [130], the authors propose an
approach to provide next POI recommendation based on users’ check-in data.

Each of the above mentioned works is crucial and independent research work mainly
based on IoT and participatory sensing and can inspire various research works in the field of
urban sensing. All these works have been carried out independently. However, the benefits
arising from combining these kinds of research works are not explored yet. So, in this chapter,
we have developed a participatory sensing based system named JUSense that essentially
looks into the collective advantages that can arise by combining results of some individual

systems.

3.3 Problem Statement

While existing urban sensing systems utilize sensors and networks to gather data for improv-
ing city services and citizen quality of life (QoL), they are often isolated and address specific
dynamics like air pollution, noise pollution or traffic independently. This limits the ability to
draw broader insights and make better decisions by combining data from different aspects of

the city. Additionally, traditional sensors can be expensive and have limitations in terms of
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coverage and deployment. This research addresses the need for a unified framework that in-
tegrates various participatory sensing applications focused on different urban dynamics. By
leveraging user-generated data from smartphones and low-cost IoT devices, the framework

aims to:

1. Combine data from diverse applications: Overcome the limitations of isolated systems
by integrating data from applications addressing air pollution, noise pollution, traffic,

and road conditions.

2. Enhance data quality and reliability: Develop context-aware data cleaning techniques
and calibration mechanisms to ensure the accuracy and reliability of participatory sens-
ing data before analysis and decision-making.

3. Derive broader insights and improve QoL: Enable the generation of comprehensive
spatiotemporal maps of air and noise pollution, and leverage the combined data for
personalized recommendations (e.g., suggesting healthier routes based on user health

profiles).

3.4 JUSense: Urban Sensing Applications

JUSense is a participatory sensing based system that involves four major applications (namely
AirSense, NoiseSense, SenseDCity and D&RSense) to address the primary issues like air and
noise pollution, citizens’ mobility pattern, road conditions, etc. JUSense has been developed
keeping in mind the additional and enhanced services that could be provided by an urban
sensing system when the subsystems would interact with each other. With this motive, the
framework of JUSense has been proposed that can also be used by other societal applications.
In this chapter, a unified framework called JUSense (Judicious Urban Sensing) is proposed
to integrate loT-cloud based various applications for urban sensing. The unified framework
JUSense not only integrate loT-cloud based above-mentioned urban sensing applications but
also enhance the functionality of the applications and report on improved personalized rec-

ommendations through mutual interactions.

Choose any one of four
applications for application SWITCHING
specific data collection
Login to JUSense S RS -
|application DATA CHOOSE DATA Recording sensor
: COLLECTION APPLICATION LOGGING data and contexts
OPLN
JUSense -SWITCHING JUSense
SERVICES & : SERVICE '
RLCOMMLNDATIOI\S } ! [ REQUEST e [RESPONSE . :
A collection of individual and Switch to another Responses like, pollution Logout f"(.)m .JUSense
combined services provided service map, less polluted route, application

by JUSense as given in Table 1 road condition map, etc.

Switch to another
application for
data collection

FIGURE 3.1: Workflow of JUSense from the end-users’ viewpoint.
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3.4.1 Subsystems Overview

In this section, from the end-users’ viewpoint, we first demonstrate an abstract workflow of
the application JUSense. The workflow is presented in Fig. 3.1. As shown by this figure, a
particular user can login to JUSense using his/her login details. The system JUSense allows
the user to share various data (smartphone sensor data, ambient air and noise levels, feedback,
etc.). Here, a user can choose any application (e.g. NoiseSense, SenseDCity, etc.) to share
that application specific data. During data collection, the user can logout from JUSense at
any time or can switch to other applications. The user interfaces (UI) of JUSense for the data
logging activities of different applications are shown from Fig. 3.2(a) to Fig. 3.2(d). Fig. 3.1
also shows that JUSense allows the user to get various services. If the user shares his/her data
with JUSense, it not only provides services like air pollution map, noise pollution map, rash
driving prone zones, road conditions, popular locations but also provides him/her with some
personalized recommendations. The user interface of the services like air pollution map and
noise pollution map that are provided to the users are shown in Fig. 3.2(e) and Fig. 3.2(f)
respectively.

In this chapter, we have concentrated on the symbiotic advantages that can arise from the

information exchange of the following applications.

AirSense

AirSense is a low-cost IoT based application that along with the help of a smartphone can
capture an individual’s air pollution exposure. It collects ambient air pollution data using an
Arduino platform based air quality monitoring device called AQMD (Air Quality Monitoring
Device) with MQ series gas sensors and transfers the sensed data to the smartphone via blue-
tooth connectivity [114] [7]. Additionally, meteorological data (e.g. temperature, humidity,
pressure, wind speed, etc.) and landuse information (e.g.residential, retail, street, etc.) are
also collected by making calls to OpenWeathertMap API [131] and Overpass API [132] re-
spectively. It gives more fine-grained information of the contexts that help us to extract more
valuable statistics. Collected data are aggregated in the cloud for analysis purpose. The users
receive real-time notification of the surroundings’ air quality as well as air pollution map via
his/her mobile application. In previous works [114] [7], a significant limitation was that the
collected AQI data are not sufficient to generate a high resolution air pollution map due to
the problem of data sparsity. To overcome this problem, in this work a spatial interpolation
method called Inverse Distance Weighting (IDW) [133] is used to show overall spatial vari-
ability of air pollution. Here, IDW is used to predict air pollution levels at unknown locations
using the pollution levels at known locations. The general form to calculate the predicted
value Z(Pj) at an unknown point P; based on samples V (P) for i = 1,2,...,N using IDW is
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FIGURE 3.2: User interface of data logging activities for four applications (a) NoiseSense (b)
AirSense (c) SenseDCity and (d) D&RSense. User interface of (e) air pollution map service and

given as follows [133]:

(f) noise pollution map service.

=l ifdist(P;,P) # 0 forall i

otherwise

(3.1)
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Where,

1

Wi=——r 3.2
" dist (P, Py)P 3-2)

Here, P; denotes prediction point (interpolated point), F; is a known point (interpolating
point), dist(P;,P;) is the 2-D spatial distance between F; and P;j, N represents the total num-
ber of known points used in interpolation and B is the power parameter. Along with the
micro and macro level of air quality monitoring, an individual’s pollution footprint is also

monitored in this application.

NoiseSense

NoiseSense is a context aware participatory sensing and smartphone based application which
gives its users real-time updates regarding individual’s noise pollution exposure as well as
city’s dynamic noise map [115]. It uses inbuilt sensors of the smartphones to get ambient
noise data from the devices using participatory sensing. For collecting the noise data, we
utilize the microphone of the smartphone. It is a context aware solution that utilizes the
sensing context of the user for removing erroneous noise values collected through the smart-
phones. For example, when a user is talking over the phone or the phone is in the bag or in
the pocket then the collected noise values do not represent the true ambient noise pollution
levels. Eventually, it is required to eliminate erroneous noise samples that are collected from
inappropriate sensing contexts. The previous work [115] focused on POI based noise map
generation. But this current work produces dynamic noise map to show overall spatial vari-
ability of noise pollution using spatial interpolation techniques. Here, Modified Shepard’s
Method (MSM) [134] is used as an interpolation technique which is a variant of the above
IDW method (i.e. Eq.3.1 and 3.2). MSM calculates the expected value at an unknown point
(i.e. location) using only the nearest sample points within a search radius R rather than all
the sample points. Now, the predicted noise value Z(po) at an unknown location p( based on

the observed noise values z(p;) at the sampling locations p; is given as follows [134]:

Y wi(po)z(pi)

=l ifd(po.pi) # O forall i

dpo)=4 vy, (3.3)
i\p
z2(pi), if d(po, pi)= 0 for some i
where,
OvR_d s Vi 2
wi(po) = (maX(R‘d(pO ;p;) P ))) (3.4)

Here, d(po, p;) is the distance between p; and po, N is the total number of known points used

in interpolation.
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SenseDCity

SenseDCity is a participatory sensing and smartphone based application that logs location
information (say, /;) from an individual’s smartphone and keeps track of his or her daily
spatio-temporal GPS trajectory [116]. Here, [; is a triplet [; = (I;.lat,l;.Ingt,l;.t), where l;.lat
and /;.[ngt are latitude and longitude at time /;.¢. This application focuses to study individuals’
mobility to explore travel pattern, popular locations, etc. Using ‘citizen as a sensor’ it also
aims to identify road conditions, health issues among the citizens, etc. The system parses
the GPS logs to get trajectory. Here, a trajectory is nothing but a sequence of locations
T=04L—lL—h...— 1, where, [;.t < l;;,.t. Form the huge GPS trajectory data, stay
points (e.g. bus stop, park, university, etc.) are identified that show the locations where
a user stayed for a while [116]. The stay points are detected based on two parameters, a
time threshold A, and a distance threshold A;. A stay point s can be considered as a virtual
location that represents a group of consecutive GPS locations L = {ly,ly+1,...,ln}, where,
for all i, distance(ly, ;) < Aq and |l,,.t — I;..t| > A,. Now, the stay point s can be represented by
s = (s.lat,s.Ingt,s.tcin,S-tcous ), Where, s.lat and s.Ingt denotes the latitude and longitude of the
stay point respectively. The terms s.t.;, and s.f.,, represent the check-in time and check-out

time for the stay point s. Here, s.lat,s.lngt,s.t.;, and s.t.,,, are computed as follows [135]:

m o L. lat
s.lar = ==kt (3.5)
L]
" Lidngt
s.ngt = ==k (3.6)
IL|
Stein = It 3.7
Steout = Lt (3.8)

Hence, we find a travel sequence of stay points § = s; — 52 — s3... — 5, for a user’s tra-
jectory T =1; — Iy — l3... — [,, where g < n. Now, SenseDCity employ frequent sequence
mining to identify frequent travel path from travel sequences. Users’ stay point information
also helps us to discover popular locations among the city. Additionally, SenseDCity analy-
ses the users’ feedback to provide road condition map of the city and using frequent itemset

mining it identifies common health issues among the citizens.

D&RSense

A safe transportation system is one of the most essential requirements for urban sensing.
D&RSense is also a participatory sensing based system which essentially utilizes the ac-
celerometer and GPS sensors of our smartphones to report transportation anomalies [117]. It
detects aggressive driving events (e.g. sudden acceleration, braking, etc.) and road anoma-

lies (e.g. bumps, potholes, etc.). The driving events are classified by an ensemble learning
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method, Random Forest (RF). The raw sensor data like latitude, longitude, 3-axis accelerom-
eter values (accy, accy and acc;) are used as features. The other derived features that are
found to be significant are as follows: variance of accy, accy and acc,, skewness of acc, and
acc, kurtosis of acc, and accy, median of accy and acc;, mean of acc, and accy. The random
forest classifier uses gini impurity [136] as a function to measure the quality of a split as

follows.
N
IL=Y p(j)x(1=p())) (3.9)
j=1

where, N is the total number of classes and p(j) is the probability that a tuple in the dataset
belongs to class C;,1 < j < N. By studying driving pattern of drivers we can get valuable
insights into their braking style and accelerating patterns which can help categorize their
driving nature while detection of bumpers and potholes can help recommend which areas of
the city need maintenance. Whenever the car is driven aggressively, the phone generates an
alert warning the user to check his/her aggressive driving style. Now, in order to indicate
the rash driving prone areas of the city, D&RSense utilizes density-based spatial clustering
of applications with noise (DBSCAN) [137] clustering to cluster several locations corre-
sponding to those GPS points where aggressive driving incidents have occurred. Suppose,
L@ = {lo,11,...,1,} is a set of such locations where aggressive driving incidents have oc-
curred. Now, DBSCAN is based on two parameters € and minPts. Here, € > 0 is the search
radius of a neighborhood considered for every location /; € L@ The e — neighborhood of a
location I; € L? is defined as a set of locations Ne (I;) = {I; € L\W| dist(I;,1;) < €}, where,
dist(1;,1;) indicates the distance between /; and /;. The other parameter minPts specifies
how dense the locations where aggressive driving incidents have occurred. Next, some core

()

locations [;7 € L(@) are found that satisfy the following condition:

INe (119)] < minPts (3.10)

i

()

Now, all the overlapping € — neighborhood i.e. all overlapping Ng(;"’) sets are group to-

gether in a cluster to form a rash driving prone area/zone.

3.4.2 Design and Architecture

Inspired by the utility of the applications mentioned in the previous section, an urban sensing
system called JUSense has been designed. It meets the requirements of mutual interactions
and exchange of information between the individual applications for more functionalities and
better performance. The symbiosis between the applications should be managed to maximize
the benefit to the society. In JUSense, the selected context-aware participatory sensing based
applications (namely AirSense, NoiseSense, SenseDCity, and D&RSense) can function on
their own way to address specific issues of a city. In this context, a layered architecture is
specified based on the required set of capabilities at each layer. The architecture is broadly di-

vided into two functional layers: the participatory sensing layer and the computation layer.
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FIGURE 3.3: Architecture of the JUSense system

The proposed architecture is depicted in Fig. 3.3 that involves computation in the smart-
phones and in cloud. In participatory sensing layer, application specific smartphone sensor
data (e.g. GPS, accelerometer, microphone, etc.) and IoT device data (e.g. AQMD for air
pollution data, SLM for sound level data, etc.) are collected. Here, mobile applications
(namely AirSense, NoiseSense, SenseDCity, and D&RSense) are responsible for logging the
data in users’ smartphones, performing basic preprocessing of the data and pushing the pre-
processed data to the cloud. Some basic processing e.g. filtering, parsing, feature extraction
along with lightweight machine learning based prediction is performed in the smartphone to
provide individual user specific services (e.g. individual user’s exposure to ambient pollution
level). Now, for better accuracy and to get the aggregated view of the entire city, all the data
from individual subsystems were ingested into the cloud. Now, several machine learning and
predictive models (e.g. Road condition detection model, stay point detection model, data
fusion model, etc.) are deployed in cloud that can make inferences based on the aggregated
data. These inferences are served as a service response to the users based on their application
specific service request. In the current version of JUSense, it incorporates the four specified
subsystems and also handles the interactions between them.

Participatory Sensing Layer

The participatory sensing layer includes all the citizens of the city those who participate
in sensing, the city administrators and the sensing medium i.e. smartphones, sensors, IoT
devices etc. The participatory sensing layer essentially uses citizen as sensor i.e. citizens
participate in sensing their surroundings and share the information along with their opinions
and feedback via their smartphones. Here, the participatory sensing data may be applica-
tion specific sensor data or contextual data. The sensor data comprises air pollution data
(e.g. AQI value, PM1.0, PM2.5, etc.), noise pollution data (e.g. ambient noise levels in
dB), driving related data (e.g. accelerometer readings) and mobility information (e.g. loca-
tion information). Here, Air Quality Monitoring Device (AQMD) is used to collect ambient
air pollution data. The AQMD uses MQ-135 as an ambient air quality sensor. Whereas,
DSMS501A is used to sense particle density in ambient air. In AQMD, Bluetooth capability
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is provided by HC-05 that enables citizens to transfer sensor data from AQMD to the smart
handheld devices. On the other hand, the NoiseSense application measures ambient noise
pollution levels within a time interval as an equivalent continuous sound level (L.,). The

(Leg) in decibel (dB) is measured with the help of following equation [138]:

1 (2 (P\*
Loy = 10log) [tz_tl/t <P’> dt] (3.11)
1 o

Here, in Eq. 3.11, #; and #, denote the start and end of the time interval respectively,

P, represents the sound pressure of the sound signal, whereas P, represents the reference
sound pressure level (typically 20 micropascals). In the case of D&RSense application, 3-
axis accelerometer values (Acc_x, Acc_y, Acc_z) data are mainly recorded using smartphone
equipped accelerometer sensor. Finally, for SenseDCity applications, users’ mobility data in
the form of GPS locations (latitudes and longitudes) are sensed using GPS sensor of smart-
phones. However, location information is useful for all the applications. The system also
provides services and notifications to the users and that is why the participatory sensing layer

resides in both ends of the system.

Computation Layer

The computation layer comprises of computation in the smartphone and cloud end. Upload-
ing all the IoT and smartphone generated data into the cloud is not recommended since the
entire dataset is not always useful. Moreover, it is quite challenging to handle the data on this
scale. Due to this, we divide the computation process into two parts: Smartphone and Cloud.

Smartphones are primarily used for storing, computing and communicating with the
cloud. They are also being used to get real-time notifications or feedback. SQLite and flat
files are used to store the dataset. One of the problems while performing the computation in
the smartphone is that it is not possible to come up with the cumulative picture. It is because,
all the processing is done on the basis of the data collected in the same smartphone. But for
better accuracy and to get the aggregated view of the entire city, we need cloud computing
here.

The processing in the cloud is done through the interaction of the following components.

(1) Database: Filtered data collected from all the subsystems in the smartphone are in-
gested into the cloud. Database is used for storing the data in more organized way to

ease the data fetching. This component is also used to store the results.

(2) Data Storage: This component is used to store the files (like csv, json, text, image, au-
dio, etc.) that are collected and processed in smartphone during participatory sensing.

(3) API Gateway: In JUSense architecture (Fig. 3.3), this component is responsible to
provide an API management solution. It appears as a single entry point into the system
and creates APIs, which perform dedicated tasks to communicate with the end user.
Using this component we create the REST APIs. Through these APIs, http requests

are sent from smartphone applications to the cloud. The event handler in cloud then
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initiates necessary processing to access the cloud database and data storage for the
required data. After the processing is over, http responses are given back from the
event handler to the smart phone applications through these APIs.

(4) Event Handler: This is one of the major components of the JUSense architecture and
is responsible for processing purpose. It contains individual functions for processing
the data of the individual subsystems of JUSense. Additionally, it also contains fusion
functions that use the output data of more than one subsystems (or from more than
one sources) and analyse it to extract more statistical information. Event handler runs
these functions when events are triggered from the aforementioned components and
takes the data from database and data storage as required. Based on the triggered event
it may store the results in the database for future use or it can provide real time response

to the front end user using the API.

(5) Machine Learning and Predictive Analysis: Among the back-end services that are
being provided, this component is responsible for the purpose of Machine Learning
and Predictive Analysis. When some predictive analysis tasks are required to be per-
formed, this component gets triggered through the event handler. Here, context aware
data cleaning model of this component is used for pre-processing task to remove those
sensor readings that are not coming from appropriate sensing contexts 3.4.3. The data
fusion model is used to make inference of pollution levels from spatial as well as the
temporal views of the pollution datasets (see Section 3.4.4). For different applications,
the map generation model is used to make visualization of the predicted results on the
map. Stay point detection and trajectory mining are mainly related to SenseDCity ap-
plication that is used to explore human mobility pattern. The road condition detection

and driving pattern detection models are related to D&RSense application.

The mutual interaction of the subsystems will not result in any additional lag in the in-
dividual applications since the exchange of information will take place in the cloud. Hence,
the overall system of JUSense has its processing done in two major phases, the smartphone
and the cloud. Real-time response is provided to the end user through smartphone process-
ing as well as cloud processing. The purpose of processing within smartphone is to provide
quick and real-time responses even in the absence of internet connection. It alerts and keeps
track of an individual’s pollution and travel footprints without focusing much on accuracy.
Rather, it concentrates on giving the fastest possible response with an acceptable accuracy
by implementing algorithms and methods of low computational complexity. Users can also
directly send queries to the cloud and get real-time responses against that query. Events get
triggered from the smartphone through REST API and the event handler in the cloud does
the required lightweight processing. Having only cloud to do all the processing would result
in high accuracy. Because we don’t have to worry about the resources in cloud. But, the
response time would suffer, especially with bad Internet connectivity. Processing done in the
smartphone will successfully handle the processing to a certain extent even without an active

Internet connection. So, the required trade off in the two phases could be made by proper
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distribution of processing between the smartphone and the cloud to get quick responses and

high accuracy whenever desired.

3.4.3 Pre-processing

All of the four applications use participatory sensing data. Following pre-processing steps

need to be performed on the participatory sensing data before any kind of analysis.

Context-aware data cleaning

One of the problems with participatory sensing is that the dataset may contain noisy data.
It is because, this type of sensing uses smart hand held devices as sensors, and the sensor
reading from those devices vary based on the sensing context (e.g. whether the smartphone
is in bag or in hand, phone orientation, etc.). JUSense performs context-aware data cleaning
as one of the pre-processing steps for removing those erroneous sensor values that are not
recorded in appropriate sensing context.

A classifier is built to correctly identify the sensing context in which the sensor data had
been recorded. In order to do that, we examine the feasibility of smartphone equipped sensor
data (like accelerometer data, gyroscope data, light sensor value, proximity sensor value, etc.)
as the features for sensing context classification. For this purpose, a total of six volunteers
are appointed to record the sensor readings using smartphones. Two identical smartphones
are provided to each of the volunteers. They are asked to carry one smartphone in hand and
the other in pocket/bag. Here, each of the volunteers is asked to acquire 60 minutes data.
After studying these sensor data we choose to exclude light sensor, it is because the light
sensor values in two sensing contexts are not significantly different. The data from three axis
accelerometer, the proximity sensor and three axis gyroscope are used as features for context
classification. Naive Bayes algorithm is used for context classification. We choose Naive
Bayes as it can not only predict the appropriate context in a fair accuracy (81%) but also
easy to interpret and lightweight compared to other effective machine learning algorithms
like support vector classification. Here, leave-one-out cross validation (LOOCYV) approach

is used for calculating the classification accuracy.

Calibration

IOT devices and smartphones are used in JUSense for participatory sensing based air and
noise pollution monitoring. The accuracy of the pollution map depends on the quality of
participatory sensing based air and noise pollution sensor data. But, the use of low-cost IOT
devices and smartphones for air and noise pollution data collection do not provide accurate
high quality measurements. Hence, it is essential to calibrate sensor devices for predicting
actual measurements from the sensor responses. In order to do that, it is required to com-
pare sensor readings and actual ground truth measurements. This helps us to find an offset
. Later, this offset { needs to be added with measured pollution level to calibrate low-cost
sensors with standard pollution measuring device. For example, in case of NoiseSense appli-

cation, the modified equivalent continuous sound level (say, L’Eq) is given by modifying Eq.
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3.11 as follows:

+¢ (3.12)

1 2 /P\?
L. =101 7/ L) dr
eq OglO ltztl h (P0>

In this work, in order to estimate the calibration offset { we measure and compare the the

readings from standard pollution monitoring device and our low-cost sensors under different
pollution levels. Suppose, S,, = {v!,v2,...,v"} is a set of low-cost sensor responses corre-
. _ 1 2 7 .
sponding to ground truth measurements G,, = {vg,vg,...,vg}. Where, v, € G, is a grund
truth measurement corresponding to its low-cost sensor response v§ € S,,,. Now, the calibra-

tion offset is calculated as follows:
n . .
Y (v —vi) (3.13)

Note that in the case of air pollution dynamics, sometimes we need to use static stations’
data as ground truth to validate the data quality. To evaluate the quality of the participatory
sensing based air pollution data, we have used the data of static air pollution monitoring
stations. However, missing values, which are frequently brought on by hardware breakdowns
or data corruption, are a serious problem in environmental pollution related research. In the
case of such an issue we use efficient predictive model and the site selection method that can

be used to perform the task of missing value imputation from multi-site time series [19].

Map-matching

In this pre-processing step, the raw sampling location data (i.e. locations from where the
sensor data samples had been collected) need to be placed onto the existing road networks or
POIs (e.g. universities, restaurants, playgrounds, shopping malls, parks, etc.). In JUSense,
an interactive-voting based method [139] is used to perform the task of map matching. Map-
matching first map GPS sampling locations to corresponding road segments and POIs and
after that combine all of them.

Suppose T' =1} — I, = I3 — ... = I, is a trajectory denoting a sequence of sampling
locations (/;). Also, let us consider R = {ry,r,...,ry,} is a set of road segments and P =

{p1,p2,...,pr} is a set of POIs. Now, the map matching consists of following steps:

(1) Candidate preparation: For each location ; we create a set of candidate points CP; =
{c},¢h,...,cl} where, a candidate point ¢’ is either a projection of /; on any road seg-
ment of R that is within distance d from /; or it can be a POI of P within that distance.
Now, for each candidate point cg- € CP, its observation probability with respect to lo-

cation /; is computed as follows [140]:

e 2 (3.14)
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where, dj- denotes the distance of cz- € CP, to the sampling location /;. Now a spatial
and temporal analysis function (also known as ST-function) [141] is used to create a

candidate graph.

(2) Score matrix building: Next, for each location /; of the trajectory T a score matrix is
built [139]. Where, each item of the score matrix indicates the probability of candidate
point cz- € CP, to be a correct projection. Now, for all the candidate points c;- of [,
first a trajectory path P} : ¢; — ...c}... — ¢} of candidate points is found that has the
largest score summation.

(3) Interactive voting: Next, the candidate point c; votes for all the candidate points on
the path P; [139]. Suppose the votes obtained by the candidate points of location /; is
denoted by the set V' = {v’l,vlz, ..., Vi }, where, sz is the number of votes obtained by
candidate point ¢; € CF,. After the voting, we find the candidate point ¢; € CF; who
has the most votes for each sampling location /; i.e. vi = max(V'). Such a candidate

point is known as winner candidate point ci-win)

(4) Path finding: Finally, the winner candidate points are just linked one by one to find the
map matched path. Hence, the optimal map matched path for the trajectory T = [} —

L —1l3—...— 1, willbe PT = cEWi") — cgwi”) — ngm) i),

3.4.4 Data fusion

In JUSense, there are different datasets (like air quality data, ambient noise data, POIs data,
human mobility data, road networks data, meteorological data etc.) from different sources.
Each of these datasets has a different representation, characteristic, distribution and scale.
In our work, we use the concept of data fusion to discover new knowledge (or improve our
existing knowledge) from more than one different datasets (but potentially connected) or
from different views of the same dataset.

In order to create more accurate air and noise pollution map at high spatio-temporal
resolution, the idea of multi-view data fusion is used. Each of the air and noise pollution
datasets can have two distinct views spatial view and temporal view. Spatial view of a dataset
shows how pollution levels are distributed over the space. On the other hand, temporal view
of a dataset describes temporal variability of pollution levels at a particular POI (Point Of
Interest). Fig. 3.4 shows how the pollution levels of a particular POI can be better predicted
using spatial and temporal views of the dataset. Pollution levels of a POI P; at time Tj is
predicted using an interpolation technique (in our case, IDW) based on the spatial view of
the dataset. Similarly, the prediction of pollution levels of the POI P; at time T can also be
done based on the temporal view using IDW on a single dimensional temporal space. The
two predictors make their predictions PolLvl%fv) (P;) and PolLvl% i (P;) independently based
on spatial and temporal view respectively for the POI P; at time 7, as follows.

£ wivh)

. if dist(P;.S;) # O for all i
PolLviy () = { LWy (75.5:) # (3.15)

Vl(}k) , otherwise
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(s) 1
wY = 3.16
T dist(P,S;)P (3.16)
Here, the impact of pollution on P; due to the point §; is expressed by the weight Wj(is). The
distance between S; and P; is dist(P;,S;) which is simple 2-D spatial euclidean distance and

B is the power parameter. Vl(}k) indicates the observed value at point S; at time 7;. Similarly,

from temporal view, the pollution level can be predicted as follows

BV t(Ti, T;) # O for all i
==L if dist(Ty, T; or all i
PolLvly" (P)) = { X, w) o (3.17)
Vj(.tT)i, otherwise
Where,
o___1 3.18
K dist(Ty., T;) P ©-18)
Here, dist(T;,T;) = /(T — T;)? is 1-D euclidean distance in temporal space. Vj(,tT),. indicates

the observed value at time 7; at P;. After that, these two predictions are combined to make an
overall prediction at POI P;. A weighted average of these two predictions are taken in order

to compute the overall prediction at the POI as shown below.

PolLvy"" ™) (P;) = &V PolLviy") (P;) + &™) PolLuly" (P;) (3.19)

In Eq. 3.19, PolLvl% V) (P;) and PolLvl%v) (P;) are the predicted pollution levels at P; from
spatial and temporal views respectively. Here, 5(”) and é(”) are the weights applied to
spatial and temporal predictions that satisfy the condition é(”) +& (") = 1. The best setting
of £") and £() is one for which MVDF yields best accuracy (in terms RMSE value). In
this work, MVDF yields best performance for the setting V) = 0.6 and &) = 0.4.

Here, the details of the fusion model for predicting pollution levels at any POI is pre-
sented in Algorithm 1. The input to the algorithm are sample data D, a set P of POIs for
prediction, the time of prediction 7. For spatial prediction we create a dataset Q(Ti ) C D hav-
ing samples with sampling time 7;. Now, for each POI P; € P, we first predict the pollution
level PolLvl;‘: V) (P;) from the spatial view (line 5-line 10). Now, for temporal prediction at
POI P; we create a dataset ng) that contains samples at P; having different sampling times.
Next, for POI P; € P we predict the pollution level PolLvl%v) (P;) from the temporal view
(line 11-line 17). After calculating the pollution level for all POIs P; € P we combine them
to find the overall pollution level (line 19-line 22).

In this chapter, the concept of data fusion is also used to define an index called Overall
Pollution Index (OPI) to measure an overall pollution level by combining air and noise pol-
Iution levels at any POI. Different countries have their own national air and noise pollution
standards. Depending on the standards, the number of pollution categories (e.g. good, sat-
isfactory, moderately polluted, etc.) and their ranges can be different. We propose a simple
two step method to calculate OPI at a particular time of a POI from Air Quality Index (AQI)
value and noise value of that POI at that time. This method works for all national standards.
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FIGURE 3.4: Multiview data fusion: The pollution level of the POI P; (shown in green) at time 7} is
predicted using spatial view and temporal view.
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FIGURE 3.5: Formation of Overall Pollution Index (OPI).
As shown in Fig. 3.5, the two steps that are involved to find overall pollution index (OPI) of
a POI are as follows:
* Formation of Normalized pollution Index (NPI) for air/noise pollution.
» Aggregation of NPIs to get an Overall Pollution Index (OPI) of a POI.

In order to explain this two step method for any arbitrary pollution standard, let us consider,
€, Ii(low) and Ii(h’gh) denote i"" pollution category, the lowest permissible value in €; and the
highest permissible value in %; respectively.
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FIGURE 3.6: Interaction among different components of the subsystems in JUSense

Formation of NPI: NPI is formulated as a piecewise linear function of AQI/Noise values.
To convert a AQI/Noise value (say, v) of any standard to NPI, the following function is

defined.
(V _ Ii(low)>

N ( I_(high) _ I_(zow)>

(i—1)

NPI(v) = N

(3.20)

l l

(low)

where, v € {Ii ,I(high)

p ] and N is the total number of pollution categories.

Aggregation of NPIs to get an OPI: Once, the NPIs are found, they are combined in a simple
weighted additive form as follows:

OPI = w,NPIL,(vy) +waNPL,(v,) (3.21)

where, w, +w, = 1

Here, NPI,(v,) and NPI,(v,) indicates NPIs of air and noise pollution levels v, and v, re-
spectively. On the other hand, w, and w, are the weights associated with air and noise
pollution levels respectively. Later, in Section 7.5, the spatial variability of OPIs of Jadavpur
area (a part of city Kolkata) is shown in the form of a pollution map.

On the other hand, in the tasks like road condition monitoring or detection of rash driv-
ing prone zones, fusion of data generated from multiple applications (e.g. SenseDCity and
D&RSense) help us in identifying road conditions more accurately. In Section 3.5.4, a case
study is provided to show that the mutual interaction among different applications can achieve

better accuracy than individual applications.
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Algorithm 1 Data Fusion ( P, D, T;)
Input: Set of POISs for prediction P, Sample data D, Time of prediction 7.
Output: POIs’ predicted pollution levels Plpred)

1 Plored) o g ppred) g plrred) g

2: S; < location of pollution sample data d; € D

3: Create a set 935:; ) = {d;|d; € D having sampling time 7} }
4: for each POI P; € P do
5. if dist(P;,S;) # 0 for all d; € DY then

oWV
6: POlLVl]({ )(P]) = Z;V:lJ"V_,SV)Tk;
else
PolLviy" (P;) = V5);
end if

10: PP = D) G porLvi™ (p;)

k
11:  Create a set ’ng) = {dj|di € D and P; = S;}
12 if dist(Ti, T;) # 0 for all ; € D)) then

(1), (1)

' (ZV) _ Z{‘il Wki VTI
130 PolLvly” (P) = ==t
14:  else
1s: PolLvly (P) = V)
16:  end if

d d

18: end for

19: for each POI P; € P do
20: :PEP’ed) — é(sv)j)(f’ff’d) + é(tv)ﬂ)(l”ed)

sV.j tv.j
21: rJ)(pred) — :P(pred) U U)E_Pred)
22: end for
23: return P(Pred)
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3.4.5 Interaction among Components

JUSense provides a unified framework to combine the subsystems (e.g. AirSense, Nois-
eSense, D&RSense and SenseDCity). It is effective in terms of accuracy (see section 3.5.4)
which is achieved with the help of mutual interactions among the subsystems. The detailed
view of the components of each of the subsystems and the interactions among those compo-
nents within the subsystems and between subsystems are shown in Fig. 3.6. The subsystems
use the real world datasets (e.g. air and noise pollution data, trip data, GPS logs, road net-
work data, users’ feedback, etc.). The Fig. 3.6 shows that the individual subsystems can
provide some services on their own. For example, AirSense and NoiseSense applications
generate air pollution map (AQI map) and noise pollution map respectively by using a multi-
view data fusion technique as given in Algorithm 1. D&RSense uses Random Forest (RF)
classifier to recognizes driving events (e.g. acceleration, braking, etc.) and road conditions
(e.g. bumps, potholes, etc.) by using smartphone equipped sensors’ values (e.g. 3-axis ac-
celerometer data, 3-axis gyroscope data, etc.) as features. The SenseDCity produces users’
travel pattern from their trajectories (sequence of GPS locations. SenseDCity also helps to
collect users feedback about personal health conditions and city’s road conditions. Frequent
itemset mining is performed on users’ travel pattern and health data to identify their health
pattern. On the other hand, feedback analysis is performed on road condition related users’
feedback to identify current condition of roads at different parts of the city. Travel patterns
from all the users are analyzed to identify the popular places of the city. Each of the subsys-
tems first uses map-matching module to map GPS sampling locations to corresponding road
segments and POIs and after that combine all of them to create application specific mapped
data. For NoiseSense, AirSense and D&RSense, context aware data cleaning is required to
filter out data samples that are not from appropriate sensing contexts. AQMD calibration and
smartphone calibration are used for AirSense and NoiseSense applications respectively.
Additionally, aggregated information from two or more subsystems are used to make new
inferences. The information aggregation from more than one subsystems can help us improv-
ing existing services by providing higher accuracy. For example, air and noise pollution maps
can be combined to provide an overall pollution map of the city. Similarly, D&RSense and
SenseDCity can detect road conditions of the city individually. The results from these two are
combined to get a bigger and more complete picture of the city’s road conditions. Other com-
bined services like route change alert and less polluted route identification is performed by
analyzing users’ travel patterns (from SenseDCity) and pollution maps (from AirSense and
NoiseSense) of the city. Table 3.1 lists all the services (individual and combined) provided
by JUSense. For each of the services, it shows the subsystem(s) responsible for providing

that service.

3.5 Evaluation

In this section, we experimentally evaluate the performance and effectiveness of the proposed
system JUSense. We perform large scale experiments on real world participatory sensing

based datasets. At the beginning, we explain the participatory sensing based real world data
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TABLE 3.1: Individual and combined services provided by JUSense

Service Service Societal applications Figure(s)
type name AirSense  NoiseSense D&RSense  SenseDCity
Air Quality Index (AQI) map v Fig. 3.10
Noise pollution map v Fig. 3.11
Driving events detection v Fig. 3.13
Individual Road Condition detection v Fig. 3.19 (b)
service Travel pattern detection v Fig. 3.20 (a)
Road Condition detection v Fig. 3.15 (a)-(c)
Health pattern detection v Fig. 3.14 (a)
Popular places identification v Fig. 3.14 (b)
Road Condition detection v v Fig. 3.19 (¢)
Combined Route change alert/warning v v v Fig. 3.20 (d)
service Less polluted route identification v v v Fig. 3.17
Overall pollution map v v Fig. 3.16

v': The presence of check mark indicates that a service that is shown in a particular row of the table is provided
(or jointly provided) by the application in the associated column.

collection and data preparation in order to perform the experiments. Next, we provide the
metrics used to evaluate the performance of the methods. Finally, we provide the experimen-
tal results that include individual and combined services provided by the applications, the
comparison with baselines and case studies to show the effectiveness of JUSense in terms of

accuracy which is achieved with the help of mutual interactions among the subsystems.

3.5.1 Study Area and Data Collection

The study area chosen for the study is Jadavpur area of city Kolkata (West Bengal, India).
It is extended between 22°48'91”N — 22°50"70”N latitude and 88°36'76"E — 88°40/07"E
longitude covering an area of 6 km?. The region is densely populated and having varying
landuse. The study area is shown in Fig. 3.7. Data are collected for all the four applications
(AirSense, NoiseSense, SenseDCity and D&RSense) separately in the study area. Volunteers
of different ages, genders and professions are participated in the data collection process. As
mentioned earlier, smartphone sensors and IoT devices (e.g., AQMD device in AirSense) are
used as a sensing device for these applications. Along with this, we have used the concept
of Citizen as Sensor. The contexts of the users as well as their health profiles and the am-
bient atmospheric information are taken as an input from the users to better understand the
effectiveness of these services.

For AirSense and NoiseSense applications data were collected outside of Jadavpur Uni-
versity area (Sulekha crossing — 8B Bus stand — Jadavpur Police Station — Abhishikta
crossing — Ajaynagar crossing — Sulekha crossing) and also inside the main campus. Fig.
3.8 (a) shows a working prototype of Air Quality Monitoring Device (AQMD) used for air
quality data collection using the AirSense application. Fig. 3.8 (b) and Fig. 3.8 (c) show
that the participants are collecting air and noise pollution data using AQMD and smartphone
respectively. In this experiment, three time intervals of a day (9am-11lam in the morning,
2pm-4pm at afternoon and 6pm-8pm at evening sessions) are considered for collecting data.

Here, our main motive behind selecting these three time intervals is to monitor air and noise
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pollution levels during the rush hours in the city. It is important to study ambient pollution
levels during the rush hours in the city because the previous studies [142] [143] have showed
that the individuals’ daily exposure to air and noise pollution is usually critical during the
rush hours.

Along with these applications, data are also collected for SenseDCity and D&RSense
applications. In D&RSense, data were collected for bike ride along the route from Jadavpur
University Main Campus to Baruipur via Baruipur Bypass (to and fro journey) over an ap-
proximate distance of 50 km and around Jadavpur area for 4-5 days a week. Templates for
all the driving events like normal and sudden acceleration, braking, turns and road conditions
(potholes and bumps) were recorded and pushed to cloud and also processed locally (i.e.,
smartphone). The normal and sudden acceleration templates were created while the speed
was increased from 0 to 20, 0 to 40, 0 to 60, 20 to 40, and 40 to 60 kmph. The braking
templates were created while the speed was decreased in the opposite direction of all the

previously mentioned values.

Study Area (Jadavpur, Kolkata)
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FIGURE 3.7: Study Area: Jadavpur area, Kolkata
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FIGURE 3.8: (a) Air quality monitoring device (AQMD) (b) A participant is using AirSense applica-
tion along with AQMD (c) A participant is using NoiseSense application
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FIGURE 3.9: Calibration for NoiseSense for different Smartphones with respect to standard sound
level meter (SLM). Here, the ideal line shows a line where the smartphone responses and correspond-
ing SLM measurements should agree.

3.5.2 Data preparation

Now, as discussed in Section 3.4.3, data preparation (i.e. pre-processing) is required to im-
prove the quality of raw sensor data for further analysis and processing. In this work, data
cleaning, calibration and map-matching are performed on the raw data for this purpose.

For data preparation, the proper calibration of low-cost sensors is an essential part as
the low-cost sensors that are used for sensing may not provide accurate measurements. As
given in Section 3.4.3, it is required to calculate a calibration offset { for accurate measure-
ment. Now, to estimate the calibration offset £, it is required to compare the low-cost sensor
readings (e.g. sound levels, PM2.5 values, PM10 values, etc.) and actual ground truth mea-
surements of standard devices. For AirSense application, AQMD values are compared with
standard pollution measuring devices like IQAir AirVisual Pro Air Quality Monitor (Atlanta
Healthcare) [144] and Forbix Semicon [145]. In NoiseSense, Amprobe SM10 and Mextech
SL-4012 sound level meter are used for ground truth reference. For D&RSense application,
the compass of a smartphone is calibrated with google maps for accurate sensing and data
collection. One thing to be noted that, different manufacturer of smart handheld devices
may use different sensors in their smart handhelds. Hence, the calibration of these different
handhelds are also different. For example, in case of NoiseSense application, Fig. 3.9 shows
different calibrations for three different smartphone models (MotoZ2 Play, Panasonic Eluga
and Google Pixel). The upper curve on Fig. 3.9 shows the ground truth measurements of
standard sound level meter (SLM) compared to the responses (i.e. L, value) of the smart-
phone. Now, the required calibration offset { is calculated using Eq. 3.13 that needs to be
added with measured responses to calibrate low-cost sensors with standard measuring de-
vices. For some applications, JUSense also employ context aware data cleaning technique
for data preparation. As explained in Section 3.4.3, the data coming from inappropriate sens-
ing contexts are removed by a light weight Naive Bayes classifier. For example, in case of
NoiseSense application, if the phone is in bag or pocket during data collection then those
sound data are removed by detecting the sensing contexts. Also, raw GPS location data may
suffer from positional errors. Now, to infer the location more accurately an existing map

matching technique [139] is used.
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3.5.3 Performance metrics

In this work, cross validation approach is used to measure the accuracy of our proposed meth-
ods. For AirSense and NoiseSense applications, two common statistical measures like mean
absolute error (MAE) and root mean squared errors (RMSE) are used to evaluate the predic-
tion accuracy of our proposed Fusion based method for air and noise pollution monitoring.
Here, MAE and RMSE are defined as follows:

1 Y ~
MAE = 33 |Z(pi) = Z(pi)] (3.22)
i=1
1 Y ~
RMSE =\ | 5 ¥ AZ(pi) = Z(p) ¥ (3.23)
i=1

Where, N represents the total number of samples in the validation set, Z(p;) and Z(p;) repre-
sent the measured and predicted pollution levels respectively. Now, in case of driving events
detection using D&RSense application, the classification accuracy is used to measure the per-
formance of the Heroku deployed Random Forest (RF) model. The classification accuracy is
defined as follows:

E (correct)
Acc= = % 100% (3.24)

E (total)
Where, E(coect) and E('al) denote the number of correctly classified events and the total

number of events respectively.

3.5.4 Results

The results of various experiments are structured as follows: at the beginning, the individual
services as well as combined services are presented. Next, the performances of the predictive
models used to provide those services reported are compared with some baseline methods.
Finally, we conduct case studies to show the effectiveness of mutual interaction among dif-
ferent subsystems of JUSense.

Both AirSense and NoiseSense applications perform spatial distribution analysis of urban
air and noise pollution levels using the proposed fusion model. The best setting for model
parameters 8, £(%) and &) of the fusion model are: B =2, E6Y) = 0.6 and E™) = 0.4.
Now, the Fig. 3.10 shows the spatial variability of air pollution levels in the study area (i.e.
Jadavpur area, Kolkata) in February, 2019. It is observed that the landuse types like local
market, road side eateries, road crossing, industrial areas, etc mainly suffer from relatively
high air pollution. Similarly, Fig. 3.11 shows the spatial variability of noise pollution levels
in the study area. It is found that the noise pollution levels are much higher near the major
road segments. One interesting thing to be observed from Fig. 3.10 and 3.11 is that we didn’t
find much correlation between air and noise pollution levels in the study area. Another large

scale study has been performed to explore diurnal variability of air pollution (in terms of AQI
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FIGURE 3.11: Noise pollution map of Jadavpur area, Kolkata.

and PM2.5) at different sessions of a day like MS: morning session (09:00-11:00), NS: noon
session (12:00-14:00) and AS: afternoon session (15:00-17:00). In order to perform this
study the air pollution data collected by AirSense at different landuse types like crossing,
universities and hospitals are segregated. The diurnal variation of air pollution is shown in
Fig. 3.12. For example, the top left graph of Fig. 3.12 shows box plots of AQI and PM2.5
for three different sessions (MS, NS, AS) for weekday and crossing. The levels of pollution
show significant variation during weekdays but during weekends the levels of pollution do
not have that much significant variation.

Now, Fig. 3.13 (a) shows a representative result of D&RSense that indicates few rash-
driving prone zones in the study area. In order to detect rash-driving prone zones, the Random
Forest (RF) classifier is first used to detect driving events like sudden braking, sudden accel-

eration etc. which works based on smartphones’ sensor data. Next, the Density-based spatial
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FIGURE 3.12: Diurnal variation of AQI and PM10.

clustering of applications with noise (DBSCAN) clustering is utilized to cluster several lo-
cations corresponding to those GPS points where at least 10 aggressive driving incidents
continued to occur over a 5-day period of trip data collection at different times of the day. In
order to obtain the optimal result, the Random Forest (RF) classifier makes use of following
settings of model parameters: Number of trees in the forest=500, The function to measure the
quality of a split = “entropy”, The maximum depth of the tree = 10. Additionally, D&RSense
can report whether over-speeding has occurred or not. It is detected by checking a predefined
speed limit with the current driving speed. D&RSense also capable to maintain the locations
in the cloud where over-speeding frequently occur. Fig. 3.13 (c¢) shows such a road segment
(marked in red) where over-speeding occurs. Whereas, Fig.3.13 (b) shows a normal driving
(within speed limit) trajectory of a user. Now, the common health problems depending on
food intake locations can be studied using SenseDCity. Here, SenseDCity application allows
the users to share their check-in details to restaurants, canteens or road side eateries for food
intake activities. From these data, as shown in Fig. 3.14 (a), SenseDCity can provide a simple
visualization for frequently visited food intake locations by the users and the related health
issues that may be caused due to food intake from such locations. Similarly, depending on the
total number of check-ins to a particular location SenseDCity identifies the popular locations
in the study area (as shown in Fig. 3.14 (b)). Also, SenseDCity application allows the users
to send the feedback related to poor road conditions with geolocation. Now, as shown in Fig.

3.15, SenseDCity shows a visual representation of road conditions by simply plotting those
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locations on the map. Here, black hexagons are the locations where poor road conditions
have been identified.

On the other hand, JUSense also provides combined services by mutual interactions
among the applications. For example, the pollution data from AirSense and NoiseSense
are fused to create an overall pollution map of the city. This is performed by calculating
OPI (Overall Pollution Index) at different POIs (see Section 3.4.4). Fig. 3.16 shows overall
pollution map of the study area using IDW interpolation technique. The Fig. 3.17 shows
another combined service called less polluted route identification. Here, first, the frequent
travel paths of a user between a source and destination are found using SenseDCity appli-
cation. After that, the pollution data that are collected along those paths using AirSense
and NoiseSense are analyzed to recommend the less polluted route between that source and
destination. The results of other combined services like road condition detection and route
change alert/warning are discussed in Section 3.5.4 where the effectiveness of mutual inter-

actions among the applications are presented.

Performance Comparison with Baseline

Here, we compare our proposed models with some baseline methods. In order to assess
the performance of the proposed multiview fusion model, it is compared with three baseline
methods: Modified Shepard’s Method (MSM), Simple Kriging (SK) and Nearest Neighbors
(NN) [146] [147]. On the other hand, the performance of the Random Forest (RF) classifier
build for D&RSense application is evaluated and compared with three methods like, Naive
Bayes (NB), Support Vector Machine (SVM) and Artificial Neural Network (ANN). Fig.
3.18 (a) and (b) show RMSE and MAE of different methods for predicting pollution levels
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FIGURE 3.15: The road conditions reported by SenseDCity based on citizens’ feedback.

respectively. It is clear from Fig. 3.18 (a) and (b) that our proposed fusion method achieves
better accuracy in comparison to the baselines (i.e. MSM, SK and NN) in terms of RMSE
and MAE. On the other hand the experimental results in Fig. 3.18 (c) shows that Random
Forest (RF) dominated over NB, SVM and ANN for driving events detection.

Case studies

In this work, two scenarios are considered to show the effectiveness of the proposed sys-
tem JUSense in terms of accuracy which is achieved with the help of mutual interactions
among the subsystems. The interactions among the subsystems in JUSense for the following
scenarios can be better understood from Fig.3.6.

Scenario 1: D&RSense is capable of generating a road condition map of the city (say,
road map 1) on its own while SenseDCity also maintains its own road condition map (say,
road map 2) with direct input from the citizens. In the case of D&RSense, when a citizen is
riding a bike, it may not detect all the bumps or potholes. Similarly, in the case of SenseDCity,
a citizen also may not roam the entire city. Merging the maps (road map 1 and road map 2)
would result in a bigger and more complete picture of the city’s road condition.

Scenario 2: SenseDCity generates individual users travel pattern and maintains their
personal health database (User health database). On the other hand, AirSense and Nois-
eSense maintain dynamic pollution maps of the city using which SenseDCity can notify the
user when the environmental conditions are no longer favorable to his health. For instance,
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SenseDCity would suggest a person suffering from asthma to change his route when it will
receive information from AirSense that the air quality in his regular route has fallen below
tolerable limits.

In this experiment, it is found that the collaborative approach works better than any sin-
gle service and is verified here as illustrated in Fig. 3.19 and Fig. 3.20 respectively. Sce-
nario 1 represents an important service i.e., road condition monitoring. Both D&RSense
and SenseDCity are capable to record different road conditions. Both have their own ad-
vantages and disadvantages. D&RSense can detect bad road conditions such as bumps and
potholes only when the vehicles go through it and the corresponding jerking is noted in the
smartphone. So, this detection depends on two factors primarily. The first one is the vehicle
and the second one is the smartphone. Practically, different vehicle has different suspension,
hence same bump or pothole will be noted differently in different vehicles. Some of the

issues of D&RSense experienced during experiments are highlighted here.

- It is often noticed that a pothole which is detected using a motorcycle might not be
detected in the same road while traveling with a four wheeler. So, we can say that the

performance of D&RSense is vehicle dependent.

- Another challenge is to capture the variation of smartphones in noting the same read-
ing, i.e., different smartphone sensors may sense the environment differently due to
dissimilarity in calibration. Thus, same bump/pothole data are recorded in different
smartphones differently, i.e., same sensor will store different data readings for differ-

ent devices.

- Sometimes road conditions might not be properly captured. It is more likely for a
driver to avoid a bump or pothole on his way of driving. Hence, even if there are
poor road conditions, most of the time it is avoided by the driver, hence it is not re-
flected and recorded in the D&RSense database. Another reason for not getting all
the bumps/potholes throughout the road is that one single car may not cover the whole

road segment which is sometimes more than 30 feet wide. So, large scale participatory
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sensing via D&RSense is one of the most promising solutions here to cover the whole

thing.

D&RSense has some limitations in road condition monitoring. However, the same road
condition is also monitored by SenseDCity service, which basically relies on human input
i.e., citizen as sensor. Based on human inputs, road segments are marked as road with bumps
and potholes or damaged. In this work, we are not concentrating on the truthfulness of
the collected data which is a different research aspect for any crowd/participatory sensing
based application and out of scope of this work. Here these inputs are considered to be
true as data are collected by our volunteers. Also, a point needs to be noted here that, the
numbers of bad road conditions detected via SenseDCity are less as compared to D&RSense.
It is because, manual inputs are necessary here to register any road condition related issue.
However, with the above mentioned limitations of individual applications, we are getting
some promising result which is shown in Fig. 3.19. Here, when the road conditions are tested
with only participatory sensing based D&RSense, it gives an accuracy of 78.9%. However, on
combining the results of the two systems (D&RSense and SenseDCity) as above, we get 87%

accuracy, i.e., 8.1% increase in accuracy. This accuracy is calculated as follows: Accuracy =
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RTclgg x 100%. Where, Road condition Correctly detected (RCCD) = (True Positive + True
Negative) whereas, Total Road Conditions (TRC) = (True Positive + True Negative + False
Positive + False Negative).

In scenario 2, the benefits of pollution monitoring applications (AirSense and Nois-
eSense) are combined with SenseDCity application. SenseDCity records data to keep track of
the user’s health information and its frequent travel pattern. The city’s dynamic air and noise
pollution map can be generated from AirSense and NoiseSense respectively. In JUSense,
with the help of mutual interaction and information exchange, it can suggest a route to the
user. Depending on the user’s health, a suitable route which is not only the shortest but also
good for his/her health is recommended.

In this experiment, participants with heart problems and asthma problems are identified
from the SenseDCity application (as mentioned by the users). Besides, air and noise pol-
Iution maps are generated from AirSense and NoiseSense systems respectively. Here, we
have recommended the route based on point of interest (POI). After merging these three re-
sults, JUSense can recommend an overall green route to the users based on their health (as
mentioned by them).

In Fig. 3.20 (a), the blue line shows that one of the users frequent travel path in a week
as detected by SenseDCity. Fig. 3.20 (b) shows noise levels along that path as maintained by
NoiseSense. Fig. 3.20 (c) shows a snapshot of the health database maintained by SenseDCity
application. The health profile of the above-mentioned user is shown within the red box
which indicates that the user suffers from high blood pressure and heart problem. Due to
its interaction with NoiseSense, SenseDCity successfully detects that the noise levels on that
path has risen above tolerable limits and can be harmful to the user. Eventually, it sends an
alert to the user as shown in Fig. 3.20 (d) so that the user will be able to change his travel
route.

The proposed system JUSense is beneficial for users with health problems as well as for
normal persons. Here, users will be notified about the pollution levels of that area and will

also get a recommendation for an alternative route.

3.6 Summary

This chapter presents a resourceful and cost effective system JUSense based on a unified
architecture that brings together different subsystems having their core in participatory sens-
ing. It involves smartphones and IoT devices in order to improve the lives of citizens in the
way of realizing a participatory based urban sensing system. JUSense considers four dif-
ferent applications (namely AirSense, NoiseSense, D&RSense and SenseDCity) to explore
various dynamics of a city. Although, each of the subsystems (i.e. applications) can perform
their task independently, this chapter mainly aims at bringing these independent applications
under the same architecture concentrating on the benefits that would result from their mu-
tual interactions. In JUSense we have proposed a multiview fusion model to explore the
pollution dynamics of the city. On the other hand, a random forest (RF) classifier is built

to detect various driving events. In order to evaluate the performance of JUSense several
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large scale experiments are performed on participatory sensing data collected by participants
over the course of 1 year (June 2018-June 2019) in Jadavpur area of city Kolkata. The fu-
sion model yields better accuracy (RMSE = 10 and MAE =~ 8.8) compared to the baseline
methods (namely, MSM, SK, NN). Whereas, random forest (RF) classifier achieves highest
classification accuracy (89.2%). Additionally, case studies have been conducted in order to
show interactions among applications through extensive experiment which further validate
our proposed approach. JUSense is implemented in cloud using Amazon Web Service and
Heroku cloud platforms. The participatory sensing approach may produce a variety of big
data for different dynamics of a city. Here, the utilization of the cloud infrastructure makes it
easier to store, track, analyze and handle big data.

In this work, an intriguing challenge arises in utilizing smartphone-based participatory
sensing for urban dynamics. Sharing smartphones with guest users is common (e.g., fam-
ily members, colleagues, friends), necessitating participatory sensing platforms to accurately
identify the genuine data provider. This identification is crucial as raw sensing data may vary
in accuracy based on user expertise, reliability, and trustworthiness. To address this, an effi-
cient and inconspicuous privacy-protected authentication system is essential for identifying
the current user (i.e., participatory data provider) from their smartphone sensor data. Hence,
the next chapter of the thesis provides a solution for the privacy protected user authentication
/ identification for smartphone-based participatory sensing

Publication(s) related to this Chapter:

* A.l. Middya, S. Roy, J. Dutta, and R. Das, 2020. Jusense: a unified framework for
participatory-based urban sensing system. Mobile Networks and Applications, 25,
pp-1249-1274. (DOI: https://doi.org/10.1007/s11036-020-01539-x)
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Chapter 4

Privacy Aware User Identification for
Smartphone-based Sensing

4.1 Introduction

In smartphone-based crowd/participatory sensing systems, it is necessary to identify the ac-
tual sensor data provider. In this context, this chapter attempts to recognize the users’ identity
based on their gait patterns (i.e., unique walking patterns). In smartphone-based crowdsens-
ing [3] and participatory sensing [18] systems, participants share surrounding dynamics or
personal information with others. More specifically, in these paradigms of sensing partici-
pants use their smartphones to collect high granular data that can be used to explore different
dynamics of a city (e.g., road condition monitoring [148], pollution monitoring [?,22, 149],
travel pattern monitoring [11], etc.). Now, as sharing smartphones with guest users (e.g.,
members of the family, colleagues, friends, etc.) is a common scenario, it is necessary for
the crowdsourcing platforms to identify the actual data provider. It is because the raw par-
ticipatory/crowd sensing data may suffer from inaccuracies due to the variety of expertise,
reliability, and trust value of users. In this context, smartphone user identification is of utmost
importance for personalized services and sensing data authentication in participatory sensing
systems.

There exist explicit knowledge-based user identification mechanisms [150], such as Per-
sonal Identification Numbers (PINs), passwords, or answering specific security questions.
Also, there is some biometric-based authentication [151] such as fingerprint, face recogni-
tion, voice recognition, signature, iris print, etc. However, the participatory sensing based ap-
plications sometimes running in the background for data collection from smartphone equipped
sensors, in such context, it may be annoying for the users to authenticate themselves at
frequent time intervals. Moreover, several issues are associated with each of the above-
mentioned authentication mechanisms. For instance, password or PIN based approaches
require a lot of memorizing and remembering, or they can be lost or stolen away. According
to a survey [152], an average of 21 passwords (a few of those up to 70) must be remembered
by a high-end user, 49 percent of users enter or store their passwords in files and 67 per-
cent of users do not change passwords. The fingerprint recognition requires direct physical
contact with the sensor and the finger, and the slightest damage or impurity on the surface

can result in malfunction. On the other hand iris or face recognition requires a sufficient
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amount of lighting, voice recognition requires an absence of any background disturbances,
etc. In addition to these, over prolonged periods of usage time, the sensors tend to lose their
sensitivity, and the data such obtained from them are not similar to those as were obtained
when the sensors or the smartphone were new. As a result of this, after a certain point of
time, the biometric systems tend to lose their efficiency, unless the sensors are changed. At
the same time, creating a universal biometric system, which can work on as many devices as
desirable is a very tedious job at a civilian level, the sole reason being that different devices
and smartphones use different models and types of sensors and their data are incompatible

with the algorithm of one another.

4.1.1 Objective

Under the circumstances mentioned above, it would be better for the crowdsourcing platform
to efficiently identify the current user (i.e. sensor data provider) from their smartphone sensor
data, as well as automatically authenticate them. In this context, the chapter mainly aims to
explore the potential of Convolutional Neural Network (CNN)-based deep learning model for
analyzing accelerometer data to uniquely identify users without requiring explicit interaction
or compromising their privacy. More specifically, the objective of the work presented in
this chapter is to develop a privacy-aware user identification system for smartphone-based
participatory sensing using gait recognition. Gait refers to the characteristics and mannerisms
in which a person walks, and is fairly unique for every individual [153]. Gait recognition is
among the latest emerging biometrics and can alleviate several issues. It is a non-contact
biometric that does not require direct interaction with the subject. This work deals only
with inbuilt sensors within smartphones in the form of MEMS (Micro-Electro-Mechanical
Systems) to capture the accelerometer values of a person when they walk. The accelerometer
data are processed to establish the persons’ unique gait so that the data obtained from various

data sources could be distinguished.

4.1.2 Contribution

The major contributions of this chapter are summarized as follows:

e A CNN-based deep learning model is proposed for privacy aware user identification
with smartphone equipped accelerometer sensor data in crowd/participatory sensing

systems.

e Extensive experiments are performed to evaluate the performance of the proposed

CNN model on a real-world benchmark dataset.

o To validate the effectiveness of the proposed model, it is compared with five baseline
methods namely Support Vector Machine (SVM), Decision Tree (DT), Random Forest
(RF), Logistic Regression (LR), and K-Nearest Neighbors (KNN).
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FIGURE 4.1: A taxonomy of the user identification / authentication methods. The shaded portion
indicates the category in which the proposed work best fits.

4.2 Existing Works

This section provides a background study explaining existing literature of user identity recog-
nition. First, a taxonomy of the existing approaches is provided. After that, the details of
various studies on sensor based user identification are discussed.

As shown in Fig. 4.1, the existing user authentication methods could be categorized into
three groups namely knowledge based [150], token/object based [156], and biometric based
[151,157-159]. Nowadays, gait-based biometric studies [153, 160] are new trends that are
increasingly used for the recognition of user identity due to their outstanding performance.
Biometric gait-based research works can be divided into three groups depending upon the
placement and the type of sensors used to determine the individual’s gait, namely machine
vision based [161], wearable sensor based [162, 163], and floor sensor based [164]. This
study of user identification using smartphone equipped accelerometer sensor data best fit
into the second category (i.e., wearable sensor-based research).

Recent gait research shows promising results by the use of a person’s distinctive move-
ment (walking or running) to authenticate or to identify one’s identity. Angrisano et al. [106]
proposed a random forest based approach that utilizes a combination of sensors (accelerom-
eter, gyroscope and orientation) for user identification. Their model architecture was com-
posed of two different types of classifies - C2 to classify the device pose (the place where the
device was kept while walking) and 4 C1 classifiers for classifying users for each pose. The
two types of classifiers formed the hierarchical classifier C3 which was used for real binary
classification to identify a user. In [154], Kwapisz et al. used the accelerometer data and
employed state-of-the-art models such as WEKA'’s J48 and artificial neural network for clas-
sification. Benegui et al. [105] have collected accelerometer and gyroscope data while the
user tapped on the screen. They transformed their data into 2D grey scale images and then
used that to train a CNN model. In [155], Yam et al. tracked the movement of the thigh and
lower leg while running and walking and extracted gait signatures. They performed cluster
separation of the features and used K-Nearest Neighbour for classification purposes. There
is another interesting work [107] in which Neverova et al. proposed an architecture called
Conv-DCWRNN. They used Conv-DCWRNN to perform a large scale study based on the

accelerometer and gyroscope sensor data. Buriro et. al [108] proposed a new multi modal
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behavioural biometric that considers the features collected during the swiping movement of
the user while trying to receive a call. They particularly used the screen swipe, the arm
movement while bringing the smartphone closer to one’s ears and voice recognition while
extracting features. In [109], Shi et al described a user identification framework called Sen-
Guard which enabled continuous and implicit user identification service in smartphones. A

summary of existing literature on sensor based user identification is provided in Table 4.1.

4.3 Problem statement

The aim in this work is to perform privacy aware user recognition using deep learning for
smartphone based participatory sensing applications. The problem is formulated in such a
manner that the gait-based identity recognition can be performed using smartphone equipped
accelerometer sensor data. For this purpose, the accelerometer sensor data of different indi-
viduals (while walking) are processed and different features are extracted from them.

Let us consider, % = {uy,uz,u3,...,u,} is a set of users who have shared their smart-
phone’s accelerometer sensor data. Suppose, D; = {d;1,dn,di3,d; } denotes the data samples
of user u; € 7% . Here, each sample d;; € D; has the following form d;; = (Xij,yij,Z[j,tij),
where x;;,y;j, and z;;, represent the accelerometer values of X, y, and z component respec-
tively; #; is the timestamp when the sample is taken. Note that Vi< j<k, [tij —t;j—1)| =
[ti(j+1) —tij|- Given a set of such data & = Ji_, D; from the users u; € % , our objective is to
build a deep convolutional neural network (CNN) based classification model that can predict
the users based on the smartphones’ accelerometer data.

Specifically, the extracted features are passed through the proposed CNN-based deep
learning model. During the training process of the CNN model, the input features pass
through the convolutional layers of the CNN and is flattened which ultimately reaches the
final dense layers where they are mapped with the final output neurons corresponding to
the different individuals providing the accelerometer data/signals. During the testing pro-
cess, the fitted model will be used to predict the users from previously unseen accelerometer
data/signals and analyse its performance by determining the different performance measures

like accuracy, loss, etc.

4.4 Proposed methodology

Fig. 6.1 sets out a framework for the proposed approach that outlines the major steps involved
in learning the identity of users from smartphone accelerometer data. The framework consists
of following major parts: data collection, pre-processing, windowing and feature extraction,

and performance evaluation.

Sensor data

There are various MEMS sensors available on different smartphones. This work focuses on
the use of 3-axis accelerometer data from users’ smartphones for predictive model building.

An accelerometer measures the acceleration forces acting on an object, in order to monitor the
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FIGURE 4.2: A framework describing overall process of the proposed approach of user identification.
The framework consists of major steps such as accelerometer data collection, pre-processing, win-
dowing and feature extraction, train-test splits, model building, and evaluation

object’s movement. This accelerometer sensor can be used to record time series accelerom-
eter data with a user defined sampling frequency. The accelerometer contains two arms, one
static arm and one movable arm. A capacitance is formed between the two arms which then
changes when the sensor is subjected to acceleration. An accelerometer measures proper ac-
celeration, which is the acceleration it experiences relative to freefall and is the acceleration
felt by people and objects. In literature [153], it has been seen that the exact way of how a
person walks, i.e Gait varies from individual to individual. During the process of walking
the individual goes through a series of repetitive movements which when measured through
an accelerometer produces a periodic signal. It is observed that, this signal though periodic
is different for different individuals. Due to this reason, the accelerometer data is utilized in
the user identification task to extract features. Specifically, the accelerometer data obtained
from smartphone equipped accelerometer sensor that can reflect the essence of Gait in a way
such that features can be extracted out using the prevalent signal processing techniques. In
this context, this work made an attempt to find out whether the accelerometer data signal
produced by different users can be classified using a deep learning neural networks and the
signal can be treated as a biometric. In this study, an accelerometer biometric competition
dataset is used that is provided by Kaggle [165]. The dataset contained over 60 million data
samples of 387 users.

Data preparation

In order to prepare the dataset for further analysis, first, the users having an insufficient
number of data samples are removed from the dataset. It is because the deep learning models
perform well for a large number of data samples [166]. More specifically, in this study, if
the number of data samples (n) for a user is less than 15000, the data for that user will not
be taken for model building purposes. Now, since the data produced by the signal is a time
series signal and the whole signal cannot be fed into CNN model, small time series windows
are created. In Fig. 6.1, the small rectangular boxes (shown in red, blue, etc.) denote the
window of values. The windows were essentially a two dimensional array consisting of the

three columns (i.e., X, Y, Z) and number of rows equal to the window size (W;). Note that
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FIGURE 4.3: The magnitude spectrum from the Fourier transform of two typical accelerometer sig-

nals from two users. (a) acceleration vs time plot of the first user (b) magnitude spectrum of ac-

celerometer signal of the first user (c) acceleration vs time plot of the second user (d) magnitude
spectrum of accelerometer signal of the second user.

TABLE 4.2: Features for user identity detection

Feature Description

Ay Acceleration on X-axis

Ay Acceleration on Y-axis

A, Acceleration on Z-axis

Sy The standard deviation of acceleration on X-axis
Sy The standard deviation of acceleration on Y-axis
S, The standard deviation of acceleration on Z-axis
Ay The mean acceleration on X-axis

ny The mean acceleration on Y-axis

A The mean acceleration on Z-axis

M, The magnitude spectrum of acceleration on X-axis
M, The magnitude spectrum of acceleration on Y-axis
M, The magnitude spectrum of acceleration on Z-axis

the window size could be varied to find out the best W; for achieving high accuracy. In this
context, Angrisano et.al [106] highlighted that the accuracy increment was quite negligible
for window sizes of more than 4.5 seconds. Note that they used a sampling frequency of
100Hz. In our case, the accelerometer biometric competition dataset [165] provides us with
a sampling frequency of SHz. The best performance is achieved for 225 samples per window
(i.e. W, =225). Here, due to a relatively low sampling frequency (i.e. SHz), it corresponds
to 45 seconds of time series data. It is quite obvious that increasing window size (number
of data samples) will increase the predictive accuracy. Since the pattern of walking or gait
will be more prominent with greater window sizes but whilst increasing window size does
increase the accuracy it increases the load on the processing device and the complexity of the
model.
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FIGURE 4.4: Architecture of the proposed CNN model. It consists of four convolutional layers, two
max-pooling layers, two dropout layers, two fully connected layers, and one output layer.

Feature extraction

The statistical and DFT (Discrete Fourier Transform) based features extracted from the ac-
celerometer data are discussed in this subsection. Statistical features such as mean and stan-
dard deviation of each time series window are extracted. The statistical mean and standard
deviation of a window of values aj,a;,as,...,a, is computed in Eq. 4.1 and Eq. 4.2 respec-

tively.

a=—Y a, (4.1)

4.2)

where W, is the size of the window. Here, @ denotes the mean, and s is the standard deviation
that is a measure of dispersion of the set of values from its mean.

It will now be discussed that the frequency spectrum in the experiment can proved to
be a helpful feature. In Fig. 4.3, the magnitude spectrum (Fig. 4.3 (b) and Fig. 4.3 (d))
from the Fourier transform of two typical accelerometer signals (Fig. 4.3 (a) and Fig. 4.3
(c)) from two users is shown. From Fig. 4.3 (a) and Fig. 4.3 (c), it can be seen that there
is a typical pattern present in the accelerometer signal. The process of walking involves lot
of muscular movements. These movements occur periodically which ultimately adds up to
create the walking movement. Here, the accelerometer signal obtained can be though of to
be composed of those periodical oscillations. So, if a Fourier transform is performed on the
accelerometer signal then the frequencies present in the signal can be found out from the
magnitude spectrum. Here, the Fourier magnitude spectrum is used as a feature in the deep-
CNN model. Note that the representation of the signal in terms of its frequency components
in the frequency domain (i.e. the signal spectrum) could be developed using N-point DFT
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(see Eq. 4.3).

X, :NZI xee V) for n=0,1,2,.,N—1 (4.3)
k=0

where x; is the input sequence for k = 0,1,2..N — 1 and X, is the output magnitude DFT
sequence. The N-point DFT will produce complex numbers (magnitude and phase) for each
probable frequency present in the accelerometer signal. In summary, a total of 4 features
(i.e., mean, standard deviation, Fourier magnitude spectrum, and acceleration) are extracted
from the accelerometer signal of each of the 3 axis. Hence, a total of (4 x3) = 12 features are
extracted as listed in Table 4.2. Note that a train-test split is performed for each user’s data

after the windowing and feature extraction stage (see Fig. 6.1).

Architecture of Deep CNN

A deep learning model based on a Convolutional Neural Network (CNN) is proposed in this
work for user identification. The proposed CNN consists of four convolutional layers, two
max pooling layers, two dropout layers, and two fully connected layers. The architecture of
the model is presented in Fig. 7.3. Aninput X € IR?>>*12 containing the values of a window is
fed to the convolutional neural network. It has two convolution blocks (convB1 and convB2)
each having two convolution layers. The first, second, third and the fourth Conv2D Layers
have 64 ,32, 64 and 32 filters respectively. All the convolution layers have a kernel size of
(3,3). Note that, if the input matrix is / and K is a kernel of size m x n, then after convolution

the revised estimate E; ; at the matrix location /; ; will be computed as follows:

AR
Ej=(IxK)ij= Y ) li—p.j-qK3+p35+4 “@.4)
p=8) 1)

where p and g represent the relative indices of K, and can vary between —m/2 to +m/2 and
—-n/2to +n/2 respectively. In each of the convolutional layers, rectified linear units (ReLUs)
are used as an activation function. After each convolution block, max pooling is applied with
filter size of 2 x 1 and a stride of 1. The first fully connected dense layer consists of 128
neurons and the second fully connected dense layer consists of 32 neurons. Finally, the
proposed CNN ends with the Softmax [167] function which is mathematically defined in Eq.
4.5.

eZi
Vo
Zt:l e

o(2): (4.5)

where z = (z1,22,23, - - - ,ZQ) € R is the input vector; ¢% and e“ are the exponential function
for the input and output vectors respectively; Q denotes the total number of classes. In this

study, categorical cross-entropy is used as a loss function which is defined as follows (Eq.
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4.6)

u
—Y vilog(si) (4.6)
k

where U is the set of classes, y; and s; denote the ground-truth and convolutional neural
network score for each class & in U. Now, the Adam optimizer [168] is used to minimise the
output of the loss function. As shown in Fig. 6.1, grid search [169] technique is employed to
find optimal hyper-parameter setting in proposed CNN.
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FIGURE 4.5: The plots of training and validation accuracy versus number of epochs for (a) 10 users
(b) 15 users (c) 20 users (d) 25 users (e) 30 users (f) 35 users (g) 40 users (h) 45 users and (i) 50 users.

4.5 Evaluation

In this section the effectiveness of the proposed CNN-based user identity detection model
is assessed through rigorous experiments. The performance of the model is compared with
various baseline methods in terms of four evaluation metrics namely accuracy, precision,
recall, and F1 score. Moreover, the results are also evaluated through training and validation
loss curves, accuracy curves, execution times, etc. For each user, the training set contains
85% data (70% for actual training and 15% for validation) and the test set contains remaining
15% data.

4.5.1 Experimental setup

In this study, all the experiments are carried out on a 64-bit Windows PC with 1.8GHz In-
tel(R) Core(TM) i7 CPU and 16GB of RAM. The proposed model and the baselines are
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FIGURE 4.6: The plots of training and validation loss versus number of epochs for (a) 10 users (b) 15
users (c) 20 users (d) 25 users (e) 30 users (f) 35 users (g) 40 users (h) 45 users and (i) 50 users.

implemented in Python 3.7 [170]. The following Python libraries are utilized during model
development: (i) Keras (version 2.2.4), Tensorflow (version 1.13.1), scikit learn (version
0.21.2), numpy (1.13.3), pandas (version 0.24.2), matplotlib (version 3.1.0), scipy (version
0.19.1), etc.

4.5.2 Baselines and Evaluation metrics

In order to determine the effectiveness of the proposed CNN based model, it is compared with
five baseline methods namely Support Vector Machine (SVM) [171], Decision Tree (DT)
[172], Random Forest (RF) [173], Logistic Regression (LR) [174] and K-Nearest Neighbors
(KNN) [175]. The models are mainly evaluated based on four performance metrics namely
accuracy, precision, recall and F1 score. Accuracy denotes the number of true predictions
made by the classifier over all the predictions. It is mathematically defined in Eq. 4.7. In
this equation, tp.,tn., f pc, and fn. denote the number of true positives, true negatives, false
positives, and false negatives for class ¢ € U. On the other hand, precision, recall, and F1-
score are defined in Eq. 4.8, Eq. 4.9, and Eq. 4.10 respectively. Note that the precision (Eq.
4.8) and recall (Eq. 4.9) are computed by macro-averaging. Here, harmonic mean of the

macro-averaged recall and precision is the F1-score (Eq. 4.10).

U tpc+ine
= Ipc+ 1. + fpe+ fne

Ul

Accuracy = 4.7
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FIGURE 4.7: Performance comparison of the proposed model (CNN) with the baselines (LR, SVM,
DT, RF, KNN) in terms of four metrics (accuracy, precision, recall, and F1 measure) for (a) 10 users
(b) 15 users (c) 20 users (d) 25 users (e) 30 users (f) 35 users (g) 40 users (h) 45 users and (i) 50 users.
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4.5.3 Results and discussion

In order to evaluate the effectiveness of the proposed CNN the accuracy and loss curves are
generated. Fig. 4.5 (a)- Fig. 4.5 (i) denote the training vs validation accuracies over 50
epochs for different numbers of users. The CNN based approach achieves very high predic-
tive accuracy (accuracy > 97.5%) for less number of users (i.e. #users < 25). However, the
predictive accuracy slightly decreases (accuracy € [96%,97.5%]) if the number of users in-
creases (#users € [30,50]). On the other hand, Fig. 4.6(a) - Fig. 4.6(i) represent the training
vs validation loss for different number of users. It could be used to describe that there is no
overfitting of the proposed model. The figures (Fig. 4.6(a) - Fig. 4.6(i)) show that both the
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training loss and the validation loss curves decrease to a point of stability, and have a small
generalization gap. Further, the training and validation loss curves almost follow each other,
which strongly suggests that there has been no overfitting.

The performance of the CNN based approach is also compared with five baselines (SVM,
DT, RF, LR, and KNN). A summary of various models’ performance in terms of accuracy,
precision, recall, and FI-score are presented in Fig. 4.7 for different number of users (i.e.
#users = 10, 15, 20, ..., 50). It is to be noted that the values of the evaluation metrics are com-
puted based on separate test set. The results in Fig. 4.7(a) - Fig. 4.7(1) indicate that the CNN
based approach achieves better accuracy compared to other methods. Further, the proposed
approach also clearly dominates over the baseline methods in terms of other performance
metrics (precision, recall, and F1-score). Among the baselines, however, the techniques such
as RF and KNN perform very well. In this regard the performance of the three best perform-
ing methods (CNN, RF, and KNN), averaged over the different number of users (i.e. #users
=10, 15, 20, ..., 50), are presented in Table 4.3. The CNN model achieves an accuracy of
0.98.82% in the separate test set. The Table 4.3 also indicates that the uncertainties in the
prediction accuracy (expressed in terms of standard deviation) is relatively less for different
number of users.

Now, Table 4.4 presents the training time (in seconds) for various models for different
number of users. The training time for CNN is the average per epoch time. It is observed
that the training time is relatively high for CNN and SVM. Note that these two models (i.e.,
CNN and SVM) take more time compared to others models, because they need to estimate a

large number of parameters.

TABLE 4.3: Model accuracy

Performance of the models (mean + sd)

Models
Accuracy Precision Recall Fl-score

RF 0.9551 £+ 0.003 0.914 + 0.017 0.954 + 0.009 0.933 +£0.011

KNN 0.9614 + 0.005 0.928 + 0.014 0.956 + 0.008 0.941 + 0.009

CNN (proposed) 0.9882 + 0.004 0.942 + 0.040 0.978 + 0.027 0.959 + 0.030

TABLE 4.4: Model training time (in seconds)

Users LR SVM DT RF KNN CNN
10 18.86 413.81 52.72 59.85 4.59 360.02
15 27.85 1125.63 77.18 92.33 5.93 540.14
20 43.11 1753.47 149.09 173.91 9.02 720.57
25 56.22 2754.26 201.01 230.22 11.01 732.55
30 87.94 3882.74 294.66 334.17 16.79 1080.38
35 92.16 5127.17 324.41 374.74 15.93 1200.87
40 134.68 7168.51 486.73 582.08 26.98 1380.73
45 137.92 8793.29 497.99 576.71 21.67 1620.27

50 195.12 10068.93 727.02 848.42 31.84 1800.45
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4.6 Summary

In this chapter, an approach using Convolution Neural Network (CNN) is proposed on the
data produced by the smartphone equipped accelerometer sensor to recognize a particular
user’s identity during participatory sensing based data collection. This chapter also attempts
to find out if the use of a method of signal processing such as Fourier transform is useful
to produce a model that is more robust and accurate than the state-of-the-arts. Based on the
findings, it is concluded that the Fourier transform is a simple yet a very powerful tool in the
feature extraction process which has improved the model accuracy to a large extent. The per-
formance of the model is evaluated on real world benchmark dataset. In order to investigate
the effectiveness of the proposed approach, it is compared with five baseline methods namely
SVM, DT, RF, LR, and KNN. The proposed CNN achieves better results (accuracy = 98.8%,
precision = 0.94, recall = 0.97, and F1-score =0.95) as compared to the baseline methods.

In this chapter, a critical challenge is identified: ensuring adequate user participation in
participatory sensing systems to gather sufficient data. Smartphone users, engaged in par-
ticipatory sensing tasks, not only face costs related to data sensing and uploading but also
encounter other potential privacy issues related to disclosing sensitive information, such as
GPS location. The dual concerns significantly demotivate users from actively engaging in
sensing tasks. To address this, the next chapter of the thesis proposes an incentive mecha-

nism designed to compensate users and encourage their active participation in sensing tasks.

Publication(s) related to this Chapter:

* A.l. Middya, S. Roy, S. Mandal and R. Talukdar, 2021. Privacy protected user identi-
fication using deep learning for smartphone-based participatory sensing applications.
Neural Computing and Applications, 33, pp.17303-17313.

(DOI: https://doi.org/10.1007/500521-021-06319-6)
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Chapter 5

Double Auction based Incentive
Mechanism

5.1 Introduction

Smart handheld devices (e.g. smartphone, tablet, etc.) are rapidly becoming an integral
part of people’s daily life. Importantly, today’s smart handheld devices are equipped with
useful sensors like accelerometer, GPS, gyroscope, microphone, camera, etc. These em-
bedded sensors open up the possibility of monitoring a diverse set of users’ activities and
ambient environment. Now, participatory sensing (also known as crowdsensing) [17, 176]
is a new paradigm of sensing where participants use their smart handheld devices to collect
high granular data that can be used to explore different dynamics of a city (e.g. road con-
dition monitoring, pollution monitoring, etc.). The active participation of a large number of
smartphone users is extremely important for participatory sensing based systems to acquire
sufficient data. But, in participatory sensing tasks, smartphone users not only incur costs due
to sensing and uploading data but also suffer from potential privacy issues due to revealing
sensitive information (e.g. GPS location of the users). Here, both the privacy and the cost is-
sues greatly demotivate the users to actively participate in the sensing tasks. In this context, a
satisfying reward/ incentive will compensate the users and attract them to join in the sensing
tasks. Hence, in a participatory sensing based system a good incentive mechanism will play
an important role in sensing and overall success of the system.

The main focus of this chapter is to come up with an incentive mechanism for the
sensing tasks that are related to different dynamics of a city (e.g. road condition monitor-
ing [177,178], mobility pattern [179], air pollution monitoring [180, 181], noise pollution
monitoring [22, 182], etc.). From this perspective, a city can be viewed as different func-
tional regions such as educational areas, residential areas, business areas, areas with major
road segments, etc. These regions can be known as Region Of Interests (ROIs). Now, there
are different entities such as local authorities, government agencies, public interest groups,
academic or research oriented organizations, individuals who may be interested to explore
different dynamics of a city at different ROIs. In order to explore a particular city dynamics
at the ROIs, the entities provide sensing tasks related to that. These sensing tasks are then
allocated to a set of smartphone users and after task completion incentives are provided to

them. In this chapter, the entities who provide the tasks are called Task Providers (7' Ps) and



72 Chapter 5. Double Auction based Incentive Mechanism

the smartphone users who perform the tasks are called Task Executors (T E's). It is important
to note that, a particular 7P may have sensing tasks at some specific ROIs. For example, in
case of air pollution dynamics, a hospital authority (the task provider) may be interested in
sensing air pollution levels (the task) only in those areas (the ROIs) where its branches are
located. Similarly, a transport organization (another 7 P) may be interested in sensing road
conditions in some areas that are selected for their studies.

Many researchers consider the potential of smartphone equipped sensors to develop var-
ious participatory sensing based systems, such as traffic monitoring systems [183, 184], road
condition monitoring systems [185, 186], pollution monitoring systems [18, 187], etc. Ta-
ble 5.1 shows a more detail list of participatory sensing based systems/ applications and the
smartphone sensors that they use. These smartphone based participatory sensing systems
assume that the participants are always willing to participate in the sensing tasks. But, as
discussed earlier, this is not a realistic assumption due to the privacy and cost issues of the
participants. Although, there are some research works [58,61,63-65, 188] that consider var-
ious incentive mechanisms for motivating the smartphone users to join in the participatory

sensing tasks. However, these incentive models suffer from several limitations.

* They do not satisfy all the important and critical properties namely truthfulness, com-
putational efficiency, budget balance, and individual rationality of incentive based
sensing task allocation mechanism. Truthfulness indicates that revealing the true valu-
ation of the tasks will be the dominant strategy for 7 Ps/T E's to gain an optimal utility.
Individual rationality ensures that no T Ps/T Es will have negative utility if they reveal
the true private valuation. The computational efficiency indicates that the auction based
incentive mechanism will take polynomial time. Budget balance ensures that the auc-
tioneer (a trust worthy third party who govern the auction based incentive mechanism)

doesn’t have a deficit due to the monetary transfers between 7 Ps and TEs.

* The existing mechanisms are based on either task provider-centric (i.e. crowdsourcer-
centric) or task executor-centric ( i.e. smartphone user-centric) approach. In a task
provider centric incentive mechanism, 7P has full control over the total payments to
the TEs. On the other hand, in executor-centric incentive mechanism, the roles of 7P
and TE are opposite. Here, it is very intuitive to say that both parties (i.e. TP and TE)
can not be fairly benefited simultaneously. The party who has more control over the

payment process will try to be benefited more.

* Although some attempts have been made in the past to develop incentive mecha-
nisms for multiple task providers (TPs) and multiple task executors (TEs) scenar-
ios [79,189,190], none of them take Rol (Region of Interest)-based participatory sens-

ing into account when formulating their problems.

5.1.1 Objective

In order to address the above mentioned limitations, our objective is to design a double auc-

tion based fair task allocation mechanism for ROI-based problem formulation. Here, we aim
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TABLE 5.1: Smartphone sensors used for different Participatory sensing based applications/ systems

City Application and/or Smartphone sensors Other sensor(s)
dynamics reference GPS Magmetometer Accelerometer Microphone Proximity Camera Gyroscope Light sensor
Ear-Phone [191] v v v v v v
Noise pollution NoiseTube [82] v v
NoiseSense [104] v v
CitiSense [192] v v
Air pollution HazeWatch [187] v v
AirSense [7] v v
MagTrack [193] v v v
Road condition SPC [194] v v v
RoadSense [195] v v v
D&Rsense [196] v v
Vij et al. [197] v v
Traffic condition  Liu et al. [183] v v v
Yan et al. [184] v v v '
Street illumination LiSense [198] v v

v': The presence of check marks indicate the smartphone equipped sensors and other sensors that are required for some

popular participatory sensing based applications/systems.

to use a double sided auction (i.e double auction) based incentive mechanism over a single
sided auction based mechanism. This is because, in a double sided auction multiple T Ps
and multiple T E's can participate in the auction process simultaneously. In other words, both
the parties (i.e. TPs and TEs) can be involved actively in the auction process. The double
auction-based solution has been used here to solve the assignment problem by finding a bi-
partite matching between the bids of TPs to the asks of TEs. Specifically, finding a clearing
price with assignment constraints can be used to find a bipartite matching. Now, the existing
double auction based research suggest that the efficiency/effectiveness of a double auction
technique can be assessed through certain important properties such as truthfulness, compu-
tational efficiency, budget balance, and individual rationality (more details in Section 5.4.3).
As a result, the proposed incentive mechanism is intended to be designed in such a way that

all desirable properties (see Section 5.4.3) are met.

5.1.2 Contribution

Now, in order to achieve the above mentioned objectives, a double auction based task alloca-
tion mechanism called TATA (Truthful Double Auction for Task Allocation) is proposed that
yields a mapping between 7 Ps and T E's (see Section 5.3 for more details). TATA can be used
to efficiently allocate sensing tasks of the T Ps to the T E's for execution. The desirable prop-
erties of TATA are validated through the rigorous experiments, and finally the performance of
TATA is also compared with some of the existing incentive mechanisms in terms of various
performance metrics. The double auction based incentive mechanism fits well for allocating
the sensing tasks of 7 Ps to TE's for any city dynamics. Here, a set of T Ps, a set of TE's and
an auctioneer are involved in the auction. The proposed auction based incentive mechanism
TATA is governed by the auctioneer who is a trustworthy third party. The 7T Ps may have
sensing tasks at different ROIs for which they place the bids. Similarly, the TEs place the
asks (i.e. the offer price for the sensing tasks) for performing the task at different ROIs. After
that, the proposed algorithm TATA is used to find a set of winning 7 Ps, a set of winning T E's,
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a set of successful trades, the price charged to the 7 Ps and the payments/incentives for the

TEs. The key contributions of this work are summarized as follows:

* An effective incentive mechanism is proposed for participatory sensing based systems
related to different city dynamics. The incentive mechanism is modeled as a double

auction game to address multiple 7 Ps and multiple T E's scenario.

* The proposed auction based incentive mechanism TATA is proved truthful, budget
balanced, individually rational, and computationally efficient.

* The extensive simulation results show that TATA outperforms the existing auction
based incentive mechanisms for participatory sensing and also yields high system effi-

ciency.

5.2 Existing Works

There are several incentive mechanisms available for participatory sensing based systems
that encourage participants to perform the sensing tasks [58,59, 61, 63-65, 78,79, 189, 190,
199-202]. The details of the existing works are presented in the Table 5.2.

Although various attempts have been made in the past to build incentive mechanisms for
participatory sensing systems, the majority of them do not consider multiple task providers
(TPs) as well as multiple task executors (TEs) for a given city dynamics. In this context,
the proposed incentive mechanism TATA is designed using a double auction game that can
handle multiple TPs and TEs while also satisfying all of the desirable properties (e.g., truth-
fulness, computational efficiency, budget balance, and individual rationality) of an auction-
based incentive mechanism. TATA is designed in such a way that neither the TPs nor the TEs
have direct control over the incentive mechanism. Instead, a trustworthy third party (i.e. auc-
tioneer) conducts the auction. That helps both parties to be fairly benefited simultaneously.
Most of the existing works [58-61, 6365, 79, 189, 190, 199, 201, 203] do not consider Rol
(Region of Interest)-based participatory sensing for their problem formulation. Although
the region-specific sensing tasks are considered in SPARC [78], it provides a solution ap-
proach by conducting a separate auction for each region. However, conducting a separate
auction for each region (i.e., Rol) is inefficient. It is because in such a case, due to many
Rols a TE/TP has to participate in multiple auctions. Therefore a novel auction framework
is proposed in our work that allows bidding/asking by considering multiple ROIs for multi-
demand heterogeneous sensing task allocation market. Unlike the above-mentioned existing
incentive mechanisms in the crowd/participatory sensing systems, the proposed model TATA
introduces a novel pricing mechanism. Moreover, in contrast to the existing approaches, a
different task allocation mechanism is provided. Specifically, in TATA, the sensing task allo-
cation process is basically a bipartite matching between TEs and TPs that allows to achieve
high system efficiency along with all the desirable properties. The existing incentive mech-
anisms usually suffer from several problem-specific assumptions. For instance, some com-
monly used assumptions are: the smartphones (i.e. task executors) do not lie about their

sensing time, the sensing tasks do not manipulate their demands, etc. However, in the case
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FIGURE 5.1: A market of sensing task allocation between TPs and TEs. TP, TEy, and R; represent
i'" task provider, k' task executor and j* ROI respectively. (a) TPs have sensing tasks at different
ROIs. The TEs are able to execute the tasks at different ROIs. (b) The T Ps place bids to the auctioneer
for those ROIs where the sensing tasks need to be performed. The TE's place asks (offer price for
executing the tasks) to the auctioneer for those ROIs where they can perform sensing tasks. Auctioneer
decides the price charged to the winning 7 Ps and the incentive/ reward for the winning TE’s.

of TATA, no such assumptions are required. Moreover, in contrast to our work, the exist-
ing approaches [79, 189] have different problem-specific design objectives. For instance, in
DPDA [189], the main objective of the authors is to protect against inference attacks in the
MCS auction markets. Also, DPDA is intended to maximize the platform’s (i.e., auctioneer)
revenue by formulating a platform revenue maximization (PRM) problem. Similarly, Deng
et al. [79] build a market mechanism that maximizes the revenue of the market maker (i.e.,
auctioneer). However, instead of maximizing the auctioneer’s revenue, the aim of the pro-
posed incentive model is to come up with the task allocation such that both the TPs and TEs

can be fairly benefited simultaneously.

5.3 Problem Statement

In this section, first we provide a system model for an auction based incentive mechanism.
After that, based on the presented system model, the problem will be formulated as a double

sided auction game.

5.3.1 System Model

As shown in Fig. 5.1, consider a market of sensing task allocation between T'Ps and T Es for
any city dynamics. Also, consider a scenario where the 7 Ps announce sensing tasks for dif-
ferent Region of Interests (ROIs). The TEs that are capable to access the ROIs can perform
those tasks. It is noted that the TPs and TEs may value differently to the sensing tasks for
different ROIs. Now, the incentive mechanism design for TE's in this market scenario can
be performed using a double auction game. Traditionally, a double auction [210] is a way
of trading commodities where there are multiple buyers, multiple sellers, and an auctioneer
involved. In a double auction, the auctioneer acts as a trustworthy third party who receives



76 Chapter 5. Double Auction based Incentive Mechanism

TABLE 5.2: A detailed comparison of the existing works related to participatory sensing based mon-
itoring of urban dynamics. (v': The requirement/characteristic has been met, x : The require-
ment/characteristic has not been met, IC : Incentive Compatibility, IR: Individual Rationality, BB:
Budget Balance, CE: Computational Efficiency, LA: Location awareness, HMTA: Heterogeneous
Multi-Task Assignment, MAAIM: Mental accounting auction incentive mechanism)

Ref and year Method  Contribution Assumption Method design Pricing Properties LA
IC IR BB CE
Zhang et al. Double Provide auction-based in- The assumption is- each The double auction is de- They determined the crit- v v v v X
[75], 2015 auction  centives mechanisms us- job comprises of a various signed between requesters ical value as the payment
ing the three auction- small tasks, and the win- and providers of each winner provider.
based models ner can work on a subset
of these tasks.
Li et MAAIM They introduced mental - They build an incentive In accordance with the v x v v x
al. [204], accounting (MA) theory mechanism based on MA QoD that the winner has
2019 into designing incentive theory’s reference depen- provided, the platform de-
mechanism for crowd- dency and loss aversion cides the winner’s pay-
sensing. and study its utility func- ment.
tion.
Wang et al. HMTA  They proposed an They made an assumption They designed a two- More rewards are given x x X X
[205], 2019 interconnected task as- that the reference task can stage task distribution to active users if they
signment  strategy that fully divide the spatiotem- process to look for the are asked to gather sensor
includes both intra- and poral contexts of all the appropriate users and al- readings in more cycle-
inter-task assignment  tasks. locate jobs in accordance region pairs as opposed
phases. with user preferences. to providing each user the
same amount of incen-
tives.
Jin et Reverse Proposed a quality-aware They made an assumption Create a reverse auction Pricing mechanism con- v v x Vv X
al. [67], auction incentive mechanism for that the total Qol that all mechanism that, roughly, siders both the bidding
2015 MCS systems winners have on a partic- maximises social welfare. price and Qol as the fac-
ular task is the sum of the tors
Qols of the winners that
execute the task
Wen et al. Reverse For MCS, they suggest The lowest payment that Create a reverse auction A Vickrey-Clarke- v v x x X
[60], 2015 Vickrey  a quality-aware auction- is acceptable by the user mechanism that max- Groves-based rule is
auction based incentive mecha- will always be the true imises social welfare. used to determine user
nism. cost of the user payments.
Zhang et al. Reverse They developed an incen- - They created an incen- They create greedy algo- v v x VvV
[110],2022  auction tive mechanism based on tive mechanism that max- rithms to handle the user
nondeterministic mobility imises the system’s social selection and price calcu-
for effective crowdsens- welfare for efficient data lation problems.
ing data collection. collection.
Esmaeily- Stackel- They provide a game- - They wuse Stackelberg The suggested model ex- x x x Vv x
fard et berg theoretic incentive model where the task ecutes the best reward
al. [69], game mechanism for a multi- publishers act as leader distribution depending on
2022 publisher and multitask and users act as followers. user demands.
mobile crowdsensing
system.
Lietal. [70], Stackel- For the strategic in- They made an assumption They define the incen- The platform suggests x v v v x
2022 berg teractions in  privacy- that each task requester is tive scheme inside the that the total incentives
game preserving MCS scenario, limited to one job pertime T rounds’ interactions, should be smaller than the
they suggest a three-stage period. which is characterised payment made.
Stackelberg incentive as a 3-phase Stackelberg
system. game
Nietal.[76], Double  On the basis of the dou- They make the assump- They create the incen- They employ uniform v v v v X
2021 auction  ble auction and taking into tion that the auctioneer tive system by applying pricing where winner
account worker depend- can be trusted, and that the the exponential process in  workers are paid the same
abilities, they suggest a adversary won’t be able double auction to pick the clearing paying price and
differentially private mo- to steal information about clearing price. winner requesters are
bile crowdsensing incen- bids. charged the same clearing
tive model. charging price.
Chen et al. Reverse They provide an incen- When vehicles enter a The approach is repre- Every winneris giventhe v v v v x
[111],2021  auction tive scheme for vehicular data source’s transmis- sented as a single reverse crucial value, or the max-

crowdsourcing that con-
siders the unpredictable
trip duration of the vehi-
cle.

sion range, they assume
it transmits at a constant
data rate.

auction, with the service
requester acting as service
buyers and the participat-
ing automobiles acting as
service sellers.

imum offer price, avail-
able to determine pay-
ment throughout the pay-
ment determination pro-
cess.
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TABLE 5.2: (Continued). A detailed comparison of the existing works related to participatory sensing
based monitoring of urban dynamics. (v': The requirement/characteristic has been met, x : The
requirement/characteristic has not been met, IC : Incentive Compatibility, IR: Individual Rationality,
BB: Budget Balance, CE: Computational Efficiency, LA: Location awareness, HMTA: Heterogeneous

Multi-Task Assignment, MAAIM: Mental accounting auction incentive mechanism)

Ref and year Method  Contribution Assumption Method design Pricing Properties LA
IC IR BB CE
Chen et al. Double  For two-sided heteroge- They make the assump- Design a two-sided auc- If the requester wins, it v v v v X
[77], 2016 auction  neous mobile crowdsens- tion that there is no user tion with an emphasis on must pay a crucial price to
ing marketplaces, they collusion during the creating a system to max- the platform. For users,
presented a truthful dou- auction and that each imise social welfare they create a price struc-
ble auction. user’s stated expenses are ture akin to VCG.
unique.
Chen et al. Double  They developed a double They have made the as- They create auction SPARC greedily dis- v v x x X
[78],2013 auction  auction that is strategy- sumption that the demand mechanisms that preserve tributes sensing time
proof for mobile partici- for sensing time cannot be individual rationality and to participative sensing
patory sensing. manipulated by the sens- incentive-compatibility activities, charging them
ing task. while also maximising a fee unrelated to their
overall social welfare. cost or valuation.
Jin et Double  Provide asolutioninorder They presume the plat- Incentive mechanism Uniform pricing is used v v v v X
al. [189], auction to protect against infer- form is reliable, i.e., it is design to maximize to determine payments
2018 ence attacks in the MCS does not use its informa- the platform’s (i.e., to winner worker and
auction markets. tion of participants’ inputs auctioneer) revenue by charges to winner re-
to influence auction out- formulating a platform questor.
come. revenue maximization
(PRM) problem.
Deng et al. Double  They investigate a dou- They make the assump- They take into account They make use of dis- v v v v X
[79], 2014 auction ble auction market de- tion that the probability the  single-dimensional criminative pricing mod-
sign in which the auction- distributions of buyer and double auction design els
eer seeks to maximise its seller valuations are inde- issue in which all vendors
overall revenue pendent. offer the same goods.
Zhang et al. auction  They presented a two- They assumed thatactions First, a price learning They selectone pricewith v v v v X
[206],2021  game stage incentive model for with a shared necessity for algorithm is designed. a specific probability to
crowdsensing named as a certain place may be au- Next, group agents and assess each job from a
group-buying-based on- tomatically combined to users engage in an online pool of possible prices.
line incentive mechanism. acquire and share user auction before a prede-
sensing abilities. termined  deadline for
recruitment.
Jin et Double  They presented a frame- They presume that the The incentive mechanism Every winning workerre- v v x v x
al. [80], auction  work for crowdsensing platform already under- was designed in a manner quester receives the supre-
2017 that includes an incentive stands the reliability level that will enable the most mum and infimum of her
model. matrix and has a history of user engagement. bid from the pricing pro-
it. cess.
Peng et al. EM and The development of a —h To quantify the quality They decide whether re- v v x v x
[207],2018 IT quality-based reward sys- of sensing data, they wards are reasonable and
tem is presented, which develop the Expectation appropriate for the users
would directly encourage Maximization ~— method, based on the projected
each user to provide high- and they utilise classical quality and contribution.
quality sensing data for information theory to
long-term crowdsensing. determine the useful data
contributions.
Zhan et al. Reinforce- They model the problem It is assumed that the cost The MCS system is The most effective price — — — — X
[208],2020  ment as a Stackelberg game function is monotonically designed as a multi-leader policy is discovered using
Learning with many leaders and growing, strictly convex, multi-follower  Stackel- the multi-agent dynamic
followers. and differentiable. berg game. incentive mechanism.
Zhan et al. Stackel- They developed a frame- - A two-stage Stackelberg The greedy and random — — — — X
[209],2021  berg work for an incentive game is designed to de- pricing systems are out-
game system for mobile velop the incentive mech- performed by dynamic in-
crowdsensing with unpre- anism. centive mechanism.
dictable demand.
Proposed Double  Come up with an allo- - Capture location (i.e., The price charged to v v v Vv vV
work auction  cation by finding a bi- Rol)-based crowd sourc- the winning TPs and

partite matching between
TEs and TPs such that
both the task provider
and task executors can be
fairly benefited simultane-
ously

ing and crowd sensing
market scenario of
sensing task allocation
between TPs and TEs, a
set of TPs,a set of TEs
and an auctioneer.

payments for the winning
TEs in our proposed
approach are determined
by the threshold ask and
the number of successful
trades (see Algorithm 4).
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TABLE 5.3: Notation
Symbols  Description Symbols  Description
TP, i task provider TE; k' task executor
R; 7™ Region of Interest (Rol) n Total number of TPs participating in auction
t Total number of TEs participating in auction — m Total number of Rols
@ Set of task providers & Set of task executors
R Set of Rols Py Set of winning task providers
Eyw Set of winning task executors 77 Set of successful trades
D{ Bid of task provider TP, € & for Rol Rj € R D; Bid vector of task provider TP,
D Bid matrix consisting of all bid vectors Ai Ask of task executor TEy € € forR; € R
Ax Ask vector of TEy A Ask matrix consisting of all ask vectors
V,-j Valuation of TP; for sensing service at R; Vi Valuation vector of TP,
\4 Valuation matrix consisting of all valuation Cﬁ Actual sensing cost of TE} at R;
vectors.
Ck Cost vector of all TE}, Pi(m Total price that the TP, € &, is charged
Pk@ Total payment that the TEy € &,, is rewarded Pl-(]-p ) Price charged to T'P; for a sensing service at
J R
P,f;) Payment rewarded to TEj for the sensing u,f” ) Total utility of TP, € &,
task at R;
ul® Total utility of TE; € &,

the bids and asks from the buyers and sellers, respectively. The auctioneer is responsible
for organising and managing the auction, including choosing the clearing price and payment
as well as how the trade’s commodities will be distributed. To the best of our knowledge,
TATA could be incorporated in any of the practical scenario (online or offline) for allocation
of sensing tasks of the task providers to the task executors in participatory sensing systems.
For instance, the auctioneer can call for the asks and the bids for a specified time frame.
After the time is over the collected asks and the bids can be used for candidate trade determi-
nation, successful trade determination and price calculation. Again for the next time frame,
auctioneer may collect the asks and the bids in order to conduct another auction mechanism.

Now, in our market scenario of sensing task allocation between TPs and TEs, a set of
TPs, a set of TEs and an auctioneer participate in the double auction. The auction process
is driven entirely by the auctioneer. Here, the auctioneer functions between TPs and TEs
as a trusted third party. The T Ps place the bids to the auctioneer for the sensing tasks at
different ROIs in the form of a bid matrix. Similarly, TEs place the asks (i.e. offer price)
to the auctioneer for sensing task execution at different ROIs in the form of an ask matrix.
These bids and asks are collected by the auctioneer. Note that the bidding price of a TP for
a particular task indicates the valuation of that task to the TP. On the other hand the asking
price of a TE for a particular task indicates the cost of the TE for executing the task. However,
different TPs may value the same task differently. Similarly, different TEs may also calculate
the cost of a task differently. It is because, in the participatory sensing systems, it is not
always be the case that the price came from a generalized and physically realized fashion.
Here, the assumption is that the 7'Ps, T Es and the auctioneer do not collude [211]. Now, the
auctioneer comes up with an allocation between the TPs and TEs from the submitted asks
and bids. In addition, the auctioneer determines the price charged to the winning 7 Ps and
payments/ rewards/ incentives for the winning T E's.

Definitely, the trading between the TPs and TEs should fulfill certain requirements so
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that both TPs and TEs can be benefited simultaneously. The task executors need to be
incentivized for executing the sensing tasks. In particular, a task executor cannot be rewarded
less than its actual cost for task execution and a task provider cannot be charged more than

its valuation to the sensing task.

5.3.2 Problem Formulation

The proposed auction involves three parties namely the task providers who announce a set of
sensing tasks at different ROIs, task executors who execute the sensing task and an auctioneer
(a trustworthy third party) who hosts the auction and allocates the task of the TPs to TEs.

Task Providers

The set of task providers are denoted as & = {TP;, TP,, TP;, ..., TP,}. Let us consider,
R = {R1,R2,R3,...,R,} is the set of all region of interests (ROIs). For each task provider
TP, € &, its bids for the region of interests (ROI) R; € R are denoted by a bid vector
D; = (D},D%,...,D?”), where D{ is the bid of TP, € & for a sensing task at R; € R. In
other words, D{ € D; denotes the maximum price that can be spent by TP € & for the
sensing task at R; € R for any task executor. Here, Dlj € D; is defined as follows:

; 0, if TP, € & has no sensing task at R;
D! = (5.1)
bij € RT —{0}, otherwise

Let D denotes a bid matrix consisting of all D;’s i.e D = (Dy;D»;...;D,). Foreach TP, € &,
its valuation vector is represented as V; = (Vll , Viz, .. ,Vi’"), where, Vij is the valuation of the
sensing task at ROl R; € R to TF;. Here, Vij €V, is defined as follows:

)0, if D/ =0
ViJ — 5.2)
dij € R™ —{0}, otherwise

It should be noted that, V; ; Vl-j > Dl’ . For each TP ¢ &, the need vector is denoted as
N; = (Ni1 ,Niz, ... ,Nl.’"), where, Nl-j represents the number of task executors required to perform
the task at R; € R for task provider T'P,’s sensing task. Let the need matrix consisting of the
need vector of all TP, € & is denoted as N = (N1;Np;...;N,,). Here, Nij € N; is defined as
follows:

0, if D) =0

N/ = (5.3)
e;j € ZT —{0}, otherwise

Task Executors

The set of task executors is denoted as & = {TE|, TE,, TE3, ..., TE,}. The task executors
submit the minimum price at which they can perform the sensing tasks. This minimum price
is known as Ask (or offer price). The asks of TE; € € for all R; € R is denoted by an ask
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vector A, = (A}(,A%,...,AZ’), where Ai denotes the ask (i.e. offer price) of TE, € & for
sensing task at R; € R. Here, A,{ is defined as follows:

i 0, if TE; € & has no ask for R; € R
AL = . (5.4)
axj € RT—{0}, otherwise

The ask matrix that consist of all the ask vectors of all task executors is denoted as A =
(A1;Az;...;A,). For each task executor TEy € &, C,{ denotes the actual cost of sensing at
ROI Rj € R. The actual sensing costs of TE; for all the ROIs in R is denoted by the cost
vector Gy = (C},C2,...,CJ"). It should be noted that, ¥y j C] < A7

Auctioneer

The auctioneer is a trustworthy third party who host the auction. Given, &,&,D and A the
auctioneer determines the winning task provider set &2, C &7, the winning task executor

set &, C &, a set of successful trades . (see Definition 1 and Definition 2) between 22,

(p)

and &, the total price P*’ that the winning task provider TP € & is charged, and the total

(p)
J
to denote the price that the winning task provider TP, € & is charged for having sensing

payment Pk(e) that the winning task executor TEy € € is rewarded. The term P/’ is used
service for ROI R; € R. Similarly, Pk(;) is used to denote the price that the winning task
executor TEy € € is rewarded for performing the sensing task for ROI R; € R.

Definition 1 (Trade) A trade is defined as a triplet (i, j,k), if the bid Dlj of TP, € & for
R; € R and the ask A,{ of TEy € € for R; € R are non-zero positive values. In other words,
if TP; has a sensing task at ROI R; and there is a task executor TEy who is also willing to

execute task at ROI R, then trade can take place between them.

Definition 2 (Successful Trade) Suppose we are given a set of winning task executors &,, C
&, a set of winning task providers &, C &, and a set of Region of Interests R. A successful
trade is a trade (i, j,k), where, the auctioneer assigns a task executor TEy, € &,, to perform a
task at Rj € R for the task provider T P; € &,,. A set of all such successful trades is denoted as
7 ie. 7 ={(i,j.k) | TP. € P,,TE; € Ew.Rj € R and TP, takes sensing services from
TEy for ROIR;}

Now, the utilities of the T Ps and the TEs not only depend on the price charged and the
payment rewarded but also depend on the valuations of the T Ps toward the acquired sensing
services and the cost for performing such sensing tasks by the TEs. The total utility of a
task provider TP, € &, is defined as the difference between T P;’s total valuation toward the

acquired sensing services and the total price charged:

Yy vi- Y PV irrres,
U =< (jness (i.jk)es 7 (5.5)

0, otherwise
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Similarly, the fotal utility of a task executor TE} € &,, is defined as the difference between
TE}’s total payment received and its the total cost for the sensing task:

Y PY- Y . ifTEcee,
U =< (jker” (ijk)es? (5.6)

0, otherwise

The utility calculation for TPs and TEs may be required in the candidate trade determination
phase (see Figure 4 and the example given in Section 4.2), the performance evaluation of the
incentive mechanism (see Section 5.3), and the proof of truthfulness/incentive compatibility
property of TATA (see Section 4.3).

Given the details of the bids and the asks, the goal of this work is to build an incentive
mechanisms for crowd/participatory sensing systems that allows to perform a fair allocation
of tasks (i.e., no market manipulation) and also satisfy some desirable properties (see Section
5.4.3 for more details). In order to do that, we need to have a sensing task allocation process,
which is basically an assignment/allocation/mapping between TEs and TPs. As shown in
Fig. 5.2, first the bid matrix (D) and the ask matrix (A) are used to find non-zero positive
asks (/) and bids (.#). Next, from the possible trades (i, j,k), TATA shortlists a set of
candidate trades (7). These candidate trades involve those TPs and TEs that are satisfying
some criteria/condition of the auction (more details are provided later in this section). The
set of candidate trades are further refined based on each provider’s need value (obtained from
N) to find the set of successful trades (.7). Finally, the price charged to T'Ps (vap )) and the

payment/ reward/ incentive given to TEs (Pv(f)) are decided.

TATA-CTD

Ask TagkhExecutors Candidate
i atrix_) w1t‘ non-zero trades(7) T
ositive asks . :

posit ks (V)
A Possible trades
~ Task Providers (i, j- k) Non-candidate|:
matrix*) with non-zero trades
D positive bids(M) ‘

TATA-PC

Successful
trades(S”)

task providers(P?’)
Unsuccesstul
Payment rewarded i |trades(7-S")

to winning :
. : Need
task executors(P') i N

Price charged
to winning

matrix
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Algorithm 2 TATA(Z,E)

Input: Set of task providers &2, Set of task executors €.
Output: Set of winning task providers &7,,, Set of winning task executors &,,, Set of suc-
cessful trades .7, Pv(vp ), Pv(f) .
1: for each TP, € & do
2:  Collect bids in the form of maximum price that can be spent by TP, € & for the
sensing task at various ROIs R; € R.
3:  Create bid vector D; = (D},D?,...,D""), where Dl’ is the bid of TP; € & for a sensing
task at R; € R.
4:  Create need vector N; = (Ni1 ,Nl-z, ... ,N{"), where, Nl.j is the number of TEs required to
perform the task at R; € R.
5: end for
6: Create bid matrix D = (Dy;D»;...;D,) and need matrix N = (N;Na;...;N,).
7: for each TE; € & do
8
9

Collect ask values for TEj € & denoting the cost of sensing at various ROIs R; € R.
: end for
10: Create ask matrix A = (A1;Az;...;A,)
11: (B, P, Ap,7) < TATA-CTD(Z.E, D, A);
12: (&,,-77) + TATA-STD(B, 7 ,N);
13: (P P} « TATA-PC( 2, €. 77 Ap):;
14: return (QW,EW,Y‘?,PV(VP),P&));

5.4 Truthful Double Auction Based Incentive Mechanism for Task

Allocation

In this section, a truthful double auction based incentive mechanism TATA is presented for
sensing tasks allocation in participatory sensing environment. The details of the algorithm
TATA followed by an illustrative example is provided. The desirable properties (namely
budget balance, individual rationality, computational efficiency and truthfulness/ incentive
compatibility) of the proposed double auction TATA are also analyzed.

5.4.1 Details of TATA

The proposed double auction mechanism TATA (Algorithm 1) consists of three major stages
(Fig. 5.2), namely candidate trade determination (TATA-CTD), successful trade determina-
tion (TATA-STD) and price calculation (TATA-PC).

The bid and ask matrices are created in Algorithm 1 after collecting the bids and asks
from the TPs and TEs (line 1-10). Note that the ROIs could be important for the TPs and
TEs in order to decide the bid and the ask prices respectively. In other words, depending on
the ROIs, the selection of the bids and asks values for any task could be varied. However, the
aspects of the ROIs that influence the bidding and asking process are task-specific. For ex-
ample, in the case of participatory sensing based pollution data collection task, depending on
the proximity of the ROIs, a TE may have different sensing cost, hence the ask values could
be different. Particularly, if an ROI is located geographically close to a TE’s location, the TE

is expected to place a lower ask value for that ROI. On the other hand, a TP, e.g., a research
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group, that is providing the sensing task for pollution monitoring, may place different bids
for different functional regions (like educational areas, residential areas, etc.) depending on
their research requirements.

TATA invokes TATA-CTD(Z,E, D, A) to determine a set of candidate trades (.7), and
the winning task providers (see Algorithm 2). TATA-CTD() takes a set of task providers &,
a set of task executors €, the bid matrix D and the ask matrix A as input to the function.
Algorithm 2 first creates a new set of task providers .# from the original task providers’
set <. For any task provider TP, € &, the set .# will contain TPl.j if and only if Dlj > 0.
It means a task provider TP, € & appears in .# for those R; € R for which it has non-
zero positive bids. After that, the task providers in .# are sorted in non-increasing order
of non-zero positive bids to construct a list .7’ = (TR, TPZ,...,TP.), where v = |.Z|.
Similarly, for task executors, a new set .#” of executors are created from the original task
executors’ set £&. For TE, € &, the set .4 will contain TE,{ if and only if Ai > 0. Then,
the task executors in .4 are sorted in non-decreasing order of non-zero positive asks to
construct a list 47 = (TE;",TE",...,TE"), where r = [./|. Next, the threshold ask is
determined which is nothing but the ask value of the median task executor in ./#”, represented
by Ay = TEZ:(P where, ¢ = [(r+1)/2]. This threshold ask A is used to construct a set .2
having first ¢ task providers in .’ such that Dy > A. Now, for each TPl.j € M, if there is a
Ai such that Ai < Ay, we add the task provider TP, in winning task providers’ set &,,. Here,
we create a set ‘B{ that contains those TE,{ € 4 for which the condition Ai < Ay is satisfied.
The set %{ consists of all the task executors that are won by task provider TPl.j . Also, for
each combination (TP, € My TE,'{/ € /) that satisfies above condition a trade (i, j,k) is
created and added to the set of candidate trades .7. After the for loop, all B/’s are combined
to form a new set B.

After candidate trade determination phase, TATA invokes TATA-STD(B, .7,N) for suc-
cessful trade determination (see Algorithm 3). If the number of task executors in ‘Bl’ that are
won by the task provider TPl.j is more than its need (line 4 of Algorithm 3), then the executor
elimination is required. The auctioneer keeps only those Nij task executors for which the
total utility achieved by them is maximized. To do this, first the executors in 53{ are sorted
according to the non-decreasing order of their ask values (line 5). As we approach the end

of the list ’ij) the utility (i.e. Ay —Ai values) by the executors decrease in truthful auction.
(s)
ij

the executors are removed (line 6-line 9). After candidate elimination, the remaining trades in

Eventually, the auctioneer keeps the first r = Nij executors of the sorted list *5;;” and rest of
7 are considered as successful trades .5 (line 12). Next, the set of winning task executors
are found (line 13-line 17) for which there is at least one trade in . 7.

After successful trade determination stage, TATA calls TATA-PC(#,,, ¢, 7 ,Ap) to
perform price calculation (see Algorithm 4). For each winning task provider TP, € &,
the total number of successful trades c; involving provider TF; is found. Then total price
charged to TP, € &, is calculated as Pi(p ) = ci X Ay, where the threshold ask Ay is considered
as the clearing price. Similarly, for each winning task executor TE; € €,,, the payments
are calculated (line 12-line 20). It is worth noting that, in the pricing stage, the process

of determining the threshold ask is also the process of determining the critical value. The
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Algorithm 3 TATA-CTD(Z,E, D, A)
Input: Set of task providers &2, Set of task executors £, Bid matrix D, Ask matrix A
Output: Set of winning task providers &2,,, Set B that contains all 8}, The threshold ask
Ay, A set of candidate trades 7.
1. P, +0, T 0
2: Constructaset .# = {TP} | Dy >0, TP, € 2, R; € R} based on D;
3: Sort the task providers in .# to obtain a list .#' = (TP, TP2,...,TP.’) such that
Dy >Dy>...>Dy
4: Constructaset A4 = {TE" | A" >0, TE; € £, R,, € R} based on A;
Sort the task executors in .4 to obtain a list 47 = (TEZ” , TEI"ZZ, e, TEZ“) such that
AZ“ §A’l’212 <... §AZ”
Find the threshold ask Ay = AZ¢ where, ¢ = [(r+1)/2];
Find the largest value of ¢ such that Dﬁj > Ay and Digﬂ <Ayp.
Construct a set .2, with first ¢ providers in .’

for each TP/ € ./ do
10:  for each TE,{ € .4 do

b

Y 23

1: if Al <A, then

12: if ‘B{ doesn’t exist then

13: Create a set %{ and initialize %{ +~0
14: Py — Py U{TP}

15: end if

16: B/« B U{TE]}

17: T+ TU{(i,j,k)}

18: end if

19:  end for

20: end for

21: Construct aset B = {8/ | TP € 2,, TP ¢ My}
22: return (B, 2,,Ay,7)

threshold ask pays unit price as the critical value.

As long as the bidding and asking of the TPs and TEs are performed in the same currency,
there is no need to worry about the outcome of the auction process. For instance, if the
bidding and asking are performed in currency dollar ($) and providers’ offer prices in the
range of [0-1], whereas executors ask for prices in the range of [10-1000], then in that auction
there will be no mapping between TPs and TEs because the TPs and TEs are not agreed upon.
In this scenario, the TPs and TEs can revisit their bidding and asking strategy and can again

participate in the next auction by updating their bid and ask values.

5.4.2 A Walk-Through Example

In order to illustrate the working procedure of TATA, we consider a bid matrix (see Table
5.5), a need matrix (see Table 5.6) and an ask matrix (see Table 5.4). The bid matrix in Table
5.5 consists of bids of 5 task providers for 7 ROIs. A zero bid value for a ROI indicates that
the provider doesn’t have a sensing task for that ROI. The need matrix in Table 5.6 contains

the values that indicate the number of executors required for the providers at different ROIs.



5.4. Truthful Double Auction Based Incentive Mechanism for Task Allocation 85

Algorithm 4 TATA-STD(B, .7 ,N)

Input: Set B that contains all SB{ , Set of trades .7, Need matrix N
Output: Set of winning task executors &, Set of successful trades .77 .

1:
2:
3:
4:
5

6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:

Ew <+ 0;
for B/ € B do
T
if s > N/ then
sort all executors in %{ to obtain a list %S.) = (TE,QTE,{;TE,Q ) such that
Al <AL <. <Ap
for r=N/+1tosdo
] = 8/ (TE])
y: y_{(l’]i”fkr)}
end for
end if
end for
ST =T

for each (i,j,k) € .7 do
if TE, ¢ &, then
Ew — SW U {TEk}
end if
end for
return (&,,.77)

The ask matrix in Table 5.4 consists of the ask values of 5 task executors for 7 ROIs. The

following illustrates how TATA works for the auctioneer to generate the auction outcome.

e Create a new task providers’ set from original set . .# = {TP14 , TP/, TP26, TP32,

TP33, TPj, TP55 , TP56} having non-zero bids. Here, TPl.j represent the bid of task
provider TP, € & for ROIR; € R.

e Sort all the task providers of the set .# in non-increasing order of their bids to construct

an ordered list .#' = {TP], TP}, TP}, TP}, TP}, TP, TP, TPS}. These are

shown using TPl.j with circular nodes in Figure 5.3.

e Create a new task executors’ set from original set &: .4 = {TE!, TE}, TES, TE},

TE;, TES, TE], TE], TE{, TES, TEZ, TE], TE], TE?, TE:, TE: TE!}
having non-zero ask. Here, TE ,f represents the ask of task executor TEy, € € for R; € R.

e Sort all the task executors of the set .4#” in non-decreasing order of their asks to con-

struct an ordered list 4/ = (TEZ2, TE3, TE;, TE], TE;, TE;, TE3, TE}, TEZ,
TE], TE), TE?, TES, TE], TE:, TES, TEI). These are shown using TE; with

circular nodes in Figure 5.3.

e Based on.#’ and /", a bipartite graph is created as shown in Figure 5.3.

e Determine the threshold ask:¢p = [(|A47|+1)/2] =[(17+1)/2] =9, Ay =Ag =

AP =17
9
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Algorithm 5 TATA-PC(2,,,€,,,.77 ,Ay)

Input: Set of winning task providers &,,, Set of winning task executors €,,, Set of successful

trades .7, Threshold ask Ay

Output: Set of payments of all winning executors Pv(f), Set of charges for all winning

1
2

3:

11:

12

13:
14:
15:
16:
17:
18:
19:

20:
21:
22:

R A A

providers Pv(vp ),
PP 0P 0
: for TP, € &, do
Ci = 0
for each (x,y,z) € .77 do
if i == x then
ci=ci+1 //Count number of successful trades for TP, € &2,
end if
end for
Pi(p ) = ci XAy /[Total price charged to TP, € &,
Pv(vp) %Pv(vp) UPj(P)
end for
: for TE, € €, do
Cl — 0
for each (x,y,z) €.77 do
if k == z then
co=cr+1 //Count number of successful trades for TE; € &,,
end if
end for
Pk(e) =cp XAy /[Total payment rewarded to TE; € &,,
PY) P up
end for
return (PV(VP ),Pv(f))

A

e The set ./, = {T P/, TP}, TPj, TP?}, since DI > 7 and D} < 7 for the ordered

sequence in .Z".

o P, ={TP, TP;, TP}, B] = {TE]}, B} = {TE3, TE}}, B3 = {TEj, TE3},
B ={TE}}, 7 ={(1,7,2), (1.4,2), (1,4,3), (3,3,2), (3.3,3), (5.51)},
B = {B], B}, B3, B2}. The Figure 5.4 shows a bipartite graph (which is essentially
a sub-graph of the bipartite graph in Figure 5.3) using these selected task providers,

executors and the trades involving them.

e Since, |‘B§| > N;”, it is required to eliminate |‘B§\ —Ng =2—1 =1 executor from %2
After elimination B3 = {TE3, TE3} — {TEj} = {TE;}. Here, TEj is eliminated as it
has less utility as compared to TE;. .7 ={(1,7,2), (1,4,2), (1,4,3), (3,3,2), (5,5,1)}.
&, = {TE,, TE,, TE;}

e Price charged to task providers:Pl(p) =3xAy =3xT7=2I, P3(p) =1x7=17, Ps(p) =
1 x 7 =". Payment rewarded to task executors: Pl(e) =1x7=17, Pz(e) =3x7=21,
P3(€) =1x7=7. PVEP) — {Pl(p)’ P:’.(p),PS(p)} , PVEK) — {Pl(e)’ Pz(e)’P:,‘(e)}’

pictorial summary of the overall working process of TATA with respect to the above ex-

ample is shown in Fig. 5.5.
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TABLE 5.4: Ask matrix of 5 task Executors

TE;, 6 0 0 0 5 10 0
TE, 8 0 4 3 0 0 4
TEs; 0 0 6 6 0 9 0
TE, 0 10 0 0 9 0 8
TEs 0 2 7 9 0 0 |11

TABLE 5.5: Bid matrix of 5 Task Providers

TP, 0 0 0 9 0 0 10
TP, 0 0 0 0 0 4 0
TP, 0 5 8 0 0 0 0
TP, 6 0 0 0 0 0 0
TP 0 0 0 0 7 3 0

TABLE 5.6: Need matrix of 5 Task Providers

TP, 0 0 O 2 0 0 2
TR, 0 0 O 0 0 3 0
TP, 0 1 1 0 0 0 0
TR, 1 0 0 O O 0 0
TP 0 0 O 0 3 3 0

5.4.3 Proofs of Desirable Properties

This section first describes four theoretical properties [15,212] of an auction based incentive
mechanism namely budget balance, individual rationality, truthfulness/incentive compatibil-
ity, and computational efficiency. After that those properties are analyzed with respect to the

proposed mechanism TATA.

* Budget Balance: An auction based incentive mechanism is called budget balanced if
the auctioneer doesn’t have any deficit. In other words, the total price charged to all the
winning task providers must be greater or equal to the total payment given to all the
task executors. Mathematically, following condition should be satisfied if an incentive

mechanism holds budget balance property.

I M

TPec2, TE€€,,

* Individual Rationality: An auction based incentive mechanism will be individually

rational if no winning task provider is charged more than its bid and no winning task
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FIGURE 5.3: Bipartite graph between thle set of task executors and the set of task providers. T'Ps are
arranged in non-increasing order of the submitted bids and T E's are arranged in non-decreasing order
of the submitted asks. The asks less than the threshold asks (i.e. Ai < Ay) and the bids greater or

equal to the threshold asks (i.e. D{ > Ay) are shown within rounded rectangles. The blue and the red

edges represent the candidate trades (.77) and non-candidate trades respectively.
Ask: 4 4 75 6 6

FIGURE 5.4: Bipartite graph between the candidates (executors and providers) selected by Algorithm
2. The blue and the red edges represent the successful trades (.#”) and unsuccessful trades respec-
tively.

executor is offered a payment less than its ask.i.e., V(i, j,k) e 7 ,we have Pig.p ) < D{
and V(i, j,k) € .77 ,we have Pk(;f) > Ai. Note that “individual rationality” is not an
assumption in this research. Instead, “individual rationality” is a desirable property
that our designed auction mechanism (i.e., TATA) holds. TATA enforces individual
rationality to guarantee that no winning TP is charged greater than its bid and that
no winning TE is offered a payment lesser than its ask. TATA satisfies “individual
rationality” and the proof of the corresponding lemma (i.e., lemma 1) is presented in a
subsequent section. The proof does not set any assumption on the bids of TPs or the
asks of TEs. Thus, the conclusions are valid for a practical system with any possible
data sets of the bids and asks. Additionally, we also provide experimental results in
Section 5.5.2 for validating the “individual rationality” property.

TATA -CTD

Task Executors with
non-zero positive asks (N)

Unsuccessful trades
(7-87)

<——ROls ——

~——ROls ——

<TPs

<TPs —

1) (263
Bid Matrix : TABLE 3 ssible 1 N )
Task Providers with Possible trades (7, j» k) @ C}b

non-zero positive bids (M) Non-candidate trades Need Matrix : TABLE 4

FIGURE 5.5: A pictorial summary of the overall working process of TATA for the walk-through

example of Section 5.4.2. TPiJ and TE,i indicate non-zero bids and asks respectively. From the

possible trades, TATA-CTD first identifies a set of candidate trades. Next, TATA-STD finds a set of

successful trades from the set of candidate trades. Finally, TATA-PC calculates the price charged to
the winning T Ps and payment/ incentive/ reward given to the winning TEs.
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* Incentive compatibility /Truthfulness: If users (i.e., TPs and TEs) are irrational, then
they may play untruthfully in the auction game. In other words, for irrational users,
untruthful bidding or asking may take place. In order to counter this problem, we have
designed TATA in such a way that it can satisfy the truthfulness/incentive compatible
property. TATA enforces “truthfulness” property in order to ensure that no TP can in-
crease its utility by placing a bid other than its actual valuation, and no TE can increase
its utility by placing an ask other than its actual cost. In order to better understand the
property of incentive compatibility or truthfulness we must first know the concept of

dominant strategy.

Definition 3 A strategy S is the player (task executor or task provider) I’s dominant
strategy, if for any strategy ( i.e. asking or bidding) S; # S; and rest of the players’
strategy profile S_;, the utilities satisfy the following condition:

Ui(S1,S-1) > Ui(S},8-1)

The definition of dominant strategy is the foundation of truthfulness or incentive com-
patibility property. It implies that there is no motive for any player (task executors
and task providers) to lie about their private information. Thus disclosing truthful in-
formation becomes the dominant strategy for each player. Therefore, a player cannot
improve its utility by bidding or asking untruthfully. More specifically, in the context
of our proposed auction based incentive mechanism, a task provider TP; € & achieves
maximum utility by bidding D; = V;. Similarly, a task executor TE; € £ achieves
maximum utility by asking Ak = Ck.

» Computational Efficiency: An auction based incentive mechanism expected to have

polynomial time complexity.
Lemma 1 TATA is individually rational.

Proof. The proposed double auction based task allocation mechanism TATA will be individu-
ally rational, if the following two conditions are met, (i) For a successful trade (i, j,k) € /7
the task provider is not charged more than its bid. It means the condition Pig.p ) < Dlj must hold.
(i1) Similarly, for a successful trade (i, j,k) e s , the task executor is not paid less than its
ask. It means the condition Pk(;) > Ai must hold. Now, in TATA, for each (i, j,k) € .77,
the price charged to the winning task provider TP, € &,, C & is given as Pl-(j’7 ) = Ay < D{ .
Hence, the first condition is satisfied. On the other hand, for each (i, Js k) e , the payment
rewarded to the winning task executor TE} € €,, C € is given as Pk(;) =Ap > A,{. Since both

conditions are met, the proposed double auction TATA is individually rational.
Lemma 2 The proposed auction TATA is budget balanced.

Proof. An auction mechanism will be budget balanced if the auctioneer should not have any
deficit. In TATA, for each trade (i, j,k) € . 7| the price charged to task provider TP; €
P\, = the payment rewarded to the task executor TEy € £,, = Ay. Eventually, the total price
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charged to the winning task providers =Y. ; jx)e.»7 P, ( ) = = |77 | x Ayp. On the other hand,
the total payments rewarded to the winning task executors =Y.(; j ye.#7 Pk(j) =7 7 | xAp.
Since the total price charged to the winning task providers is same as the total payments
rewarded to the task executors, we can say that the auctioneer does not have any deficit,

which completes the proof.
Lemma 3 The proposed auction TATA is incentive compatible /truthful for task providers.

Proof. We use tilde in the notations for the outcomes with untruthful bidding by the task
providers TP, € &2. In order to prove this lemma, it is required to show that no TP, € & can
improve its utility by placing untruthful bids (i.e. l~)l] # Vl.j ) when other users’ bids and asks
are unchanged. Here we examine two possible cases.

Case 1: [f TP, € & wins in the auction for bid Dl’ e D

Here, two sub cases may occur.

e [fTP, € & places a bid Dj which is a truthful bid.
Since D! € Dy is a truthful bid, we can write D! = V/. Also, it is given that TP € &
wins for D/ € D;. It means, D} > Ay. From D! = V/ and D/ > A, we get V/ >

Ay. Hence, for truthful bid D{ € Dy, the utility achieved by TP, € & can be given as
follows:

=B x (V/ —44) >0 5.7

o [fTP € & places a bid 5{ which is an untruthful bid:
Since 5{ is an untruthful bid, we can write 5{ # Vl-j . Now, in case of the untruthful bid

D!, two scenarios may occur:

- If Vl.j > Ay : Since TP, € & wins in the auction by placing untruthful bid 5{ , We
can say B = B!. Hence, the utility due to untruthful bidding is

WP = B]] x (v/ —4g) = B]| x (V] ~As) 20 (5:8)

- If V] < Ay : Also, in this scenario, TP; € &7 wins in the auction by placing un-

truthful bid D] Hence, %J ‘BJ But, because of the condition V] < Ay, the
utility due to untruthful b1dd1ng becomes negative as given below:

P = 1B]] x (V] —Ag) = ]| x (v} ~Ag) <0 (59)

Case 2: [f TP, € & loses in the auction for bid Dl’ € D;.
In this case, TP, € & loses in the auction for both truthful bid (i.e. D{ ) and untruthful bid
(i.e. 5{ ). Hence, for both truthful and untruthful bidding the utility will be zero, i.e.

u? =P =g (5.10)

tj )

From Eq. 5.7, Eq. 5.8, Eq. 5.9 and Eq. 5.10, we can conclude that Ufj) UI(J ), i.e. the

task providers cannot improve their utility by bidding untruthfully. Hence, TATA is truthful/
incentive compatible for task providers.
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Lemma 4 The proposed auction TATA is incentive compatible /truthful for task executors.

Proof. We use tilde in the notations for the outcome of the untruthful asking by the task
executors TP; € . In order to prove this lemma, it is required to show that no TEy € € can
improve its utility by placing untruthful asks (i.e. gi # C,{) when other users’ bids and asks
are unchanged. Here we examine two possible cases

Case 1: If TE;. € € wins for the ask A,{ € Ax:

Here, two sub-cases may occur:

o [fthe ask A,{ € Ax is a truthful ask:
Since A] € Ay is a truthful ask we can write A] = CJ. Also, in this case, it is given that
TE; € € wins for the ask Ai € Ax. It means Ai <Ayp. From Ai = Cli and Ai <Ay, we

get C,{ < Ay. Hence, for truthful ask Ai € Ay the utility achieved by TE} € € can be
given as follows:

W) =As—C] >0 .11

o IfTE; € € places an ask A/IJ{ which is an untruthful ask:
Since gﬁ is an untruthful ask, we can write Z,’C # C,f . Now, two possible scenarios may

occur

- If C,{ < Ay: Task executor TE € € wins in the auction by placing untruthful ask
A,J{. Here, utility due to untruthful bidding is:

W) =As—cl>0 (5.12)

— If C,{ > Ay: Also, in this scenario, TE; € € wins in the auction by placing untruth-

ful ask Av{ . But, because of the condition C,{ > Ay, the utility due to untruthful
asking may become negative as given below:

ﬁ](:]’) =4y 7C/{ <0 (5.13)

Case 2: If TE; € € loses in the auction for the ask value Ai € A;.
In this case, TE;, € € loses in the auction for both truthful ask (i.e. A,J{) and untruthful ask (i.e.
Ai). Hence, for both truthful and untruthful asking the utility will be zero, i.e.

we) =1 =0 (5.14)

From Eq. 5.11, Eq. 5.12, Eq. 5.13 and Eq. 5.14, it is clear that U,(;.) > f(,gj.), i.e. the
task executors cannot improve their utility by asking untruthfully. Hence, TATA is truthful/

incentive compatible for task executors.
Theorem 1 The proposed auction TATA is truthful or incentive compatible.

Proof. Lemma 3 shows that TATA is truthful for task providers. Lemma 4 shows that TATA
is truthful for task executors. Lemma 3 and Lemma 4 together prove that TATA is truthful or

incentive compatible.

Lemma 5 The proposed auction TATA is computationally efficient.
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Proof. In the candidate trade determination stage (i.e. Algorithm 2), the maximum possible
task providers in set .# is mn, where n = |?| and m = |R|. The sorting in line 3 takes
O(mn log mn) time in the worst case. Now, the maximum number of possible task executors
in set ./ is mt and eventually the sorting in line 5 takes O(mt log mt) time in the worse
case, where t = |E|. There can be maximum of mn elements in set //é. Hence, the for
loop in line 9 iterates over maximum of mn times. On the other hand the for loop in line
10 iterates over maximum of m¢ times. Note that, in this study, the total number of ROIs
(i.e. the value of m) is assumed to be constant. Hence, in worst case the Algorithm 2 takes
O(mn log mn) + O(mt log mt) + O(mn.mt) ~O(nlogn + tlogt + nt). Now, in
the successful trade determination stage (i.e. Algorithm 3), maximum cardinality of set B
can be n. So, the loop in line 2 can iterate maximum of » times. Now, the sorting in line 5
takes O(mt log mt) times. The for loop in line 6 can iterate maximum of m¢ times. Also,
the for loop in line 13 can iterate over maximum of mn([(mt +1)/2] — 1) times. Hence,
in worst case Algorithm 3 takes O(n(mt log mt + mt)) + O(mn([(mt +1)/2] —1)) =
O(nt logt + nt) ~ O(nt log t). Now, in the price calculation stage (i.e. Algorithm 4), the
for loop in line 2 can iterate over at most mn times. The for loop in line 12 can iterate over
maximum of ([(mt+1)/2)] — 1) times. Both the for loops in line 4 and line 14 can iterate
over maximum of mn([(mt+1)/2] — 1) times. Hence, in worst case, Algorithm 4 takes
O(mn.mn([(mt +1)/2] —1) + mn.([(mt+1)/2] —1)?) =~ O(n*t + nt*). Hence, overall
time complexity of TATA is O(nlogn + tlogt + nt) + O(nt logt) + O(n’t + nt?) ~
o(n’t + nt?).

Lemma 6 TATA is incentive compatible, individually rational, computationally efficient, and

budget balanced.
Proof. This conclusion can be drawn from Lemma 1-5.

Lemma 7 The maximum number of successful trades in TATA can be mn(["™51] — 1) where,
n=|2|,m=|R|andt = |E|.

Proof. Let us consider, for each R; € R, all the TP; € & and TE; € &€ place non-zero
positive bids and asks respectively. In this case, the total number of non-zero positive asks
(i.e. maximum |./| value) = mr. Similarly, the total number of non-zero positive bids
(i.e. maximum |.#| value) = mn. Hence, the maximum number of elements in .4 is
= mt. The median ask Ay occurs for the task executor who is at position ¢ = [%“} of
the list .#”. Clearly, the maximum number of elements in M; is = mn that occurs when
V;j D! <Ay and |.#| = mn. Now, as given in line 9-19 of Algorithm 2, for each TP/ € M,
if TE,f € N satisfies the condition Ai < Ay then there will be a candidate trade (i, j, k). Now,
the maximum number of TE,{ € ./ that satisfies Ai <Ay is ¢ —1=["F7—1. Hence,
the maximum number of candidate trades in 7 is = [.#,| x (¢ —1) = mn x ([ —1).
Now, as discussed in Section 5.4.1, the TATA-STD() stage may eliminate some of the trades
in .7 to produce the set of successful trades (.#7) . In TATA-STD() stage, if the condition
s > Nij (line 4, Algorithm 3) is not satisfied for %lj € B, no trades will be eliminated from

7. Hence, the maximum number of possible successful trades = mn x ([Z5:1] —1).



5.4. Truthful Double Auction Based Incentive Mechanism for Task Allocation 93

Lemma 8 In case of truthful bidding, the maximum and the minimum utility achieved by
TP c & forR;c Rare Nl.j X (D{ —Ay) and 0 respectively.

Proof. TP, € & places truthful bid Dj for R; € R. Since, Dj is a truthful bid, the condition

V/ = D/ > 0 will be satisfied. Now, if TP, € £ wins in the auction for bid D/, then the utility
achieved by TF; for R; is given as:

UL = |81 x (V/ —Ag) = |B)] x (D] ~Ag) (5.15)

where, B8] contains the executors TE ,ﬁ € ./ that are won by TP, for R;. Now, after TATA-
STD() stage (i.e. Algorithm 3), we can say, 1 < B! < N/. Hence, the maximum utility
achieved by TP, for R; is found by putting |B}| = N/ in Eq. 5.15 as follows:

WP =N/ (0] ~Ay) 516

On the other hand, if TP € &2 loses in the auction for bid Dlj , then the utility is: UEJP ) = 0.
Hence, the maximum and the minimum utility achieved by TF; for R; are Nij X (Dl’ —Ap)

and O respectively.

Lemma9 In case of truthful asking, the maximum and the minimum utility achieved by
TEi € E forR; € Rare (A —Ai) and 0 respectively.

Proof. TE) € € places truthful ask A,{ for R; € R. Since, Ai is a truthful ask, Ai = C,{ >0
will be satisfied. Now, if TE}, € € wins in the auction for ask A’ then the utility achieved by
TE; for R; is given as follows: U,(;.) =Ap— C,f =Ap —Ai. On the other hand, if TE, € &
(e)

loses in the auction for ask Ai, then the utility is: Uk ;= 0. Hence, the maximum and the

minimum utility achieved by TE; for R; are Ay —Ai and O respectively.

Lemma 10 The expected number of successful trades after k rounds (i.e. if TATA is repeated
k times) will be ~ ”t x [y Olf,] , where n = , and f; denotes the

probability of hawng i number of non-zero bids/asks for any TP/TE.

, M= ;t:

Proof. Let us consider, for each R; € R, the probability of placing a bid/ask (non-zero) is
p € (0,1). Hence, for any TP/TE, the probability of having i number of non-zero bids/asks
in m = |R| regions is f; = (") p'(1— p)™'. Suppose, T}, and T, are the variables that denote
the total number of non-zero positive bids and asks respectively. Then the expected value
of T, and T, are E(T,) = nx Y/ yifi and E(T,) =t x YJ*ifi respectively. In this case,
the value of ¢ will be [%] If the asks and the bids are drawn from the same non-
skewed (symmetric) distribution, then the number of elements in M’ will be approximately
half of the expected value of 7, i.e., \M’ | ~ ) Now, if no trades are eliminated, then
the possible number of successful trades will be ~ @ x(¢p—1)= E(ZT”) x ([ L 2)+]1 —1)
~ IXE(T,)E(T,) m % x Y ifi x Yiloifi & % x [Y1ifi]* Now, note that if we repeat the

auction several times, each of the rounds will be independent. Hence, the average number of

successful trades in k rounds will be ~ % x [¥7ifi]*.



94 Chapter 5. Double Auction based Incentive Mechanism

5.5 [Evaluation Results

The proposed double auction based incentive mechanism TATA is implemented and a set
of simulation experiments are performed to investigate its effectiveness. In this section, the
experimental setup is first discussed, next different properties of TATA are validated through
simulations, and finally the performance of TATA is compared with some of the existing

incentive mechanisms.

5.5.1 Experimental Setup

For experiment, the real-world payments to the crowdworkers in Amazon Mechanical Turk
(MTurk) [213] are considered as the bids of 7Ps. A maximum of 200 T Ps are considered
and their bids are normalized between the interval D{ € (0,1]. Since there are no existing
statistics on task executors’ ask values, we randomly generate the asks of the task executors
that are uniformly distributed over Ai € (0,1]. Here, a maximum of 1000 task executors’
ask values are generated. On the other hand, the need values of T Ps are randomly generated
from the uniform distribution within Nij € (1,Npuax). In TATA, N, influences the winner
satisfaction level (more details in Section 5.5.3) of task providers. All the asks and bids are
generated by considering a total of 100 ROIs. Note that the unavailability of problem-specific
open source real-world data is not unexpected as it is an emerging field of research. The
proposed incentive mechanism TATA is implemented using Python 3.6 (https://docs.
python.org/3.6/). The following three Python libraries are mainly utilized to implement
TATA: (i) Pandas (version 1.0.2) (ii) NumPy (version 1.13.3) (iii) SciPy (version 0.19.1). The
experiments are carried out on a 64-bit Windows PC with 3.30 GHz Intel(R) Xeon(R) CPU
E3-1226 v3 processor and 128 GB of RAM. Experiments are conducted to validate the four
desirable properties: truthfulness, individual rationality, budget balance and computational
efficiency. The impact of N,,,, on the number of successful trades are explored. Also, TATA
is compared with two existing incentive mechanisms- IMRAL [71] and LBS [63] in terms
of some performance metrics (see Section 5.5.3). A theoretical comparison among TATA,
IMRAL, and LBS is also provided.

5.5.2 Analysis of Results

In this section, the experimental results are provided to validate the properties of TATA that

are already proved in Section 5.4.3.
Truthfulness

To verify incentive compatibility/ truthfulness of the proposed incentive mechanism TATA,
9 TPs and 9 TEs are randomly selected from the total sets of 200 7 Ps and 1000 T E's respec-
tively. The asks and the bids of these selected TEs and T Ps are examined to see how their
utilities change with the change of their asks and bids. The truthfulness property is verified
under the possible cases such as when a task executor/provider truthfully wins or truthfully
loses in the auction. Fig. 5.6(a) shows the case when the T E's truthfully win in the auction.

For example, consider T Egy, of Fig. 5.6(a). Here, T Eq), achieves a utility of 0.15 when it
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truthfully places the ask value (the truthful ask value was 0.18). It can be observed from the
Fig. 5.6(a) that T Eyy; unable to improve its utility by manipulating (i.e. changing) its ask
value. The Fig. 5.6(a) also shows a similar trend for rest of the TEs. Now, Fig. 5.6(b) shows
the case when the TEs truthfully lose in the auction. For example, consider T Eg;¢ of Fig.
5.6(b). Here, TEgj¢ loses in the auction and have a utility of 0 when it truthfully places the
ask value (in this case the truthful ask value was 0.67). Further, it can be seen that, TEgi¢
unable to improve its utility by manipulating its ask value. Here, for the asks other than the

true value, the utility of the executor is either O or negative. In Fig. 5.6(b), a similar trend is

found for rest of the TEs.
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FIGURE 5.6: Verification of truthfulness property when (a) task executors win task providers by

placing truthful asks (b) task executors lose in the auction by placing truthful asks (c) task providers

win task executors by placing truthful bids (d) task providers lose in the auction by placing truthful
bids

Fig. 5.6(c) shows the case when the 7' Ps truthfully win in the auction. It is observed that
none of the 7'Ps are able to improve their utility by manipulating their bids. For example, as
shown in Fig. 5.6(c), the utility of T FPs; is 0.2 when bidding truthfully (in this case true bid
was 0.65). It is clear that T Py, is not able to improve its utility by placing untruthful bids.
The last case is shown in Fig. 5.6(d), where T Ps lose in the auction by bidding truthfully
and gain a utility of 0. It is observed from the Fig. 5.6(d) that, the 7'Ps are unable to achieve
more utility by bidding untruthfully. From the above results, it is verified that TATA holds

truthfulness property for both task executors and task providers.

Individual rationality

To verify the individual rationality property (Lemma 1) of TATA, for different threshold
settings, some randomly selected bids and the price charged to the task providers TP; €
P, C P are presented in Fig. 5.7(a, ¢, €), whereas some randomly selected asks and the
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payments to the winning TEy € &,, C € are presented in Fig. 5.7(b, d, f). From Fig. 5.7(a,

c, e), it is clear that for each TP, € &, the charged price is always less than TP,’s bid value.
Additionally, from Fig. 5.7(b, d, 1), it is clear that for each TE} € &,, the payment received
by TE} is always more than TE}’s ask values. Hence, it is verified that TATA is individually

rational.

Three different threshold settings in this experiment are as follows. (i) The actual thresh-

| and r denotes total number of non-zero posi-

1
2
tive asks. (ii) A threshold value smaller than the actual threshold, i.e., A:p = 0.342, where

0.5097, where ¢ = [(r+1) x

old A¢

0.342) than

!/
o=

If the threshold value becomes smaller (i.e., A

1.

| (iii) A threshold value larger than the actual threshold, i.e., A;; = 0.651,
2
3

%
(1) x

the actual threshold Ay, then the number of wining TEs decreases. On the other hand, if the

[(r4+1) x

¢ =
where ¢

threshold value becomes larger (A’qg = 0.651) than the actual threshold A, then the number of

the number of trades will be decreased.

’

TPs decreases. For both the above-mentioned cases

Due to this reason, as shown in Fig. 7(c-f) there is an overall decrease in the winning bid/ask

values compared to Fig. 7(a,b). Some other interesting observations can also be made from

the results. When the threshold value becomes smaller, less number of TEs wins in the auc-

tion, which can be verified from Fig. 7(d). On the other hand, when the threshold value

becomes larger, a relatively less number of TPs wins in the auction, which can be verified

from Fig. 7(e).
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FIGURE 5.7: Compare the (a,c,e) bids and prices of winning TPs for different threshold settings and

(b,d,f) payment and ask of winning TEs for different threshold settings.

Budget balance

The result in Fig. 5.8 is used to verify the budget balance property (Lemma 2) of TATA. In

order to verify this property, in Fig. 5.8 (a), the total number of task executors are varied



5.5. Evaluation Results 97
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FIGURE 5.9: Execution time of TATA when (a) number of TE's increases from 100 to 1000 and (b)
number of 7 Ps increases from 20 to 200.

from 100 to 1000 with an increase of 100 task executors at every step. On the other hand, in
Fig. 5.8 (b), the total number of task providers are varied from 20 to 200 with an increase
of 20 task providers at every step. For each step, the total price charged to the winning task
providers (i.e. Y rpe, Pi(p )) and total payments given to the task executors (i.e Yrg,ce,, Pk(e))
are calculated. Note that, in TATA the total price collected from the winning task providers
TP € &, is completely distributed to the winning task executors TEy € &,,. It can be ob-
served from Fig. 5.8 that the total price charged to the winning task providers is not less
than the total payment given to the winning task executors i.e. Y.rpc .z, Pi(p ) £ YrEece, Pk(e).
Eventually, the auctioneer doesn’t have any deficit. Hence, it is verified that TATA holds
budget balance property.

Computational efficiency

In Fig 5.9, the execution time of TATA is examined and the computational efficiency property
(Lemma 5) is verified. For different settings of the total number of task executors and the
task providers, the execution times are computed. The results are averaged over 100 runs.
As shown in Fig. 5.9(a) and (b), the execution time of TATA increases as the total number
of task executors or the total number of task providers increase. Fig. 5.9(a) and (b) verify
that TATA is subject to polynomial time with respect to the total number of participating task

executors and the total number of task providers.
5.5.3 Performance Evaluation

Performance metrics

Following performance metrics are defined to assess the outcome of auction based incentive

mechanism.
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» Winning Task Providers’ Satisfaction ( TPS™): 1t is defined as the ratio of the total
number of successful trades to the total needs of the winning task providers.

B
Y N/
TP, R_,'EfR

TPS™) = (5.17)

» Winning Task Executors’ Satisfaction ( TES™)): It is defined as the ratio of the total
number of successful trades to the total number of non zero positive asks of the winning
task executors.

7

| N ask‘

o

TES™) = (5.18)

where, 4% = {TE/|TE] € #,TE; € &,}

* Total Utility of Winning Executors (TU EW)): It is the sum of the utilities of all the

winning task executors.

TUE™ = ¥ U (5.19)
TEkGE

* Total Utility of Winning Providers ( TUP™): 1t is the sum of the utilities of all the
winning task providers.

Tup™ = Y ul (5.20)

1
TPEZ,

Comparison with other incentive mechanisms

Now, the performance of TATA is evaluated and compared with two other auction based
incentive mechanisms IMRAL [71] and LBS [63] with respect to Winning Task Providers’
Satisfaction ( TPS™), Wlnnlng Task Executors’ Satisfaction ( TES™), Total Utility of Win-
ning Executors (TUE )) and Total Utility of Winning Providers (TUPW ) To perform the
experiments, the total number of participating TEs and T Ps are varied from 100 to 1000
and 20 to 200, and then performance is evaluated for each setting. Note that, in this exper-
iment, the bids of T Ps are normalized between the interval Dlj € (0, 1], the asks of TEs are
uniformly distributed over Ai € (0,1}, Nyyax = 5 and |R| = 100.

Fig. 5.10 (a) and (b) show normalized TPS™) of three incentive mechanisms- TATA,
IMRAL [71] and LBS [63] for different settings. In the case of Fig. 5.10 (a), n is fixed to 200
and 100 <7 < 1000. On the other hand, in Fig. 5.10 (b), ¢ is fixed to 1000 and 20 < n < 200.
As shown in Fig. 5.10 (a), for all the mechanisms, the normalized T PS () increases with
the increase of the number of task executors (f). TATA achieves relatively high TPS™), it
is because, with the increase of the number of TEs, the number of winning bids increases
(i.e. |7 7 | increases) for the fixed set of need vectors of TPs. Now, in Fig. 5.10 (b), with

the increase of the number of T Ps, the normalized TPS () decreases. It is because, with the
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FIGURE 5.10: Task Providers’ satisfaction when (a) number of task executors increases and (b) num-

ber of providers increases. Task Executors’ satisfaction when (c) number of task executors increases
and (d) number of providers increases.

increase of n, the number of winning 7 Ps i.e. |%,| increases. But,

&,y| remains the same
and it will limit the total number of successful trades |.#7 |.

In Fig. 5.10 (c) and (d) the normalized TES () of TATA, IMRAL and LBS are presented.
Fig. 5.10 (c) shows that as the number of task executors (¢) increases, the normalized TES™)
decreases. This is because, with the increase of ¢ the number of winning TEs (i.e. |E,])
increases. But, |#2,,| doesn’t change much and as a result this will limit the total number of
successful trades |7 |. On the other hand, as shown in Fig. 5.10 (d), the normalized TES ()
increases with the increase of the number of task providers n. Here, with the increase of n,
| 2,,| and |.#7 | increases. This helps TATA to achieve high TES™) value when 7 increases.
Clearly, TATA dominates over IMRAL and LBS in terms of normalized TES (),

Fig. 5.11 (a) and (b) compare the normalized TUE () among TATA, IMRAL and LBS
for different settings. It is observed that TATA has a sharp surge in TUE ™) in both Fig. 5.11
(a) and (b). The reasons are as follows. In Fig. 5.11 (a), ¢ is varied from 100 to 1000 while n
is fixed to 200. In this case, more new asks with low values win in the auction as ¢ increases.
Eventually, the TUE (") value increases. In Fig. 5.11 (b), n is varied from 20 to 200 while
t is fixed to 1000. In this case, as n increases, the asks Ai < Ay that are not yet allocated,
will have a chance to be allocated. Eventually, in this case also the TUE (") value increases.
Similarly, in Fig. 5.11 (c¢) and (d), normalized TU P™) increases in both the cases. In both
the figures as ¢ or n increases, the number of successful trades increases. Eventually, there is
an increase in the TUP™) value. In both cases, there is no mechanism that clearly dominates
over others in terms of TUP(™).

We have also explored how executor elimination helps executors achieve more utility.
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FIGURE 5.11: Total utility of task executors when (a) number of task executors increases and (b)
number of providers increases. Total utility of task providers when (c) number of task executors
increases and (d) number of task providers increases.

To accomplish this, we determined TATA’s total utility when the executor elimination in the
candidate trade determination phase was disregarded. In order to find the total utility of TEs
without executor elimination in the candidate trade determination phase, we do the following:
We choose the task executors at random based on needs mentioned in the need matrix if the
task provider wins more task executors than it requires. Fig. 5.12 shows the comparison
result of total utility of task executor for TATA and TATA w/o EE (TATA with out executor
elimination). Specifically, TUE (") of TATA and TATA w/o EE are compared in Fig. 5.12(a)
by varying the number of TEs when the the number of TPs is fixed at 200. On the other
hand, Fig. 5.12(b) compares TUE () of TATA and TATA w/o EE by varying number of TPs
while keeping the number of TEs constant at 1000. It is observed that task executors achieve
greater utility in TATA than in TATA w/o EE in both cases.

Finally, a theoretical comparison among TATA, IMRAL, and LBS is provided in Table
5.7.

Impact of ¢ and N,,,, on auction outcome

In the candidate trade determination phase (Algorithm 2) of TATA, candidate trades are se-
lected based on ¢ — th ask value (i.e. Ay) of the ordered list .4’ of all T E's’ non-zero positive
asks. Let us consider, .4, contains TE,{ € 4 such that Ai < 0. Also, consider, .#~ contains
TPl-j € ./ such that Dlj > Ay. The cardinalities of .44 and .#~ depend on the value of ¢.
Intuitively, as the value of ¢ increases, |44 | increases, but |.#~| decreases. On the other
hand, if the value of ¢ decreases, |-#;| decreases, but |.#~| increases. From Fig. 5.3, it is

clear that these two sets affect the outcome of TATA. Fig. 5.13 reveals the impact of ¢ on the
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FIGURE 5.12: Comparison of total utility of task executor for TATA and TATA w/o EE (TATA with
out executor elimination) when (a) number of task executors increases and (b) number of providers
increases.

TABLE 5.7: Comparison among IMRAL, LBS and TATA (for same dataset)

Basis of comparison

IMRAL [71]

LBS [63]

TATA

Truthfulness

TPs™)

TES™)

Normalized TUE™)

Normalized TUP™)

Computation time
Individual rationality

Budget balance

Holds truthfulness for task
executors.

Achieves high TPS™) than LBS

TES™) is higher than LBS but
lower than TATA

TUE™) is higher than LBS but
lower than TATA

TUP™) is almost same for all
the methods

O(cnlogn)
Holds individual rationality property

Holds budget balance property

Doesn’t hold truthfulness

TPS™) of LBS is lower compared
to IMRAL and TATA

TES™) is less than both IMRAL
and TATA

TUE™) is lower compared to
both IMRAL and TATA

TUP™) is almost same for all
the methods

O(Ln’cloge)
Holds individual rationality property

Holds budget balance property

Holds truthfulness for both task
executors and providers

TATA achieves high T PS' () than
both IMRAL and LBS

TES™) is more than both IMRAL
and LBS

TUE™) is more than both IMRAL
and LBS

TUP™) is almost same for all
the methods

O(n’t +nt?)
Holds individual rationality property

Holds budget balance property

n : Total number of task providers; ¢ : Total number of task executors; ¢ : Total number of
tasks; € : a constant term; TPS™) : Winning task providers’ satisfaction; TES ) Winning
task executors satisfaction; TUE ™) : Total utility of winning executors; TU P™) : Total utility
of winning providers.

number of successful trades, total utility of TE's, and total utility of 7' Ps with different N,
values.

Fig. 5.13 (a) shows the plot of the number of successful trades (.~) for different values
of ¢ with 100 TPs and 100 TEs. The variation in the number of successful trades depend
on the effect of ¢ on the size of .43 and .Z. When the value of ¢ becomes small or large,
the size of .44 or .#~ becomes small. Eventually, the number of successful trades (-*7)
becomes small. The interesting thing is that as N,,,, increases, the peak value of the number
of successful trades also increases. It is very obvious, as a high value of N, leads to less
number of candidate task elimination by TATA-STD() and eventually results in high |75
value. Now, Fig. 5.13 (b) and Fig. 5.13 (c) show the impact of ¢ on the total utility of TE's
and the total utility of 7' Ps respectively. Both Fig. 5.13 (b) and Fig. 5.13 (c¢) display a similar
trend as in Fig. 5.13 (a). It is because, the total utility of 7TEs and the total utility of 7Ps

are proportional to |75

. Based on the observations in Fig. 5.13 (a)-(c), it is found that the
optimal value of ¢ that achieves the best performance is located around ¢ = [(r+1)/2]
where r = |#”'|. That’s why the value of ¢ is selected as ¢ = [(r+ 1) /2] in the experiment.
This value of ¢ is shown by dotted vertical lines in Fig. 5.13 (a)-(c).
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FIGURE 5.13: The impact of ¢ and N, on the outcome of TATA. (a) Number of successful trades
vs ¢ (b) Total utility of task executors vs ¢ (c) Total utility of task providers vs ¢. The dotted vertical
lines indicate the optimal value of ¢ at which the best performance of TATA is achieved.

5.6 Summary

In this chapter, a double auction based incentive mechanism called TATA (Truthful Dou-
ble Auction for Task Allocation) is proposed for participatory sensing based systems. It
consists of three major stages, namely candidate trade determination, successful trade deter-
mination and price calculation. TATA can efficiently allocate the task executors to the task
providers for performing their sensing tasks. TATA holds certain desirable properties like
truthfulness, budget balance, computational efficiency, individual rationality, etc for both
task executors and task providers. Rigorous proofs of these desirable properties of TATA are
provided and also verified with extensive simulation results. The results also indicate that
TATA posses high Winning Task Providers’ Satisfaction (T PS )y, Winning Task Executors’
Satisfaction (TES(W)), Total Utility of Winning Executors (TUE (W)), and Total Utility of
Winning Providers (TUP(™)).

Note that in Chapters 4 and 5, we addressed privacy and incentive-related issues and
challenges in participatory sensing. Having resolved those concerns, we are now ready to in-
vestigate issues (refer to Section 1.2) pertaining to the predictive analysis of spatio-temporal
variability in urban dynamics. In the next chapter, we focus to a specific urban dynamic-noise
pollution-where we conduct predictive analysis of spatio-temporal variability. We aim to de-
velop techniques capable of addressing diverse scenarios in spatial data analysis, including

sparse datasets, high accuracy, better response time, etc for participatory sensing data.

Publication(s) related to this Chapter:

* Al Middya, and S. Roy, 2024. Truthful double auction based incentive mechanism
for participatory sensing systems. Peer-to-Peer Networking and Applications. (DOI:
https://doi.org/10.1007/s12083-024-01681-3



103

Chapter 6

Predictive Modeling and Spatio-
temporal Analysis of Environment
Data

6.1 Introduction

Spatial distributions of data of natural phenomena can be estimated at high granularity by
designing efficient spatial interpolation techniques. These methods can be applied to evaluate
a variety of urban dynamics. For example, they can be used to create urban noise pollution
monitoring applications that can accurately describe the high granular variability of urban
noise pollution levels in any region of interest, allowing for more effective and informed
decision-making. Here, our goal is to leverage spatial interpolation techniques to create
dynamic (i.e., time and space-varying) noise maps as a service using an loT-cloud-based
framework. Making noise maps is a useful tool for evaluating and visualizing urban noise
pollution.

Noise pollution today has become a major problem that may cause serious health threats
like hearing loss [214], increasing stress levels [215], behavioral and mental disorders [216],
hypertension [217], sleep disorders [218], heart disease [219] and many more [220] [221].
It also affects the behavior and habitat of animals. According to a recent report released
by WHO (World Health Organization), there is a piece of strong evidence that noise is one
of the top environmental hazards to both physical and mental health and well-being [222].
Another report from EEA (European Environment Agency) has revealed that environmental
noise results in more than 16600 premature death in Europe every year, with approximately
13 million adults suffering from sleep disturbance and a further 32 million annoyed by it.
Almost 15% population (26 million people) of the U.S.A may have suffered from NIPTS
(noise-induced permanent threshold shift) which is a permanent reduction in hearing acuity
due to excessive exposure to workplace or leisure noise [223]. Now, according to the directive
2002/49/EC [224], city noise maps are the key resource for analyzing and decision making
in the development of action plans to reduce urban noise pollution levels. Here, a city noise
map is a geospatial representation of noise pollution level distribution in a city for a particular

time interval.
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Noise pollution monitoring is generally not an easy task to completely and accurately
determine the urban noise pollution in a large region. Traditionally, noise assessment in any
region is usually performed using a few noise monitoring stations that are sparsely spread
over different locations (e.g. near streets, railway stations, hospitals, airports, residential and
commercial areas) of a city. In noise pollution monitoring the noise mapping can be cast as a
modelling task (e.g. emission and propagation models [225] [226]). The sparse monitoring
stations’ data are mainly used to validate the mapping results. Also, there is little existing lit-
erature that involves noise mapping techniques for interpolating between noise measurements
in urban noise measurement networks [227] [228]. Although the traditional method of noise
pollution data collection provides more accurate measurements, it suffers from some limita-
tions. Firstly, using sparse spatio-temporal data, traditional noise mapping models don’t help
us to create a spatially continuous noise map of high spatial and temporal resolution [82] for
a large area like a city. Secondly, it is hard to monitor and assess unusual local or short-term
noise pollution. Thirdly, the traditional approach for noise pollution monitoring is costly due
to the need for human expertise, expensive equipment, periodic maintenance of equipment,

and effort required to monitor noise pollution.

6.1.1 Objective

To overcome the limitations mentioned above, we intend to use a relatively new paradigm
of sensing known as participatory sensing. Specifically, the main objective of this chapter
is to come up with an end-to-end participatory sensing system that can provide a high gran-
ular and spatially continuous noise map as a service to the users. This high granular and
spatially continuous noise map will make it easier to monitor environmental noise in urban
areas. It can also enhance citizens’ awareness of environmental noise pollution, and help in
developing mitigation plans to tackle the adverse effect of environmental noise pollution.

Low-cost IoT devices like smartphones generate low-quality data. In other words, smart-
phone measurements of ambient noise levels may not produce true values. In order to produce
true noise levels, our another objective is to develop IoT device specific proper calibration
mechanisms. Moreover, in participatory sensing data may be generated from different sens-
ing contexts (e.g. the phone is in hand, in pocket/bag or an active phone call is going on,
etc.). The ambient noise measurements using this approach may not provide accurate val-
ues due to inappropriate sensing context (e.g. when the phone is in pocket/bag). Hence, we
aim at exploring proper context-aware data cleaning technique to remove the measurements
collected from inappropriate sensing contexts.

Finally, the process of collecting participatory sensing data depends on the mobility pat-
tern of the participants, and certain regions may experience a lack of data leading to a spa-
tially sparse dataset. A sparse dataset makes it difficult to estimate urban noise at high spatial
granularity. Note that the spatial missing values in the participatory sensing based data also
prevent us to achieve high accuracy. Moreover, a huge noise pollution dataset can make
predictive analysis computationally expensive and slow. This may significantly affect the
response time if the predictive models are deployed in an end-to-end framework to provide

noise maps as a service to the users. Eventually, our additional objectives are to design
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efficient techniques that can address scenarios like sparse datasets, high accuracy, better

response time in order to analyze, generate, and visualize a dynamic noise map.

6.1.2 Contribution

Our key contributions are summarized as follows:

* An end-to-end IoT-cloud based framework is introduced that enables the users to get

spatially continuous noise map as a service based on their query.

* A device specific calibration mechanism is developed. Additionally, a classification
algorithm is developed that detects the sensing contexts (whether the phone is in the
pocket or in hand) so that noise data collected during inappropriate sensing contexts

can be removed.

* We propose three methods (GLIDW, I-GLIDW, GLIDW-OK) for dynamic noise map
generation using spatial interpolation techniques based on participatory sensing data.
The results show that our proposed methods (I-GLIDW, GLIDW-OK) perform more
accurately compared to the baseline methods (IDW, OK) for participatory sensing
noise data.

6.2 Existing Works

This section provides a background study explaining existing literature related to participa-
tory sensing based monitoring of urban dynamics including urban noise pollution mapping.
A detailed comparison of the existing works related to participatory sensing based monitor-
ing of urban dynamics is provided in Table 6.1. This table compares the existing works in
terms of the contribution, sensors used, context-awareness, calibration, map generation, map
type, spatial interpolation, consideration of data sparsity, and end-to-end system behaviour.
Participatory sensing using IoT devices (e.g. smartphones) has recently been used as a
sensing method to explore a city’s various dynamics (e.g. pollution, human mobility, road
condition, etc.) at high spatiotemporal resolution [3, 10, 15,30]. The widespread adoption of
smartphones enables citizens to take part in producing urban noise pollution data. These ur-
ban noise pollution data can be then collectively used to offer various services to the citizens.
For instance, in [82], Maisonneuve et. al, present an approach called NoiseTube, for the
assessment of noise pollution using the data collected from users’ smartphone sensors like
GPS, microphones, etc. In other words, they use GPS-equipped mobile phones to measure
citizens’ exposure to noise in their daily life. They combine all the geotagged smartphone
measurements and create a Pol (Point of Interest) based map visualization of urban noise
pollution data. However, in this work, no data cleaning technique is implemented to elimi-
nate the measurements that are collected from the inappropriate sensing contexts (e.g. when
the phone is in a bag/pocket). Eventually, the urban noise map produced in NoiseTube may
suffer from erroneous data and may not reflect the actual reality. Also, the noise map cre-

ated here is not spatially continuous and therefore may not help efficient decision-making.
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Becker et. al. [229] developed a smartphone application called WideNoise, that can be used
to involve citizens in noise measuring activities. The application WideNoise is developed to
record both objective (noise samples) and subjective (opinions, feelings, etc.) data. Using
the data provided by smartphone users, the analysis of awareness and learning is performed
about current environmental issues. But, the authors mainly focused on presenting a rigor-
ous analysis of participatory sensing based urban noise data, rather than high granular urban
noise mapping. In [191], Rana et. al. show the use of different interpolation and regular-
ization methods to reconstruct the environmental noise pollution map from incomplete and
random noise samples collected using participatory data collection. However, they did not
make any attempt to calculate spatially continuous noise maps by estimating urban noise lev-
els at unsampled locations. In [104], an end-to-end system called NoiseSense is proposed for
urban noise monitoring and Pol (Point of Interest) based noise mapping. This work mainly
focused on the overall monitoring system. The authors didn’t use any interpolation technique
to calculate noise levels at missing locations. It is interesting to see that none of the existing
literature addresses the problem of data sparsity.

The noise pollution data that are collected using IoT based approach can be used by
spatial interpolation methods to generate spatially continuous noise pollution maps. More
specifically, spatial interpolation is the process of using the values at observed locations to
predict the values at other unknown locations in geographic space. The rationale behind
spatial interpolation is the assumption that everything is related to everything else, but near
things are more related than distant things in space (Tobler’s Law of Geography [89]). In
literature, there are several methods available for spatial interpolation [86]. Among them, the
two popular methods are Inverse Distance Weighting (IDW) [133] and Kriging [88] which

are frequently used in the field of environmental science.

6.2.1 Inverse distance weighting method

Inverse distance weighting (IDW) [133] method is one of the simplest and widely used spatial
interpolation methods. It is based on an assumption that the value at any unmeasured location
can be predicted as a weighted average of measured values surrounding the prediction loca-
tion. It assigns greater weights to the points that are closer to the prediction location than the
points that are far away. The general form to calculate the predicted value u at an unknown
point x based on sample u; = u(x;) for i = 1,2,...,N using IDW is given as follows [133]:

i 1

—U;

—= d(x,x;)P

&, if d(x,x;) # 0 for all i

u(x) . N 1 (6 l)

pu— Z - )

& d(x,x;)P
u;, otherwise

\

where, x denotes prediction point (interpolated point), x; is a known point (interpolating
point), d(x,x;) is the distance from the interpolating point x; to the interpolated point x, N is

the total number of known points used in interpolation and p is the power parameter.
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TABLE 6.1: A detailed comparison of the existing works related to participatory sensing based mon-
itoring of urban dynamics.

City Reference Contribution Sensors Context-aware Calibration Map gen- Map Spatial Consideration End-to-End
Dynamics & year used data cleaning eration  type interpolation of data sparsity  System
Yabe et. al. [33], Predicts irregular move-
2016 ment of humans after the ~ GPS X X 3 x x X X
mid-level disasters.
Guet. al. [12] Predict venue(s) visited
2017 by citizens from the GPS ~ GPS X X X x X X X
trajectory.
Human Tokuda et. al. [35], Generate spatiotemporal GPS,
mobility 2020 pedestrian density map Camera X X SNCM  STA X X X
using street-level images.
Bhatt et. al. [230], Develop a system for GPS,
2017 detection and mapping of  Acc, X X SNCM  STA X X v
potholes. Gyro
Road Hassan et. al. [231],  Low-Cost Road Main- GPS,
condition 2019 tenance and road Acc x x SNCM  STA x X x
condition mapping.
Gupta et. al. [13], estimate the transverse GPS
2020 slope profile of road Acc, X X X X X X X
segments. Gyro
Hasenfratz et. al [27], Develop a smartphone GPS,
2012 based system for air Ozone X v SNCM  STA X X X
pollution monitoring. sensor
Air Dutta et. al [7], Propose a system for GPS,
pollution 2017 crowdsensing based air MQ-135, X X SNCM  STA X X v
pollution monitoring. HC-05
Middya et. al [18], Propose a unified frame- GPS,
2020 work for urban sensing MQ-135, X X SCM STA v X v
systems. HC-05
Maisonneuve et. al Assessment of noise pollu- GPS, mic-
[82], 2009 tion with mobile phones rophone x v SNCM  STA * x v
Becker et. al. [229], The behaviour of people GPS, mic-
2013 engaged in noise sensing  rophone X x SNCM  STA x X X
are analysed.
Noise Ranaet. al [191], Reconstruction of noise GPS, mic-
pollution 2015 map from incomplete and  crophone, v v SNCM  STA X X v
random noise samples. Acc., Ptx.
Zamora et. al [232], Evaluate the impact of GPS, mic-
2017 various algorithms for crophone X v SNCM  STA X X X
noise computation.
Dutta et. al [104], Real time monitoring of GPS, mic-
2017 urban noise pollution crophone X v SNCM  STA X X v
using MCS.
Marques et. al [233], Real time monitoring of GPS, mic-
2019 urban noise pollution crophone X X SNCM  STA X X v

using MCS.

v': The requirement has been met, x : The requirement has not been met, Acc : Accelerometer sensor, Gyro: Gyroscope sensor, SCM: Spatially Continuous Mapping,
SNCM: Spatially Non-Continuous Mapping, STA: Static Map.

6.2.2

Kriging

Kriging is a frequently applied geostatistical method for spatial interpolation. There is a large

body of literature describing the kriging method [88] [86] [234]. Kriging first measures the

spatial correlation by measuring the semivariance, based on the assumption that the distance

between interpolating points reflects a spatial correlation. We can better capture the variation

in the surface with the aid of this spatial correlation. We can then model the similarity of

observation points as a function of distance or lag using a semivariogram, which is a plot of

semivariance as a function of distance or lag. Specifically, a semivariogram allows measuring

the degree of similarity among the observation points separated by a given distance. The
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semivariogram can be computed from sample points by using Eq. 6.2 as given below [86].

=
=

)
y(h) = 2N](h) ,- 1{z(xl-) —z2(xi+h)}? (6.2)

Here, (h) is the estimated semivariance at a distance &, and z(x;) and z(x; + &) denote values
at x; and x; + h that are separated spatially by distance 4. The number of pairs of sample
points that are spatially separated by the distance % is denoted by the term N (k). Now, the
next step in kriging is to fit a model to the empirical semivariogram such that semivariances
can be obtained at all possible separation distances (i.e. lags). There are popular models (like
Spherical, Exponential, Gaussian, Linear, etc) that are given in kriging literature [235]. After
the model is fitted to the empirical semivariogram, it can be used to calculate the weights A;
that minimize the variance in the prediction. The following formula can now be used to make

an estimation. [236]:

k
2(x0) —p = le,-[z(x,-) — 1(x0)] (6.3)

i=
where, u is called stationary mean which is calculated as the average of the whole dataset
[237], A; is kriging weight, k and (xo) are the total numbers of observation points and the
mean of the observation points within the search neighborhood. Many kriging variations can
be found in kriging literature [235]; some traditional techniques include Ordinary Kriging
(OK), Simple Kriging (SK), and Universal Kriging (UK). In the case of ordinary kriging, Eq.
6.3 is modified by replacing 1 with a local mean pt(xo) which is the mean of the observation
points within the search neighborhood [238] [239]. On the other hand, in the case of simple
kriging, Eq. 6.3 is modified by replacing f1(xo) with the stationary mean p. In other words,
stationary mean U is assumed to be constant over the whole domain. Universal kriging (UK)
is an extension of Ordinary Kriging that takes into account the spatial variability in z values

as well as the spatial correlation between sample points.

In the context of noise map generation, we have proposed three spatial interpolation tech-
niques that are inspired from IDW and OK to address diverse scenarios like sparse dataset,

high accuracy, better response time, etc.

6.3 Problem statement

Given aset of users U = {User,Users,...,User,} and a set of noise samples S = {s1,52,...,5n}
collected from those users’ smartphones, where, any noise sample s; should be in the form
as given in Section 6.4.1. Suppose, S,; € S is a the set of samples within a given time in-
terval T,,, = [tp,tq], where 7, and ¢, are start and end of the time interval. Let us consider,
G=1{g1,82,-...8xk} is a set of grid cells. Our objective is to come up with efficient technique

(or techniques) that utilize the samples in S, to find a set of grid cells” urban noise values

Népred) _ {Nl(pred),Nz(pred)

high accuracy, better response time, etc., where

yeen ,N,Ep red)} by addressing diverse scenarios like sparse dataset,

Ni(p "ed) is the predicted noise value of grid

cell g; € G. Additionally, our aim is to create a noise map for the given interval 7),, using
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TABLE 6.2: Notation

Symbols  Description

d(x,x;) Euclidean distance between points x; and x
4 Power parameter of IDW
7(h) Estimated semivariance at a separation distance i
N(h) Number of pairs of sample points separated by distance &
Z;i Observed value at point i
Leg Equivalent continuous sound level
sm Smartphone model name
si Smartphone state information
&Mi(Leq)  Calibration offset of noise reading L4 in smartphone
model sm;
L;q Noise level after adding calibration offset & to L,
accy x-axis data of accelerometer reading
accy y-axis data of accelerometer reading
acc; z-axis data of accelerometer reading
n The dimension of each grid cell
S Sample data
G Set of all grid cells having size n x n
gi i grid cell
R Radius that is considered for computing weight
m; Midpoint of grid cell g;
N((;p red) Predicted noise values for all grid cells in G
Ny, Number of nearest neighbour required to calculate a grid cell’s noise
NN; A set of sample points that are within radius R from the midpoint m;
R Radius for iterative computation in I-GLIDW
Grpy A predefined threshold for I-GLIDW
%4 Set of variogram models

those predicted noise values and serve this to the users for visualizing and assessing noise

pollution based on their query.

6.4 Proposed Approach

6.4.1 Participatory sensing based framework

Fig. 6.1 provides an overview of the framework of our participatory based noise map genera-
tion technique, which consists of three parts: sensing and data collection, pre-processing, and
service. Noise levels are measured on the smartphones and then transmitted to the server. The
server combines spatio-temporal participatory sensing noise measurements collected from
different participants. Note that, combining ambient noise data from different users is re-
quired because the noise readings are not available for all spatial and temporal resolution for

a particular user.

Sensing and data collection

The sensing and data collection required participants to first install our application Nois-
eSense [104] for Android. As shown in the leftmost portion of Fig. 6.1, using that An-

droid application, we measure spatio-temporal noise data (see Section 6.4.2) and trajectories
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FIGURE 6.1: Participatory sensing based framework

(sequence of GPS coordinates) for participants. The measured noise level and GPS loca-
tion (latitude and longitude) are further tagged with some other sensor values like 3-axis
accelerometer, proximity sensor values for context-aware (such as whether the phone is in
hand or in pocket/bag) data cleaning (see Section 6.4.3). Using the NoiseSense application,
data samples get recorded at an interval of every 5 seconds in the format < user_id, sm, si,
lat, Ingt, ts, Loy, accy, accy, acc,, prx > and are uploaded to a database. Here, user_id is
the unique user identifier; sm denotes smartphone model name; si is the state information
(whether an active phone call in progress or idle) of the phone; lat and /ngt are latitude and
longitude of the sampling location respectively; zs is the time stamp value; L., is the recorded
noise level; accy, accy and acc; are three axis accelerometer values; and prx is the proximity
value. An important thing is to be noted that users can share all the above mentioned sensors

data anonymously in order to preserve their privacy.

Pre-processing

In the pre-processing stage, the dataset is first split into four parts. The 1st part contains 3-
axis accelerometer and proximity sensor values for context classification (see Section 6.4.3)
to identify noise sensing contexts i.e whether the phone was in hand or pocket during data
collection. This is necessary to decide whether the noise samples are accurate or not. The
2nd part contains GPS coordinates (latitude and longitude). We convert the GPS coordinates
to MGRS (Military Grid Reference System) grid index (see Section 6.4.4). The 3rd part
contains the smartphone model name (sm), recorded noise levels (L.,) and state information
(si). We have discussed in the later part (see Section 6.5.2) of this chapter, the calibration
offset may vary from phone to phone and also under different sound levels. We only cal-
culate calibration offset for those sm and L, pair for which si = idle. In other words, we
are calculating calibration offset for those noise samples that are recorded while there was
no phone call in progress. The 4th part contains only the timestamps and we keep this un-
changed. After all pre-processing, we reconstruct the original dataset in such a way that we
keep only those noise samples with modified noise levels (i.e. L., + of fset), MGRS grid
index and timestamps for which context is “in hand” and si = idle.
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Noise map as a Service

Based on the reconstructed dataset we can come up with noise map of the Region Of Interest
(ROI) using our proposed spatial interpolation algorithms. Before creating a noise map we
divide the ROI into grid cells. Then based on users’ query (for example, a user may be in-
terested to view the evening session’s noise map of a particular region) any of our proposed
algorithms (GLIDW, I-GLIDW, GLIDW-OK) can be used to produce a noise map. We dis-
cuss later in the result section that the predictive accuracy and response time of a method
depend on the data sparsity level of a dataset. Depending on how sparse the dataset is we
choose an appropriate method for noise map generation (see Section 6.5.4). We use GLIDW
if the dataset is dense. On the other hand, we prefer to use I-GLIDW and GLIDW-OK when

the data sparsity levels of the dataset are medium and high respectively.

6.4.2 Urban noise level measurement

It is quite common to measure urban noise levels (or sound levels) as equivalent continuous
sound level (L,). Usually, sound pressure levels fluctuate over time. L.,, which is measured
in decibel (dB), is used to represent sound pressure levels that fluctuate over a time interval
by taking into account the total sound energy over the time interval. In other words, L.,
would result in the same effects as the varying sound levels over a given time interval. The
equivalent continuous sound level (L) is calculated using the following equation [138]:

1 2
Leg = 10log, [t —l‘/z (;”) dt] 6.4)

Here, t; and , are the start and end of the time interval respectively, p; is the acquired sound

pressure of the sound signal and p, is reference sound pressure level (typically 20 ttPa). This
noise value (L.,) may not be the true value, we need to add an offset & which is calculated
by calibrating the smartphone against a standard device (e.g. Sound Level Meter). Hence,

the modified noise value is determined as follows:

Lyy=Leg+& (6.5)

Later, in Section 6.5.2, we explain how to calculate the value of &.

6.4.3 Context aware data cleaning

Note that, not all noise samples give accurate noise measurements. The noise sensing con-
texts (for example, whether the phone is in the user’s hand or pocket) determine whether
the noise samples are accurate. We discard those noise samples that are recorded in sensing
contexts that provide inaccurate noise measurements. Some examples of such sensing con-
texts that provide inaccurate noise measurements are: (i) an active phone call in progress, (ii)

phone is kept in pocket, etc.



112 Chapter 6. Predictive Modeling and Spatio- temporal Analysis of Environment Data

It may happen that the noise levels are recorded while there is an active phone call in
progress. Hence, we need to correctly identify this scenario and eliminate the noise values
that are recorded during that time. In order to do that, we also record the state information
of the phone (idle or active call in progress) along with the ambient noise value. We only
keep those data records for which the phone is in the idle state (i.e. no active phone call in
progress) and remove others.

The accuracy of the ambient noise data that are collected using the smartphones also
depends on the sensing contexts like whether the smartphone is carried in hand or pocket.
Usually, noise samples give accurate noise measurements when the smartphone is carried
by hand. On the other hand, noise samples give inaccurate noise measurements when the
smartphone is kept in the pocket. Hence, we need to correctly identify these two scenarios
to eliminate the noise values that are recorded while the phone was in the pocket and keep
those noise values that are recorded while the phone was in hand. We use a classification
algorithm to identify these two contexts. We examine the feasibility of using the sensor data
from accelerometer, gyroscope, light sensor, and the proximity sensor as features for classi-
fication. We appoint 5 subjects to record the readings using smartphone sensors. Each of the
subjects is given two identical smartphones each keeping in a different sensing context (i.e.
each subject is carrying one smartphone in hand and the other in pocket). Each subject is
asked to collect 30 minutes of data. After analyzing the sensor data we decide to exclude the
gyroscope and light sensor as their values are not significantly different in the two sensing
contexts. We decide to use the accelerometer and the proximity sensor values for the purpose
of classification. We represent normalized mean total acceleration and proximity sensor val-
ues for different subjects in different context in Fig. 6.2. Here, the mean total acceleration
is calculated using the following equation (Eq 6.6). Here, a,;, a,; and a;; are X, y and z axis

data of the i accelerometer reading respectively.

n

=Y f(aaP 4 () + (aa)? (6.6)

=1

We use Naive Bayes algorithm for context classification. We choose Naive Bayes as it can
not only predict with fair accuracy (81%) but also easy to interpret and lightweight compared
to other effective machine learning algorithms like support vector classification. Since it is

not the main focus of our work, we do not pay much attention on improving the accuracy.

6.4.4 GPS to MGRS Convertion

For analyzing the participatory sensing based noise data, the Military Grid Reference Sys-
tem (MGRS) [240] is used. MGRS provides a way to represent the surface of the Earth into
squares of small grid cells. In this work, we convert the GPS coordinates of noise samples
into MGRS grid cells of 1m?. The major motives for approximating GPS with the small
square areas are as follows: Firstly, it is not feasible to infer the noise value for each and ev-
ery possible GPS coordinate due to the large number of such coordinates. Secondly, the stan-
dards for noise pollution monitoring advised to measure the pollution levels in such square

areas [241]. We can use the MGRS grid reference system without making any changes. But,
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FIGURE 6.2: Normalized mean total acceleration and proximity sensor behavior for hand and pocket
contexts for five different subjects

in the case of other reference systems like Universal Transverse Mercator (UTM), Universal
Polar Stereographic (UPS) [242] etc some modifications might be required. Now, one thing
to be noted here is, the dimension of the grid cell for the proposed methods (namely GLIDW,
I-GLIDW and GLIDW-OK) may not be the same as the MGRS grid dimension. For instance,
using parameter selection (see Section 6.5.3) it is found that if prediction grid cell’s dimen-
sion n = 100 meter then the prediction accuracy is maximum. In other words, each of the

prediction grid cells is of size 10* square meters.

6.4.5 GLIDW

The first approach that we propose is an MGRS based local spatial interpolation technique,
called Grid based Local Inverse Distance Weighting (GLIDW). GLIDW predicts grid noise
locally using a method that is inspired from the concept of Inverse Distance Weighted (IDW)
interpolation. Recall from Section 6.4.4 that we develop grid based noise prediction, because
predicting noise for every GPS coordinate is impractical.

Algorithm 1 describes the procedure of GLIDW. The inputs to this algorithm are sample
noise data S, radius R, a threshold N7y, the dimension of each grid cell n, and a time interval
Tpq = [tp.t,). Initially, we divide the study area into grid cells having dimension n x n. We
create a set G that contains all such grid cells. Next, a subset S,, C S of samples is created
for which the sampling times are within the time interval 7,,, = [t,,#,], where ,, and 1, are the
start and end of the time interval. From line 6 - line 10, we calculate distances d(m;, p;) of
the sampling location p; of sample s; € S, from the midpoint m; of grid cell g; and come up
with a set D of all those distances. In line 11, we construct a set NN; of sample points that
are within radius R from the midpoint m;. Next, in line 12, we check whether |NN;| is greater
than or equal to some predefined threshold Nyy,. If |[NN;| > Ny, we consider only Nz, nearest
neighbors for predicting grid cell’s noise value. Later, in the result section (see Section 6.5.3)
we will see the optimal value of Ny; such that we can calculate noise efficiently. From line
15 - line 22, we calculate the weights of Ny, closest sample points. Next, we predict noise
value of grid cell g; in line 23. But, if the condition mentioned in line 12 is not satisfied, then
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it indicates that there are an insufficient number of sample points to predict the grid cell’s

noise value correctly, and eventually we put NULL as the noise value in line 25. At the end,

the algorithm returns G along with the predicted noise values N((;p red),

Algorithm 6 GLIDW( S, R, Ny, n,T))

Input: Sample data S, Radius R, Number of neighbours N7y, Dimension of each grid cell n, Time interval T,.
N(pred)
G

Output: Set of grid cells G, Grid cells’ noise values
1: Create a set of grid cells G having dimension n X n;

2: Nép red) 0; Spq < samples of S having time interval T,q = [t5,14]
3: for each grid cell g; € G do
4: m; <— mid point of grid cell g;;
5: D!+ 0;
6: for each sample s; € Spq,m; # p; do
7: /p is sampling location of sample s ;
8: d(m;, pj) <+ distance between m; and sample point p;;
9: D:l (—D?U{d(mi,pj)};
10: end for

11: NNi:{plj| d(mi,p;j) <R ,d(mj,p;) € D};
12: if |NN,‘ > N7j, then

13: Sort the sample points p/ € NN; in order to create an ordered list L; = (p!', p*,..., pf iy such that
dlmi,p3) < d(mi ) < e S Al i )
14: Create aset L; = {p/* | p/* € L , k < Np,}:
15: for each neighbour p/* € L; do
16: if d(m;,p]*) < 1 then
17: w{k =1;
18: else
20: end if )
21: noise[p!*] < noise value of sample p’*;
22: end for ) )
Y wl xnoise[p]]

23: NP = pi‘eL; : :

Z wi'

pler;

24: else
25: NP = NULL;
26: end if
77 N((;pred) :N((;pred) U N[(pred);
28: end for

29: return (G,Népred));

Algorithm GLIDW runs in time O(|G|n,log(n;)) where, ng and |G| are the total number
of sample points and the total number of grid cells respectively. The outer for loop (line 3-
line 28) iterates over O(|G|) times. For each iteration of the outer loop, the for loop of line
6-line 10 iterates over O(ny) times. Moreover, for each iteration of the outer loop, if the
condition at line 12 is satisfied, then NN; can contain n; sample points in the worst case, and
eventually sorting at line 13 can be performed in O(nslog(n,)) time in this case. The next
for loop (line 15-line 22) iterates over O(NTh) time, where, Ny, is a user defined threshold
(in our case we set N7, = 10). So overall time complexity is O(|G|(ns + Nunslog(ns))) ~
O(|G|nslog(ng)). On the other hand, the space complexity of GLIDW is O(|G| + ny). Set
G contains all the grid cells which require O(|G|) spaces. To store the distances between a

particular midpoint and the sample points we require O(n;) space (line 9). In the worst case,
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NN; takes O(ny) space (line 11). The set L;- in line 14 takes O(N7,) space. The set Nép red)
takes O(|G|) space as it needs to store the predicted noise values of |G| grid cells. The
remaining variables take O(1) spaces. So, overall space complexity is O(|G| + ny + Ngy,) ~
O(|G| + ny).

The main advantages of GLIDW are that it is simple to implement and it has a low
computational time (i.e. low execution time). Note that, low execution time leads to better
response time (execution time + communication time) if the method is deployed in the end-
to-end framework (see Section 6.4.1). Despite these advantages, GLIDW suffers from some
limitations. Firstly, it is sensitive to the missing values. In other words, it is unable to predict
grid cell’s noise if the grid cell does not contain sufficient samples. Hence, in the case of a
sparse dataset (i.e. dataset having missing values), if the data sparsity level (Definition 4) is
high, then it usually leads to many grid cells to remain unpredicted. Secondly, it is a local
method for predicting noise and there is no direct way to predict noise value of a grid cell that
has an insufficient number of samples. This may severely affect the performance of GLIDW
and eventually, high accuracy may not always be achieved. Next, we propose two different
methods (I-GLIDW and GLIDW-OK) in order to overcome the above-mentioned limitations
regarding the sparse dataset and accuracy. Each of these two methods has its own advantages

and disadvantages.

Definition 4 (Data sparsity level) The data sparsity level § of a dataset can be defined as

follows:

G|
0= |1-— x 100% (6.7)
|G|
where, G) s the set of grid cells containing noise samples and G is the set of all grid cells.
For example, if data sparsity level of a dataset 6 = x%, then it means x% of the grid cells

having missing values.

6.4.6 I-GLIDW

I-GLIDW (Iterative GLIDW) is an iterative form of GLIDW that is proposed to overcome
the limitations of GLIDW. In this method of interpolation, the local effect of grid cells are
propagated to neighbouring grid cells in an iterative manner as described in Algorithm 2.
The inputs to I-GLIDW are sample noise data, radius for GLIDW, radius for I-GLIDW,
threshold Grj, and the dimension of each grid cell. The first step of this method is to com-
pute the grid cells’ noise that has a sufficient number of samples using GLIDW. In the first
iteration, for each grid cell g; € G, if the noise value of that cell is not predicted yet (line 10),
then we calculate the fraction 1) of neighbouring grid cells having already predicted noise
values within radius R’ (line 12). Next, we check whether 7 is greater than or equal to some
predefined threshold Gz, If so, we compute weights w{ for each neighbour g; € GN;, where
GN; is a set of all nearest neighbours of grid cell g; having already predicted noise values.
Based on the weights wl’ and corresponding noise value Nj(-p "ed) of each grid cell g; € GN;,

we compute the predicted noise value Nl.(p ed) of gi (line 18). But, if 1 is less than Grj, we
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Algorithm 7 I-GLIDW(S, R, Ngj, n, R, Grp, Tpg)

Input: Sample data S, Radius R for GLIDW, Number of neighbours Ny;, for GLIDW, Dimension of each grid
cell n x n, Radius R’ for iterative computation, Threshold Gy, Time interval Tpyy.
N((;pred)

Output: Set of grid cells G, Grid cells’ noise value
: (G, NY™)Y « GLIDW(S, R, Ny, n, Tpy);

Ju—

2: GN, I(J,Otal) <+ Total number of neighbours within R’';

3: C=|G;

4: while C # 0 do

5:  if |G| —C # 0 then

6: C=|G|;

7: end if

8: for each grid cell g; € G do

9: C+C—-1;
10: if N7"“Y) == NULL then
11: Construct a set GN; = {g; | Nj(-pred) #NULL ,i# j,d(mimj) <R'};
12: n= GLVGTI,\‘QJ‘”;
13: if > Gy then
14 Néprezl) _ N((;pred) \ {Ni(pred)};
15: for each neighbour g; € GN; do
16: w{ = |:d(m},mj) — %];
17: end for )

W{ % N}pred)
18: Ni(pred) _ 8/€GN; : .
Y W
g,€GN;

19: Népred) _ N((;pred) U {]vi(pred)};
20: else
21: NP — NULL
22: C+CH1,;
23: end if
24: end if
25: end for

26: end while
27: return (G,Ni(pred));

assign predicted noise value Nl-(p 7ed) as NULL (line 21). If, at the end of an iteration all the
grid noise values are not computed (line 4), then we go into the next iteration along with the
noise values computed in the previous iteration. This process is continued until all the grid
cells’ noise values are computed. The main objective of this approach is to propagate grid
cell’s noise to its neighbours.

Algorithm I-GLIDW runs in time O(|G|(nslog(ny) +1 .GNI(JMI))). Let us consider the
while loop iterates over / times. The for loop of line 8 iterates over O(|G|) times and
the for loop at line 15 iterates over O(GN,(;OMI)) times in worst case. Hence, overall time
complexity = Complexity due to GLIDW (line 1) + O(I|G|GN (t,mal)) ~ O(|G|nslog(ns)) +

o1 |G|GN1(;0W)) ~ O(|G|(nslog(ng) +1 .GNI(;OMI))). On the other hand, there can be max-

imum of GN, Igl,mal)

neighbours in GN;. Hence, it requires O(GNI(;OMZ)) space in worst case.
Remaining variables take O(1) spaces. Therefore, the overall space complexity of this algo-
rithm is = space required for GLIDW + O(GNIgt,OMZ)) ~ O(|G| +ny+ GN (t,mal))

Fig. 6.3 shows the process of I-GLIDW. In Fig. 6.3(a) we predict the noise of those grid

cells that have a sufficient number of noise samples. Fig. 6.3(b) shows a particular grid cell
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with noise samples. We compute the grid cell’s noise if it has a sufficient number of noise
samples using GLIDW. Here, R = % X Length of diagonal = % XV2Xn= % is the radius
for GLIDW, and we consider only those noise samples that are within the radius. Fig. 6.3(c)
and (d) show a single iteration of I-GLIDW to compute noise values from already predicted
grid cells’ noise. As shown in Fig. 6.3(d), the total number of neighbours (i.e. neighbouring

(total

grid cells’ midpoints) within radius R is 8 (i.e. GN, ) = 8), as the figure indicates the

value of R = v/2 x n, where n is the grid cell’s dimengon. We can generalize this as follows.
Suppose there exist N number of grid cells in the row and M number of grid cells in the
column within any user defined R, then the value of GNI(;MI) will be N x M — 1. It should be
noted that the threshold value is assumed to be G, = m
calculate all the missing grid cells’ values in I-GLIDW even in the worst case (i.e when the

This assumption allows us to

data sparsity is maximum). A large number of iterations may be required to predict all the
grid cells’ noise for a sparse dataset. Note that although I-GLIDW can handle the problem
related to the sparse dataset, a very high data sparsity level can affect its predictive accuracy
(see Section 6.5.4).

. .

(©) @

FIGURE 6.3: Process of I-GLIDW (a) Prediction of grid cells’ noise having a sufficient number of
noise samples. Small dots represent sample points. The samples within each circle are responsible
to find the noise value of the grid cell within that circle (b) A particular grid cell is zoomed in. dB;
are the known noise values at sample points (square dots) having distances d; for i = {1,2,3,4,5}
from the midpoint (circular dot) of the grid cell. (c) First iteration of I-GLIDW (d) Prediction of an
unpredicted grid cell’s noise using already predicted neighbors (shaded grid cells) in an iteration

6.4.7 GLIDW-OK

This method is based on both GLIDW and Ordinary Kriging (OK) methodologies. The main
idea behind this method is to analyze the study area in both local and global views of the grid.
Initially, we analyze grid cells locally by inferring the noise based on the sample data local to
the grid cells (in our case, we are considering sample points within a predefined radius from
the midpoints of the grid cells). On the other hand, when we are analyzing the grid globally,

it means multiple grid cells (already predicted) are taking part in inferring the noise value of
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an unpredicted grid cell. For local analysis, we apply GLIDW and eventually compute those
grid cells’ noise value which has a sufficient amount of sample data. The result of GLIDW is
then used as input for the Ordinary Kriging (OK) method. For global analysis, the ordinary
kriging method is used to predict grid cells’ noise values that are not predicted yet.
Algorithm 3 describes the procedure of GLIDW-OK. Initially, we call GLIDW (line 1)
to compute the grid cells’ noise values that have a sufficient number of sample data points.
Next, we are creating an experimental semivariogram using already predicted noise values.

The experimental semivariogram is calculated using Eq. 6.8.

1(h) = 2Nl(h) Y (zi-2z))? (6.8)

N(h)

Where, h is specified lag distance, z; and z; are two points that are separated spatially by
h. The term N(h) is the total number of points that are separated by the distance h. The
semivariogram is the sum of squared differences between values separated by a distance /.
After that, we are choosing a model that is the best fit for the experimental semivariogram.
Next, we use the Ordinary Kriging method to predict the remaining grid cells’ urban noise
value by using already predicted noise and selected semivariogram model.

Standard ordinary kriging at line 4 takes O(|G|n?) time and O(|G|n?) space [243]. So,
overall time required for GLIDW-OK is = time required for GLIDW (line 1) + O(|G|n}) ~
O(|G|n?). On the other hand, the overall space required for GLIDW-OK is = space required
for GLIDW (line 1) + O(|G|n2) =~ O(|G|n?).

Algorithm 8 GLIDW-OK(S, R, Nyj,, n, V™, T, )
Input: Sample data S, Radius R for GLIDW, Number of neighbours Ny, for GLIDW, Di-

mension of each grid cell n x n, V™ is the set of variogram models, Time interval T),,.
N(pred')
¢ .

Output: Set of grid cells G, Grid cells’ noise value
1 (GNL™D) « GLIDW(S, R, Niy, 1, Tyy)
2: Generate Semivariogram of data set using equation 7.
3: model < Modelling(V'™).

: (G, Népred’)) = Ordinary_Kriging(G, Népred),model)

5: return (G, Népred/));

~

6.4.8 Performance metrics

We use 10-fold cross validation [244] method in order to validate the simulation accuracy for
comparing the performance of our proposed spatial interpolation methods with some base-
lines (e.g. IDW, OK). Some common statistical measures like mean absolute error (MAE),
relative mean absolute error (RMAE), mean relative error (MRE), root mean squared errors
(RMSE) are used to evaluate spatial prediction accuracy and model simulation effect. MAE,
RMAE, MRE, RMSE are defined as follows:

k
MAE = ¥ Jz(s) ~ £(x)] 69)
i=1
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LG Jeln) —2()|
RMAE = %i; SR (6.10)
1 k
MRE = i Y lz(xi) —2(xi) /2 (%) (6.11)
i=1
1 SO
RMSE = %;{z(x,-)—z(x,-)} (6.12)

Where, k represents the total number of samples in the validation set, z(x;) and Z(x;) repre-
sent the measured and predicted noise values respectively. MAE, RMAE, MRE, and RMSE
are used to assess the prediction accuracy of interpolation methods. Smaller values of MAE,
RMAE, MRE, and RMSE represent greater accuracy in the prediction result. We also mea-
sure the relative improvement (RI) of our proposed spatial noise prediction models with re-
spect to the baselines (e.g. IDW, OK). For a given model M; relative improvement (RI) of
RMSE with respect to another model M; can be calculated using Eq 6.13.

Ry(RMSE) _ RMSEMi — RMSEM:
Mi/M; RMSEM;

(6.13)

where, RUSEM: and RMSEM; are RMSE values of model M; and M; respectively. If RMSE™M:
is smaller than RMSEMi, the RI will be positive, which indicates M; is a better model than
M;.

6.5 Experiment and results

In this section, we discuss our study area and the data collection, calibration, parameter and
model selection and at the end, we present the results and comparison. In this study, all the
experiments are performed on a 64-bit Windows PC with 3.30 GHz Intel(R) Xeon(R) CPU
E3-1226 v3 processor and 64 GigaByte of RAM.

6.5.1 Study Area and Data Collection

The study was conducted in the Jadavpur area which is extended between 22°48'91"N —
22°50'70"N latitude and 88°36'76"E — 88°40'07"E longitude covering an area of 7 km?
which is a part of city Kolkata. The region is densely populated, with different land use/land
cover. Fig. 6.4 shows the study area. A total of 26 participants having diverse demographic
characteristics (e.g. occupation, age, gender, etc.) are dedicatedly involved in the data collec-
tion process for a period of 2 years (June 2017-June 2019). Here, all the 26 participants (=
35% female and ~ 65% male) are asked to collect the noise pollution data within the above-
mentioned study area with GPS-enabled smartphones. All the participants live in the city of
Kolkata, India. The demographic data of these participants are presented in Fig. 6.5. Over
half of the participants (= 65%) are undergraduate (UG) and postgraduate (PG) students,
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approximately 13% of them are employees, and the rest of the others (= 25%) are research
scholars. Moreover, approximately 13% of the participants have age less than 20 years, 70%
of the participants have age between 20 to 30 years, and 17% of the participants have age

greater than 30 years.
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FIGURE 6.4: Map of our study area. This map is created using QGIS. The study area is part of city
Kolkata, India. Here, Easting and Northing are East-West and North-South positions respectively of
MGRS coordinate value.
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FIGURE 6.5: Demographic data of participants.

The data collection required participants to install our application NoiseSense [104] for
Android. In the NoiseSense application, data gets recorded at an interval of 5 seconds in a
database in the format < user_id, sm, si, lat, Ingt, ts, L4, accy, accy, acc;, prx >. The user
interface of the application NoiseSense for logging ambient noise data is shown in Fig. 6.7
(a). Any smartphone which is calibrated with the standard sound level meter (SLM) can be
used for data collection at any point of time. Although, in the experiment, we have used the
same set of smartphones for the entire data collection process. Here, the noise pollution data
samples are mainly collected at three different sessions (Morning Session (MS), Afternoon
Session (AS), and Evening Session (ES)) of different days. We consider MS, AS, and ES as
the time intervals [9:00AM-11:00AM], [3:00PM-5:00PM], and [6:00PM-8:00PM] respec-
tively. Here, our main motive behind selecting those time intervals for data collection is to
generate noise pollution maps for the rush hours in the city. After context-aware data clean-
ing (see Section 6.4.3), there are a total of 93,786 data samples present in the participatory

sensing based noise pollution dataset. Fig. 6.6 depicts the spatial distribution of sampling



6.5. Experiment and results

121

Morning Session (MS) Afternoon Session (AS)

Evening Session (ES)

500

1000 1500 m

0 500

1000 1500 m 0

‘Ananda Pally

Bidhanpally

Shaldigarh Yy

‘Ananda Pally

0 500
—

1000 1500 m
_——

Data of two-year period (June 2017 - June 2019)

0 500 1000

Bidhanpally

-Shaktigarh
Ananda Pally

1500 m

foynagar

Weekdays (

Weekends

S

0 500 1000 1500 m

Shaktigarh Ngeffta
Ananda Pally

0

500

1000 1500 m

FIGURE 6.6: Spatial distribution of the sampling locations in the study area for the morning ses-
sion (MS), afternoon session (AS), evening session (ES), data collected over the two-year period,
weekdays, and weekends. Different colors in the map indicate sampling locations corresponding to

different participants.
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FIGURE 6.8: The details of the soatio-temporal data and the approach for evaluation of the spatial
noise mapping techniques.

locations in the study area. Note that the data sparsity levels (&) for MS, AS, and ES sessions
are 5.1%, 6.2%, and 4.9% respectively. Whereas, combining all sessions’ data reduces the
sparsity levels to 2.3%. For ground truth data collection we use standard noise measuring
devices like Amprobe SM10 [245] and Mextech SL-4012 sound level meter [246]. In this
work, the participants carry both standard device (for ground truth data) and smartphones
(for participatory sensing data) during data collection, they collect ground truth data in the
same locations where data are collected using smartphones.

The data that are collected using ground truth devices are used to validate the proposed
predictive models. The details of the spatio-temporal aspects of the data along with our
approach for the evaluation of spatial noise mapping are illustrated using Fig. 6.8. Note that
we have used 10-fold cross validation (CV) for the evaluation. As shown in Fig. 6.8, for
each iteration of the CV, the data from the spatial locations for model building (i.e., training
purpose) and validation (i.e., testing purpose) are disjoint sets. Hence, the ground truth data
in the test set (to which the predicted values are compared) are in different spatial locations
from those data that are used for the model building. The noise values are predicted on
the test locations after the model is built, and then the predicted values are compared to the

ground truths at those locations (i.e., test locations) to measure the metric.

6.5.2 Calibration

As we have discussed in Section 6.4.2, we need to estimate the calibration offset & in order
to correctly measure L,,. Calibration is necessary, it is because, without good calibration,

the smartphone sensors may produce data that are inaccurate. Now, to calculate calibration
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offset £, we measure and compare the readings from SLM (Sound Level Meter) and differ-
ent smartphones under different sound levels. For example, the scatter plot for SLM readings
and their corresponding readings of smartphones are shown in Fig. 6.9 for three smartphone
models (Google Pixel, Moto Z2 Play and Panasonic Eluga). Moreover, we use linear regres-
sion (least squares fitting technique) to show that there exists a linear relationship between
smartphone noise level measurements and true noise levels (i.e. SLM readings). For different
smartphone models, we find different linear models and calculate the metrics of goodness of
fit to show the quality of linear fittings. These linear models and their goodness of fit for
some smartphone models are shown in Table 6.3. Suppose, for any smartphone model sm;,
the linear model is given by Eq. 6.14, where x is the smartphone noise reading. Now, for
any noise reading L., in a smartphone model sm;, the corresponding calibration offset is cal-
culated by Eq. 6.15. We observe that for different smartphone models, the calibration offset

not only varies from phone to phone but also may vary under different sound levels.

f(x) = prx+pa (6.14)

&M (Leg) = f™ (Leg) — Leg (6.15)

TABLE 6.3: Linear Models and Quality of Linear Regression

Smartphone Linear Model Quality of Linear Regression
Device [f(x) = p1x+ p2] [Goodness of fit]

P1 2 SSE R? Adjusted R RMSE
Moto Z2 Play 1.073 20.52 1004  0.9653 0.9651 2.845
Panasonic Eluga 1.225 -1.89 1059  0.9397 0.9391 3.27
Google Pixel 1.023 26.55 756.2 09713 09711 247
Lenovo K3 Note | 0.969 11.61 760 0.9595 0.9592 2.571
Lava Pixel v3 0.9412 13.88 101.8  0.9843 0.9841 1.302
Redmi 3S Prime 1.013 18.99 338.4  0.9693 0.9688 2.395
Galaxy J7 Nxt 0.9448 16.46 321.7  0.9755 0.9752 2.83
Galaxy J7 Prime | 1.0396 15.74 216.1 09715 0.9713 2.55

6.5.3 Parameters and model selection

Two parameters Ny;, and n of GLIDW need to be known in order to predict noise within a
grid locally. We change the values of the threshold N7y, as well as the dimension of the grid
cell n to find an optimal combination of them, so that this optimizes our prediction accuracy.
Fig. 6.10 shows the RMSE values for different settings of Ny;, and n. It can be seen that, if n
is in range 50 ~ 80 meters and N7y, is around 10, then the lowest RMSE is achieved, but the
problem is, a small cell dimension like 50 ~ 80 meters, will cause few noise samples within

a grid cell which leads to many grid cells to remain unpredicted. It should be noted that,
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FIGURE 6.9: Scatter plots of SLM readings and cottesponding smartphone readings for three different

smartphomes (a) Google Pixel (b) Moto Z2 Play (c) Panasonic Eluga. A regression line (red line)

shows linear relationship between smartphone noise level measurements and true noise levels. The
difference between regression line (red line) and ideal line (cyan) gives calibration offset &.

if n is in the range 80 ~ 100 meters and N7y, is around 10, then also we have got a decent
result. In our work, we have taken n = 100 (i.e. 100 x 100 grid cells) and N7;, = 10. Note
that the value of radius R in GLIDW depends on the cell dimension n. As shown in Fig.
6.3(b), the value of R is half the length of the diagonal of a grid cell. Hence, in this case,
R= % x Length of diagonal = % XV2XxXn= % = %. It is also important to note that the
parameter selection here is performed based on the whole dataset.

For GLIDW-OK, Fig. 6.11 shows the fitting of different models to the semivariogram
generated from the sample data. We select the spherical model which is the best fit compared
to other models like exponential model, linear model, etc. The parameters of the model are:
nugget variance (C,)= 12.354196 , sill (C)= 77.422 and range (a)= 8.633. Hence, the fitted

model is as follows:

3h 1 h 3
h) =12.354196 4 77.422 — =X (=—= 6.16
v(h) + 8 <17.266 2% (5633 > (6.16)
In the case of the baseline IDW, the best value of the power parameter p is found out by
testing IDW with different values of p. Note that p = 2 is selected as it provides the best
performance. On the other hand, spherical variogram is used as a variogram model in case
of the baseline OK as it is found to be the best fit model as compared to other models like

exponential model, linear model, etc.

6.5.4 Results

Each of the three methods (GLIDW, I-GLIDW, and GLIDW-OK) that we have proposed
produces a fairly different noise pollution map on participatory sensing data of our study
area. As shown in Fig. 6.12, GLIDW produces a noise map of our study area which is based
on afternoon session data (3:00 PM-5:00 PM). The figure reflects that a lot of grid cells
remain unpredicted by GLIDW. Recall from Section 6.4.5, this is one of the limitations of
GLIDW. Fig. 6.13, shows the noise maps produced at different iterations (total 15 iterations,
I1-115) by I-GLIDW. Two limitations of I-GLIDW can be identified clearly from this figure
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FIGURE 6.14: Noise map produced by method GLIDW-OK

(Fig. 6.13). We can see at the bottom left portion of the noise map of iteration /;, there is an
area with high noise values (deep red) surrounded by unpredicted grid cells having missing
values. As iterations go on, noise values of those unpredicted grid cells become predicted
by I-GLIDW. If we carefully see different iterations, I-GLIDW propagates the initial noise
values (i.e. the deep red portion) to the unpredicted grid cells. This is the first limitation of
I-GLIDW. Moreover, we can see, to generate the final noise map, I-GLIDW takes too many
iterations (in this case 15, it can be even more for a different distribution of sample points),
which increases its computational cost. Now, Fig. 6.14 shows the noise map produced by
GLIDW-OK on the same data set. Later, we evaluate these methods in terms of different

performance metrics.

Performance Comparison with baselines

We compare our proposed spatial interpolation methods with two baselines. The first one is
Inverse Distance Weighting (IDW) [133] and the second one is Ordinary Kriging (OK) [235].
The cross-validation results of noise levels estimation using GLIDW, I-GLIDW, GLIDW-
OK, IDW, and OK are shown in Table 6.4. The results show that there is not a single method
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TABLE 6.4: Performance comparison with baselines
Session Methods Quality of Models

MAE RMAE MRE RMSE

GLIDW 8.1094 0.1099 73.1977 9.6156

I-GLIDW 6.1134 0.1059 72.4287 7.3737

MS GLIDW-OK  5.8477 0.1028 72.4512 7.1441
(9:00AM-11:00AM) IDW 6.4452 0.1063 72.4171 7.8882
OK 6.0316 0.1053 72.8635 7.2423

GLIDW 6.9134 0.0992 70.5698 8.4805

I-GLIDW 5.9648 0.0921 66.9346 7.4226

AS GLIDW-OK  6.3137 0.0935 66.9213 7.8568
(3:00PM-5:00PM) IDW 6.3707 0.0956 66.9404 8.4793
OK 6.3353 0.0943 66.9923 7.9312
GLIDW 9.5457 0.143 75.4855 10.6806

I-GLIDW 5.1884 0.0792 72.8963 6.9227

ES GLIDW-OK  6.3966 0.1019 72.9158 7.2958
(6:00PM-8:00PM) IDW 7.1925 0.1063 72.8644 8.9272
OK 6.5141 0.1043 72.4623 7.9513

MS: Morning Session; AS: Afternoon Session; ES: Evening Session; GLIDW: Grid Based Local Inverse Distance Weighting;
I-GLIDW: Iterative Inverse Distance Weighting; GLIDW-OK: Grid Based Local Inverse Distance Weighting- Ordinary
Kriging; IDW: Inverse Distance Weighting; OK: Ordinary Kriging
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FIGURE 6.15: Observation vs Prediction plots of different methods (GLIDW, I-GLIDW, GLIDW-OK,
IDW, OK) in different sessions (MS-Morning Session, AF-Afternoon Session, ES-Evening Session)
of a day
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that clearly dominates over other methods in terms of predictive accuracy (MAE, RMAE,
RME, RMSE) in all three sessions (e.g. Morning Session (MS), Afternoon Session (AS),
Evening Session (ES)) of a day. This is because datasets of different sessions may have
different data sparsity levels and the impact of data sparsity on the predictive accuracy of
different methods may not be the same (see Section 6.5.4). The highest error is obtained
with GLIDW, irrespective of the sessions. We have also shown the scatter plots (see Figure
6.15) of the original noise levels (observations) versus the predicted noise levels (estimates)
from GLIDW, I-GLIDW, GLIDW-OK, IDW, and OK in different sessions of a day. In all the
methods, the estimated mean noise (L) is almost similar to the observed mean noise (. )(i.e.
actual mean). We can also see, estimated standard deviation (oy) is smaller than the observed
standard deviation (o) (smoothness). Additionally, the correlation coefficients (p,,) between
observations (x) and estimates (y) are fairly good for both I-GLIDW and GLIDW-OK in all
three sessions. The method IDW smoothed out the prediction of noise levels at the most.
On the other hand, the smoothing effect of prediction is the least for I-GLIDW. It is also
important to note that, for each of the MS, AS, and ES rows of Fig. 6.15, the distribution
of observations for GLIDW is different from the rest of the other methods. It is because,
as discussed in Section 6.4.5, one of the major limitations of GLIDW is that, it is unable to
predict grid cells’ noise if the grid cells do not contain a sufficient number of noise samples.
In other words, if for any grid cell g;, the condition NN; < Nrj, holds true in Algorithm 1
then GLIDW returns NULL, where NN; is the number of nearest neighbour samples within
radius R. Hence, in the case of GLIDW, some of the predicted values could be NULL.
Whereas other methods (I-GLIDW, GLIDW-OK, IDW, OK) always come up with a non-
NULL predicted value. Now, Fig. 6.16 (a), (b), and (c) compare the execution time (7g)
and communication time (7;) of the proposed methods with the baselines by varying the
number of urban noise samples (n, =~ 4000, ny; ~ 8000, n, =~ 12000). Here, the execution
time Tr of OK is found to be maximum compared to the execution time of other approaches.
However, the communication time (7;) doesn’t vary significantly across the methods for the
same number of samples. We also show the relative improvement between each pair of
methods in the form of three heatmaps (see Fig. 6.17) one for each session (MS, AS, ES). We
can clearly see from Fig. 6.17 that, the relative improvements are fairly good for I-GLIDW
and GLIDW-OK.

The features of the spatial interpolation techniques that we have proposed may vary from
one technique to another. Hence, we provide a theoretical comparison among GLIDW, I-
GLIDW, GLIDW-OK, IDW and OK in Table 6.5.

Discussions and observations

The predictive accuracy of different methods depends on how sparse the dataset is [236].
To study the effectiveness of our proposed methods, the performance (in terms of RMSE
and response time) is computed under different data sparsity levels (Definition 4). More
specifically, it is necessary to explore how the predictive accuracy and response time of the
methods depend on the data sparsity levels of the sparse datasets. In order to perform the

experiment, sparse datasets with different data sparsity levels (6) must be created. For this
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TABLE 6.5: Features and Theoretical Comparison among IDW, OK, GLIDW, I-GLIDW and GLIDW-

OK
Basis of comparison  IDW [133] OK [86] [234] GLIDW I-GLIDW GLIDW-OK
Combined method
Type of Interpolation Deterministic Geostatistical Deterministic method Deterministic method (Deterministic + Geo-

Exact/Inexact®

Local/Global”

Convex/non-convex®

Limitation

Exact method

Local method

Convex method

If data samples
are sparse/uneven,
then it may not

Can be exact/inexact

Local method

Can be non-convex

The assessment of
error largely depends
on semivariogram, data

Exact method

Local method

Convex method

It is very sensitive to
missing values and
unable to predict all

Exact method

Local (can be
forced to be global)

Convex method

Number of iterations
can be very high

statistical)
Exact method

Local method

Can be non-convex

Sometimes the predicted
values are unrealistic,
when the data set is

works well sample distribution etc.  grid cells’ noise very sparse
Computation time O(Bn?) O(Bn?) O(|G|nglog(ns)) O(|G|(nslog(ny) +I4GN,(J,WM))) o(|G|n?)
Space requirement  O(Bny) 0(Bn?) O(|G| +ny) O(|G| +n, +GN1({,"’“”) 0(|G|n?)

Suitability

It works well
when data points
are sufficiently
dense

If enough data samples
are available to compute
semivariograms, then it
provides good results.

If sufficient sample
points are available
in each grid cell, then
it performs well

If spatial variation
in noise levels is
not abrupt, then

it works well.

It can handle sparse

as well as irregularly
spaced data samples
very well

n, : Total number of sample points; f3 : Total number of unknown locations for estimating noise; |G| : Total number of grid

radius R'.

cells; 7 : Number of iterations in I — GLIDW; |GN;| : Number of neighbors; GN, (total)

R

: Total number of neighbours within

¢ An Exact method predicts a value that is the same as the observed/known value at a sampled point. An inexact method
predicts a value that differs from its observed/known at a sampled point.

b A local method uses the samples within a search window to estimates an unknown value. A global method uses every known
point in the region of interest to estimate an unknown value.

¢ A convex method generate predicted values that lie somewhere in between the minimum and maximum of the
observed/known sample values. A non-convex method can generate predicted values that lie outside the range of minimum
and maximum of the observed/known sample values.

TABLE 6.6: Performance of methods under different data sparsity levels

Methods §=0% 5=10% §=20% & =30% 5 = 40% §=50% 8 =60% 8 =70% 5 =80%

Tk RMSE Tz RMSE Tz RMSE Tg RMSE 7z RMSE Tz RMSE Tz RMSE 7z RMSE Tz RMSE
GLIDW 2540 6.15 2330 14.68 19.62 1507 17.66 1528 1530 1544 1328 1562 1034 1586 8.6 1612 6.61 1623
I-GLIDW 2724 6.17 [2421 945 2380 1001 21.56 1113 17.75 1129 1514 1276 1291 1332 12.11 1417 1044 15.69
GLIDW-OK 81.34 6.15 72.88 10.65 63.04 10.86 5139 1134 39.15 11.61 3371 11.69 29.78 11.76 25.17 11.98 21.82 12:62
IDW 3532 6.87 3242 14.62 2744 1501 23.62 1523 2047 1553 1637 1566 13.59 1583 12.19 1622 10.64 16.49
OK 7775 669 7326 1208 6828 13.12 6275 1377 5135 14.03 4372 14.62 36.88 1511 29.44 1597 2339 1633

&: Data sparsity level; Tg: Response time (in seconds), which is the sum of method execution time 7z and communication time T¢-; RMSE: Root Mean Squared Error
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FIGURE 6.17: Relative Improvements between all possible pairs of methods in different sessions of
a day

purpose, first a sub-region is selected where each of the grid cells of the sub-region must
contain some noise samples. It should be noted that a sub-region of the above-mentioned type
is necessary to be selected for the data sparsity experiment instead of considering the whole
study area. It is because the study area already contains many grid cells having no noise
samples, hence the whole study area cannot be directly used to achieve the data sparsity
levels less than what it originally has. Now, the datasets with different & values (i.e. data
sparsity levels) can be created by randomly eliminating the girds with the noise samples from
that sub-region. For instance, a dataset with § = x% can be created by randomly eliminating
x% of the girds (along with the noise samples) from that sub-region. For the experiment, the
datasets are generated corresponding to 0%, 10%, 20%, 30%, 40%, 50%, 60%, 70%, and
80% data sparsity levels. Table 6.6 shows predictive accuracy (RMSE) and response time
(Tg) of our proposed methods under different data sparsity levels. From that table, we can
see, if 6 = 0% (i.e when all grid cells contain noise samples), GLIDW dominates over other
methods in terms of both accuracy and response time. So, if a dataset is very dense, we prefer
to use GLIDW to produce a noise map. When § is in range (10%,40%) I-GLIDW produces
a high accuracy noise map with a good response time. So, if data sparsity medium, we prefer
to use [-GLIDW. If data sparsity is high (6 > 40%), then GLIDW-OK dominates over other
methods in terms of predictive accuracy. Though, in this case, GLIDW-OK takes more time
to produce the noise map, we prefer to use this method as it provides much better accuracy
than other methods. In summary, from the performance evaluation of the methods with
respect to the three scenarios (sparse dataset, high accuracy, response time), it is confirmed
that the proposed methods dominate the baselines (IDW, OK). Now, it should be important to
mention how we measure RMSE for GLIDW where & is not zero in the above data sparsity
experiment. In the case of § > 0, there will be some grid cells having no noise samples. In
GLIDW, if there are no noise samples in a grid cell, then GLIDW unable to predict the noise
value for that grid cell and returns NULL. But, in order to calculate overall RMSE, we need
to have the predictions for all the grid cells. In GLIDW, to overcome this problem we replace
NULL values with the mean of the non-NULL predictions.
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6.6 Summary

In this chapter, an IoT-cloud based system is proposed that can provide a high granular and
spatially continuous noise pollution map as a service to the users. More specifically, we focus
on the IoT based approach that uses participatory sensing to generate dynamic noise maps
with the help of our proposed spatial interpolation techniques (GLIDW, I-GLIDW, GLIDW-
OK). The presented algorithms can handle a variety of scenarios, including sparse datasets,
high accuracy, faster response times, and so on. The IoT-cloud based end-to-end system re-
duces the overall cost of noise pollution monitoring and can aid citizens, policy makers and
city authorities with high granular noise maps. The high granular noise maps not only help
citizens to assess their individual exposure to ambient noise in their daily environment but
also allow them to keep track of noise pollution levels in their surroundings and eventually
help to improve awareness. In this work, proper calibration and context-aware data cleaning
techniques are designed and implemented as pre-processing techniques for the proposed par-
ticipatory sensing based noise map generation methods. Naive Bays classifier is employed
for context classification. The performances of the proposed techniques are evaluated using
participatory sensing data collected by participants over a period of 2 years (June 2017-June
2019) in the Jadavpur area of city Kolkata. The participants of diverse demographic charac-
teristics (e.g. occupation, age, gender, place of residence, etc.) take part in the data collection
process. We also compare the performance of these spatial interpolation methods for noise
map generation with two baseline methods namely inverse distance weighting (IDW) and
ordinary kriging (OK). The experimental results show that the proposed methods outperform
the baseline methods. The results also indicate that GLIDW performs well when the dataset
is very dense. On the other hand, I-GLIDW and GLIDW-OK dominate if data sparsity levels
are medium and high respectively. It is also observed that the Relative Improvements (RI)
of I-GLIDW and GLIDW-OK are always positive as compared to the baseline models. It is
also interesting to note that if we have spatially dense datasets, then GLIDW dominates over
other methods, and for such a scenario, I-GLIDW or GLIDW-OK is not needed. In this case,
GLIDW can be used as an independent and separate method, and it is not needed for GLIDW
to be acted as a preprocessing algorithm. However, if the dataset is sparse, only GLIDW is
not sufficient. In such cases, the algorithms like [-GLIDW and GLIDW-OK are required and
GLIDW is used as a preprocessing algorithm.

This chapter mainly explores the best performing models for a particular study area.
However, while a range of powerful models can be offered for distinct problem-specific con-
cerns for diverse urban dynamics, it has been revealed that no single optimal model can
outperform in all study areas. It is because there may exists spatio-temporal variations in
the target variables’ data. In this context, the next chapter intends to conduct a case study to
evaluate spatial and temporal heterogeneity in model performance. Specifically, we consider

the deep learning-based models for predicting COVID-19 health dynamics.
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Chapter 7

Mining Spatio-temporal Variation in
the Performance of the Models

7.1 Introduction

Spatio-temporal data analysis is becoming increasingly important due to the increasing avail-
ability of large scale data in various fields of research. Deep learning models have recently
been used in spatio-temporal predictive analysis in a variety of applications, including pol-
lution monitoring (e.g., particulate matter prediction), climate monitoring (e.g., precipitation
forecasting), public health monitoring (e.g., COVID-19 health outcome prediction), and so
on. However, due to the spato-temporal variations in the data of target variables, the mod-
els’ performance varies greatly both spatially and temporally. In the aforementioned context,
this chapter intends to study spatial and temporal heterogeneity in the effectiveness of deep
learning-based approaches for estimating COVID-19 health outcomes in India.

At the beginning of 2020, the world health organization announced the COVID-19 out-
break a public health emergency of global concern. So far, COVID-19 has been associated
with over 256 million confirmed cases and about 5.2 million fatalities globally. Many coun-
tries seek to protect their citizens’ health by imposing mitigation strategies including social
distancing, quarantines, travel restrictions, hard and soft locks, as well as postponing and
cancellations of activities. In this respect, numerous deep learning-based models for estimat-
ing COVID-19 health consequences have been developed in the existing literature to help
with healthcare resource management and mitigation planning. Specifically, precise predic-
tion could be useful in determining goals, guiding principles, and strategies for mitigating
potential COVID-19 consequences.

Previous deep learning-based investigations [98, 247-250] from around the world have
revealed a variety of high-performing techniques for anticipating COVID-19 health effects.
It is worth noting that the deep learning techniques can learn and extract features from raw
and imperfect data on their own. Specifically, these techniques could be helpful in a time
series forecasting scenario for automatically learning the temporal dependency from the
data. Moreover, advanced deep learning techniques, e.g., LSTM (long short-term mem-
ory) [180,181,251] and its variants, are highly capable in detecting patterns from input data
that span lengthy periods of time. These techniques can help to address the problem by re-

moving the requirement for extensive feature engineering activities, data scaling techniques,
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and differencing to make the data stationary. The classical timeseries forecasting methods
cannot perform well if there exist complex associations between the variables, noisy data,
missing data, and irregular temporal patterns in data. In other words, to perform success-
fully, classical timeseries forecasting methods often require clean and comprehensive data
sets. On the other hand, the deep learning based techniques are resistant to noise in the input

data, and can even learn and forecast in the existence of missing data.

7.1.1 Objective

Despite the fact that a number of powerful deep learning-based techniques are capable of
addressing a range of problem-specific challenges in various domains, it has been noticed
that there is no one optimal deep learning-based forecasting model that can outperform ev-
erywhere. This is because there is a wide variation exist in the COVID-19 health outcome
time-series. It is worth noting that the variation in COVID-19 health outcome time-series
depends on various risk factors that vary greatly across the geographical space. Moreover,
several literature [252,253] highlights that there exists a geographically varying nature of the
association between COVID-19 health outcomes and the complex risk factors. Hence, it is
expected that there should have some variation in the models’ performance. In the above-
mentioned context, the objective of this study is to explore the spatio-temporal variation in
the effectiveness of the deep learning based predictive methods for predicting covid-related
health outcomes.

There are several existing deep learning based forecasting methods for COVID-19 health
outcome forecasting. For instance, in [98], Mohimont et al. employed temporal CNN to
forecast various health outcomes, e.g., number of confirmed cases, deaths, etc. Chimmula
et al. [247] predicted the spread of COVID-19 in Canada by utilizing long short-term mem-
ory (LSTM) networks. Additionally, several earlier studies [248-250] investigate different
LSTM variations for covid-19 prognosis, including Bi-LSTM, Stacked LSTM, etc. To our
knowledge, none of the work that currently exists has examined spatio-temporal variation
in the performance of deep learning-based techniques. This study not only attempts to ex-
plore such spatio-temporal variation in the models’ performance but also aims to identify
spatial and temporal distribution of the methods for predicting covid-related health outcomes

in India.

7.1.2 Contribution

The major contributions of this work can be summarized in the following points.

e Explore spatio-temporal variability pattern in the performance of deep learning based
forecasting models (namely CNN, RNN, Vanilla LSTM, LSTM Autoencoder, and
Bidirectional LSTM) for predicting COVID-19 health outcomes in India.

e Thoroughly evaluate the performance of the methods based on various performance
indicators for COVID-19 mortality time-series data of 36 states and union territories

of India for various forecast horizons.
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e Finding spatial distribution of best-performing models for predicting Covid-19 mortal-

ity data for different temporal resolutions (e.g., one week, two weeks, etc).

7.2 Existing Works

This section discusses existing works that are primarily concerned with spatiotemporal data
modeling of COVID-19 health outcomes. Specifically, in the following paragraphs, we
present related works, their limitations/gaps, and how our work attempts to bridge the gaps.

Several previous works capture patterns of COVID-19 progression using mathematical,
machine learning, and deep learning techniques [254]. Kavouras et al. [255] studied the ef-
ficacy of employing deep learning techniques to properly model COVID-19 transmission.
However, they focuses on low-granular (country-level) data modelling and analysis over EU
(European Union) regions. Furthermore, they created models that can only predict COVID-
19 health outcomes on a daily basis (i.e., short forecast horizon). Nikparvar et al. [256]
conducted spatio-temporal forecasting of COVID-19 health outcomes in US counties. How-
ever, they solely utilized the vanilla LSTM and did not compare the performance of their
suggested model to more advanced deep learning models, such as other LSTM versions. The
authors of [257] performed real-time spatiotemporal prediction and monitoring of COVID-19
in Brazil by utilizing both geographical and time-dependent characteristics. Their approach
ultimately results in low predictive accuracy since it solely concentrates on shallow machine
learning-based techniques (such as random forests, support vector machines, etc.). Bhimala
et al. [258] used the meteorological parameter integrated deep learning technique to esti-
mate COVID-19 incidents for various states of India. However, they only consider a vanilla
LSTM model for relatively short forecast horizon. Conventional epidemiological methods
(e.g., the Susceptible-exposed-infectious-removed (SEIR) method and variations) [259-261]
have also been used to quantify viral dissemination and predict the influence of policy actions
on infection rates. However, these methods suffers from various shortcomings. For instance,
these methods are reliant on a large number of hypothesised input factors. Since SEIR meth-
ods are so sensitive to variations in these input factors, their predicted accuracy might suffer
significantly.

In contrast to earlier research, this study focused on data modelling to investigate if ad-
vanced deep learning models can better capture the spatiotemporal variability of COVID-19
health outcomes. Specifically, a variety of advanced deep learning models namely CNN,
RNN, Vanilla LSTM, LSTM Autoencoder, and Bidirectional LSTM are built to accurately
perform state-level high granular COVID-19 variability analysis in India. This research work
also focuses on developing models with a relatively longer forecast horizon (maximum fore-
cast horizon of 21 days, i.e., 3 weeks). Moreover, compared to the existing works, the ad-
vanced deep learning models are rigorously evaluated on multiple forecast horizons to verify
the models’ scalability.
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FIGURE 7.1: Overall framework for exploring spatio-temporal variability in the performance of deep
learning based approaches for estimating state-level COVID-19 mortality in India.

7.3 Problem statement

Suppose S = {S1,52,53,...,S,} is a set of states (=28) and union territories (=8) of India.
Given a total of n = 28 + 8 = 36 different COVID-19 death time-series datasets corre-
sponding to the states and union territories. Let, D; = {V;1,V;2,Vi3,...,Vim} denotes the
time series dataset of daily COVID-19 death count for §; € S. Here, V;; is the number of
COVID-19 deaths on j-th day in Sic(; 5. 36]- Suppose, M = {M|,Ma,...,M} is a set of
popular deep learning based time-series forecasting models that could be used for predicting
future values of COVID-19 health outcomes. The goal of this research work is to determine
the optimal set of forecasting models M (©) C M and a mapping between S and M ©), je.,
oc:{p:S,eSt—=>{qg:MyeM (©)}. More specifically, the objective is to find a state-wise
spatial mapping of optimal deep learning based methods for estimating the number of covid-
related deaths in India. Moreover, this study attempts to explore spatial variability in the

performance of the optimal forecasting models.

7.4 Proposed approach

Fig. 7.1 provides a detailed framework for exploring spatio-temporal variability in the perfor-
mance of deep learning based approaches for estimating state-level COVID-19 mortality in
India. This section demonstrates how state-level COVID-19 mortality time-series data is ac-
quired, preprocessed, batched, and subsequently utilized for model training and performance

evaluation.

Dataset description

On the basis of daily time-series data from India, location-specific optimal forecasting models
are found. The COVID-19 death time series data are collected for a total of 36 states and
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FIGURE 7.2: Spatial distribution of state-level COVID-19 death counts.

union territories of India. More specifically, 36 time-series datasets (one for each of the
states and the union territories) are constructed. The raw COVID-19 data are collected up to
November 01, 2021 from two sources namely (i) MOHFW website I (ii) COVID19INDIA
website?. COVID19INDIA is a crowd-sourcing project that documents COVID-19 data from
India’s states and union territories. Each of the 36 datasets contains about 576 days’ data
samples. Geographical distributions of state-level death counts are presented in Fig. 8.1.
More than 46% of the states report more than 10000 COVID-19 related death cases. The
state of Maharashtra is the most severely affected by COVID-19, with more than 140000
deaths.

Data pre-processing and batching

This section provides the details of the pre-processing of the raw time-series data and batch-
ing of the pre-processed data. The COVID-19 mortality time-series for each state and UTs
is smoothed with an exponential function to lessen the jaggedness of the curve. Eq. 7.1

provides the mathematical form of exponential the smoothing function.

Zk:5Xk+(1—5)Zk_1, k>0 (7.1)

where & represents the smoothing factor and & € (0,1). The raw COVID-19 mortality time
series data is denoted by {X; } starts at k = 0 and the smoothed output is represented as {Z; }.
Note that Eq. 7.1 considers that Zy = Xj.

The data are divided into train and test sets once it has been smoothed. The time-series

data cannot be shuffled since the order is determined by "timestamp’. As a result, the test set

Uhttps://www.mohfw. gov.in/
https://www.covid19india. org/
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is made up of the last 150 days of data, which constitutes around 25% of the whole dataset.
After that, we fit a standard scaler to the training data only, then use that scaler to standardise
both the training and test data. Standardization can be expressed mathematically in Eq. 7.2.

y="_" (7.2)

where, x denotes data point, X and o represent mean and standard deviation respectively.

Next, the time-series sequence data are converted into the supervised form which we
call the batching process. Let us consider, Seq = [v{,v2,v3,...,v,] is a sequence of data val-
ues found after standardizing the mortality time-series. The sequence of data can be split
into several input-output vectors, where n consecutive values are considered as an input
vector and next ¢ consecutive values are considered as an output vector (i.e., target vec-
tor). If the input and corresponding output vectors are denoted by x and t respectively, the
scaled data after batching can be represented as L = {(xi,t;), (x2,t2),..., (X, t;)}, where,
X; = [Vis Vit 1, Vit 2y« -+ Vn)s and t; = Vit 1, Va2, Vit 3, -, Vit | Note that, z=r— (n+1—1).
The details of the batching process are provided in Algorithm 1.

Algorithm 9 Batching (Seq, n, t)

Input: A sequence Seq of data values, input vector length n, output vector length ¢
Output: Set of input-output pairs L

1: L=20

2: S_len <— Number of elements in Seq

3. fori=1toSlen—(n+r—1) do

4. xend=i+n // End index of current input
5. tend=xend+1t+1 / / End index of current output
6. x; = Seqli: x_end] // i-th input vector

7. t;=Seq[x.end+1:tend] // i-th output vector

8: L:LU(X,',t,')

9: end for
10: return L

Deep learning models

This section discusses various deep learning models that are employed in predicting state-
level COVID-19 health outcomes in India. Spatial variation in the models’ performance

could then be used in finding the geographical distribution of best-performing models.
Convolutional neural network (CNN)

The CNN [262, 263] is usually used to extract features from two-dimensional data and is
commonly utilized for image processing. However, because of its ability to learn both local
and global characteristics from sequence data, CNNs are also used in several time-series ap-
plications. In this context, a one-dimensional CNN (1D-CNN) is employed for forecasting
COVID-19 health outcomes from COVID-19 mortality time-series data. CNN’s major fea-

ture learning layers are the convolutional and pooling layers. The following is the procedure
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(i.e., Eq. 7.3) for performing a 1D convolutional operation

m—1

(xxs5)[i] = ;)x[i—j] csim—1—j] (7.3)

where, x and s are the input vector and the kernel respectively; m is the kernel size. Across
the feature maps produced by the convolution layer, the pooling is utilized to decrease the

size of the feature map.
Recurrent neural network (RNN)

For sequence prediction tasks, RNNs [264] are the most often utilized neural network ar-
chitecture. RNN consists several RNN units. Elman developed the ERNN (Elman RNN)
cell, which is a type of base recurrent unit [265]. An ERNN cell could be mathematically
expressed using Eq. 7.4 and Eq. 7.5.

Jo=0(Ki-xi+Qi-Ji—1+Db;) (7.4)

z = tanh (Q, - J; +b,) (7.5)

where the input and output of the cell at ¢-th time step are x;, and z; respectively, J; indicates
hidden state. For the hidden state, Q; and K; represent the weight matrices, and b; represents
the bias vector. Similarly, Q, and b, are the cell output’s weight matrix and bias vector,
respectively. Here, o (-) represents the sigmoid function. Note that the present hidden state is
determined by the earlier time step’s hidden state as well as the present input. For the lengthy
sequences, the RNNs suffer from the exploding gradient and vanishing gradient issues. This

means that RNN will not be capable to carry long-range dependencies into the future.
Vanilla LSTM

Many variants of the basic RNN have been produced over time to overcome its flaws [264].
LSTM model, which is able to learn long-range dependencies, is possibly the most popular
branch of RNN. An LSTM cell has two states: the internal cell state and the hidden state,
which are different from the standard RNN cell. Eq. 7.6 - Eq. 7.12 describes an LSTM cell

mathematically

iy = G(Ki-x; + Qi -Ji—q +b1) (76)
0y =0 (Ko X+ Qo Ji1 +b0) (7.7)
ﬁ:G(Kf-x,—i—Qf-J,,l—i—bf) (7.8)

G, = tanh (K- x; + Q¢ - Ji—1 + be) (7.9)
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C=f0CGa+i606 (7.10)
J[ = 0t®tanh (C[) (711)
2= (7.12)

where cell state and hidden states at ¢-th time step are represented by C; and J;, C; denotes
candidate cell state. The input and output are x; and z; respectively. O, Qr, Q,, and Q; repre-
sent the weight matrices of the cell state, forget gate, output gate, and input gate respectively.
Similarly, the weight matrices related to the present input are represented by K., K¢, K,, and
K;. On the other hand, b, by, b,, and b; are bias vectors. The forget, output, and the input
gate vectors are denoted by i, o;, and f; respectively. The function o(-) denotes the sigmoid
activation. For time series forecasting, LSTM is one of the most commonly utilized models.

LSTM Autoencoder

An autoencoder (AE) [266] is a from of neural network architecture utilized to reduce di-
mensions and feature extraction. Specifically, an AE compresses the data to a smaller-
dimensional code, which they then use to rebuild the output. In general, it is made up of
two key parts such as an encoder and a decoder. Compressed representations are learnt by
the model during the encoding stage. On the other hand, the reconstructions of the outputs
from the compressed representation are performed in the decoding stage. The encoding and

decoding could be mathematically expressed using Eq. 7.13 and Eq. 7.14.

q(x) = g(Wix+b1) (7.13)

y = f(Waq(x) +b2) (7.14)

where, g(+) and f(-) are encoder and decoder functions respectively; x represents the input to
the encoder; y represents the output from the decoder; g(x) is the encoder’s output which is
also used as the input to the decoder; b and b, represents the bias vectors. The AE is trained
by minimizing the reconstruction error.

The LSTM autoencoder [248] is an AE in which the LSTM network serves as both the
encoder and the decoder components. The capability of LSTM to identify patterns in time

series data over extended periods makes them ideal for creating a forecasting model.
Bidirectional LSTM

Bidirectional LSTMs (Bi-LSTMs) [248] are a type of LSTM that considers both past and fu-
ture states in order to increase predictive performance. The Bi-LSTM is made up of two sepa-
rate LSTM networks, one processing the time-series data from right and the other processing
it from left. It can learn sequential input through both backward and forward directions us-

ing the LSTM architecture. The forecast result for the upcoming time step is generated by
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FIGURE 7.3: Model architecture for state-level COVID-19 death count forecasting models (a) CNN
(b) LSTM Autoencoder (¢) RNN (d) Vanilla LSTM (e) Bi-Directional LSTM.

combining the outcomes of both the backward and forward LSTM networks. In this work,
Bi-LSTM is found to be an effective technique for the future prediction of COVID-19 health

outcomes.

Implementation of deep learning models

This section discusses the details of problem-specific model architectures, training, hyper-
parameter tuning, etc.

Fig. 7.3 presents the architecture of the models used in this study to predict COVID-19
health outcomes at the state level in India. Fig. 7.3(a) presents the CNN-based model ar-
chitecture for prediction, which consists of two convolutional blocks (ConvB1 and ConvB2).
Each of the convolutional blocks has two Conv1D layers followed by a max pooling and a
dropout layer. For each Conv1D layer, number of filters (N¢) = 32 and kernel size (Sy) = 4
A pool size (Ps) of 2 and dropout rate (D;) of 0.2 are used for max pooling and the dropout
layers respectively. The output of ConvB?2 is flattened by the flatten layer which is followed
by two dense layers. In the first dense layer, the number of units (N,) is 48. On the other
hand, in the second dense layer, N, is the value of the forecast horizon (i.e., the number of
output steps). Fig. 7.3(b) presents the architecture of the LSTM auto-encoder. The encoder
part contains two LSTM layers (L; and L;) with 100 and 50 units respectively. Similarly,
the decoder part has two LSTM layers (L; and L;) with 50 and 100 units. There is a repeat
vector layer between the encoder and decoder parts. Finally, similar to CNN, there are two
dense layers with the same Ny values. The architecture of the RNN based predictive model
is presented in Fig. 7.3(c). It made up of an RNN layer followed by a dropout layer and two
Dense layers. Here, N, in the RNN layer and the dropout rate in the dropout layer are N,
= 80 and D; = 0.2 respectively. Fig. 7.3(d) presents the architecture of the vanilla LSTM.
It has a single LSTM layer with 100 units followed by a dropout layer (D, = 0.2) and two
dense layers. Finally, the bi-directional LSTM model’s architecture is shown in Fig. 7.3(e).
There are two bi-directional LSTM layers each with N, of 70. These layers are followed by
an LSTM layer (with N = 50), a dropout layer (D, = 0.2), and two dense layers.



142 Chapter 7. Mining Spatio-temporal Variation in the Performance of the Models

As previously stated, approximately 25% of the most recent COVID-19 mortality data is
included in the test set, while the remaining 75% is used for training purposes. When creating
learning models, hyper-parameter optimization is a critical step. The manual process of try-
ing random combinations takes a long time because identifying the set of optimal parameters
is a time-consuming procedure. To combat this, a parameter tuning technique known as grid-
search is applied to various sets of parameter values to identify optimal parameter settings.
In this work, model-specific parameter settings are identified by considering a search space
specific to the model. The parameters considered during model tuning are: learning rate,
batch size, kernel size, number of epochs, dropout rate, and number of units. The parameter
settings are found based on a validation set taken from the training data.

MSE (mean squared error), which is expressed in Eq. 7.15, is the loss function used for

the model training.

Yo (Ai—P)?

MSE =
N

(7.15)

where, A; and P; denote the actual and estimated death counts and N denotes the total number
of instances. The MSE loss is suggested over the MAE loss because the MAE derivative
remains constant whereas the MSE derivative reduces as the estimation approaches to the
target. MSE’s learning rate would slow down, whereas MAE’s would stay the same.

When training the predictive models, the Adam optimizer is considered. The Adam
optimizer could be expressed using the following set of equations (Eq. 7.16 - Eq. 7.19).

R Y
oy 7.16
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g =2 = (7.17)
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where, loss function is denoted by L; learning rate is denoted by ¥; the momentum is repre-
sented by g; sum of the squares of the previous gradient is denoted by u; §; and &, represent
the decay coefficients; the bias-corrected form of u, and ¢, are i, and g, respectively; g;

represents the weight at ¢-th step.
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7.5 Evaluation

7.5.1 Experimental setup

The numerical experiments are conducted under a Windows environment on a PC with 3.30
GHz Intel(R) Xeon(R) CPU E3-1226 v3 processor and 128 GB of RAM. Python3 is used
to implement all of the deep learning-based COVID-19 health outcome prediction models
and various analyses. The predictive models are developed using the following major Python
libraries: (i) numpy (version 1.19.5) (ii) pandas (version 1.1.5) (iii) keras (version 2.7.0)
(iv) sklearn (1.0.1). Moreover, for the visualization of spatial data, QGIS (Quantum GIS) is
utilized.

7.5.2 Evaluation metrics

Various evaluation metrics (namely mean absolute error, root mean squared error, and coef-
ficient of determination) are used to assess the effectiveness of the methods for predicting
COVID-19 mortality counts. The mathematical form of root mean squared error (RMSE),
mean absolute error (MAE), and coefficient of determination (R?) are expressed in Eq. 7.20,
Eq. 7.21, and Eq. 7.22 respectively.

T 2
RMSE = Z=1(OTE) (7.20)
1 T

MAE = —Y |0, — E; 7.21
T;\ | (7.21)

RSS
RP=1-——"" 7.22
TSS (7.22)

where, O; and E; are i-th observed and the predicted value, T is the total number of pre-
dictions, sum of squares of residuals is represented by RSS, and total sum of squares is

represented by TSS.

7.5.3 Spatial variability in the models’ performance

For different states and union territories, deep learning based forecasting techniques are
built using state-level COVID-19 mortality data. The geographical distribution of MAE and
RMSE values for different states and union territories are provided in Fig. 7.4 and Fig. 7.5
respectively. The accuracies are computed for a 3-week forecast horizon. It is observed that
for the north-western (primarily the states of Rajasthan and Punjab) and south-eastern (pri-
marily the states of Andhra Pradesh, Telangana, and Odisha) parts of India, the CNN-based

3https://docs.python.org/3.7/
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FIGURE 7.4: Spatial distribution of MAE values for different models. (a) LSTM Auto-Encoder (b)
Bi-LSTM (c) CNN (d) vanilla LSTM (e) RNN

predictive models perform better in terms of MAE and RMSE values. Almost all of the mod-
els achieve better accuracy in the northern and eastern parts. In the southern parts (primarily
the states of Kerala and Tamil Nadu) the LSTM auto-encoder performs relatively better com-
pared to other methods with respect to both the MAE and RMSE values. In comparison to
the other models, the Bi-LSTM model performs better in the western regions (primarily the
states of Gujarat, Maharashtra, and Karnataka).

The distribution of the models’ COVID-19 health outcome predictive accuracies are also
observed to vary significantly over the forecast horizon. Fig. 7.6, Fig. 7.7, and Fig. 7.8
present the distribution of MAE, RMSE, and R? values over three forecast horizons (1 week,
2 weeks, and 3 weeks). The accuracy distribution is visualised using box plots that overlap
with the corresponding swarm plots. The box plots show various distribution summaries
namely minimum value, first quartile, median value, third quartile, and the maximum value.
Note that a swarm plot corresponding to a box plot indicates where the data point falls in the
distribution summaries. For the box plots of MAE (Fig. 7.6) and RMSE (Fig. 7.7) values, it is
clear that all the methods perform well for a shorter horizon. For a shorter forecast horizon,
the interquartile range (IQR) for different models is smaller. It implies that the predictive
accuracy across most of the states does not differ significantly for shorter forecast horizons.
The increase in IQR due to the increase of forecast horizon is less in the case of Bi-LSTM
model. Moreover, for both the MAE and RMSE, the visual analysis reveals that the models
like Bi-LSTM and CNN achieve better median accuracies across the forecast horizons. Fig.
7.8 shows relatively high R? values are by Bi-LSTM and CNN models with less IQR.
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FIGURE 7.6: Box and swarm plots of MAE values for various predictive models over different fore-
cast horizons (a) one week (b) two weeks (c) three weeks

The observation versus prediction plots of COVID-19 death count for some of the highly
covid-affected states is provided in Fig. 7.9. For a particular state, the plots are provided
only for the best-performing model. The results show that the estimated COVID-19 death
counts are closely spread along the x = y line relative to the observed values in the majority
of cases. The models are unable to predict higher values for some states and union territories
(e.g., Maharashtra, Delhi, etc.).

7.5.4 Spatial distribution of optimal models

This section presents the spatially varying distribution of best-performing models for pre-
dicting COVID-19 death counts in India. There is no single best method that can outperform
across different states in India due to the wide variation in COVID-19 mortality time-series.

Fig. 7.10 shows the distribution of the state-specific optimal models in India for different
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forecast horizons (1 week, 2 weeks, and 3 weeks). It is interesting to observe how the dis-
tribution of best-performing models changes over different forecast horizons. Fig. 7.10(a)
presents the models’ distribution when the forecast horizon is 1 week. Note that in the case
of a shorter horizon, both the basic models such as CNN and RNN dominates for most of
the states. For instance, CNN mainly dominate in the southern, northern and eastern parts of
India. On the other hand, RNN mainly dominates in the central and western parts of India.
However, in the case of a longer forecast horizon, some advanced architecture like Bi-LSTM,
LSTM auto-encoder outperform instead of RNN. Bi-LSTM and CNN achieve significantly
better results across the states in all three forecast horizons. Bi-LSTM provides optimal per-
formance in approximately 14%, 39%, and 34% of the states for a forecast horizon of 1 week,
2 weeks, and 3 weeks respectively. On the other hand, CNN achieves optimal performance
in approximately 42%, 28%, and 39% of the states for a forecast horizon of 1 week, 2 weeks,
and 3 weeks respectively.

7.5.5 Discussion

The existing studies [267] reveal that the COVID-19 health outcomes depend on complex
factors including socio-economic, environmental pollution, meteorological parameters, lo-
cal strategies for mitigation, and public health measures. The impact of these factors varies
greatly across the geographical space in the countries like India. Consequently, it is not unex-
pected that the nature of COVID-19 mortality time-series varies across different states. Due
to the geographically varying nature of the association between COVID-19 health outcomes
and the complex risk factors, the predictive models’ performance differs significantly across
the geographic space.

The results of various deep learning models highlight that they could be adopted by most
of the states to forecast COVID-19 health outcomes in advance. Specifically, deep learning
methods like Bi-LSTM and CNN produce overall better predictive accuracies compared to
the others. However, the findings show that selecting an appropriate forecasting model is
influenced not only by the geographic location but also by the forecast horizon for which

the prediction is made. For example, in terms of the shorter horizon (e.g., 1 week), CNN
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dominates in India’s southern, northern, and eastern regions, whereas RNN dominates in the
country’s central and western regions. In 65% of the states and union territories, the CNN
and RNN models perform better. However, the basic RNN does not perform well over longer
time horizons, such as 2 or 3 weeks, because it is unable to carry long-term dependencies
into the future. For a longer forecast horizon (see Fig. 7.10 (b, c)), Bi-LSTM provides
better accuracies compared to RNN. It could also be verified by the box and swarm plots of
Fig. 7.6, Fig. 7.7, and Fig. 7.8. The IQR along with the median MAE and RMSE values
in Fig. 7.6(b,c) and Fig. 7.7(b,c) are smaller in the case of Bi-LSTM compared to RNN.
Furthermore, when compared to the basic RNN, Bi-LSTM has a significantly higher median
R? value.

7.6 Summary

This chapter focuses on finding the spatial distribution of best performing deep learning based
techniques to predict Covid-19 health outcomes over India. Specifically, the use of widely ap-
plied deep learning techniques for such forecasting at the state level, as well as the geographic
variability of their predictive performance, are investigated. To find the state-specific optimal
deep learning model and the spatial variability of their performances, a total of 36 time-series
datasets (one for each of India’s states and union territories) are used. Various deep learning
based time-series forecasting models including CNN, RNN, Vanilla LSTM, LSTM Autoen-
coder, and Bidirectional LSTM are investigated in this work. The best-performing models’
geographical distribution varies significantly across forecast horizons. Models like CNN and
RNN dominate for shorter horizons, but models like Bi-LSTM and CNN dominate for longer
horizons in most states.

From the findings of this chapter it can be concluded that there is no single best method
that can outperform across different states in India due to the wide variation in COVID-
19 mortality time-series data. In this context, the variability in the distribution of COVID-
19-related health outcomes might be related to many underlying variables, including de-
mographic, socioeconomic, or environmental pollution related factors. Hence in the next
chapter, a statistical method called geographically weighted regression (GWR) is employed
to explore the geographical relationships between COVID-19 health dynamics and different

driving factors.
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(DOI: https://doi.org/10.1016/j.techfore.2022.121911)
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Chapter 8

Geographically varying
Spatio-temoral relationships of
COVID-19 health outcomes

8.1 Introduction

This chapter focuses on exploring the heterogeneity in the relationships of health dynamics
of citizens with various driving factors. Specifically, in this chapter, the health dynamics
related to the COVID-19 is explored which is a global issue. The novel coronavirus dis-
ease (COVID-19) has spread rapidly to all parts of the world, causing almost 2.5 million
deaths as of mid-February 2021 [268]. Because of its unpredictable nature and lack of ap-
propriate medications, COVID-19 is now a global health concern. There is unprecedented
urgency to investigate the major factors that are related to COVID-19 death. In this context,
recent studies are focusing on exploring person-specific risk factors for COVID-19-related
health outcomes [269-271]. Also, there are research works that examine the association
of COVID-19-related health outcomes with different socio-economic, environmental, and
region-specific factors [272-274]. These factors play a very important role in determining
the patterns of COVID-19 mortality.

Both global and local models can be utilized to explore the above-mentioned associa-
tions. A global model comes up with a geographically constant relationship across the entire
geographic space. On the other hand, a local model can capture the local relationships that
can vary across the geographic space. Most of the studies that focus on exploring the rela-
tionship of COVID-19 cases with different possible risk factors are based on global models
(e.g. Ordinary Least Square) [92,275]. But, the global models assume that the associations
between the independent variables and the dependent variable are stationary (i.e. homoge-
neous) throughout the study area. Besides, these models also assume that there is no spatial
autocorrelation in the dataset. Eventually, they yield estimates of the parameters that reflect
average behaviour [276]. But, in reality, the relationships between the dependent and the
independent variables may not be homogeneous and can be geographically varying [277].
Therefore, such models usually suffer from low accuracy especially in those locations where
weak association exists between dependent and independent variables. Now, various lo-

cal techniques can be utilized in order to overcome the above-mentioned shortcomings of
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the global models. Some widely encountered local spatial statistics include geographically

weighted regression (GWR) [90,91], local Moran’s I [278], spatial regressions, etc.

8.1.1 Objective

In India, no comprehensive study is performed at the local level to investigate geographical
relationships between COVID-19 health dynamics and associated potential factors. To bridge
the gap, a local method (GWR) is employed to explore the geographical distribution and as-
sociated potential socio-economic, demographic, and environmental factors for COVID-19
deaths. Note that, the GWR model helps us to identify whether there is geographical het-
erogeneity present in the relationships. Moreover, a comparison between local (OLS) and
global (GWR) models are also performed. This chapter offers further knowledge and insight
into geographical targeting of intervention and control strategies against the COVID-19 epi-
demic. In summary, the key objectives of this chapter is to explore geographically varying

relationships / associations between any phenomena of interest and various risk factors.

8.1.2 Contribution

The major contributions of this chapter are summarized as follows:

e The geographically varying relationships of COVID-19 health outcome with the driv-
ing factors has been investigated by employing local (GWR) model.

e The potential socio-economic, demographic, and environmental driving factors for
COVID-19 health dynamics has been explored.

e The results of the local (GWR) model with the global (OLS) model are compared to

validate its suitability.

8.2 Existing Works

Many studies have been performed on geographical analysis of COVID-19 disease [279—
282]. For instance, in [279], the authors present a number of analytical mappings to track
coronavirus outcomes and related events around the world. In [282], multi-source data were
used to develop indicators for evaluating the COVID-19 outbreak. A rigorous experimental
study on 736 fine-grain grids was performed utilizing the GeoDetector and decision tree ap-
proaches. In literature, geographical analysis was conducted for mapping data to the various
administrative levels (districts, provinces, etc.) in countries like America [283], Iran [284],
Brazil [285], Spain [286], Italy [287], South Korea [288], etc. In [287], the authors aim
to model and forecast the risk of COVID-19 infection, demonstrating the effects of spa-
tial diffusion. Specifically, they used spatiotemporal modeling to examine the pattern of
COVID-19 outbreaks over time and place. Furthermore, a number of recent investigations
have been conducted to examine person-specific risk factors for health outcomes associated

with COVID-19 [269-271]. Furthermore, some literature examine how sociodemographic
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characteristics affect the total number of deaths caused by the coronavirus [273,289]. For ex-
ample, the geographic association between the sociodemographic variables and COVID-19
incidence and death across Europe was evaluated in [273]. This study has demonstrated the

heterogeneity of the detected COVID-19 incident cases and mortality across Europe.

8.3 Problem Statement

The chapter is investigating the factors affecting the geographical variation of COVID-19
mortality rates along with the varying associations across districts in India. Let us consider
we are given some district-level potential socio-economic, demographic, and environmental
pollution factors as the independent variables. Also consider we have COVID-19 mortality
rate per district as the dependent variable. Our objective is to is to model a Geographically
Weighted Regression (GWR) to explore how the relationships between these factors and
COVID-19 mortality rates vary geographically across India.

8.4 Proposed Approach

8.4.1 Data description

The geographical variabilities of COVID-19 deaths are modeled based on the district-level
data across India. Note that, the COVID-19 mortality data are acquired for more than 400
districts in India. The geographical distributions of COVID-19 deaths are shown in Fig 8.1.
The largest number of COVID-19 deaths are observed in the districts of the state Maharashtra.
A total of 9 among 28 states contains at least one district that reports more than 1000 COVID-
19 deaths. Table 8.1 summarizes all the raw datasets, their descriptions, the sources including
the links from where these data can be found, and potential factors (independent variables)
that are extracted from the raw datasets.

Datasets

Three raw datasets are mainly utilized to investigate geographically varying relationships of
COVID-19 deaths with different environmental, demographic, and socio-economic factors.
The first dataset includes district wise COVID-19 death counts in India. The cumulative
number of COVID-19-related deaths for each district is collected up to February 24, 2021,
from the COVID19INDIA website (https://www.covidl9india.org/). COVID19INDIA is a
crowdsourced initiative to document the COVID-19 data from the states and union territories
of India. In this study, the district-leve]l COVID-19 death count is considered as the depen-
dent variable. The second dataset pertaining to environmental pollution includes the daily
concentration of different air pollutants (e.g. PM; s, SO2, NO», etc.). The concentration of
air pollutants (from January 2016 to January 2020) for a total of 130 monitoring stations are
obtained from the Central Pollution Control Board (CPCB [290]), INDIA. The third dataset
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contains socio-economic and demographic data that may have an association with COVID-
19 mortality. The district-level socio-economic and demographic data are obtained from the
last census in India that was conducted in 2011.

Additionally, the district-level data of each district needs to be linked with the GPS co-
ordinate of the centroid of that district. The dataset containing GPS coordinates of the dis-
tricts of India are collected from Kaggle (https://www.kaggle.com/sirpunch/indian-census-

data-with-geospatial-indexing).
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FIGURE 8.1: Geographical distribution of COVID-19 deaths across India. The spatially continuous
distribution map is generated in QGIS (https://qgis.org/en/site/) by using Inverse Distance Weighting
(IDW) interpolation.

TABLE 8.1: A summary of datasets

Dataset Dataset description Source Variable name Variable Explanation

(i) COVID19INDIA website

COVID-19 data from the states (https://www.covid19india.org/) District-level COVID-19 death count up to February
COVID-19 data  and union territories of India (ii) Ministry of Health and Family COVID19_Death 24,2021
up to February 24, 2021. ‘Welfare, Government of India

(https://www.mohfw.gov.in/)

Tot _Population  District-level total population

District-level count of total number of households

HH_-Above 8.P with at least 9 persons
Growth_Rate District-level rate at which population increases.
. District-level count of the number of females per
Sex_Ratio
1000 males
Census data Contains district wise socioecono- India census, 2011 District-level count of total number of persons with
Age Abv 50

mic and demographic data of India  (https://censusindia.gov.in/) age 50 years or more

District-level count of total number of households
HH_With.TCMC having TV, Computer (or laptop), Mobile phone,
and Car.

District-level count of total number of persons having

HigherEdu higher education
P.Urb_Pop District level percentage of urban population
District-level exposure to PM2.5, averaged across the
PMys5 eriod 2016 — 2020
Concentration of air pollutants (from (i) Central Pollution Control Board P
Environmental air January, 2016 to January, 2020) for a (CPCB), Government of India NO District-level exposure to NO,, averaged across the
pollution data total of 130 monitoring stations (https://cpcb.nic.in/) 2 period 2016 — 2020
SO District-level exposure to SO, averaged across the
2

period 2016 — 2020
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TABLE 8.2: VIFs with all the TABLE 8.3: VIFs after removing

11 explanatory variables the variable HH_Abv_8_P
Variable VIF Variable VIF
Tot _Population 7.92 Tot _Population 3.93
Growth_Rate 1.24 Growth_Rate 1.21
Sex_Ratio 1.30 Sex_Ratio 1.32
HH With TCMC 391 HH With TCMC 2.96
HH Abv 8_P 12.4 Higher Edu 2.94
Higher_Edu 3.12 PM, 5 2.35
PM; s 2.65 Age Abv 50 2.87
Age Abv_50 3.47 P_.Urb_Pop 1.80
P_Urb_Pop 1.93 SO, 1.19
SO, 1.20 NO» 1.54
NO> 1.52

Data preparation

From the raw datasets, a total of eleven potential demographic, socioeconomic, and envi-
ronmental pollution related factors (see Table 8.1) are selected to explain the district-level
geographical variation of COVID-19 mortality. The district-level demographic and socioe-
conomic factors that are selected in this study are: population; households with at least 9
persons; growth rate; sex ratio; persons with age 50 years or more; households having TV,
computer (or laptop), mobile phones and car; number of persons having higher education; the
percentage of the urban population. On the other hand, the environmental pollution related
variables that are selected are as follows: PM; 5 exposure; NO, exposure; SO, exposure.

The district-level long-term exposure to three air pollutants namely PM2.5, NO,, and
SO, are calculated from the raw data of 130 pollution monitoring stations. The mean con-
centration of each of the above-mentioned air pollutants of all the 130 monitoring stations is
computed for the period 2016-2020. For each pollutant, the computed values are spatially
aggregated by averaging the values of all monitoring stations of a district. If a district doesn’t
contain any monitoring stations, then it’s exposure to that pollutant is computed using Nearest
Neighbour interpolation (NNI).

A multicollinearity verification is performed via the Variance Inflation Factor (VIF) to
remove unnecessary redundancy among the explanatory variables. VIF can be expressed as
follows (Eq. 8.1):

1

VIFF = 8.1
- 8.1)

SSE

2 k
=1-=""= 8.2
k SST; 8.2)

where, R,% denotes the coefficient of determination that is computed by regressing the k"
variable on remaining explanatory variables. The mathematical expression for R,% is given in

Eq. 8.2. Here, SSE, and SST} denote the sum of squares of total variation and sum of squares
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of errors respectively. Firstly, regression analysis is conducted among all the 11 explanatory
variables to compute the VIFs that are shown in Table 8.2. It is observed that the variable
HH _Abv_8_P has high Variance Inflation Factor (VIF=12.4). Now, if VIFs are larger than
10, it indicates that there is multicollinearity [291]. Eventually, the variable HH_Abv_8_P is
removed from the set of explanatory variables. After that, the regression is again performed
on the remaining 10 variables, with the VIFs given in Table 8.3. Now, it is observed that no
VIF exceeds 10 eventually this set of 10 variables can be used for model building.

8.4.2 Modeling spatial relationship

In this chapter, the OLS (Ordinary Least Square) and GWR (Geographically Weighted Re-
gression) models are utilized to determine the geographical relationship of COVID-19 mor-
tality with potential risk factors.

The OLS method generally attempts to understand the global relationships between the
dependent and independent variables. In this case, the regression and its parameters are
unchanged over the geographic space. Mathematically, Eq. 8.3 represents a global regression
model as follows:

n

Yi=no + Y, mXu + & (8.3)
k=1

where, Y; denotes the dependent or response variable; X, is the i’ observation of k' indepen-
dent variable; 1, the global regression coefficient for k' independent variable; 1y represent
the intercept parameter; and d denotes the error term.

GWR technique extends the global regression (Eq. 8.3) by enabling local parameter
estimation [91]. It allows regression coefficients to be a function of geographical location. In
other words, the regression coefficients are quantified independently in different geographical

locations. A GWR model (Eq. 8.4) can be represented as follows:

Yi=3&o + Y &(uvi) X + & (8.4)
k=1

where, Y;, X;;, and §; denote the dependent (or response) variable, K independent (or pre-
dictor) variable, and error at location i respectively; (W, V;) denotes coordinates of location
i & (1, v;) represent local coefficient for k' predictor at location i. Note that, GWR model
allows regression parameters to vary continuously across the geographic space. For each
location i, a set of regression parameters is estimated. The estimation of parameters can be

performed as follows:

E(v) = (2TW (uv)2) " 2T (u,v)Y 8.5)

where, 2" denotes a matrix containing the values of independent variables and a column of
all 1s; Y represents a vector of values of the dependent variable; & (i, v) is a vector of local

regression parameters; # (1, V) is a diagonal matrix whose diagonal elements represent the
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geographical weighting of the observations for regression location. The weights in % (u, V)
assigns greater weights to the observations that are closer to the regression point than the
observations that are farther away. In this work, the weights are computed using a Gaussian

kernel function which is defined as follows:

i\ 2 .
w,-j:exp[f%(%’v ], ifD{SB

w;j =0, otherwise

(8.6)

where, B represents the bandwidth and Dlj denotes the distance between the regression point
i and the location of observation j. Note that, the bandwidth can be defined either by a fixed
number of closest neighbors (known as adaptive bandwidth) or by a fixed distance (known
as fixed bandwidth). Golden Section search [292] is utilized to find the optimum size of the
bandwidth for GWR.

Performance metrics

The performance of the models are assessed by three metrics namely R?, adjusted R?, and
AlICc. Here, AICc is a corrected version of the Akaike Information Criterion (AIC). AICc
can be defined as follows [91]:

_ N N +1r(S)
AICc =N In(2mw) + 2N In(6) + N x (N—Z—tr(S)) (8.7)

where, N denotes the sample size, S is the hat matrix, r(S) denotes the trace of S, and &
represents the estimated standard deviation of the error term. AICc denotes model’s accu-
racy and lower AICc indicates better model quality. It is usually used to find the best-fit
model. The value of R? represents the ability of a model to explain the variance in the de-
pendent variable and therefore a larger R* signifies the better performance of the model. It
is computed from the estimated and the actual values of the dependent variable. Moreover,
Moran’s I index is computed to investigate the spatial autocorrelation of the model residuals.

Mathematically, it is defined as follows:

. NYX X wii(vi—5) (v —3)
(Zﬁvﬂ ¥V Wij) Y (vi—3)?

(8.8)

where, N denotes total number of observations, y; and y; are variable values at location i and
J respectively,y represents the mean value, and w;; denotes a weight between location i and
j. The value of Moran’s I index can vary between -1 (perfect dispersion) to +1 (a perfect

positive autocorrelation)). Note that, a zero value indicates perfect spatial randomness.

Model Building

Here, a step-wise GWR model selection using AICc is presented that can be utilized to in-

vestigate geographically varying associations of COVID-19 mortality with various driving
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factors. The following are the steps to build an appropriate GWR model [293].

e Step I: Suppose there are n explanatory variables (in our case n = 10). For each of the
explanatory variables, fit a separate GWR model by regressing that variable against
the COVID19_Death variable. Compute AICc for each of the n = 10 models. Find
the model that generates the lowest AICc and permanently include the corresponding

explanatory variable in subsequent model building.

e Step 2: Subsequently select a variable from the remaining (n — 1) variables, build a
model with the permanently included variables along with the newly selected variable.
Find the explanatory variable that produces the lowest AICc and permanently include
it in subsequent model building. Set n =n — 1.

e Step 3: Repeat Step 2 until it is observed that there is no reduction in AICc.

The above-mentioned steps are carried out using MGWR 2.2 software [294]. When
calibrating the GWR, an adaptive bisquare spatial kernel is applied. Moreover, in order to
select an optimal bandwidth, the Golden Section search [292] is employed. Fig. 8.2 shows
the changes in AICc during the step-by-step selection of explanatory variables for model
building. It is observed that after the inclusion of a total of five variables, the AICc values
start increasing when further new variables are included. Note that, both a global (OLS)

model and a local (GWR) model are calibrated with these five explanatory variables.
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FIGURE 8.2: Stepwise variable selection for geographically weighted regression (GWR).

8.5 Results

In this section, firstly the performance of the global model (OLS) and local model (GWR)
are discussed. Next, the geographically varying relationships of COVID-19 mortality with

different factors are presented.



8.5. Results 157

8.5.1 Performance of OLS and GWR Model

A detailed summary of the OLS model is presented in Table 8.4. The variables Tot_population,
HH_With TCMC, Age ABV_50, and PM, 5 returns significant t values of 2.91, 12.114, -1.225
and -2.485 respectively. Moreover, the Moran’s I of the residuals of the global OLS model
are also analysed. It is found that there is significant spatial autocorrelation (Moran’s I =
0.348 and p < 0.01). The assumptions of OLS estimation are violated as there exist depen-
dent residuals. Eventually, the GWR model is utilized to show the geographical variations of
the relationships with different factors. A detailed summary of the GWR model for the local
parameter estimates is presented in Table 8.5.

TABLE 8.4: Summary of the global model (OLS) for various socioeconomic, demographic, and
environmental pollution related factors.

Variable Coef. Est Est Err t statistic p-value
Intercept 0.000 0.026 0.000 1.000
Tot_population 0.322 0.11 291 0.005*
HH _With . TCMC 0.675 0.045 12.114 0.000*
Age Abv_50 0.125 0.102 -1.225 0.050*
Higher_ Edu 0.136 0.073 1.851 0.064
PM; s -0.079 0.032 -2.485 0.013*

* Significant at 0.05

TABLE 8.5: Summary of the local model (GWR) for various socioeconomic, demographic, and envi-
ronmental pollution related factors.

Variable Mean STD Min Median Max

Intercept 0.413 0.292 -0.789 0.043 1.134
Tot_population 0.152 0.604 -2.525 0.126 1.385
HH With. TCMC 0.520 0.382 -0.258 0.408 2.550
Age Abv_50 0.317 0.648 -1.016 0.189 2.861
Higher_Edu -0.038 0.381 -1.566 -0.025 1.488
PM, 5 0.101 0.352 -1.721 0.015 0.842

The performance of OLS and GWR model in terms of R2, Ad Jj R2, and AICc are also
provided in Table 8.6. Moreover, Fig. 8.3 (a) and Fig. 8.3 (b) show the scatter plots between
predicted and observed COVID-19 death count using the global OLS and GWR models.
These figures indicate that the GWR model resulted in a better fit as compared to the global
OLS model. This is because, in the case of GWR, the predicted values are closely distributed
along the 1:1 line relative to the observed values. The global model explains only 71.9%
of the variance of district-level COVID-19 deaths which is increased to 97% if the model
is calibrated as GWR by taking into account the local impact of the explanatory variables.
Comparing the models in terms of AICc, show that the model fit is greatly enhanced by
reducing the value of AICc from 655.835 (OLS model) to -66.42 (GWR model). Moreover,
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FIGURE 8.3: Scatter plot of the observed and the predicted COVID-19 death count using (a) global
OLS model and (b) GWR model.

the verification of Moran’s I of the residuals of the GWR model indicates that the residuals
are randomly distributed (Moran’s 1=-0.0395 and p < 0.01). In other words, the residuals
don’t have any significant spatial autocorrelation and eventually, it shows the suitability of
GWR over the global model (OLS).

TABLE 8.6: Performance comparison OLS and GWR models in terms of three performance metrics:
AICc, R?, and Adjusted R>.

Performance metrics OLS GWR
AICc 655.835 -66.42
R? 0.719 0.97
Adj R? 0.715 0.964

8.5.2 Geographically varying relationships between COVID-19 deaths and the
driving factors

The geographical distribution of R? is presented in Fig. 8.4 that shows it varies within a
range 0.42 — 0.97. It is found that more than 86% of local R” values are larger than 0.60 and
almost 68% of R? values are within the range 0.80 — 0.97. Note that, very high R? values are
mainly observed in the western and the eastern regions of India. Moreover, low and moderate
R? values are mainly distributed over the northern and the southern part of India.

Now, the geographical distribution of local coefficient estimates of the GWR model is
provided in Fig. 8.5 to further reveal the relationship of the explanatory variables with the
COVID-19 deaths. It mainly facilitates understanding of the complex relationship that varies
over the geographic space. The results of GWR in Fig. 8.5 not only present positive or
negative relationships but also show whether the relationship is strong or weak. A positive
relationship indicates that the COVID-19 deaths tend to increase as the value of specific
explanatory variable increases. A negative relationship indicates that the COVID-19 deaths
tend to decrease as the value of specific explanatory variable increases. Moreover, larger
values of a coefficient denote a stronger relationship. In the maps of Fig. 8.5, the regions
having deep red shade denote regions in which the specific variable has a strong positive

influence (i.e. strong positive relationship) on COVID-19 deaths.
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FIGURE 8.4: Geographical distribution of R? values for geographically weighted regression (GWR)
model.

As shown in Fig. 8.5 (a), the GWR model produces local intercept that can vary within
the range -0.78 to 1.13 with a mean of 0.013. In Fig. 8.5 (b), the regions with deep red color
(mainly the state of West Bengal) denote those areas where the variable HH _With_ TCMC has
a strong positive relationship with COVID-19 death. The variable Higher_Edu is a strong
predictor (See Fig. 8.5 (c¢)) for COVID-19 death in some parts of western India (mainly the
state of Gujarat), southern India (mainly the states of Tamil Nadu and Kerala), and East-
ern India (mainly the state of West Bengal). On the other hand, in the southern and the
south-western part of India, a positive relationship between population and COVID-19 death
is found (see Fig. 8.5 (d)). However, in some regions of central and western India (the
states of Madhya Pradesh and Gujarat), a strong negative relationship between population
and COVID-19 death is also observed. Fig. 8.5 (e) shows that mainly in the western part
of India there is a strong positive relationship between PM, 5 and COVID-19 death, whereas
in the other parts of India there is no such strong relationship. The explanatory variable
Age_Abv_50 shows a positive relationship in central, eastern, and northern parts of India (see
Fig. 8.5 (f)).

Moreover, Table 8.7 represents the district-level results of the local model (GWR) for
some of the districts that are severely affected by COVID-19 disease. The local R? values
revealed district-level variability in GWR model performance. Specifically, the local R? val-
ues could be helpful here to see where geographically weighted regression predicts well and
where it predicts poorly. It is observed that the GWR model yields high local R? value for
most of the heavily affected districts. For instance, very high local R? values are found for the
following districts: Pune (R? = 0.982), Thane (R? = 0.986), Lucknow (R? = 0.984), Chit-
tor (R? = 0.973), Nasik (R> = 0.986), Solapur (R> = 0.974), Kolhapur (R?> = 0.972), Sangli
(R* =0.973), Satara (R? = 0.978), Latur (R> = 0.967), Mumbai (R*> = 0.981), Kolkata (R> =
0.987), Chennai (R*> = 0.978), Jalgaon (R* = 0.966), Nanded (R* = 0.960). On the other
hand, moderate local R? values are found for Dharwad (R? = 0.948), Nagpur (R? = 0.955),
Srikakulam (R* = 0.920), Ludhiana (R*> = 0.921), Guntur (R?> = 0.95), Kurnool (R = 0.856),
Coimbatore (R> = 0.934), West Godavari (R*> = 0.95), Anantapur (R> = 0.886), Bhopal
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(R? =0.916), and Krishna (R* = 0.937). The lowest R? values are observed for the following
districts: Hassan (R? = 0.683), Indore (R? = 0.798), and Jaipur (R* = 0.797). Note that, for
most of the highly COVID-19-affected districts, the variables PM,s and HH _With . TCMC
are usually exhibited positive relationships in regression modeling. On the other hand, the
variable Higher_Edu usually exhibits negative relationships for most of the highly affected
districts.
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FIGURE 8.5: Local parameter estimates of geographically weighted regression (a) Intercept (b)
HH With . TCMC (c) Higher_Edu (d) Tot_population (e) PM2.5 and (f) Age_Abv_50.

8.5.3 Discussion

In order to better understand how different driving factors influence the overall fatalities
caused by COVID-19, the geographical distribution of COVID-19-related deaths are investi-
gated. The highest number of COVID-19-related deaths are found primarily in the western
part of India (Pune, Thane, Mumbai, Nagpur, Nashik, Raigad, Jalgaon, Kolhapur, Sangli,
Satara, Solapur, Ahmedabad, Surat). On the other hand, the number of COVID-19-related
deaths is relatively low in the northern and eastern parts of India. This study identified con-
siderable geographical variability of COVID-19 deaths and their heterogeneous relationship

at the local level with the driving factors in India. More specifically, the utilization of the
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TABLE 8.7: Local R? and district-level parameter estimates by geographically weighted regression
for some of the districts of India that are severely affected by COVID-19 disease.

Parameter estimates

District Local R?
Intercept PM2.5 Tot_population HH With. TCMC Age Abv .50 Higher_Edu

Pune 0.982 0.219 -0.221 -0.311 0.661 -0.154 0.768
Mumbai 0.981 0.654 0.712 -0.388 0.859 -0.074 0.719
Thane 0.986 0.086 0.806 -0.958 0.716 -0.084 0.897
Chennai 0.978 0.234 0.421 0.689 1.089 -0.496 -0.575
Kolkata 0.987 0.057 -0.055 -0.146 1.114 0.658 -0.152
Nashik 0.986 0.030 0.800 -0.280 0.742 0.079 0.985
Jalgaon 0.966 0.099 0.357 -0.389 0.744 0.284 0.853
Nagpur 0.955 0.088 -0.132 -1.214 0.685 1.588 -0.571
Solapur 0.974 0.318 0.476 0.516 0.685 -0.073 0.241
Kolhapur 0.972 0.238 0.249 0.483 0.791 -0.142 0.244
Surat 0.976 0.223 0.749 -1.189 0.481 -0.127 1.469
Sangli 0.973 0.281 0.399 0.358 0.576 -0.324 0.127
Ludhiana 0.921 -0.037 -0.175 -0.189 0.287 0.423 -0.225
Chittoor 0.973 -0.029 0.102 0.562 0.128 0.117 -0.286
East Godavari 0.959 0.159 -0.159 -0.541 1.078 0.458 -0.654
Indore 0.798 0.011 0.062 0.141 -0.180 -0.120 0.323
Guntur 0.954 0.150 0.116 0.274 -0.185 0.247 -0.142
Lucknow 0.984 -0.043 -0.104 0.049 0.389 -0.109 0.284
Satara 0.978 0.264 0.370 0.196 0.793 -0.222 0.482
Kurnool 0.856 0.229 0.392 0.366 0.371 0.144 0.096
Madurai 0.950 0.143 0.078 0.629 0.162 -0.059 -0.651
Anantapur 0.886 0.094 0.167 0.226 0.107 0.258 -0.125
Dharwad 0.948 0.193 0.283 0.523 0.741 -0.139 0.105
West Godavari 0.954 0.166 -0.068 0.029 0.322 0.198 -0.284
Coimbatore 0.934 -0.145 0.099 0.578 0.321 -0.127 -0.381
Prakasam 0.953 0.137 0.071 0.324 -0.179 0.314 -0.101
Bhopal 0.916 -0.044 0.037 -0.296 0.475 0.295 0.125
Krishna 0.937 0.151 -0.074 0.221 0.102 0.194 -0.214
Latur 0.967 0.348 0.356 0.571 0.598 0.542 -0.293
Jaipur 0.797 -0.143 -0.131 0.019 0.289 0.225 -0.126
Srikakulam 0.920 0.086 0.108 -1.146 0.854 1.285 -0.276
Nanded 0.960 0.255 0.117 -0.076 0.725 1.108 -0.508
Dhule 0.966 0.074 0.533 -0.746 0.385 -0.278 1.175
Hassan 0.683 0.065 0.214 0.417 0.401 0.112 -0.419

GWR method successfully found the geographically varying relationship of COVID-19 mor-
tality with various potential socio-economic, demographic, and environmental pollution re-
lated factors. This study reveals five important local factors are significantly related with
district-level COVID-19 deaths as follows: (i) population (ii) PM, s level (iii) households
having TV, computer (or laptop), mobile phones and car (iv) persons with age 50 years or
more (v) number of persons having higher education. Furthermore, this study also validates
the effectiveness of local parameter estimation by comparing the global OLS method with
the local GDR method. To the best of our knowledge, this is the first study that explores geo-
graphically varying relationships of COVID-19 deaths with various potential driving factors
in India.

Rigorous analyses are performed to demonstrate the shortcomings of global technique
(OLS) as compared to the local technique (GWR) in terms of several performance metrics.
The OLS model only explains 71.9% of the variance of district-level COVID-19 deaths. It
is found that the predictive efficiency and model accuracy are further enhanced by imple-
menting the GWR method. The GWR model explains 97% of the variance of district-level
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COVID-19 deaths. Moreover, Moran’s I index verifies that no significant spatial autocorrela-
tion is present in the residuals of the GWR model. Note that, a key advantage of such a local
method is its capability to visualize the geographically varying heterogeneous relationships
between the dependent and the independent variables. In other words, it enables us for a
better understanding of relationships based on geographical contexts and study area’s known
features.

The findings of this study reveal that there are strong positive relationships of COVID-19
deaths with the explanatory variables PM2.5 and Tot_population across the regions of the
COVID-19 death hotspots in the western part of India. The positive association of COVID-
19 deaths with long term exposure of PM, 5 is consistent with the previous works [295,296].
Note that, long-term PM> 5 exposure is substantially associated with some of the comorbidi-
ties (e.g. chronic lung disease, cardiovascular disease, etc.) that may lead to COVID-19
deaths [297,298]. Similarly, a positive association between COVID-19-related deaths and
Tot_population is also observed in other studies [273,299]. However, the reverse associa-
tion is found for these two variables (PM, s and Tot_population) in the other parts of India.
The explanatory variable HH _With_.TCMC is found to be an important factor that may be a
measure of the number of households with the upper class and rich people. A strong positive
relationship is observed between HH _With . TCMC and COVID-19 death in the hotspots of
eastern and western parts of India (Kolkata, North 24 Parganas, Pune, Thane, Surat, Nagpur,
etc.). Note that, in those hotspots, the value of HH _With.TCMC is substantially high. An
interesting observation reveals that a strong negative relationship exists between COVID-19
death and Higher_Edu in the eastern, central, and southern parts of India. It is expected
that the higher educated people are well aware of the symptoms and the complications of
COVID-19 that may lead to the fewer number of fatalities in those regions. Now, in some
regions of the south-eastern part of India, the number of COVID-19 deaths is also seen to
be high. In those regions, significant positive relationships are found between COVID — 19
deaths and Tot_population, whereas significant negative relationships are observed for the
variable Higher_Edu.

This research work inherits certain shortcomings that need to be resolved in future re-
search. For instance, there may have high possibilities of under-reporting in COVID-19
death counts that may introduce bias in the study [300]. Moreover, due to data unavailability,
we were not able to include some significant district-level driving factors in our study, such as
health care system quality, number of hospital beds, household income, and poverty data. De-
spite the above-mentioned shortcomings, this is the first study that explores geographically
varying relationships of COVID-19 mortality with different socioeconomic, demographic,
and environmental pollution related factors in India. This research work also highlights the
significance of the geographically weighted regression in the geographical analysis of the
health outcome of COVID-19 disease.
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8.6 Summary

COVID-19 pandemic is one of the most serious global public health catastrophe of the cen-
tury. In this chapter, the geographically varying relationships between COVID-19 deaths
and different potential driving factors are assessed across India. The geographical distri-
bution of reported COVID-19 death cases is found to be heterogeneous over India. This
heterogeneity in distribution is related to many underlying factors, including demographic,
socioeconomic, and environmental pollution related variables in different parts of India. The
GWR model makes it possible for the regression coefficients to differ across the geospace,
creating geographical patterns about the strength of the relationship. The geographical het-
erogeneity and non-stationary of the relationships between COVID-19 deaths and the driving
factors are demonstrated by mapping the local parameter estimates. The local parameter
estimates reflect the quality of local model fitting and the nature of the association. The lo-
cal method (GWR) yields better performance with smaller AICc as compared to the global
method (OLS).
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Chapter 9

Conclusion

Rapid urbanization and the associated challenges in effective urban planning and decision-
making necessitate novel approaches to understanding and managing complex urban dynam-
ics. The advent of Internet of Things (IoT)-based participatory sensing provides an effective
way of sensing urban dynamics due to the widespread availability of smartphones among
citizens. In this thesis, the effectiveness of participatory sensing in analysing various ur-
ban dynamics is assessed. More specifically, this work investigated the predictive modeling
for spatiotemporal analysis of various urban dynamics, including air pollution, noise pollu-
tion, and health dynamics. We have addressed various research issues in this work including
framework design for participatory sensing, privacy-aware solutions, incentive mechanism
design, analysis of high-granular spatio-temporal variability in dynamics, exploration of the
geographical association between urban dynamics and various risk factors, etc. In the sub-
sequent sections, the major outcomes of the thesis along with the limitations and the future

works are presented.

9.1 Major Outcomes

The research outcomes presented in the thesis hold significant importance in the field of
predictive modeling for spatio-temporal analysis of participatory and traditional sensing data.

This section provides the significance of major findings of the thesis.

1. The conceptualization and development of the unified framework (i.e., JUSense) in-
tegrate diverse subsystems rooted in participatory sensing, incorporating smartphones
and IoT devices. JUSense brings the independent applications under the same archi-
tecture concentrating on the benefits that would result from their mutual interactions.
The results show the effectiveness of predictive methodologies in the performance of
individual applications (e.g., multiview fusion model for the pollution dynamics) as
well as the potential of the combined inferences (e.g., overall pollution map) and rec-

ommendations (e.g., less polluted routes).

2. The thesis comes up with novel spatial interpolation methods (GLIDW, I-GLIDW,
GLIDW-OK) tailored for participatory-based noise pollution dynamics, addressing
scenarios of dense, medium, and highly sparse datasets. Proposed techniques can ad-

dress diverse scenarios like sparse datasets, better response time, high accuracy, etc.
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These techniques demonstrate superior performance, with GLIDW excelling in dense
datasets, I-GLIDW in medium sparsity, and GLIDW-OK in highly sparse datasets.

3. A gait-based privacy-aware user authentication system is developed using smartphone
accelerometer data for participatory sensing, employing a deep Convolutional Neural
Network (CNN) model. The study explores the effectiveness of Fourier transform in
feature extraction, enhancing the model’s accuracy significantly. The gait recognition
approach addresses privacy concerns and contributes to non-contact biometrics, utiliz-
ing inbuilt MEMS sensors in smartphones. Major contributions include the proposed
CNN model, extensive real-world dataset experiments, and comparative evaluations
against baseline methods, affirming its efficacy in user identification for crowd sensing

applications.

4. The thesis also introduces TATA (Truthful Double Auction for Task Allocation), a
double auction-based incentive mechanism designed for participatory sensing systems.
TATA stands out for efficiently addressing incentive challenges, ensuring fairness by
satisfying desirable properties such as truthfulness, budget balance, individual rational-
ity, and computational efficiency. Its double-sided auction approach facilitates active
engagement from both task providers and executors, validated through rigorous experi-
ments. Simulations using real-world data demonstrate TATA’s superiority over existing

mechanisms, yielding high utility and satisfaction for both parties.

5. This research explores role of deep learning methodologies in spatio-temporal predic-
tive analytics, specifically in forecasting COVID-19 health dynamics. By examining
popular models such as CNN, RNN, Vanilla LSTM, LSTM Autoencoder, and Bidirec-
tional LSTM, the study reveals variations in their performance across different tempo-

ral resolutions.

6. Geographically weighted regression (GWR) method is developed that effectively ex-
plore the geographical relationships between COVID-19 health dynamics and different
driving factors. The findings highlights that the heterogeneity in distribution is related
to many underlying factors, including demographic, socioeconomic, and environmen-

tal pollution related variables in different parts of India.

9.2 Limitations and Future scope

In this subsection, we explore the limitations and unresolved issues stemming from the
present thesis work. We outline specific identified issues that demand further exploration

and attention in future research endeavors.

* Spatial uniformity of samples in participatory sensing: Participatory sensing cannot
ensure spatial uniformity among the samples in an urban setting i.e. data samples may
not be uniformly distributed over the space. Our work did not pay attention on the

effect of the lack of uniformity of the samples on the models’ performance. This is an
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issue on which dedicated research is required in the future to achieve better uniformity

of samples that are collected using participatory sensing.

» Context-based interpolation: The proposed interpolation techniques such as GLIDW,
I-GLIDW, and GLIDW-OK do not consider static and dynamic contexts. However,
in different urban settings, the dynamics such as noise pollution levels depend on a
diverse set of static contexts (e.g. residential area, commercial area, etc.) and dynamic
contexts (e.g. traffic flow, crowd flow, etc). There can also be overlapping among the
contexts, that may influence the ambient noise pollution levels differently. Hence, as a
future work, the context-based interpolation can be considered for map generation so

that the spatial variability of ambient noise pollution levels can be better explored.

* Dependency on users’ mobility pattern In participatory sensing based data collection
process, some areas may suffer from a lack of data samples if those areas are not
covered by any participant. It is because the area covered by different participants
depends on their mobility patterns. In future, the dependency of the analysis on users’

mobility pattern can be explored.

* Quality-aware incentive mechanisms: The proposed double auction based incentive
mechanism TATA does not consider quality-aware payment mechanism for the task
executors. Hence, further work can be undertaken to introduce an quality-aware incen-

tive mechanisms for participatory sensing systems.

* Inclusion of the influencing factors: In case of exploring geographically varying rela-
tionships of health dynamics with the driving factors using GWR, we do not consider
the impacts of other influencing factors such as meteorological factors. Moreover, we
do not consider time evolution of the dependent and the independent variables con-
sidering more time series data for the effective temporal modelling. Considering the

above mentioned aspects might be the direction for future studies.
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1 INTRODUCTION

The rapid growth of urbanization modernizes people’s lives, but it also aggravates the problem
of noise pollution in urban areas. Noise pollution today has become a major problem that may
cause serious health threats such as hearing loss [1], increasing stress levels [2], behavioral and
mental disorders [3], hypertension [4], sleep disorders [5], heart disease [6], and many more [7,
8]. It also affects the behavior and habitat of animals. According to a recent report released by
WHO (World Health Organization), there is a piece of strong evidence that noise is one of the
top environmental hazards to both physical and mental health and well-being [9]. Another report
from EEA (European Environment Agency) has revealed that environmental noise results in
more than 16,600 premature deaths in Europe every year, with approximately 13M adults suffering
from sleep disturbance and a further 32M annoyed by it. Almost 15% population (26M people) of
the U.S.A. may have suffered from NIPTS (noise-induced permanent threshold shift), which is a
permanent reduction in hearing acuity due to excessive exposure to workplace or leisure noise
[10]. Now, according to the directive 2002/49/EC [11], city noise maps are the key resource for
analyzing and decision-making in the development of action plans to reduce urban noise pollution
levels. Here, a city noise map is a geospatial representation of noise pollution level distribution
in a city for a particular time interval. Now, in response to the above-mentioned health issues
and societal challenges related to environmental noise, the main focus of this work is to come
up with an end-to-end system that can provide a high granular and spatially continuous noise
map as a service to the users. This high granular and spatially continuous noise map will make it
easier to monitor environmental noise in urban areas. It can also enhance citizens’ awareness of
environmental noise pollution and help in developing mitigation plans to tackle the adverse effect
of environmental noise pollution.

1.1 Motivation

Noise pollution monitoring is generally not an easy task to completely and accurately determine
the urban noise pollution in a large region. Traditionally, noise assessment in any region is usually
performed using a few noise monitoring stations that are sparsely spread over different locations
(e.g., near streets, railway stations, hospitals, airports, residential and commercial areas) of a city.
In noise pollution monitoring, the noise mapping can be cast as a modelling task (e.g., emission
and propagation models [12, 13]). The sparse monitoring stations’ data are mainly used to validate
the mapping results. Also, there is little existing literature that involves noise mapping techniques
for interpolating between noise measurements in urban noise measurement networks [14, 15].
Although the traditional method of noise pollution data collection provides more accurate mea-
surements, it suffers from some limitations. First, using sparse spatio-temporal data, traditional
noise mapping models do not help us to create a spatially continuous noise map of high spatial
and temporal resolution [16] for a large area like a city. Second, it is hard to monitor and assess
unusual local or short-term noise pollution. Third, the traditional approach for noise pollution
monitoring is costly due to the need for human expertise, expensive equipment, periodic mainte-
nance of equipment, and effort required to monitor noise pollution.

To overcome the above-mentioned limitations, we can use a new paradigm of sensing that is
called participatory sensing. In participatory sensing, people and communities use mobile devices
(e.g., smartphones, tablets) to collect and cloud services to store and analyze systematic data to
explore any phenomena of interest. Taking inspiration from the concept of participatory sensing,
we use GPS-enabled smartphones as IoT devices and involve the citizens to carry them to mea-
sure, locate, and provide contextual inputs for monitoring urban noise pollution. Eventually, this
IoT-based approach helps us to overcome the problem of data sparsity. However, to monitor and
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assess unusual local or short-term noise pollution, we propose spatial interpolation techniques for
generating an effective noise map. An effective noise map can help citizens not only to assess their
individual exposure to ambient noise in their daily environment but also to keep track of noise
pollution levels in their surroundings and eventually it helps to improve awareness. Additionally,
in the current world scenario smartphones are becoming an essential part of human life, which
is cheaper than standard noise-measuring devices. Hence, IoT devices can be used to reduce the
overall cost of noise pollution monitoring.

1.2 Related Works

The existing works related to participatory sensing-based monitoring of urban dynamics including
urban noise pollution mapping are presented in this section.

Participatory sensing using IoT devices (e.g., smartphones) has recently been used as a sens-
ing method to explore a city’s various dynamics (e.g., pollution, human mobility, road condition)
at high spatiotemporal resolution [17-20]. The IoT-based participatory sensing generates sensor
data stream [21, 22] that could be analyzed in many applications that are related to those dynamics.
There are numerous attempts to make citizen-centered improvements through the utilization of
such sensing data [23]. This type of sensing generates a huge amount of data that covers a wide va-
riety of information, including human mobility, city pollution, road conditions, and so on. Many
works investigate data acquired from participatory sensors such as from smartphone-equipped
sensors [24-29], vehicles GPS [30], car-mounted cameras [31], on-body sensors [32], and so on.
For instance, References [24, 28] explore different phenomena related to human mobility dynamics
using citizens’ location data from smartphones. In Reference [29], the authors focus on exploring
road condition dynamics using smartphone sensor data. They proposed an efficient way of esti-
mating the transverse slope profile of a road segment using GPS, gyroscope, and accelerometer
sensor data of smartphones. In Reference [33], Cao et al. utilize high granular trajectory data (mo-
bile cellular accessing data) to explore daily commuting patterns on a citywide scale. In Reference
[31], Tokuda et al. proposed an approach for generating a spatio-temporal pedestrian density map
using street-level images of New York City. Moreover, smartphone-based human mobility and ac-
tivity data are also used for transit map generation [34], quantifying people’s behavior in public
areas [35], health-optimal routing [36], and so on. Similarly, there are existing works [25, 26] that
focus on exploring pollution dynamics of the city using smartphone-based participatory sensing
data. A detailed comparison of the existing works related to participatory sensing-based monitor-
ing of urban dynamics is provided in Table 1. This table compares the existing works in terms of
the contribution, sensors used, context-awareness, calibration, map generation, map type, spatial
interpolation, consideration of data sparsity, and end-to-end system behavior. It is interesting to
see that none of the existing literature addresses the problem of data sparsity. Moreover, most of
the existing works do not utilize spatial interpolation on participatory sensing data and only have
spatially non-continuous mapping (SNCM).

The widespread adoption of smartphones also enables citizens to take part in producing ur-
ban noise pollution data. These urban noise pollution data can be then collectively used to offer
various services to the citizens. For instance, in Reference [16], Maisonneuve et al. present an
approach called NoiseTube for the assessment of noise pollution using the data collected from
users’ smartphone sensors such as GPS, microphones, and so on. In other words, they use GPS-
equipped mobile phones to measure citizens’ exposure to noise in their daily life. They combine
all the geotagged smartphone measurements and create a Pol (Point of Interest)-based map vi-
sualization of urban noise pollution data. However, in this work, no data cleaning technique is
implemented to eliminate the measurements that are collected from the inappropriate sensing
contexts (e.g., when the phone is in a bag/pocket). Eventually, the urban noise map produced in
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Table 1. A Detailed Comparison of the Existing Works Related to Participatory Sensing-based
Monitoring of Urban Dynamics

City Reference Contribution Sensors  Context-aware Calibration Map gen- Map Spatial Consideration End-to-End

Dynamics & year used data cleaning eration type interpolation of data sparsity ~ System
Yabe et al. [24], Predicts irregular move-  GPS X X X X X X X
2016 ment of humans after the

mid-level disasters.

Gu et al. [28] Predict venue(s) visited GPS X X X X X X X
2017 by citizens from the GPS
trajectory.
Human Tokuda et al. [31], Generate spatiotemporal ~ GPS, X X SNCM  STA X X X
mobility 2020 pedestrian density map Camera

using street-level images.

Bhatt et al. [44], Develop a system for GPS, X X SNCM  STA X X v
2017 detection and mapping of  Acc,
potholes. Gyro
Road Hassan et al. [45], Low-cost road main- GPS, X X SNCM  STA x x X
condition 2019 tenance and road Acc

condition mapping.

Gupta et al. [29], Estimate the transverse GPS X X X X X X X
2020 slope profile of road Acc,
segments. Gyro
Hasenfratz et al. [26], Develop a smartphone- GPS, X v SNCM  STA X X X
2012 based system for air Ozone
pollution monitoring, sensor
Air Dutta et al. [46], Propose a system for GPS, X X SNCM  STA X X v
pollution 2017 crowdsensing-based air MQ-135,
pollution monitoring. HC-05
Middya et al. [25], Propose a unified frame-  GPS, X X SCM STA v X v
2020 work for urban sensing MQ-135,
systems. HC-05
Maisonneuve et al. Assessment of noise pollu- GPS, mic- X v SNCM  STA X X v
[16], 2009 tion with mobile phones  rophone
Becker et al. [37], The behavior of people GPS, mic- X X SNCM  STA X X X
2013 engaged in noise sensing  rophone
are analyzed.
Noise Rana et al. [38], Reconstruction of noise GPS, mic- v v SNCM  STA X X v
pollution 2015 map from incomplete and  crophone,
random noise samples. Acc., Ptx.
Zamora et al. [47], Evaluate the impact of GPS, mic- X v SNCM  STA X X X
2017 various algorithms for crophone

noise computation.

Dutta et al. [39], Real-time monitoring of GPS, mic- X v SNCM  STA X X v
2017 urban noise pollution crophone

using MCS.
Marques et al. [48],  Real-time monitoring of ~ GPS, mic- X X SNCM  STA X X v
2019 urban noise pollution crophone

using MCS.

v': The requirement has been met; X : The requirement has not been met; Acc : Accelerometer sensor; Gyro: Gyroscope
sensor; SCM: Spatially Continuous Mapping; SNCM: Spatially Non-Continuous Mapping; STA: Static Map.

NoiseTube may suffer from erroneous data and may not reflect the actual reality. Also, the noise
map created here is not spatially continuous and therefore may not help efficient decision-making,.
Becker et al. [37] developed a smartphone application called WideNoise, which can be used to in-
volve citizens in noise-measuring activities. The application WideNoise is developed to record both
objective (noise samples) and subjective (opinions, feelings, etc.) data. Using the data provided by
smartphone users, the analysis of awareness and learning is performed about current environ-
mental issues. But the authors mainly focused on presenting a rigorous analysis of participatory
sensing-based urban noise data, rather than high granular urban noise mapping. In Reference [38],
Rana et al. show the use of different interpolation and regularization methods to reconstruct the
environmental noise pollution map from incomplete and random noise samples collected using
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Table 2. Notation

Symbols Description
d(x,x;)  Euclidean distance between points x; and x
p Power parameter of IDW
y(h) Estimated semivariance at a separation distance h
N(h) Number of pairs of sample points separated by distance h
Z; Observed value at point i
Leg Equivalent continuous sound level
sm Smartphone model name
si Smartphone state information
&Mi(Leq)  Calibration offset of noise reading L. in smartphone
model sm;
L, q Noise level after adding calibration offset & to L.
accy x-axis data of accelerometer reading
accy y-axis data of accelerometer reading
acc, z-axis data of accelerometer reading
n The dimension of each grid cell
S Sample data
G Set of all grid cells having size n X n
gi ith grid cell
R Radius that is considered for computing weight
m; Midpoint of grid cell g;
Ng] red) " Ppredicted noise values for all grid cells in G
N, Number of nearest neighbor required to calculate a grid cell’s noise
NN; A set of sample points that are within radius R from the midpoint m;
R Radius for iterative computation in I-GLIDW
Grh A predefined threshold for I-GLIDW
vm Set of variogram models

participatory data collection. However, they did not make any attempt to calculate spatially con-
tinuous noise maps by estimating urban noise levels at unsampled locations. In Reference [39], an
end-to-end system called NoiseSense is proposed for urban noise monitoring and Pol-based noise
mapping. This work mainly focused on the overall monitoring system. The authors did not use
any interpolation technique to calculate noise levels at missing locations.

The noise pollution data that are collected using IoT-based approach can be used by spatial
interpolation methods to generate spatially continuous noise pollution maps. More specifically,
spatial interpolation is the process of using the values at observed locations to predict the values
at other unknown locations in geographic space. The rationale behind spatial interpolation is the
assumption that everything is related to everything else, but near things are more related than
distant things in space (Tobler’s Law of Geography [40]). In literature, there are several methods
available for spatial interpolation [41]. Among them, the two popular methods are Inverse
Distance Weighting (IDW) [42] and Kriging [43], which are frequently used in the field of
environmental science.

1.3 Challenges for loT-based Approaches

The above-mentioned IoT-based approaches will help us create better noise pollution maps if they
overcome the following challenges:
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C1: The IoT-based approach that uses citizens’ smartphones to continuously collect real-time
noise pollution levels usually generates huge data. Eventually, it is required to have a proper
framework for storage and processing to generate spatially continuous dynamic noise maps.

C2: Low-cost IoT devices like smartphones generate low-quality data. In other words, smart-
phone measurements of ambient noise levels may not produce true values. To produce true
noise levels, IoT device-specific proper calibration mechanisms are required.

C3: In participatory sensing, data may be generated from different sensing contexts (e.g., the
phone is in hand, in pocket/bag or an active phone call is going on). The ambient noise
measurements using this approach may not provide accurate values due to inappropriate
sensing context (e.g., when the phone is in pocket/bag). This approach should have a proper
context-aware data cleaning technique to remove the measurements collected from inap-
propriate sensing contexts.

C4: The IoT-based approach that uses participatory sensing can generate huge noise pollution
data. However, since the process of collecting data depends completely on the mobility pat-
tern of the participants, certain regions may experience a lack of data, leading to a spatially
sparse dataset. A sparse dataset makes it difficult to estimate urban noise at high spatial
granularity. Note that the spatial missing values in the participatory sensing-based data
also prevent us to achieve high accuracy. Moreover, a huge noise pollution dataset can
make predictive analysis computationally expensive and slow. This may significantly af-
fect the response time if the predictive models are deployed in an end-to-end framework
to provide noise maps as a service to the users. Eventually, it requires designing efficient
techniques that can address scenarios such as sparse datasets, high accuracy, better response
time to analyze, generate, and visualize a dynamic noise map.

1.4 Contribution

As discussed in Section 1.2, the state-of-the-art works [16, 37-39, 47, 48] for urban noise map-
ping and monitoring mainly focus on developing a framework for urban noise data collection
and directly plot them to a map for visual analysis. However, these works lack in addressing the
above-mentioned challenges (Section 1.3) that are directly related to the IoT-based approach for
noise monitoring. Compared to the state-of-the-art techniques, our contributions mainly differ in
the following aspects: (i) The proposed approach developed smartphone model specific calibration
mechanism for urban noise measurements. (ii) The existing works often use all the participatory
sensing data including the data that are collected from inappropriate sensing contexts. However,
an urban noise map that is generated from such erroneous data may not reflect the actual reality.
To address this problem, in this work, a context-aware data cleaning model is developed using the
machine learning technique. (iii) The existing approaches on participatory sensing-based noise
map generation come up with Pol-based noise maps that are spatially non-continuous in nature,
i.e., urban noise pollution levels on different Pols are visualized on a map. In contrast, spatial inter-
polation is utilized in this work to produce spatially continuous urban noise pollution maps that
can be helpful to make more effective and informed decisions. (iv) No existing literature addresses
the scenarios such as sparse dataset, high accuracy, better response time to analyze, generate, and
visualize a dynamic noise map. With the aim to address such scenarios, in this article, we have pro-
posed three spatial noise-mapping and inferencing methods, GLIDW (Grid-based Local Inverse
Distance Weighting), I-GLIDW (Iterative Grid-based Local Inverse Distance Weighting),
and GLIDW-OK (Grid-based Local Inverse Distance Weighting - Ordinary Kriging). All
these methods work on participatory sensing noise data for effectively and easily monitoring en-
vironmental noise. We have proposed three methods instead of just one, because different methods
are suitable in different scenarios (see Section 4.4.2). The first approach GLIDW predicts local grid
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noise having a sufficient number of sample points. Though GLIDW suffers from some limitations
(see Section 3.6), we can overcome those limitations in [-GLIDW and GLIDW-OK. I-GLIDW itera-
tively propagates already predicted grid cell’s noise to its neighbors having an insufficient number
of noise samples. However, GLIDW-OK is based on both GLIDW and OK (Ordinary Kriging)
[41]. It uses the concept of spatial correlation among different grid cells to capture the variation in
the Region Of Interest (ROI). The main idea of this article is to generate urban noise pollution
maps of any region based on the participatory sensing data in a low-cost and efficient way using
our proposed methods. Our key contributions are summarized as follows:

e To address challenge C1, we propose a framework that enables the users to get noise maps
as a service based on their query.

e Device-specific calibration mechanism is developed to address challenge C2.

e To address challenge C3, a classification algorithm is developed that detects the sensing
contexts (whether the phone is in the pocket or in hand) so noise data collected during
inappropriate sensing contexts can be removed.

e To address challenge C4, we propose three methods (GLIDW, I-GLIDW, GLIDW-OK) for
dynamic noise map generation using spatial interpolation techniques based on participatory
sensing data. The results show that our proposed methods (I-GLIDW, GLIDW-OK) perform
more accurately compared to the baseline methods (IDW, OK) for participatory sensing
noise data.

1.5 Organization

The rest of this article is organized as follows: Section 2 presents some existing spatial interpolation
methods. In Section 3, we provide the proposed approach, which includes participatory sensing-
based data collection framework, noise-level measurement, context-aware data cleaning, GPS to
MGRS conversion, and details of the proposed methods (GLIDW, I-GLIDW, and GLIDW-OK). In
Section 4, we provide experimental results that include a study area and data collection, calibra-
tion, parameter and model selection, performance metrics, and performance comparison with two
baselines (IDW and OK). In Section 6, we conclude this work.

2 BACKGROUND OF SPATIAL INTERPOLATION METHODS
2.1 Inverse Distance Weighting Method

Inverse distance weighting (IDW) [42] method is one of the simplest and widely used spatial
interpolation methods. It is based on an assumption that the value at any unmeasured location
can be predicted as a weighted average of measured values surrounding the prediction location. It
assigns greater weights to the points that are closer to the prediction location than the points that
are far away. The general form to calculate the predicted value u at an unknown point x based on
sample u; = u(x;) fori =1,2,..., N using IDW is given as follows [42]:

N
iz—;d(X,xi)pui cd for all
— ifd(x,x;) # 0 for all i,
uw={ & () 1)
;d(x,xi)i’
u;, otherwise,

where x denotes prediction point (interpolated point), x; is a known point (interpolating point),
d(x,x;) is the distance from the interpolating point x; to the interpolated point x, N is the total
number of known points used in interpolation, and p is the power parameter. Table 2 provides a
list of key notations used throughout the paper.
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2.2 Kriging

Kriging is a frequently applied geostatistical method for spatial interpolation. There is a large
body of literature describing the kriging method [41, 43, 49]. Kriging uses the assumption that
the distance between interpolating points reflects a spatial correlation and eventually uses the
semivariance to measure that spatial correlation. This spatial correlation can help us to capture
the variation in the surface. A semivariogram (a plot of semivariance as a function of distance or
lag) then permits us to model the similarity of observation points as a function of distance or lag.
In other words, a semivariogram allows measuring the degree of similarity among the observation
points separated by a given distance. The semivariogram can be computed from sample points by
using Equation (2) as given below [41].

N(h)

! Z z(x;) — z(x; + h)}? (2

2N (h)

y(h) =

Here, y(h) is the estimated semivariance at a separation distance h, and z(x;) and z(x; + h) are
known values at two points x; and x; + h that are separated spatially by distance h. The term N (h)
represents the number of pairs of sample points that are separated spatially by the distance h. Now,
the next step in kriging is to fit a model to the empirical semivariogram such that semivariances
can be obtained at all possible separation distances (i.e., lags). There are popular models (such
as Spherical, Exponential, Gaussian, Linear, etc.) that are given in kriging literature [50]. After
the model is fitted to the empirical semivariogram, it can be used to compute the weights A; that
minimize the variance in the predicted value. Now, the estimation can be made by the following
formula [51]:

5(x0) - ZA - p(x0)] 3)

where, 1 is called stationary mean, which is computed as the average of the whole dataset [52],
A; is kriging weight, k and p(x) are the total numbers of observation points and the mean of the
observation points within the search neighborhood. In kriging literature, there exist several vari-
ants of kriging [50], among them, some classical methods are Ordinary Kriging (OK), Simple
Kriging (SK), and Universal Kriging (UK). In the case of ordinary kriging, Equation (3) is mod-
ified by replacing p with a local mean p(xp), which is the mean of the observation points within
the search neighborhood [53, 54]. However, in the case of simple kriging, Equation (3) is modified
by replacing u(xo) with the stationary mean p. In other words, stationary mean y is assumed to
be constant over the whole domain. UK is an extension of Ordinary Kriging, which assumes that
the spatial variation in z values has a trend in addition to the spatial correlation between sample
points.

In the context of noise map generation, we have proposed three spatial interpolation techniques
that are inspired from IDW and OK to address diverse scenarios such as sparse dataset, high accu-
racy, better response time, and so on.

3 PROBLEM STATEMENT AND PROPOSED APPROACH
3.1 Problem Statement

Given a set of users U = {Usery, User, ..., User,} and a set of noise samples S = {s1,52,...,Sm}
collected from those users’ smartphones, where any noise sample s; should be in the form
as given in Section 3.2.1. Suppose, S,q € S is a set of samples within a given time interval
Tpq = [tp,tq], where t, and t, are start and end of the time interval. Let us consider, G =
{g1,92, ..., 9k} is a set of grid cells. Our objective is to come up with an efficient technique
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Fig. 1. Participatory sensing-based framework.

(or techniques) that utilizes the samples in S, to find a set of grid cells’ urban noise values
Népred) = {Nl(pred), Nz(pwd), . Nlipred)} by addressing diverse scenarios such as sparse dataset,

high accuracy, better response time, and so on, where Ni(p red) is the predicted noise value of grid
cell g; € G. Additionally, our aim is to create a noise map for the given interval T,, using those
predicted noise values and serve this to the users for visualizing and assessing noise pollution
based on their query.

3.2 Participatory Sensing-based Framework

Figure 1 provides an overview of the framework of our participatory-based noise map generation
technique, which consists of three parts: sensing and data collection, pre-processing, and service.
Noise levels are measured on the smartphones and then transmitted to the server. The server
combines spatio-temporal participatory sensing noise measurements collected from different par-
ticipants. Note that combining ambient noise data from different users is required, because the
noise readings are not available for all spatial and temporal resolution for a particular user.

3.2.1 Sensing and Data Collection. The sensing and data collection required participants to first
install our application NoiseSense [39] for Android. As shown in the leftmost portion of Figure 1,
using that Android application, we measure spatio-temporal noise data (see Section 3.3) and trajec-
tories (sequence of GPS coordinates) for participants. The measured noise level and GPS location
(latitude and longitude) are further tagged with some other sensor values such as 3-axis accelerom-
eter and proximity sensor values for context-aware (such as whether the phone is in hand or in
pocket/bag) data cleaning (see Section 3.4). Using the NoiseSense application, data samples get
recorded at an interval of every five seconds in the format <user_id, sm, si, lat, Ingt, ts, Leg,
accy, accy, acc, prx > and are uploaded to a database. Here, user_id is the unique user identifier;
sm denotes smartphone model name; si is the state information (whether an active phone call in
progress or idle) of the phone; lat and Ingt are latitude and longitude of the sampling location,
respectively; ts is the time stamp value; L., is the recorded noise level; accy, accy, and acc, are
three axis accelerometer values; and prx is the proximity value. An important thing to note is that
users can share all the above-mentioned sensors data anonymously to preserve their privacy.

3.2.2  Pre-processing. In the pre-processing stage, the dataset is first split into four parts. The
first part contains 3-axis accelerometer and proximity sensor values for context classification (see
Section 3.4) to identify noise sensing contexts i.e., whether the phone was in hand or pocket during
data collection. This is necessary to decide whether the noise samples are accurate or not. The
second part contains GPS coordinates (latitude and longitude). We convert the GPS coordinates to
MGRS (Military Grid Reference System) grid index (see Section 3.5). The third part contains
the smartphone model name (sm), recorded noise levels (L.4), and state information (si). We discuss
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in the later part (see Section 4.2) of this article that the calibration offset may vary from phone to
phone and also under different sound levels. We only calculate calibration offset for those sm and
Leq pair for which si = idle. In other words, we are calculating calibration offset for those noise
samples that are recorded while there was no phone call in progress. The fourth part contains
only the timestamps, and we keep this unchanged. After all pre-processing, we reconstruct the
original dataset in such a way that we keep only those noise samples with modified noise levels
(i.e., Leg + offset), MGRS grid index and timestamps for which context is “in hand”and si = idle.

3.2.3  Noise Map as a Service. Based on the reconstructed dataset, we can come up with noise
map of the Region Of Interest (ROI) using our proposed spatial interpolation algorithms. Before
creating a noise map, we divide the ROl into grid cells. Then, based on users’ query (for example,
a user may be interested to view the evening session’s noise map of a particular region) any of
our proposed algorithms (GLIDW, I-GLIDW, GLIDW-OK) can be used to produce a noise map.
We discuss later in the results section that the predictive accuracy and response time of a method
depend on the data sparsity level of a dataset. Depending on how sparse the dataset is, we choose
an appropriate method for noise map generation (see Section 4.4.2). We use GLIDW if the dataset
is dense. However, we prefer to use -.GLIDW and GLIDW-OK when the data sparsity levels of the
dataset are medium and high, respectively.

3.3 Urban Noise-level Measurement

It is quite common to measure urban noise levels (or sound levels) as equivalent continuous sound
level (Lcg). Usually, sound pressure levels fluctuate over time. L.q, which is measured in decibel
(dB), is used to represent sound pressure levels that fluctuate over a time interval by taking into
account the total sound energy over the time interval. In other words, L., would result in the same
effects as the varying sound levels over a given time interval. The equivalent continuous sound
level (L¢g) is calculated using the following equation [55]:

te 2
Leq = 1010gy, [%ft (g) dt}. @)

Here, t; and t, are the start and end of the time interval, respectively, p; is the acquired sound
pressure of the sound signal, and p, is reference sound pressure level (typically 20 pPa). This noise
value (L.q) may not be the true value; we need to add an offset ¢ that is calculated by calibrating
the smartphone against a standard device (e.g., Sound Level Meter). Hence, the modified noise
value is determined as follows:

L/eq =Leg+¢. (5)

Later, in Section 4.2, we explain how to calculate the value of &.

3.4 Context-aware Data Cleaning

Note that not all noise samples give accurate noise measurements. The noise sensing contexts (for
example, whether the phone is in the user’s hand or pocket) determine whether the noise samples
are accurate. We discard those noise samples that are recorded in sensing contexts that provide
inaccurate noise measurements. Some examples of such sensing contexts that provide inaccurate
noise measurements are: (i) an active phone call in progress, (ii) phone is kept in pocket, and so
on.

It may happen that the noise levels are recorded while there is an active phone call in progress.
Hence, we need to correctly identify this scenario and eliminate the noise values that are recorded
during that time. To do that, we also record the state information of the phone (idle or active call
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Fig. 2. Normalized mean total acceleration and proximity sensor behavior for hand and pocket contexts for

five different subjects.

in progress) along with the ambient noise value. We only keep those data records for which the
phone is in the idle state (i.e., no active phone call in progress) and remove others.

The accuracy of the ambient noise data that are collected using the smartphones also depends
on the sensing contexts, like whether the smartphone is carried in hand or pocket. Usually, noise
samples give accurate noise measurements when the smartphone is carried by hand. However,
noise samples give inaccurate noise measurements when the smartphone is kept in the pocket.
Hence, we need to correctly identify these two scenarios to eliminate the noise values that are
recorded while the phone was in the pocket and keep those noise values that are recorded while
the phone was in hand. We use a classification algorithm to identify these two contexts. We ex-
amine the feasibility of using the sensor data from accelerometer, gyroscope, light sensor, and the
proximity sensor as features for classification. We appoint five subjects to record the readings us-
ing smartphone sensors. Each of the subjects is given two identical smartphones each keeping in
a different sensing context (i.e., each subject is carrying one smartphone in hand and the other in
pocket). Each subject is asked to collect 30 minutes of data. After analyzing the sensor data, we
decide to exclude the gyroscope and light sensor, as their values are not significantly different in
the two sensing contexts. We decide to use the accelerometer and the proximity sensor values for
the purpose of classification. We represent normalized mean total acceleration and proximity sen-
sor values for different subjects in different context in Figure 2. Here, the mean total acceleration
is calculated using the following equation (Equation (6)). Here, ay;, ayi, and a;; are x, y, and z axis
data of the ith accelerometer reading, respectively.

M= Z\/mx»z + (ay)? + (azi)? ©)

We use Naive Bayes algorithm for context classification. We choose Naive Bayes, as it can not only
predict with fair accuracy (81%) but also is easy to interpret and lightweight compared to other
effective machine learning algorithms like support vector classification. Since it is not the main
focus of our work, we do not pay much attention on improving the accuracy.
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3.5 GPS to MGRS Convertion

For analyzing the participatory sensing-based noise data, the Military Grid Reference System
(MGRS) [56] is used. MGRS provides a way to represent the surface of the Earth into squares
of small grid cells. In this work, we convert the GPS coordinates of noise samples into MGRS
grid cells of 1m?. The major motives for approximating GPS with the small square areas are as
follows: First, inferring noise value for every possible GPS coordinate is impractical, because there
are numerous such GPS coordinates. Second, the standards for noise pollution monitoring advised
to measure the pollution levels in such square areas [57]. Here, we can simply use the MGRS grid
reference system without any further modification. But, in the case of other reference systems such
as Universal Transverse Mercator (UTM), Universal Polar Stereographic (UPS) [58], and so
on, some modifications might be required. Now, one thing to be noted here is that the dimension
of the grid cell for the proposed methods (namely, GLIDW, I-GLIDW, and GLIDW-OK) may not
be the same as the MGRS grid dimension. For instance, using parameter selection (see Section 4.3)
it is found that if prediction grid cell’s dimension n = 100 meter, then the prediction accuracy is
maximum. In other words, each of the prediction grid cells is of size 10* square meters.

3.6 GLIDW

The first approach we propose is an MGRS-based local spatial interpolation technique, called
Grid-based Local Inverse Distance Weighting (GLIDW). GLIDW predicts grid noise locally us-
ing a method that is inspired from the concept of Inverse Distance Weighted (IDW) interpolation.
Recall from Section 3.5 that we develop grid-based noise prediction, because predicting noise for
every GPS coordinate is impractical.

Algorithm 1 describes the procedure of GLIDW. The inputs to this algorithm are sample noise
data S, radius R, a threshold Ny, the dimension of each grid cell n, and a time interval T4 = [£,, t4].
Initially, we divide the study area into grid cells having dimension n X n. We create a set G that
contains all such grid cells. Next, a subset S,; € S of samples is created for which the sampling
times are within the time interval Tp,q = [t,, 4], where t, and t4 are the start and end of the time
interval. From line 6-line 10, we calculate distances d(m;, p;) of the sampling location p; of sample
sj € Spq from the midpoint m; of grid cell g; and come up with a set D of all those distances. In
line 11, we construct a set NN; of sample points that are within radius R from the midpoint m;.
Next, in line 12, we check whether |[NN;j| is greater than or equal to some predefined threshold Ny,.
If INN;| > N, then we consider only N, nearest neighbors for predicting grid cell’s noise value.
Later, in the results section (see Section 4.3), we will see the optimal value of N7, such that we
can calculate noise efficiently. From line 15-line 22, we calculate the weights of Ny, closest sample
points. Next, we predict noise value of grid cell g; in line 23. But, if the condition mentioned in
line 12 is not satisfied, then it indicates that there are an insufficient number of sample points to
predict the grid cell’s noise value correctly, and eventually we put NULL as the noise value in
line 25. At the end, the algorithm returns G along with the predicted noise values Nép red)

Algorithm GLIDW runs in time O(|G|nslog(n;)), where ng and |G| are the total number of sam-
ple points and the total number of grid cells, respectively. The outer for loop (line 3-line 28) iterates
over O(|G|) times. For each iteration of the outer loop, the for loop of line 6-line 10 iterates over
O(ns) times. Moreover, for each iteration of the outer loop, if the condition at line 12 is satisfied,
then NN; can contain n, sample points in the worst case, and eventually sorting at line 13 can be
performed in O(nslog(ns)) time in this case. The next for loop (line 15-line 22) iterates over O(Ny,)
time, where, Ny, is a user-defined threshold (in our case, we set N7, = 10). So, overall time com-
plexity is O(|G|(ns + Npnslog(ns))) = O(|G|nslog(ns)). However, the space complexity of GLIDW
is O(|G| + ng). Set G contains all the grid cells that require O(|G|) spaces. To store the distances
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ALGORITHM 1: GLIDW(S, R, Ny, 1, Tq)

Input: Sample data S, Radius R, Number of neighbors N7,, Dimension of each grid cell n, Time
interval Tj,,.

Output: Set of grid cells G, Grid cells” noise values Nép red)

1: Create a set of grid cells G having dimension n X n;

2: N((;p”d) « 0; 5,4 « samples of S having time interval T,y = [t,, 4]

3: for each grid cell g; € G do

4 m; « mid point of grid cell g;;

5 D} « 0

6:  for each sample s; € Syq, m; # p; do

7 //p; is sampling location of sample s;;

8 d(m;,pj) « distance between m; and sample point pj;

9 D:l — D? U {d(mi,pj)};

10:  endfor

11: NN, = {p{ | d(m,-,pj) < R s d(ml-,pj) S D:l},

12:  if |[NN;| > N, then

13: Sort the sample points p{ € NN; to create an ordered list L; = (pfl, l.‘z, .. .,prN"‘) such
that d(mi,pjl) < d(m,-,pjz) <...< d(m,-,ijNil);
14: Create a set L/i = {pf" Ipf..’c €L;,k < Np}
15: for each neighbor pfk €L, do
16: if d(m;, p}¥) < 1 then
17: wf" =1;
18: else
k _ 1 1.
19: P = —d(mi,p{k) - I_?:|’
20: end if
21: noise [p{k] « noise value of sample l..";
22: end for

Z w{" X noise[p{k]

23: Ni(pred) = pitel; 7 ;
2.
pikeL]
24:  else
25, NPY = NULL;

26:  end if

- Népred) _ Népred) U Ni(pred);
28: end for

29: return (G, Népmd));

between a particular midpoint and the sample points, we require O(ns) space (line 9). In the worst
case, NN; takes O(n;) space (line 11). The set Lli in line 14 takes O(Np,) space. The set NéprEd)
takes O(|G|) space, as it needs to store the predicted noise values of |G| grid cells. The remaining
variables take O(1) spaces. So, overall space complexity is O(|G| + ns + N) = O(|G| + ny).

The main advantages of GLIDW are that it is simple to implement and it has a low computa-
tional time (i.e., low execution time). Note that low execution time leads to better response time
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(execution time + communication time) if the method is deployed in the end-to-end framework
(see Section 3.2). Despite these advantages, GLIDW suffers from some limitations. First, it is sensi-
tive to the missing values. In other words, it is unable to predict grid cell’s noise if the grid cell does
not contain sufficient samples. Hence, in the case of a sparse dataset (i.e., dataset having missing
values), if the data sparsity level (Definition 1) is high, then it usually leads to many grid cells to
remain unpredicted. Second, it is a local method for predicting noise and there is no direct way to
predict noise value of a grid cell that has an insufficient number of samples. This may severely af-
fect the performance of GLIDW and, eventually, high accuracy may not always be achieved. Next,
we propose two different methods (I-GLIDW and GLIDW-OK) to overcome the above-mentioned
limitations regarding the sparse dataset and accuracy. Each of these two methods has its own
advantages and disadvantages.

Definition 1 (Data Sparsity Level). The data sparsity level § of a dataset can be defined as follows:

G|

where G(™) is the set of grid cells containing noise samples and G is the set of all grid cells. For
example, if data sparsity level of a dataset § = x%, then it means x% of the grid cells having missing
values.

G(ns)
5= [1 _ |} X 100%, (7)

3.7 I-GLIDW

I-GLIDW (Iterative GLIDW) is an iterative form of GLIDW that is proposed to overcome the lim-
itations of GLIDW. In this method of interpolation, the local effect of grid cells are propagated to
neighboring grid cells in an iterative manner, as described in Algorithm 2.

The inputs to I-GLIDW are sample noise data, radius for GLIDW, radius for [-GLIDW, threshold
Grh, and the dimension of each grid cell. The first step of this method is to compute the grid
cells’ noise that has a sufficient number of samples using GLIDW. In the first iteration, for each
grid cell g; € G, if the noise value of that cell is not predicted yet (line 10), then we calculate the
fraction 7 of neighboring grid cells having already predicted noise values within radius R (line 12).
Next, we check whether 7 is greater than or equal to some predefined threshold Gry. If so, then
we compute weights w{ for each neighbor g; € GN;, where GN; is a set of all nearest neighbors
of grid cell g; having already predicted noise values. Based on the weights Wl’ and corresponding

noise value N j(pwd) of each grid cell g; € GN;, we compute the predicted noise value N, l(p red)

(line 18). But, if 7 is less than Gy, then we assign predicted noise value Nl.(p red) 4s NULL (line 21).
If, at the end of an iteration all the grid noise values are not computed (line 4), then we go into
the next iteration along with the noise values computed in the previous iteration. This process is
continued until all the grid cells’ noise values are computed. The main objective of this approach
is to propagate grid cell’s noise to its neighbors.

Algorithm I-GLIDW runs in time O(|G|(nslog(ns) + I.GN]g,mml))). Let us consider the while loop
iterates over I times. The for loop of line 8 iterates over O(|G|) times and the for loop at line 15

of g;

iterates over O(GN, I(e,toml)) times in worst case. Hence, overall time complexity = Complexity due
to GLIDW (line 1) + O(IIGIGNY***Y) ~ O(IGInslog(ns)) + O(IIGIGNY***?) ~ O(IG|(nslog(ns) +
I.GN}(;DMI))). However, there can be maximum of GNI(;OMI) neighbors in GN;. Hence, it requires
O(GN}(;OMI)) space in worst case. Remaining variables take O(1) spaces. Therefore, the overall
space complexity of this algorithm is = space required for GLIDW + O(GNIngtal)) ~ O(|G| + ns +
GN(total))

:4 :
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ALGORITHM 2: [-GLIDW(S, R, Np, n, R, Gry, Tpq)

Input: Sample data S, Radius R for GLIDW, Number of neighbors Ny, for GLIDW, Dimension of
each grid cell n X n, Radius R’ for iterative computation, Threshold Grp,, Time interval T),,.
N(pred)
G

Output: Set of grid cells G, Grid cells” noise value
1. (G, NP"*Y) — GLIDW(S, R, N, n, Tyg);
2: GNI(;OMI) « Total number of neighbors within R’;
3: C= |G|,
4: while C # 0 do
5 if |G| — C # 0 then
6 C=|G;
7. endif
8. for each grid cell g; € G do
9

: C—C-1;
0. if N"*Y == NULL then
11: Construct a set GN; = {g; | N;Pred) # NULL ,i # j,d(m;,m;) <R'};
12: n= Nl
GN
13: if n > Grp, then
14: Népred) _ Népred) \ {Ni(pred)};
15: for each neighbor g; € GN; do
vl = | a7
17: end for
W{ x Nj(pred)
18: Nl.(pVEd) = 9, €GN: - ;
2w
gi€GN;
19: N((:pred) _ N((:pred) U {Ni(pred)};
20: else
21: NP — NULL;
22: C—C+1;
23: end if
24: end if

25:  end for
26: end while
27: return (G, Nl.(pred));

Figure 3 shows the process of I-GLIDW. In Figure 3(a), we predict the noise of those grid cells
that have a sufficient number of noise samples. Figure 3(b) shows a particular grid cell with noise
samples. We compute the grid cell’s noise if it has a sufficient number of noise samples using
GLIDW. Here, R = % X Length of diagonal = % XV2xn= % is the radius for GLIDW, and we

consider only those noise samples that are within the radius. Figures 3(c) and (d) show a single
iteration of I-GLIDW to compute noise values from already predicted grid cells’ noise. As shown
in Figure 3(d), the total number of neighbors (i.e., neighboring grid cells’ midpoints) within radius

Ris8 (ie., GNI(;‘”“I) = 8), as the figure indicates the value of R = V2 x n, where n is the grid cell’s
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Fig. 3. Process of I-GLIDW (a) Prediction of grid cells’ noise having a sufficient number of noise samples.
Small dots represent sample points. The samples within each circle are responsible to find the noise value
of the grid cell within that circle. (b) A particular grid cell is zoomed in. dB; are the known noise values
at sample points (square dots) having distances d; for i = {1, 2,3, 4,5} from the midpoint (circular dot) of
the grid cell. (c) First iteration of I-GLIDW. (d) Prediction of an unpredicted grid cell’s noise using already
predicted neighbors (shaded grid cells) in an iteration.

dimension. We can generalize this as follows: Suppose there exist N number of grid cells in the row
and M number of grid cells in the column within any user defined R’, then the value of GN;;OMZ)

will be N X M — 1.1t should be noted that the threshold value is assumed to be Gy}, = m This
assumption allows us to calculate all the missing grid cells’ values in I-GLIDW even in the worst
case (i.e., when the data sparsity is maximum). A large number of iterations may be required
to predict all the grid cells’ noise for a sparse dataset. Note that although I-GLIDW can handle
the problem related to the sparse dataset, a very high data sparsity level can affect its predictive

accuracy (see Section 4.4.2).

3.8 GLIDW-OK

This method is based on both GLIDW and OK methodologies. The main idea behind this method
is to analyze the study area in both local and global views of the grid. Initially, we analyze grid
cells locally by inferring the noise based on the sample data local to the grid cells (in our case,
we are considering sample points within a predefined radius from the midpoints of the grid cells).
However, when we are analyzing the grid globally, it means multiple grid cells (already predicted)
are taking part in inferring the noise value of an unpredicted grid cell. For local analysis, we ap-
ply GLIDW and eventually compute those grid cells’ noise value that has a sufficient amount of
sample data. The result of GLIDW is then used as input for the OK method. For global analysis,
the ordinary kriging method is used to predict grid cells’ noise values that are not predicted yet.
Algorithm 3 describes the procedure of GLIDW-OK. Initially, we call GLIDW (line 1) to com-
pute the grid cells’ noise values that have a sufficient number of sample data points. Next, we are
creating an experimental semivariogram using already predicted noise values. The experimental
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semivariogram is calculated using Equation (8):

~y 1 o2
7 = S5 %)(Zl z)*, ®)

where h is specified lag distance, z; and z; are two points that are separated spatially by h. The term
N(h) is the total number of points that are separated by the distance h. The semivariogram is the
sum of squared differences between values separated by a distance h. After that, we are choosing
a model that is the best fit for the experimental semivariogram. Next, we use the OK method to
predict the remaining grid cells’ urban noise value by using already predicted noise and selected
semivariogram model.

Standard ordinary kriging at line 4 takes O(|G|n?) time and O(|G|n?) space [59]. So, overall time
required for GLIDW-OK is = time required for GLIDW (line 1) + O(|G|n?) ~ O(|G|n?). However,
the overall space required for GLIDW-OK is = space required for GLIDW (line 1) + O(|G|n?) ~
O(IGIn?).

ALGORITHM 3: GLIDW-OK(S, R, Ny, n, V™, Tp,q)
Input: Sample data S, Radius R for GLIDW, Number of neighbors Ny, for GLIDW, Dimension of
each grid cell n X n, V™™ is the set of variogram models, Time interval T,,.
Output: Set of grid cells G, Grid cells’ noise value Nép red),
. (G,N¥"*Y) « GLIDW(S, R, N, 1, Tpq)

1
2: Generate Semivariogram of dataset using Equation (7).
3: model <« Modelling(V'™).

4: (G,Nép”d/)) = Ordinary_Kriging(G,Népmd), model)
5. return (G,Népred’));

3.9 Performance Metrics

We use 10-fold cross validation [60] method to validate the simulation accuracy for comparing
the performance of our proposed spatial interpolation methods with some baselines (e.g., IDW,
OK). Some common statistical measures such as mean absolute error (MAE), relative mean
absolute error (RMAE), mean relative error (MRE), root mean squared errors (RMSE) are
used to evaluate spatial prediction accuracy and model simulation effect. MAE, RMAE, MRE, RMSE
are defined as follows:

1 k
= £ D l2(x) =2, ©)

i=1

k
_ %Z Z(’" , (10)

1 k

MRE = - z; 12(x;) — Z(x1) /2(x7)] (11)

k
RMSE = Z 2(x;) — 2(x:1) )2, (12)

i=1
where k represents the total number of samples in the validation set, z(x;) and Zz(x;) represent
the measured and predicted noise values, respectively. MAE, RMAE, MRE, and RMSE are used to
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Fig. 4. Map of our study area. This map is created using QGIS [61]. The study area is part of the city of
Kolkata, India. Here, Easting and Northing are East-West and North-South positions, respectively, of MGRS
coordinate value.

assess the prediction accuracy of interpolation methods. Smaller values of MAE, RMAE, MRE, and
RMSE represent greater accuracy in the prediction result. We also measure the relative improve-
ment (RI) of our proposed spatial noise prediction models with respect to the baselines (e.g., IDW,
OK). For a given model M; RI of RMSE with respect to another model M; can be calculated using

Equation (13):
M; M;
RI(RMSE) _ RMSE™i — RMSE (13)

A{i /A/fj RMSEAIJ ’

where RMSEM: and RMSEM; are RMSE values of model M; and M;, respectively. If RMSEM: is
smaller than RMSE™, then the RI will be positive, which indicates M; is a better model than M .

4 EXPERIMENT AND RESULTS

In this section, we discuss our study area and the data collection, calibration, parameter, and model
selection, and at the end, we present the results and comparison. In this study, all the experiments
are performed on a 64-bit Windows PC with 3.30 GHz Intel(R) Xeon(R) CPU E3-1226 v3 processor
and 64 GB of RAM.

4.1 Study Area and Data Collection

The study was conducted in the Jadavpur area, which is extended between 22°48’91”N —
22°50"70”' N latitude and 88°36’76”'E — 88°40’07"’E longitude covering an area of 7 km?, which is
a part of the city of Kolkata, India. The region is densely populated, with different land use/land
cover. Figure 4 shows the study area. A total of 26 participants having diverse demographic
characteristics (e.g., occupation, age, gender) are dedicatedly involved in the data collection
process for a period of two years (June 2017-June 2019). Here, all the 26 participants (*35%
female and ~65% male) are asked to collect the noise pollution data within the above-mentioned
study area with GPS-enabled smartphones. All the participants live in the city of Kolkata. The
demographic data of these participants are presented in Figure 5. Over half of the participants
(~65%) are undergraduate (UG) and postgraduate (PG) students, approximately 13% of them
are employees, and the rest of the others (=25%) are research scholars. Moreover, approximately
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Fig. 5. Demographic data of participants.

13% of the participants have age less than 20 years, 70% of the participants have age between 20
to 30 years, and 17% of the participants have age greater than 30 years.

The data collection required participants to install our application NoiseSense [39] for Android.
In the NoiseSense application, data gets recorded at an interval of five seconds in a database in
the format <user_id, sm, si, lat, Ingt, ts, L.q, accy, accy, acc;, prx>. The user interface of the
application NoiseSense for logging ambient noise data is shown in Figure 7(a). Any smartphone
that is calibrated with the standard sound level meter (SLM) can be used for data collection at
any point of time. Although, in the experiment, we have used the same set of smartphones for the
entire data collection process. Here, the noise pollution data samples are mainly collected at three
different sessions (Morning Session (MS), Afternoon Session (AS), and Evening Session (ES))
of different days. We consider MS, AS, and ES as the time intervals [9:00AM-11:00AM], [3:00PM-
5:00PM], and [6:00PM-8:00PM], respectively. Here, our main motive behind selecting those time
intervals for data collection is to generate noise pollution maps for the rush hours in the city. After
context-aware data cleaning (see Section 3.4), there are a total of 93,786 data samples present in
the participatory sensing-based noise pollution dataset. Figure 6 depicts the spatial distribution
of sampling locations in the study area. Note that the data sparsity levels () for MS, AS, and
ES sessions are 5.1%, 6.2%, and 4.9%, respectively. Whereas, combining all sessions’ data reduces
the sparsity levels to 2.3%. For ground truth data collection, we use standard noise-measuring
devices such as Amprobe SM10 [62] and Mextech SL-4012 sound level meter [63]. In this work, the
participants carry both standard device (for ground truth data) and smartphones (for participatory
sensing data) during data collection, and they collect ground truth data in the same locations where
data are collected using smartphones.

The data that are collected using ground truth devices are used to validate the proposed predic-
tive models. The details of the spatio-temporal aspects of the data along with our approach for the
evaluation of spatial noise mapping are illustrated using Figure 8. Note that we have used 10-fold
cross validation (CV) for the evaluation. As shown in Figure 8, for each iteration of the CV, the
data from the spatial locations for model building (i.e., training purpose) and validation (i.e., test-
ing purpose) are disjoint sets. Hence, the ground truth data in the test set (to which the predicted
values are compared) are in different spatial locations from those data that are used for the model
building. The noise values are predicted on the test locations after the model is built, and then
the predicted values are compared to the ground truths at those locations (i.e., test locations) to
measure the metric.

4.2 Calibration

As we have discussed in Section 3.3, we need to estimate the calibration offset ¢ to correctly
measure L.4. Calibration is necessary, because, without good calibration, the smartphone sensors
may produce data that are inaccurate. Now, to calculate calibration offset £, we measure and
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Fig. 6. Spatial distribution of the sampling locations in the study area for the morning session (MS), after-
noon session (AS), evening session (ES). Data collected over a two-year period, weekdays, and weekends.
Different colors in the map indicate sampling locations corresponding to different participants.
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Fig. 7. (a) Screenshot of data logging activity using our Android application (NoiseSense [39]). (b) Noise
pollution map as a service.
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Fig. 8. The details of the spatio-temporal data and the approach for evaluation of the spatial noise mapping

techniques.

Linear Fit

Id

eal Behavior

110
100 .-
90
80
70
60 -
50 -8
40

SLM (dB)

ly=1.07x+20.5]

“‘[Panasonic Eluga

30 +—F s

20 30 40 50 60 70 80 20 30 40 S50 60 70 80 20 30 40 50 60 70 80

Smartphone (dB)

(a)

Smartphone(dB)

(b)

Smartphone (dB)

(©)

Fig.9. Scatter plots of SLM readings and corresponding smartphone readings for three different smartphones
(a) Google Pixel (b) Moto Z2 Play (c) Panasonic Eluga. A regression line (red line) shows linear relationship
between smartphone noise-level measurements and true noise levels. The difference between regression line
(red line) and ideal line (cyan) gives calibration offset &.

compare the readings from SLM and different smartphones under different sound levels. For
example, the scatter plot for SLM readings and their corresponding readings of smartphones
are shown in Figure 9 for three smartphone models (Google Pixel, Moto Z2 Play, and Panasonic
Eluga). Moreover, we use linear regression (least squares fitting technique) to show that there
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Table 3. Linear Models and Quality of Linear Regression

Smartphone Linear Model Quality of Linear Regression
Device [f(x) = p1x + p2] [Goodness of fit]
D1 D2 SSE R? Adjusted R* RMSE
Moto Z2 Play 1.073 20.52 1004  0.9653 0.9651 2.845
Panasonic Eluga | 1.225 -1.89 1059  0.9397 0.9391 3.27
Google Pixel 1.023 26.55 756.2  0.9713 0.9711 2.47
Lenovo K3 Note | 0.969 11.61 760 0.9595 0.9592 2.571
Lava Pixel v3 0.9412 13.88 101.8  0.9843 0.9841 1.302
Redmi 3S Prime | 1.013 18.99 338.4 0.9693 0.9688 2.395
Galaxy J7 Nxt 0.9448 16.46 321.7 0.9755 0.9752 2.83
Galaxy J7 Prime | 1.0396 15.74 216.1  0.9715 0.9713 2.55

# Neighbors

60 70 80 90 100 110 120 130 140 150
Grid Dimension

Fig. 10. Prediction accuracy (RMSE values) for different combinations of neighboring threshold Nyj and
cell dimension n.

exists a linear relationship between smartphone noise-level measurements and true noise levels
(i.e., SLM readings). For different smartphone models, we find different linear models and calculate
the metrics of goodness of fit to show the quality of linear fittings. These linear models and their
goodness of fit for some smartphone models are shown in Table 3. Suppose, for any smartphone
model sm;, the linear model is given by Equation (14), where x is the smartphone noise reading.
Now, for any noise reading L.q in a smartphone model sm;, the corresponding calibration offset
is calculated by Equation (15). We observe that for different smartphone models, the calibration
offset not only varies from phone to phone but also may vary under different sound levels.

fMi(x) = prx + pa (14)

Srsmi (Leq) = fsmi (Leq) - Leq (15)

4.3 Parameters and Model Selection

Two parameters N7, and n of GLIDW need to be known to predict noise within a grid locally.
We change the values of the threshold N, as well as the dimension of the grid cell n to find an
optimal combination of them, so this optimizes our prediction accuracy. Figure 10 shows the RMSE
values for different settings of Ny, and n. It can be seen that, if n is in range 50 ~ 80 meters and
Ny, is around 10, then the lowest RMSE is achieved, but the problem is that a small cell dimension
like 50 ~ 80 meters will cause few noise samples within a grid cell, which leads to many grid cells
remaining unpredicted. It should be noted that if n is in the range 80 ~ 100 meters and Ny, is around
10, then we also got a decent result. In our work, we have taken n = 100 (i.e., 100 X 100 grid cells)
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Fig. 11. Fitting of four commonly used semivariogram models (Spherical, Exponential, Gaussian, and Linear)
to the experimental semivariogram.

and N7, = 10. Note that the value of radius R in GLIDW depends on the cell dimension n. As
shown in Figure 3(b), the value of R is half the length of the diagonal of a grid cell. Hence, in this
case, R = % X Length of diagonal = % XV2xn= \% = % It is also important to note that the
parameter selection here is performed based on the whole dataset.

For GLIDW-OK, Figure 11 shows the fitting of different models to the semivariogram generated
from the sample data. We select the spherical model, which is the best fit compared to other models
such as exponential model, linear model, and so on. The parameters of the model are: nugget vari-

ance (C,)= 12.354196, sill (C)= 77.422, and range (a)= 8.633. Hence, the fitted model is as follows:

3h 1 ho\?
y(h) = 12.354196 + 77.422 X ——x[—=] ) (16)
17.266 2 8.633

In the case of the baseline IDW, the best value of the power parameter p is found out by testing
IDW with different values of p. Note that p = 2 is selected, as it provides the best performance.
However, spherical variogram is used as a variogram model in case of the baseline OK, as it is found
to be the best fit model as compared to other models such as exponential model, linear model, and
SO on.

4.4 Results

Each of the three methods (GLIDW, I-GLIDW, and GLIDW-OK) that we have proposed produces
a fairly different noise pollution map on participatory sensing data of our study area. As shown in
Figure 12, GLIDW produces a noise map of our study area that is based on afternoon session data
(3:00 PM-5:00 PM). The figure reflects that a lot of grid cells remain unpredicted by GLIDW. Recall
from Section 3.6, this is one of the limitations of GLIDW. Figure 13 shows the noise maps produced
at different iterations (total 15 iterations, I;-I;5) by I-GLIDW. Two limitations of I-GLIDW can be
identified clearly from this figure (Figure 13). We can see at the bottom left portion of the noise map
of iteration I; that there is an area with high noise values (deep red) surrounded by unpredicted grid
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Fig. 12. Noise map produced by method GLIDW. Grid cells having an insufficient number of sample points
remain unpredicted (white-colored regions).

Fig. 13. Noise maps produced in different iterations (I — I5) by method I-GLIDW.

cells having missing values. As iterations go on, noise values of those unpredicted grid cells become
predicted by I-GLIDW. If we carefully see different iterations, then I-GLIDW propagates the initial
noise values (i.e., the deep red portion) to the unpredicted grid cells. This is the first limitation of I-
GLIDW. Moreover, we can see, to generate the final noise map, I-GLIDW takes too many iterations
(in this case 15; it can be even more for a different distribution of sample points), which increases
its computational cost. Now, Figure 14 shows the noise map produced by GLIDW-OK on the same
dataset. Later, we evaluate these methods in terms of different performance metrics.

4.4.1  Performance Comparison with Baselines. We compare our proposed spatial interpolation
methods with two baselines. The first one is Inverse Distance Weighting (IDW) [42] and the
second one is Ordinary Kriging (OK)[50]. The cross-validation results of noise levels estima-
tion using GLIDW, I-GLIDW, GLIDW-OK, IDW, and OK are shown in Table 4. The results show
that there is not a single method that clearly dominates over other methods in terms of predictive
accuracy (MAE, RMAE, RME, RMSE) in all three sessions (e.g., Morning Session (MS), Afternoon
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Fig. 14. Noise map produced by method GLIDW-OK.
Table 4. Performance Comparison with Baselines
Session Methods Quality of Models
MAE RMAE MRE RMSE
GLIDW 8.1094 0.1099 73.1977  9.6156
I-GLIDW 6.1134 0.1059 72.4287  7.3737
MS GLIDW-OK  5.8477 0.1028 72.4512  7.1441
(9:00AM-11:00AM) IDW 6.4452  0.1063 72.4171  7.8882
OK 6.0316  0.1053 72.8635  7.2423
GLIDW 6.9134 0.0992 70.5698  8.4805
I-GLIDW 59648 0.0921 66.9346  7.4226
AS GLIDW-OK  6.3137 0.0935 66.9213  7.8568
(3:00PM-5:00PM) IDW 6.3707 0.0956 66.9404  8.4793
OK 6.3353  0.0943 66.9923  7.9312
GLIDW 9.5457  0.143  75.4855 10.6806
I-GLIDW 5.1884 0.0792 72.8963  6.9227
ES GLIDW-OK  6.3966 0.1019 72.9158  7.2958
(6:00PM-8:00PM) IDW 7.1925 0.1063  72.8644  8.9272
OK 6.5141 0.1043 72.4623  7.9513

MS: Morning Session; AS: Afternoon Session; ES: Evening Session; MAE: Mean Absolute
Error; RMAE: Relative Mean Absolute Error; MRE: Mean Relative Error; RMSE: Root Mean
Squared Error; GLIDW: Grid-based Local Inverse Distance Weighting; I-GLIDW: Iterative
Inverse Distance Weighting; GLIDW-OK: Grid-based Local Inverse Distance Weighting- Or-
dinary Kriging; IDW: Inverse Distance Weighting; OK: Ordinary Kriging.

Session (AS), Evening Session (ES)) of a day. This is because datasets of different sessions may have
different data sparsity levels and the impact of data sparsity on the predictive accuracy of different
methods may not be the same (see Section 4.4.2). The highest error is obtained with GLIDW, irre-
spective of the sessions. We have also shown the scatter plots (see Figure 15) of the original noise
levels (observations) versus the predicted noise levels (estimates) from GLIDW, I-GLIDW, GLIDW-
OK, IDW, and OK in different sessions of a day. In all the methods, the estimated mean noise (1)
is almost similar to the observed mean noise (yi,)(i.e., actual mean). We can also see that estimated
standard deviation (o) is smaller than the observed standard deviation (o) (smoothness). Ad-
ditionally, the correlation coefficients (p.,) between observations (x) and estimates (y) are fairly
good for both I-GLIDW and GLIDW-OK in all three sessions. The method IDW smoothed out the
prediction of noise levels at the most. However, the smoothing effect of prediction is the least for
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Fig. 15. Observation vs. Prediction plots of different methods (GLIDW, I-GLIDW, GLIDW-OK, IDW, OK) in
different sessions (MS-Morning Session, AF-Afternoon Session, ES-Evening Session) of a day.
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Fig. 16. Execution time (Tg) and communication time (T;) for different methods by varying the number of
data samples ng. (a) Tg and T, with ng = 4,000; (b) Tr and T, with ng ~ 8,000; (c) Tg and T, with ng = 12,000.

[-GLIDW. It is also important to note that, for each of the MS, AS, and ES rows of Figure 15, the dis-
tribution of observations for GLIDW is different from the rest of the other methods. It is because,
as discussed in Section 3.6, one of the major limitations of GLIDW is that it is unable to predict grid
cells’ noise if the grid cells do not contain a sufficient number of noise samples. In other words,
if for any grid cell g;, the condition NN; < N7}, holds true in Algorithm 1, then GLIDW returns
NULL, where N N; is the number of nearest neighbor samples within radius R. Hence, in the case of
GLIDW, some of the predicted values could be NULL. Whereas other methods (I-GLIDW, GLIDW-
OK, IDW, OK) always come up with a non-NULL predicted value. Now, Figures 16(a), (b), and
(c) compare the execution time (Tg) and communication time (T;) of the proposed methods with the
baselines by varying the number of urban noise samples (ns ~4,000, n; ~8,000, ns ~12,000). Here,
the execution time Tg of OK is found to be maximum compared to the execution time of other ap-
proaches. However, the communication time (T;) does not vary significantly across the methods for
the same number of samples. We also show the relative improvement between each pair of meth-
ods in the form of three heatmaps (see Figure 17) one for each session (MS, AS, ES). We can clearly
see from Figure 17 that the relative improvements are fairly good for I-GLIDW and GLIDW-OK.
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Fig. 17. Relative Improvements between all possible pairs of methods in different sessions of a day.

Table 5. Features and Theoretical Comparison among IDW, OK, GLIDW, I-GLIDW, and GLIDW-OK

Basis of comparison IDW [42] OK [41, 49] GLIDW I-GLIDW GLIDW-OK
Combined method
Type of Interpolation Deterministic Geostatistical Deterministic method Deterministic method (Deterministic + Geo-
statistical)
Exact/Inexact? Exact method Can be exact/inexact Exact method Exact method Exact method
Local/Global? Local method Local method Local method Local (can be Local method
forced to be global)
Convex/non-convex® Convex method Can be non-convex Convex method Convex method Can be non-convex
If data samples The assessment of It is very sensitive to  Number of iterations Sometimes the predicted
Limitation are sparse/uneven, error largely depends missing values and can be very high values are unrealistic
then it may not on semivariogram, data  unable to predict all when the dataset is
work well sample distribution, etc. grid cells’ noise very sparse
Computation time ~ O(Bn2) o(pn?) O(IGInslog(ns))  O(IGl(nslog(ng) + 1. GN""‘“”)) 0(IGIn?)
Space requirement  O(Bns) O(pn?) O(IG| + ns) O(IG| + ns + GN“”“”) 0(IG|n2)
It works well If enough data samples  If sufficient sample If spatial variation It can handle sparse
Suitability when data points  are available to compute points are available in noise levels is as well as irregularly
are sufficiently semivariograms, then it in each grid cell, then not abrupt, then spaced data samples
dense provides good results it performs well it works well very well

ns: Total number of sample points; : Total number of unknown locations for estimating noise; |G|: Total number of
grid cells; I: Number of iterations in I — GLIDW; |GN;|: Number of neighbors; GN(mml) Total number of neighbors
within radius R’

% An Exact method predicts a value that is the same as the observed/known value at a sampled point. An inexact method
predicts a value that differs from its observed/known at a sampled point.

b A local method uses the samples within a search window to estimate an unknown value. A global method uses every
known point in the region of interest to estimate an unknown value.

€A convex method generates predicted values that lie somewhere in between the minimum and maximum of the ob-
served/known sample values. A non-convex method can generate predicted values that lie outside the range of minimum
and maximum of the observed/known sample values.

The features of the spatial interpolation techniques that we have proposed may vary from
one technique to another. Hence, we provide a theoretical comparison among GLIDW, I-GLIDW,
GLIDW-OK, IDW, and OK in Table 5.

4.4.2 Discussions and Observations. The predictive accuracy of different methods depends on
how sparse the dataset is [51]. To study the effectiveness of our proposed methods, the performance
(in terms of RMSE and response time) is computed under different data sparsity levels (Defini-
tion 1). More specifically, it is necessary to explore how the predictive accuracy and response time
of the methods depend on the data sparsity levels of the sparse datasets. To perform the experiment,
sparse datasets with different data sparsity levels (§) must be created. For this purpose, first a sub-
region is selected where each of the grid cells of the sub-region must contain some noise samples.
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Table 6. Performance of Methods under Different Data Sparsity Levels

Methods 5 =0% 5 =10% 8 =20% 5 =30% 8 =40% 6 =50% 5 =60% 6 =170% 5 =80%

Tk RMSE Tp RMSE Tgp RMSE Tgp RMSE Tgp RMSE Tg RMSE Tg RMSE Tg RMSE Tgp RMSE

GLIDW 2540 6.15 2330 14.68 19.62 1507 17.66 1528 1530 15.44 1328 15.62 10.34 1586 8.76 16.12 6.61 16.23
I-GLIDW 2724 617 2421 945 23.80 1001 21.56 11.13 17.75 11.29 15.14 1276 1291 1332 1211 14.17 10.44 15.69
GLIDW-OK 81.34 6.15 72.88 10.65 63.04 10.86 51.39 11.34 39.15 11.61 33.71 11.69 29.78 11.76 25.17 1198 21.82 12.62
IDW 3532  6.87 3242 14.62 27.44 1501 23.62 1523 2047 1553 16.37 15.66 13.59 15.83 12.19 16.22 10.64 16.49
OK 77.75 6.69 73.26 12.08 6828 13.12 62.75 13.77 5135 14.03 43.72 14.62 36.88 15.11 29.44 1597 2339 16.33

&: Data sparsity level; Tg: Response time (in seconds), which is the sum of method execution time Tr and communication
time Tc; RMSE: Root Mean Squared Error.

It should be noted that a sub-region of the above-mentioned type is necessary to be selected for the
data sparsity experiment instead of considering the whole study area. It is because the study area
already contains many grid cells having no noise samples, hence the whole study area cannot be
directly used to achieve the data sparsity levels less than what it originally has. Now, the datasets
with different § values (i.e., data sparsity levels) can be created by randomly eliminating the girds
with the noise samples from that sub-region. For instance, a dataset with § = x% can be created by
randomly eliminating x% of the grids (along with the noise samples) from that sub-region. For the
experiment, the datasets are generated corresponding to 0%, 10%, 20%, 30%, 40%, 50%, 60%, 70%, and
80% data sparsity levels. Table 6 shows predictive accuracy (RMSE) and response time (Tg) of our
proposed methods under different data sparsity levels. From that table, we can see if § = 0% (i.e.,
when all grid cells contain noise samples), then GLIDW dominates over other methods in terms
of both accuracy and response time. So, if a dataset is very dense, then we prefer to use GLIDW to
produce a noise map. When ¢ is in range (10%, 40%) I-GLIDW produces a high accuracy noise map
with a good response time. So, if data sparsity is medium, then we prefer to use I-GLIDW. If data
sparsity is high (§ > 40%), then GLIDW-OK dominates over other methods in terms of predictive
accuracy. Though, in this case, GLIDW-OK takes more time to produce the noise map, we prefer
to use this method, as it provides much better accuracy than other methods. In summary, from the
performance evaluation of the methods with respect to the three scenarios (sparse dataset, high
accuracy, response time), it is confirmed that the proposed methods dominate the baselines (IDW,
OK). Now, it should be important to mention how we measure RMSE for GLIDW where § is not
zero in the above data sparsity experiment. In the case of § > 0, there will be some grid cells having
no noise samples. In GLIDW, if there are no noise samples in a grid cell, then GLIDW is unable
to predict the noise value for that grid cell and returns NULL. But, to calculate overall RMSE, we
need to have the predictions for all the grid cells. In GLIDW, to overcome this problem, we replace
NULL values with the mean of the non-NULL predictions.

5 POTENTIAL ISSUES

In this section, some potential issues are identified and discussed that are related to the proposed
participatory sensing-based dynamic noise map generation. These issues can be addressed for
further improvement of the proposed noise map generation techniques. First, in different urban
settings, the noise pollution levels depend on a diverse set of static contexts (e.g., residential area,
commercial area) and dynamic contexts (e.g., traffic flow, crowd flow). There can also be different
overlapping among the contexts, which may influence the ambient noise pollution levels differ-
ently. The context-based interpolation may be considered for map generation so the spatial vari-
ability of ambient noise pollution levels can be better explored. Second, the effect of buildings and
topography is also an important factor not taken into account in this work. Existing literature
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ensures that buildings, in particular, can amplify or reduce sound [64]. In this work, the proposed
methods make the assumption that the urban noise measurements can be interpolated over a Eu-
clidean grid. The effect of buildings and topography could be incorporated in the model for po-
tential improvements. Third, despite the fact that the participatory sensing-based ambient noise
pollution data collection has a lot of advantages, it also suffers from some problems. Participatory
sensing cannot ensure spatial uniformity among the samples in an urban setting i.e., data samples
may not be uniformly distributed over the space. In this work, spatial uniformity is achieved to
some extent by setting an equal sampling interval. Since data are automatically collected using
users’ smartphones at regular and fixed time interval while the participants are walking, we can
loosely say that at normal walking speed the consecutive samples have high chance to be almost
equal distance apart. But, we believe that it is not sufficient to ensure spatial uniformity of the
samples, and this is an issue on which dedicated research is required to achieve better uniformity
of samples that are collected using participatory sensing. Fourth, the participatory sensing-based
data collection process creates a dense dataset that is used to generate high granular noise pol-
lution maps. But, some areas may suffer from a lack of noise data samples if those areas are not
covered by any participant. It is because the area covered by different participants depends on
their mobility patterns.

6 CONCLUSION AND FUTURE WORK

In this article, an IoT-cloud-based end-to-end system is proposed that can provide a high granular
and spatially continuous noise map as a service to the users. More specifically, we focus on the
IoT-based approach that uses participatory sensing to generate dynamic noise maps with the help
of our proposed spatial interpolation techniques (GLIDW, I-GLIDW, GLIDW-OK). The proposed
techniques can address diverse scenarios such as sparse datasets, high accuracy, better response
time, and so on. The IoT-cloud-based end-to-end system reduces the overall cost of noise pollu-
tion monitoring and can aid citizens, policy makers, and city authorities with high granular noise
maps. The high granular noise maps not only help citizens to assess their individual exposure to
ambient noise in their daily environment but also allow them to keep track of noise pollution levels
in their surroundings and eventually help to improve awareness. In this work, proper calibration
and context-aware data cleaning techniques are designed and implemented as pre-processing tech-
niques for the proposed participatory sensing-based noise map generation methods. Naive Bayes
classifier is employed for context classification. The performances of the proposed techniques are
evaluated using participatory sensing data collected by participants over a period of two years
(June 2017-June 2019) in the Jadavpur area of the city of Kolkata. Participants of diverse demo-
graphic characteristics (e.g., occupation, age, gender, place of residence) take part in the data col-
lection process. We also compare the performance of these spatial interpolation methods for noise
map generation with two baseline methods, namely, Inverse Distance Weighting IDW) and Or-
dinary Kriging (OK). The experimental results show that the proposed methods outperform the
baseline methods. The results also indicate that GLIDW performs well when the dataset is very
dense. However, I-GLIDW and GLIDW-OK dominate if data sparsity levels are medium and high,
respectively. It is also observed that the Relative Improvements (RI) of I-GLIDW and GLIDW-OK
are always positive as compared to the baseline models. It is also interesting to note that if we have
spatially dense datasets, then GLIDW dominates over other methods, and for such a scenario, I-
GLIDW or GLIDW-OK is not needed. In this case, GLIDW can be used as an independent and
separate method, and it is not needed for GLIDW to act as a preprocessing algorithm. However, if
the dataset is sparse, only GLIDW is not sufficient. In such cases, the algorithms such as I-GLIDW
and GLIDW-OK are required and GLIDW is used as a preprocessing algorithm.
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In the future, we would like to extend our work to handle the potential issues (discussed in
Section 5) that we have identified during this work. For instance, in [oT-based approach the samples
that are collected using participatory sensing-based data collection techniques are not uniformly
distributed over the space. These non-uniformly distributed samples need to be handled carefully
to achieve further better results. As discussed in Section 5, context-based interpolation may be a
good choice to further explore the spatial variability of ambient noise pollution levels. Eventually,
as our future work, we would like to improve our proposed noise mapping techniques by using
context-based interpolation. Also, we plan to improve the efficiency of the end-to-end system
and also want to use the predicted noise values to conduct a personalized pollution free path
recommendation system.
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Abstract

The sensors available in the smartphones are useful to explore a diverse range of city dynamics (e.g. noise pollution, road
condition, traffic condition, etc.). The potential of the smartphone sensors coupled with their widespread availability help
to emerge a new paradigm of sensing known as participatory sensing. It uses the power of smartphone equipped sensors to
collect, store, and analyze data with high spatiotemporal granularity. In a participatory sensing based system, a task provider
(also known as a crowdsourcer) may have a set of sensing tasks regarding different dynamics of a city. Here, adequate
users’ participation is necessary to acquire a sufficient amount of data which is a key factor for the participatory sensing
based systems to provide good service quality. The task providers appoint a set of task executors (smartphone users i.e.
participants of crowdsensing tasks) to execute those sensing tasks. But, existing works on sensing task allocation suffer from
lack of good incentive mechanisms that are attractive for the task executors. In order to address this issue, in this paper,
a double auction based incentive mechanism called TATA (Truthful Double Auction for Task Allocation) is proposed for
participatory sensing. TATA performs fair allocation of tasks which is leading to efficient incentive mechanism. In the case
of TATA, the fair allocation of sensing tasks of the task providers to the task executers indicates that the proposed double
auction mechanism is able to satisfy the truthfulness property in order to resist market manipulation (i.e., untruthful bidding
and asking). Specifically, TATA achieves all the desirable properties like individual rationality, truthfulness (i.e. incentive
compatibility), budget balance, etc. TATA is also computationally efficient and yields high system efficiency. Additionally,
the performance of the proposed incentive mechanism is evaluated and compared with the existing mechanisms through
extensive simulations based on the real-world data from Amazon Mechanical Turk. TATA yields high utility and satisfaction
for the task providers and executors as compared to the existing mechanisms.

Keywords Participatory sensing - Double auction - Task allocation - Incentive mechanism

1 Introduction

Smart handheld devices (e.g. smartphone, tablet, etc.) are
rapidly becoming an integral part of people’s daily life.
Importantly, today’s smart handheld devices are equipped
with useful sensors like accelerometer, GPS, gyroscope,
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microphone, camera, etc. These embedded sensors open up
the possibility of monitoring a diverse set of users’ activities
and ambient environment. Now, participatory sensing (also
known as crowdsensing) [1, 2] is a new paradigm of sensing
where participants use their smart handheld devices to col-
lect high granular data that can be used to explore different
dynamics of a city (e.g. road condition monitoring, pollution
monitoring, etc.). The active participation of a large number
of smartphone users is extremely important for participa-
tory sensing based systems to acquire sufficient data. But, in
participatory sensing tasks, smartphone users not only incur
costs due to sensing and uploading data but also suffer from
potential privacy issues due to revealing sensitive informa-
tion (e.g. GPS location of the users). Here, both the privacy
and the cost issues greatly demotivate the users to actively
participate in the sensing tasks. In this context, a satisfying
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of fields, including environmental management, public health, urban planning, pollution monitoring, and so
on. Despite the fact that a variety of powerful deep learning-based models can address various problem-specific
issues in different research domain, it has been found that no single optimal model can outperform everywhere.
Now, in the last two years, various deep learning-based studies have provided a variety of best-performing
techniques for predicting COVID-19 health outcomes. In this context, this study attempts to perform a case
study that investigates the spatio-temporal variation in the performance of deep-learning-based methods for
predicting COVID-19 health outcomes in India. Various widely applied deep learning models namely CNN
(convolutional neural network), RNN (recurrent neural network), Vanilla LSTM (long short-term memory),
LSTM Autoencoder, and Bidirectional LSTM are considered to investigate their spatio-temporal performance
variation. The effectiveness of the models is assessed using various metrics based on COVID-19 mortality
time-series from 36 states and union territories of India.

Deep learning
Spatio-temporal variation

1. Introduction

Spatio-temporal data analysis is becoming increasingly important
due to the increasing availability of large scale data in various fields
of research. Deep learning models have recently been used in spatio-
temporal predictive analysis in a variety of applications, including
pollution monitoring (e.g., particulate matter prediction), climate mon-
itoring (e.g., precipitation forecasting), public health monitoring (e.g.,
COVID-19 health outcome prediction), and so on. However, due to the
spatio-temporal variations in the data of target variables, the models’
performance varies greatly both spatially and temporally. In the afore-
mentioned context, the primary objective of this research is to inves-
tigate spatio-temporal variation in the performance of deep learning-
based methods for estimating COVID-19 health outcomes in India.

At the beginning of 2020, the world health organization announced
the COVID-19 outbreak a public health emergency of global concern.
So far, COVID-19 has been associated with over 256 million confirmed
cases and about 5.2 million fatalities globally. Many countries seek
to protect their citizens’ health by imposing mitigation strategies in-
cluding social distancing, quarantines, travel restrictions, hard and soft
locks, as well as postponing and cancellations of activities. In this
context, several deep learning-based models for predicting COVID-19
health outcomes have been introduced in the existing works to aid
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in healthcare resources management and mitigation planning. Specif-
ically, the accurate prediction could be helpful to decide the goals,
guiding principles, and strategies to mitigate future consequences due
to COVID-19.

Various deep learning based previous studies (Mohimont et al.,
2021; Chimmula and Zhang, 2020; Zeroual et al., 2020; Said et al.,
2021; Shastri et al., 2020) from around the world have yielded various
top-performing methods for forecasting COVID-19 health outcomes. It
is observed that there is no single best deep learning based forecasting
model that can outperform everywhere. This is because there is a
wide variation that exist in the COVID-19 health outcome time-series.
It is worth noting that the variation in COVID-19 health outcome
time-series depends on various risk factors that vary greatly across
the geographical space. Moreover, several literature (Middya and Roy,
2021; Sannigrahi et al., 2020) highlights that there exists a geograph-
ically varying nature of the association between COVID-19 health
outcomes and the complex risk factors. Hence, it is expected that there
should have some variation in the models’ performance. In the above-
mentioned context, this study attempts to explore the spatio-temporal
variation in the effectiveness of the deep learning based predictive
methods for predicting covid-related health outcomes.

It is worth noting that the deep learning techniques can learn and
extract features from raw and imperfect data on their own. Specifically,
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Geographically varying
relationships of COVID-19
mortality with different factors
in India

Asif Igbal Middya® & Sarbani Roy®"™

COVID-19 is a global crisis where India is going to be one of the most heavily affected countries.

The variability in the distribution of COVID-19-related health outcomes might be related to many
underlying variables, including demographic, socioeconomic, or environmental pollution related
factors. The global and local models can be utilized to explore such relations. In this study, ordinary
least square (global) and geographically weighted regression (local) methods are employed to
explore the geographical relationships between COVID-19 deaths and different driving factors. It is
also investigated whether geographical heterogeneity exists in the relationships. More specifically,
in this paper, the geographical pattern of COVID-19 deaths and its relationships with different
potential driving factors in India are investigated and analysed. Here, better knowledge and insights
into geographical targeting of intervention against the COVID-19 pandemic can be generated by
investigating the heterogeneity of spatial relationships. The results show that the local method
(geographically weighted regression) generates better performance (R? = 0.97) with smaller Akaike
Information Criterion (AICc= —66.42) as compared to the global method (ordinary least square). The
GWR method also comes up with lower spatial autocorrelation (Moran’s/ = —0.0395and p < 0.01)
in the residuals. It is found that more than 86% of local R? values are larger than 0.60 and almost
68% of R? values are within the range 0.80-0.97. Moreover, some interesting local variations in the
relationships are also found.

The novel coronavirus disease (COVID-19) has spread rapidly to all parts of the world, causing almost 2.5 mil-
lion deaths as of mid-February 2021'. Because of its unpredictable nature and lack of appropriate medications,
COVID-19 is now a global health concern. There is unprecedented urgency to investigate the major factors that
are related to COVID-19 death. In this context, recent studies are focusing on exploring person-specific risk
factors for COVID-19-related health outcomes®™. Also, there are research works that examine the association of
COVID-19-related health outcomes with different socio-economic, environmental, and region-specific factors>”.
These factors play a very important role in determining the patterns of COVID-19 mortality.

Both global and local models can be utilized to explore the above-mentioned associations. A global model
comes up with a geographically constant relationship across the entire geographic space. On the other hand, a
local model can capture the local relationships that can vary across the geographic space. Most of the studies
that focus on exploring the relationship of COVID-19 cases with different possible risk factors are based on
global models (e.g. Ordinary Least Square)®’. But, the global models assume that the associations between the
independent variables and the dependent variable are stationary (i.e. homogeneous) throughout the study area.
Besides, these models also assume that there is no spatial autocorrelation in the dataset. Eventually, they yield
estimates of the parameters that reflect average behaviour'. But, in reality, the relationships between the depend-
ent and the independent variables may not be homogeneous and can be geographically varying''. Therefore, such
models usually suffer from low accuracy especially in those locations where weak association exists between
dependent and independent variables. Now, various local techniques can be utilized in order to overcome the
above-mentioned shortcomings of the global models. Some widely encountered local spatial statistics include
geographically weighted regression (GWR)'>'%, local Moran’s ['%, spatial regressions, etc.

As of 24 February 2021, India is the world’s second worst-affected country by COVID-19, with a total number
of deaths exceeding 156.7 thousand and a total number of confirmed cases exceeding 11 million!. However, in

Department of Computer Science and Engineering, Jadavpur University, Kolkata 700032, India. *email: sarbani.
roy@jadavpuruniversity.in

Scientific Reports |

(2021) 11:7890 | https://doi.org/10.1038/s41598-021-86987-5 nature portfolio


http://orcid.org/0000-0001-6558-4930
http://orcid.org/0000-0002-7598-8266
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-021-86987-5&domain=pdf




Neural Computing and Applications
https://doi.org/10.1007/500521-021-06319-6

ORIGINAL ARTICLE q

Check for
updates

Privacy protected user identification using deep learning
for smartphone-based participatory sensing applications

Asif Igbal Middya' - Sarbani Roy' @ - Saptarshi Mandal® - Rahul Talukdar?

Received: 13 April 2021/ Accepted: 8 July 2021
© The Author(s), under exclusive licence to Springer-Verlag London Ltd., part of Springer Nature 2021

Abstract

In smartphone-based crowd/participatory sensing systems, it is necessary to identify the actual sensor data provider. In this
context, this paper attempts to recognize the users’ identity based on their gait patterns (i.e. unique walking patterns). More
specifically, a deep convolution neural network (CNN) model is proposed for the user identification with accelerometer
data generated from users smartphone sensors. The proposed model is evaluated based on the real-world benchmark dataset
(accelerometer biometric competition data) having a total of 387 users accelerometer sensor readings (60 million data
samples). The performance of the proposed CNN-based approach is also compared with five baseline methods namely
Support Vector Machine (SVM), Decision Tree (DT), Random Forest (RF), Logistic Regression (LR), and K-Nearest
Neighbours (KNN). It is observed that the proposed model achieves better results (accuracy = 98.8%, precision = 0.94,

recall = 0.97, and Fl-score = 0.95) as compared to the baseline methods.

Keywords User identification - Gait - Participatory sensing - Convolutional neural network

1 Introduction

In smartphone-based crowdsensing [1] and participatory
sensing [2] systems, participants share surrounding
dynamics or personal information with others. More
specifically, in these paradigms of sensing, participants use
their smartphones to collect high granular data that can be
used to explore different dynamics of a city (e.g. road
condition monitoring [3], pollution monitoring [4-6], tra-
vel pattern monitoring [7], etc.). Now, as sharing smart-
phones with guest users (e.g. members of the family,
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colleagues, friends, etc.) is a common scenario, it is nec-
essary for the crowdsourcing platforms to identify the
actual data provider. It is because the raw participatory/
crowd sensing data may suffer from inaccuracies due to the
variety of expertise, reliability, and trust value of users. In
this context, smartphone user identification is of utmost
importance for personalized services and sensing data
authentication in participatory sensing systems.

There exist explicit knowledge-based user identification
mechanisms [8], such as personal identification numbers
(PINs), passwords, or answering specific security ques-
tions. Also, there is some biometric-based authentication
[9] such as fingerprint, face recognition, voice recognition,
signature, and iris print. However, the participatory sens-
ing-based applications sometimes running in the back-
ground for data collection from smartphone equipped
sensors, in such context, may be annoying for the users to
authenticate themselves at frequent time intervals. More-
over, several issues are associated with each of the above-
mentioned authentication mechanisms. For instance, pass-
word- or PIN-based approaches require a lot of memorizing
and remembering, or they can be lost or stolen away.
According to a survey [10], an average of 21 passwords (a
few of those up to 70) must be remembered by a high-end
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Abstract

Participatory sensing has become an effective way of sensing urban dynamics due to the widespread availability of
smartphones among citizens. Traditionally, separate urban sensing applications are designed to monitor different urban
dynamics like environment, transportation, mobility, etc. However, combining these applications to aggregate information
can lead to various new inferences. The main objective of this work is to improve urban sensing applications by overcoming
their individual limitations. A unified framework called JUSense (Judicious Urban Sensing) is proposed that can derive
benefits from these applications by combining their functionalities. JUSense provides the opportunity for applications to
tackle the challenges associated with data collection, aggregation of data in cloud, calibration, data cleaning, and prediction.
A multi-view fusion model is proposed for spatiotemporal urban air and noise pollution map generation. Further, a random
forest classifier is built to classify the driving events. Here, large scale experiments are performed to evaluate the efficacy
of JUSense on real-world dataset. Both the fusion model and the random forest classifier yield better accuracies compared
to the baseline methods. Additionally, case studies are conducted to show the advantages that can arise out of the mutual
interactions among the applications.

Keywords Urban sensing system - Participatory sensing - Smartphone - [oT - Cloud

1 Introduction

An urban sensing system can be considered to be a system
that utilizes information and communication technologies
(ICT) like sensors and actuators, wireless sensor networks
(WSN), Internet of Things (IoT), etc. to enhance the
quality and performance of urban services and utilities.
The rapid growth of the worldwide urban population
would bring to the cities to face some increased variety
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of risks, concerns, and problems. For example, degrading
environmental conditions of air, water and noise pollution,
deteriorating transportation system, poor road condition etc.
In this context, an urban sensing system seeks to address
these issues by using the data generated from different city
dynamics. Here, city dynamics can be defined as those
aspects of a city that directly influence citizens’ quality
of urban life like environment, transportation, mobility,
driving and road condition, etc. Traditionally, it is usual
to have independent urban sensing systems for different
city dynamics. The study of urban dynamics at high
granularity in a large area like a city has a significant role
to correctly tackle the issues related to different dynamics.
Thus, combining these independent urban sensing systems
to aggregate information can help us to draw various new
inferences. In this case, inferences can also be drawn
with a higher accuracy that will give numerous benefits
to society. Thus, an urban sensing system needs to be
visualized as a collection of applications related to different
city dynamics. For example, data from the environment
through applications like air pollution monitoring and
noise pollution monitoring can impact the transportation or
mobility of people. More specifically, it integrates urban
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Response to the Reviewer's Comments on the Thesis titled
“Predictive Modeling for Spatio-Temporal Analysis of

Urban Sensing Data”

By
Asif Igbal Middya

Comments/Queries:

In Chapter 2/3/4/5/6/7 Summary is 2.6/3.6/4.6/5.6/6.6/7.6 but Chapter 8 is having 8.6 as Discussion
and Summary is not numbered. So, some uniformity may be kept. In core cases the Discussions

Some spellings and typos like “Inentive” for “Incentive” need to be corrected with through check with
Grammarly or software aid of similar stature.

The problems faced in implementation of the work may be mentioned if the committee feels due to
various ground problems in non-ideal cases.

The work in overall is very impressive and if you look into the volume of data collected and analyzed.

Response and Changes:

Thank you for your valuable comments and feedback on the PhD thesis. We have carefully considered
your suggestions and made the necessary revisions to enhance the quality and clarity of the document.

The structure of Chapter 8 has been revised to ensure consistency with the rest of the thesis. A
properly numbered "Summary" section, now labeled as 8.6, has been added following the "Discussion"
section (8.5.3), aligning with the format used in Chapters 2 through 7.

Additionally, we have conducted a thorough review of the entire document for spelling errors,
typographical mistakes, and inconsistencies. Specifically, the typo “Inentive” has been corrected to
“Incentive,”.

Once again, thank you for your insightful feedback, which has contributed to improving the overall
presentation of the work.
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