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PREFACE

The increase in the smart city initiatives in the past decades has made the world
community appreciate the depth of the complicated problems of the urban settings and
they appear to be in desperate need of the new ideas how to deal with them. It is
undeniable that the world is getting more and more connected and the pace of
urbanization is quickly increasing. This situation makes it much more promising that a
variety of smart technologies and systems can be put into practice to effectively increase
the efficiency and sustainability of urban systems and significantly enhance the quality

of life for city inhabitants.

The given thesis represents the outcome of the thorough investigation and further
studies which shows how machine learning algorithms may be used to solve major
commuting issues in smart cities. By combining the cross-system perspective of
computer science, urban planning, and data analytics, the study explores the complex

dance between technological creativity and municipal management.

Such a trip is not about reaching the sizeable figure; rather, it is about the travel itself.
It navigates the universe of machine learning methods, starting from the classical
algorithms to the cutting-edge ones submitted to the differentiable nature of the
challenges of smart cities, to determine which one offers the most suitable and effective
solution to all these predicaments. Careful experimentation and comparative analysis
of different machine learning approaches are the major pillars of this research. It
refrains from settling on the side of the various algorithms and consensus is reached on

their effectiveness in real world based on the findings.

I firmly hope that the claim presented herein contributes significantly to the ongoing
discussion of the design, implementation, and another international level matter of
smart cities governance. The proposed research is divided into six chapters, which gives

complete roadmap of the research scope and implementation.
Chapter — 1 Introduction:

It emphasizes on the basic terminology of research topic, it creates awareness about
requirement of smart transportation in smart city, merits and demerits of this

terminology. This chapter highlights the critical transportation issues such as traffic



congestion, seat availability, bus tracking system, lack of bus interval information, and
the need for enhanced passenger communication tools such as public addressing
system. It also discuss role of Internet of Things, Artificial Intelligence and Machine

learning Algorithms in effectively addressing commuting issues in smart cities.
Chapter — 2 Literature Review:

It focuses on the groundwork done on smart transportation till date. Its manifest will be
to denote gaps in research already done. It highlights the innovative work done or

proposed by various Authors in the relevant fields.
Chapter — 3 Research Methodology:

This chapter signify the role of different research methodologies adopted to study a
research problem, along with the underlying logic behind them. This chapter also
include, Hypothesis to be tested, Scope of study, various IOT data collection methods,

research design and different tools required for analysis of machine learning algorithms.
Chapter — 4 Feature Extraction and Data Processing using IoT:

This chapter focuses on features selection and data processing. Feature extraction aims
to reduce the number of features in a dataset by selecting required features from the
existing ones (and then discarding the redundant features). These new reduced set of
features were being summarize most of the information contained in the original set of
features. Out of twenty one features, only seven features were filtered using eight

feature selection Machine learning algorithms.
Chapter — 5 Utilization of AI and ML Prediction Algorithms:

This chapter discuss how we can make use of Artificial Intelligence and Machine
Learning algorithms for predicting Traffic congestion. Machine learns from
experiences; Algorithms develop multiple models and each model is analogous to an
experience. The main objective of Machine Learning algorithm is to improve prediction
accuracy for Traffic congestion. This doctoral thesis embarks on a detailed exploration
of nine prominent machine learning algorithms, evaluating their performance across a
spectrum of critical performance metrics. The primary objective of this research is to
conduct a rigorous comparative analysis of machine learning algorithms, shedding light

on their strengths, weaknesses, and applicability in diverse scenarios. The evaluation



framework encompasses an array of performance parameters, including accuracy,
incorrectly classified instances, kappa statistics, and various aspects of the confusion
matrix such as true positives (TP), true negatives (TN), false positives (FP), false
negatives (FN), precision, recall, and F-measure. The nine machine learning algorithms
listed below are selected for this study represent a comprehensive spectrum of

techniques commonly employed in real-world applications:

Bayes Net

Naive Bayes
Logistic

SMO

IBk

KStar

MultiClass Classifier

Random Forest

A S S R o A e

RandomTree

This research contributes to the field of machine learning by offering a systematic
comparative and in-depth analysis of nine prominent algorithms based on a set of
performance parameters. Each algorithm is thoroughly analyzed and compared based
on their performance using Udaipur traffic data set obtained from TOMTOM server.
To assess the performance and ability of Machine learning models, K fold cross
validation techniques and percentage split methods are used. K-Fold cross-validation
involves splitting the dataset into K subsets (or folds) of approximately equal size. The
model is trained K times, each time using K-1 folds as training data and the remaining

fold as validation data. 10 fold, 25 fold and 30% split cases are analyzed for thesis.

Finally this doctoral thesis inquiries intellectual landscape through a focused
hypothesis-driven study aimed at investigating usefulness of different technologies and

different machine learning algorithms in solving commuting problems in smart cities.
Chapter — 6 Conclusion and Future Scope:

Last chapter put emphasis on the culmination of research on smart commuting and
future improvisation that can be done, as learning is continuous process for any field of
research and development. It also leave some open questions to be investigated in

future for researchers.
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The Internet of Things is a technology-based system that uses numerous devices and
gadgets in place of human contact. This enables the emergence of smart cities
everywhere in the world. The development of smart city systems for sustainable living,
improved comfort, and enhanced productivity for people has been accelerated by the
internet of things, which hosts several technologies and permits interactions between
them. The Internet of Things for Smart Cities has a significant impact on a wide range
of businesses, and it relies on a variety of underlying technologies to function. In this
research, the Internet of Things in Smart Cities is fully studied. The key components of
the IoT!-based Smart City environment are given first, followed by the architectures,
networking, and Artificial Algorithms that enable these domains in IoT-based Smart

City systems.
1.1 Smart City

The world is changing quickly, cities are expanding, and the urban population is
growing. Housing affordability pushes the public to live far from their places of
employment, which increases the demand for transportation and exacerbates
commuting issues. The world's future lies in smart cities, which will exhibit human-like
agility and sharp reasoning. Building smart cities will contribute more to fostering
economic development. Any city's ability to grow successfully and sustainably depends
on mobility and transportation. We must increase mobility, but we must do so more

intelligently.

A cleverly organized network of interconnected gadgets and objects—also alluded to
as a "Advanced Digital City"—that exchange information by means of wireless
innovations and the cloud make up a noteworthy portion of this ICT? system. Real-time
information collection, examination, and administration capabilities given by cloud-
based IoT apps help businesses, governments, and people in taking more brilliant
choices that upgrade their quality of life. Smartphones, portable gadgets, associated
automobiles and homes are a couple of the ways that citizens associate with the
ecosystems of intelligent cities. Costs can be decreased and sustainability can be
expanded by integrating gadgets and information with a city's physical foundation and

administration. With the utilization of the IoT, communities can distribute energy more

Lnternet of Things
2 Information Communication and Technology



effectively, collect waste more effectively, relieve traffic blockage, and upgrade Air
quality. AQI® is a measure of how polluted the air is, or is likely to be. Problems
associated with high and low AQI levels include: Health effects: Respiratory diseases:
High AQI levels can cause respiratory diseases such as asthma, bronchitis, and more.
may worsen conditions such as respiratory illness. Cardiovascular effects |,

Environmental Impact, Climate Change and Economic cost:

The lack of suitable public transportation is the fundamental problem with urban
mobility. Users feel uncomfortable while the system responds to a temporary rise in
demand due to increase of crowd. By utilizing smart commuting, we can increase

accessibility for those who use public transportation.

Figure 1.1: Smart City Integration

Smart
Bovernance

The figure above shows the integrated environment required to develop smart city, Six
important components are listed in the figure 1.1. The integration includes the following

aspects:

3 Air Quality Index



e Smart Environment
e Smart Mobility

e Smart Economy

e Smart Governance
e Smart People

e Smart Living

¢ Internet of Things

e Internet of Services
e Internet of Data

e Internet of People

Smart mobility is an important part of the broader concept of smart cities and represents
a paradigm shift in urban planning and transportation. As cities grapple with challenges
such as population growth, environmental sustainability, and the need for efficient
transportation, the integration of smart mobility solutions is becoming increasingly
important. The Bus information system is the important extension of smart mobility,
which can feature a bus location information subsystem that gathers bus data and
transfers it to a traffic information centre where users can get real-time bus-related
information on their mobile phones. Information such as bus operating routes, bus
locations, seat availability, arrival times, and bus interval periods boosts public

transportation in smart cities and increases consumer happiness.

There is abundant literature available and research is done in smart cities which cover
a wide topics related to smart city components and provide insight into the technical,
social, and governance aspects that contribute to smart city development and
sustainability. Comprehensive understanding of the various factors are required for
shaping the future of urban environments. The smart city concept incorporates different
components that contribute to the, by and large, goal of making a more productive,
economical, and habitable city environment. The following diagram shows the various

components of smart cities.



Figure 1.2: Smart City Components & [oT
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Research into the integration of smart city components and the IoT has unlocked a
wide range of possibilities and redefined the way we conceptualize, plan, and live in
cities. Looking back at the interconnected web of technology, infrastructure, and data
that underpins smart cities, it is clear that our urban environments are on the brink of
transformation. The combination of smart components and his IoT has the potential to
address pressing urban challenges and promote sustainability, efficiency, and improved

quality of life for citizens.

1.2 Transportation Problems in Smart Cities

The main challenges associated with smart city transportation are traffic congestion,

bus location, seat availability, arrival times, and bus interval time.
1.2.1 Traffic Congestion

Traffic congestion is an important aspect of building smart and sustainable cities. If the
problem of traffic congestion is not properly addressed, it can affect various aspects of
urban life, economy, environment, and public welfare, resulting in several negative

effects. The possible consequences of not addressing traffic congestion are:

Increased Travel Time: Congestion slows traffic flow and increases travel time.
Commuters experience delays, lost productivity, and reduced overall transportation

efficiency.

Economic Impact: Economic costs associated with traffic congestion, reduce
productivity and increased fuel consumption and increases the ecological footprint of

transportation, contributing to climate change and environmental degradation.

Environmental Impact: Air pollution and greenhouse gas emissions are the main
causes of traffic congestion in cities leading to serious health effects due to long-term
exposure to traffic-related pollutants. Stop-and-go traffic contributes to increased
emissions and poor air quality. Businesses experience increased transportation costs

and the economy as a whole becomes less efficient.

Public Transportation Efficiency: Congestion affects the reliability and efficiency of
public transportation. Bus delays may occur, making public transport less attractive and

less competitive with private cars.



Impact on Emergency Services: Congestion can affect emergency services response
times. Delays in reaching an emergency can have serious consequences and impact

public safety.

Stress and Health Problems: Commuters suffer from stress due to delays caused by
traffic jams. Increased stress causes psychological problems and reduces the overall

quality of life of city dwellers.

Accessibility Limitations: Traffic congestion impedes accessibility and makes it
difficult for people to reach their destinations on time. Accessibility limitations impact
businesses, schools, and healthcare facilities, reducing the quality of life for the entire

city.

Urban Planning Challenge: Traffic congestion makes urban planning and
infrastructure development difficult. Cities face the challenge of optimizing land use,

creating sustainable transportation solutions, and managing population growth.

Increase in Traffic Accidents: Traffic congestion increases the risk of traffic
accidents. Increased accident rates result in injuries and fatalities, and further strain on

emergency services.

Quality of Life: Traffic congestion affects the general well-being and daily life of
citizens. some of the ways in which traffic congestion can affect quality of life are time

wastage, health impacts, Economic cost, Environmental effect, social life etc.

Inefficiency in Moving Goods: Traffic congestion hinders the movement of goods and
delivery services. Logistics and supply chains are facing delays, impacting businesses

and consumer services.

Understanding these impacts highlights the importance of implementing smart and
sustainable transport solutions to address urban traffic congestion. Strategies may
include investing in public transport, implementing smart traffic management systems,
promoting different modes of transport, and promoting urban planning that prioritizes
accessibility and sustainability. Reducing traffic congestion is essential to creating
liveable, sustainable and economically dynamic urban spaces. Deploying intelligent
transportation solutions, investing in public transport, promoting different modes of
transportation, and adopting efficient city planning strategies can help reduce the

negative effects of traffic congestion.



1.2.2 Bus Location

The lack of accurate bus location information in smart cities can lead to a number of
issues that impact both the efficiency of public transportation and the overall
commuting experience. Here are some issues related to the lack of bus location services

in smart cities:

Unsafe Commuting Experience: Without real-time bus location services, commuters
are uncertain about their current location and bus arrival time. This uncertainty can lead
to longer wait times at bus stops, making it difficult for commuters to plan their trips

effectively.

Inefficient Route Planning: Lack of real-time location data prevents the ability to
dynamically adjust bus routes based on current traffic conditions. Buses follow a static
schedule, which can cause inefficiencies when traffic jams, road closures, or unforeseen

events occur.

Increased Congestion: Without real-time tracking, buses can be delayed, leading to
increased congestion and congestion. When routes become congested, travel times

become slower, less reliable, and public transportation options become less attractive.

Low Operational Efficiency: Without accurate location data, transit agencies cannot
effectively monitor and manage their bus fleets. This can lead to operational
inefficiencies, difficulty resolving maintenance issues in a timely manner, and difficulty

optimizing service levels.

User Accessibility Limitations: Commuters do not have access to real-time
information about bus locations, making it difficult to plan and coordinate their trips.
This restriction may have a disproportionate impact on people using public transport

and may impact the accessibility of the transport system as a whole.

Reduced Passenger Satisfaction: Without real-time information, passengers become
frustrated with unpredictable bus arrivals and potential service interruptions. Lower
passenger satisfaction leads to lower public trust and may lead to less choice of public

transport as a preferred mode of transport.



Missed Connections: Without real-time tracking, commuters can miss connections to
other modes of transportation. Connection failures can increase travel time, stress, and

compromise a seamless intermodal transportation experience.

Inefficient Traffic Management: Without bus location data, cities cannot effectively
manage traffic and optimize bus signal time. This results in suboptimal traffic flow,

congestion, and overall inefficiency of the transportation network.

Emergency Response Difficulties: During bus emergencies and accidents, the lack of
real-time location data complicates emergency response efforts. Delays in emergency

response may jeopardize public safety and exacerbate the severity of the incident.

Underutilization of Smart City Technology: Lack of bus tracking services means
missed opportunities to make the most of smart city technology to improve
transportation. Smart city initiatives may not reach their full potential to optimize urban

mobility, reduce environmental impact, and improve overall quality of life.

Ensuring accurate bus tracking services in smart cities is critical to building an efficient,
reliable, and easy-to-use public transportation system. By addressing these issues and
implementing real-time tracking solutions, smart cities can improve the overall
commuting experience, promote sustainable transportation, and contribute to the

success of broader smart city initiatives.

1.2.3 Seat Availability

Lack of information about seat availability in smart cities can lead to various challenges
and inconveniences for public transport users. Here are some issues related to the lack

of availability services in smart cities.

Unsafe Commuting Experience: Commuters do not know about seat availability on
public transportation. Passengers may lack confidence in finding a seat, which may

cause discomfort and inconvenience during the journey.

Crowded Vehicles: Lack of availability information leads to congestion on buses and
Passengers may be required to stand only, reducing overall comfort and potentially

leading to safety concerns.



Inefficient Use of Space: Without real-time data on seat occupancy, a transportation
company cannot optimize its use of space. Buses can have uneven passenger

distribution, which can result in wasted space and operational inefficiencies.

Decreased Passenger Satisfaction: Passengers can become frustrated if they cannot
find a seat. Lower satisfaction with public transport services can lead to lower ridership

and negative perceptions of the overall public transport experience.

Inconvenience for Passengers with Special Needs: Passengers with special needs
such as Elderly people or pregnant ladies and people with disabilities may have
difficulty finding an available seat. Lack of accessibility can cause inconvenience and

difficulty to passengers who rely on the seats.

Suboptimal Resource Allocation: A transportation company cannot allocate resources
efficiently without real-time data about seat occupancy. Suboptimal resource allocation

can lead to unnecessary operating costs and problems meeting passenger demand.

Uncomfortable Commuting Environment: Crowded vehicles can create an
unpleasant commuting environment. Passengers may suffer from stress, decreased

sense of well-being, and an overall negative perception of public transport.

Inefficient Public Transportation Planning: Public transportation planners do not
have accurate data about seat demand. This can result in suboptimal route planning,

lack of capacity to meet peak demand, and operational issues.

Customer Dissatisfaction: Passengers who cannot find an available seat may express
dissatisfaction with public transportation. Negative feedback and decreased customer

satisfaction can affect the reputation and attractiveness of public transport.

Challenges for Long Distance Travellers: Long-distance travellers may have
difficulty finding a seat. Feeling unwell while traveling long distances may prevent

people from choosing public transportation for long distance journeys.

Providing real-time availability information is important to improve the overall quality
of public transport services in smart cities. Addressing these issues by implementing
seat availability services will result in a more comfortable, efficient, and user-friendly
transportation experience and encourage the adoption of sustainable transportation

options.



1.2.4 Bus Interval Time

Bus interval time, or the time between consecutive bus arrivals, is an important aspect
of public transportation in smart cities. Issues with bus spacing can affect the efficiency

and attractiveness of bus services. Some issues related to bus interval times in smart are

Irregular Bus Intervals: Inconsistency in bus arrival times. Passengers may

experience unexpected waiting times, causing inconvenience and frustration.

Overcrowded Buses: Insufficient spacing can lead to overcrowded buses. Passenger
discomfort, safety concerns, and negative impact on the overall quality of the

transportation experience.

Reduced Reliability: Unpredictable bus intervals reduce the reliability of public
transportation. Commuters may be reluctant to rely on buses for their daily commute

and may choose alternative modes of transportation.

Making Public Transportation Less Attractive: Inefficient bus spacing makes public
transportation less attractive. Cities may face challenges in promoting sustainable

transport, leading to increased reliance on private cars.

Increased Travel Time: The longer the bus interval, the longer the travel time. Long
travel times can deter people from using public transportation, especially for time-

sensitive activities.

Operational Inefficiency: Poor management of bus spacing can result in operational
inefficiency. Transportation operators may have difficulty optimizing their resources,

increase operating costs, and have difficulty meeting passenger demand.

Difficulty in Timed Transfers: Irregular bus intervals make it difficult for passengers
to make timed transfers between different bus routes. Commuters may miss their

connections, causing overall travel disruption.

Unequal Service Distribution: Bus spacing can be unevenly distributed across
different routes or districts. Some regions may experience longer distances, creating

disparities in service quality and accessibility.
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Implications for Urban Planning: Irregular bus spacing can complicate urban
planning efforts. Cities may face challenges in optimizing land use, designing efficient

transportation corridors, and creating sustainable urban environments.

Negative Environmental Impact: Inefficient bus spacing increases consumption of
fuel consumption and produces carbon emissions. The environmental footprint of

public transport is increasing, impacting air quality and sustainability goals.

Frequency Modal Shift: People cannot switch to public transportation because bus
intervals are unreliable. Cities may struggle to reduce traffic congestion and promote
more sustainable transportation options. Irregular bus intervals can force people to take

alternate transport arrangement which results in revenue loss.

Activity Planning Difficulty: Unpredictable bus intervals make it difficult for
passengers to plan their activities. Commuters may have difficulty scheduling

appointments, work, and other daily activities.

To create an efficient, reliable, and attractive public transport system in smart cities, it
is important to solve problems related to bus spacing. The implementation of smart
technology, data analytics and effective scheduling strategies are key elements of the
solution to optimize bus spacing and improve the overall quality of public transport

services.

1.2.5 Public Addressing System

The lack of a PAS* in smart cities presents a variety of challenges and drawbacks that
can impact the efficiency, safety, and overall user experience of transportation and
public communication systems. Some of the issues related to the lack of provision of

public information systems in smart cities are:

Lack of Real-Time Information: Without PAS, there will be lack of communication
of real-time information to the public about traffic schedules, delays, emergencies, and
other important updates. This can cause confusion for commuters and lead to

inefficiencies in the transportation system.

4 Public Addressing System
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Reduced Emergency Preparedness: Public address systems are essential for
emergency notification and evacuation procedures. Without these systems, it would be
difficult to convey emergency information quickly and effectively, putting public safety

at risk during crises such as natural disasters or security incidents.

Accessibility Limitations: PAS is essential for providing information to passengers
with visual or hearing impairments and ensuring access to public transport. The lack of
such systems can make it difficult for people with disabilities to use public transport

and get around.

Inefficient Traffic Management: Without the ability to communicate real-time traffic
updates, route changes, and alternative options to commuters, the overall efficiency of
traffic management in smart cities can decrease. This may increase congestion and

delays.

Poor Passenger Experience: Lack of PAS impacts the overall passenger experience
as commuters are unable to obtain important information about their journey.
Passengers may experience frustration, inconvenience and dissatisfaction with public

transport.

Limited Public Participation: The public information system helps engage the public
by providing information about City events, cultural activities, and community
announcements. The lack of these systems can lead to a lack of community awareness

and participation.

The Difficulty of Coordinating Multimodal Transportation: Smart cities often
integrate different transportation modes, and PAS can help coordinate these
transportation modes seamlessly. Without such a system, coordination between buses,

trains, trams, and other modes of transportation becomes even more difficult.

Reduced Operational Efficiency: PAS contributes to the efficient operation of
transportation services by providing real-time updates to drivers, maintenance
personnel, and other stakeholders. Without these systems, operational efficiency may

decrease and operating costs may increase.

Limited Adaptability to Smart Infrastructure: In smart city environments,
integration of PAS with other smart systems such as smart traffic lights and sensors is

essential for optimal traffic management.
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In summary, the lack of a public address system in smart cities can lead to a number of
problems, including limited real-time communication, security breaches, poor

accessibility, and overall inefficiency of transportation and public services.

1.3 Internet of Things

The worldwide worthiness of IOT administrations and huge information analytics have
reinforced smart city ventures. These administrations have essentially moved forward
the quality of human life by progressing the infrastructure and transportation
framework, lessening traffic congestion, and giving waste disposal. This article presents
a comprehensive audit of the integrated ICT network types, attainable potential, and
critical prerequisites for the IOT worldview for smart cities. The Internet of Things is a
network of physical objects, such cars, structures, and even the vital electrical
appliances we use every day that are connected to one another over the internet so they
may gather and share data among themselves. These "Things" can prioritize tasks, self-
organize, and interact with other things without the help of humans. Each individual
has more than six devices linked to the Internet. The idea behind the Internet of Things
is to make the web even more pervasive and immersive. Additionally, by facilitating
simple access to and interaction with a wide range of devices, for example, household
appliances, monitoring, security cameras, sensors, displays, actuators, and automobiles.

The Architecture of IOT is shown.

Figure 1.3: Architecture of IoT
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Special Special
Management Security
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Source: Moazzami and Majid(2021)

13



The IoT is characterized by a layered architecture that organizes and structures the flow
of information and data. This architecture enables efficient communication and
coordination between the various components of an IoT system. The hierarchical
structure of IoT information provides a systematic approach to designing,
implementing, and managing IoT systems. A typical hierarchical structure for IoT

information is shown above, It has four layers:

Application Layer: The application layer in the context of the IoT refers to the top
layer of the IoT architecture that is responsible for communication and interaction
between 10T devices and applications. This layer plays a critical role in facilitating data
exchange, data processing, and application-specific functionality. Important aspects of
the application layer in 10T are: Data processing and analysis: The application layer
processes and analyses data generated by IoT devices. The goal is to gain valuable
insights from raw data in order to make informed decisions. Application-specific
protocols: IoT applications often require specific protocols for communication. The
application layer defines the rules and conventions for exchanging data between
devices and applications to ensure interoperability. APIs> and Web Services: APIs and
web services are used at the application layer to enable communication between the
various components of the [oT ecosystem. This enables third-party developers to create
applications that interact with IoT devices and data. In summary, the application layer
of IoT is responsible for managing the communication, processing, and functionality

that defines how IoT devices interact with applications and services.

Support Layer: In the context of IoT architecture, the support layer includes various
components and functions that provide support services essential to the smooth
operation of the 10T ecosystem. This layer typically includes the overall infrastructure,

management, and elements that contribute to optimizing IoT deployments.

Network Layer: The network layer of the IoT architecture plays a critical role in
facilitating communication and data exchange between a myriad of interconnected
devices. These are the infrastructure and protocols that allow devices to connect, share
information, and operate consistently within the IoT ecosystem. The key components
and aspects of the network layer in an IoT architecture are: Connection Protocols: The

network layer involves the selection and implementation of connection protocols that

5 Application Program Interfaces
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allow devices to communicate with each other and the broader network. Common IoT
protocols include MQTT®, CoAP’, and HTTP¥/HTTPS. Wireless Communication
Technology: IoT devices often rely on wireless communication technology for
flexibility and ease of deployment. These may include Wi-Fi, Bluetooth, Zigbee, Z-
Wave, cellular networks (3G, 4G, 5G), and LPWAN®.

Device Layer: The lowest layer of an IoT architecture is often referred to as the device
layer or perception layer. This layer is the foundation of the [oT ecosystem and consists
of physical devices or "things" that collect data, sense the environment, and interact
with the real world. Devices in this layer are responsible for collecting information and
passing it to higher layers for processing and analysis. The key components and aspects
of the lowest layer of the IoT architecture are: Sensors and Actuators: Sensors are
devices that detect and measure physical properties such as temperature, humidity,
pressure, light, and movement. Actuators, on the other hand, allow devices to perform
actions based on the data they receive, such as turning on/off, adjusting settings, or
triggering other physical processes. IoT devices are often embedded systems with
embedded computing capabilities. These systems can process data locally, perform
simple calculations, and control connected sensors and actuators. Microcontrollers and
microprocessors provide the computing power needed to operate [oT devices. They
control device functionality, handle data processing, and manage communication with
other devices or networks. The lowest level device is equipped with a communication
module that allows it to send and receive data. The data collected by devices at this
layer is transferred to the network layer for further processing, analysis, and decision-

making.

Internet of Things architecture is critical to the effective deployment and functioning of
IoT systems. It provides a structured framework for connecting and managing a variety
of devices and sensors, enabling seamless communication, data sharing, and intelligent

decision-making.

6 Message Queuing Telemetry Transport
7 Constrained Application Protocol

8 Hypertext transfer protocol

9 low-power wide area network
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1.4 Role of Machine Learning

It is common knowledge that many individuals would relocate from rural to urban areas
as a result of industrialization. The transition from rural to urban areas will bring about
a number of challenging issues, including increased traffic, pollution, stress on the
fundamental infrastructure, and challenges with waste management. Finding effective,
ethical, and sustainable solutions to improve lives will become increasingly important
as a result. This is where the still-evolving idea of a "smart city" comes into play. SCs!°
are designed to effectively manage energy use, preserve the environment, raise the
economic and living standards of their residents, and improve their capacity to
effectively employ and adopt contemporary information and communication
technologies. SCs have cutting-edge sensors that manage city resources and contribute
significantly to the gathering of crucial data that can subsequently be used in a variety
of applications. The different types of sensors include electronic ones like parking and
speedometer sensors, chemical ones like oxygen and carbon dioxide sensors and
catalytic bead sensors, biosensors for identifying biomedical components, and smart
grid sensors for effective power generation, transmission, and distribution from the
point of generation to the users. Most of the data flowing from the sensors is wasted
since there are no set standards or processes for extracting potentially useful
information. To analyse massive data as effectively as feasible, consider long-term
goals, and arrive at the best or nearly best conclusions, machine learning (ML'!) can be

utilized.

A subfield of AI'2, ML enables computers to automatically learn by exploring the data
made available and using it to gain experience and learn new things without being
explicitly programmed. Arthur Samuel first used the phrase "Machine Learning" in
1959. Since the development of the first artificial neural network for computers, the
perceptron, and the use of the "nearest neighbor" algorithm to solve the nearest
neighbour problem, ML has advanced from being a simple tool for pattern recognition

to one that can carry out complex tasks and incorporate deeper domains of Al.

10 Smart Cities
11 Machine Learning
12 Artificial Intelligence
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Figure 1.4: Steps of Applying Machine Learning Techniques
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A system that can learn from past experiences and develop on its own is required due
to the abundance of data generated by sensors and smart devices from SCs that cannot
be inspected individually. As a smart city application's context and operational
environment change, it need a generic, dynamic, and ongoing learning mechanism.
Therefore, it is essential for increased efficiency to investigate the possibilities of ML
and big data in the creation of individualized services in SCs. The ML technique is
rapidly changing due to progressions in calculations, information collection procedures,
computer networks, modern sensors, and IO gadgets, and interest in self-customization

to client conduct.

The primary goal of machine learning algorithms is to accurately understand data that
has never been "seen" before and make predictions that go beyond the training samples,
similar to data from the real world. By increasing the amount of training data and
strengthening their ability to learn, the algorithms' accuracy and precision can be further
improved. Based on the type of learning "signal" or "feedback" that a learning system

is able to receive, machine learning algorithms can be roughly divided into three groups.
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1.4.1 Supervised

Giving training data that has previously been "known" or "labelled" with the proper
response and consists of N input-output pairs (X, Y) is how supervised learning
functions. The ANN'? then generates an output Z for each unknown X, which is then
compared against Y using an error (cost or distance) function. Finally, an iterative
process is used to minimize this mistake. Image Classification: Training with
image/label datasets are examples of supervised learning methods. A new image is then
presented later with the hope that the computer will pick up on the new object.
Regression: Giving the system marked historical data so it can forecast the future result

of an identical circumstance.
1.4.2 Unsupervised

Using unsupervised learning methods, it self-organizes and finds hidden patterns in
unlabelled input data to create neural networks. It can analyse data without sending an
error signal so that the potential fix can be assessed. Unsupervised learning can
occasionally be useful since it allows the algorithm to search the past for patterns that
weren't previously taken into account. Unsupervised learning is necessary because
manually inspecting huge datasets like those for speech recognition is highly expensive.

Clustering is a very basic but well-known example of unsupervised learning.
1.4.3 Semi Supervised

This category is a hybrid of the previous two. The algorithm is trained on a dataset that
contains both labelled and unlabelled data. It works by taking enormous amounts of
input data and labelling only a subset of it as training data. Reinforcement learning, a
related strategy, provides feedback to guide the computer programme in interacting
with a dynamic environment. In this approach, a model is deployed using a small set of
labelled samples and a larger set of unlabelled samples. The goal is to use labelled data
to make predictions about unlabelled data and use the additional information to improve

model performance.

13 Artificial Neural Network
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1.5 Machine Learning Algorithms

To avoid imprecise or erroneous predictions, the data collected/generated must go
through pre-processing, merging, modifying, and cleaning (removing null values). The
computational intensity and speed of a specific technique are two significant
characteristics to consider while employing ML techniques. The best algorithm is
chosen based on the user application and should be fast enough to track changes in the
input data and provide the desired output in a reasonable amount of time. ML
algorithms create a mathematical model using sample data, known as "training data,"
on which to make predictions or choices. The training phase of supervised ML classifier
development involves training a specific classifier from a set of labelled data. As the
size of the training data increases, so does the performance of the classifiers. Some of

the most popular ML algorithms are detailed further below.
1.5.1 Bayes Net

A Bayesian network, also known as a Bayes net or belief network, is a graphical model
that represents probabilistic relationships between a set of variables. Bayes net are not
algorithms themselves, but they serve as a framework for thinking under uncertainty.
Several algorithms are concerned with learning the structure and parameters of Bayes

net from data. The two main types of algorithms related to Bayes net are:

Structure Learning Algorithms: These algorithms determine the graphical structure

of Bayes net and specify dependencies and conditional relationships between variables.

Parameter Learning Algorithm: Once the structure of the Bayes net is known, the
parameter learning algorithm estimates the parameters (conditional probability

distributions) associated with each node based on its parents in the network.
1.5.2 Naive Bayes

Based on Bayes' theorem, a naive Bayes classifier is a probabilistic classifier that works
by assuming that no pair of features are dependent. Naive Bayes is a simple but
powerful machine learning algorithm based on Bayes' theorem and the assumption of
independence between features. Despite its simplicity, Naive Bayes is often effective
and computationally efficient, so it is often used in a variety of classification tasks. It is

particularly suitable for text classification and spam filtering.
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1.5.3 Logistic

Logistic regression is a machine learning algorithm commonly used for binary
classification tasks, where the goal is to predict whether an instance belongs to one of
two classes. Despite its name, logistic regression is more of a classification algorithm
than a regression algorithm. Logistic regression is a fundamental machine learning
algorithm that is widely used in various applications such as medical diagnostics, spam
detection, and credit scoring due to its simplicity, interpretability, and effectiveness.
Although it is designed for binary classification, it can be extended to handle multiple

classes through techniques such as one-vs-rest regression and softmax regression.
1.54 SMO

SMO' is a machine learning algorithm designed to train SVMs'> in supervised
learning. SVM is used for classification and regression tasks, and SMO is a specific
algorithm used to efficiently solve the optimization problems associated with training
these models. Although SMO is an important algorithm for SVM training, there are
alternative approaches and optimizations to solve SVM problems, such as the widely
used libsvm library that implements more general optimization techniques. Still,

understanding SMO provides insight into the support vector machine training process.
1.5.5 IBK

IBk!® is a machine learning algorithm used for classification and regression tasks. It is
the part of the family of k-NN'7 algorithms, where the prediction of a new instance is
based on the majority class for classification or mean for regression of the k-nearest
neighbors in a function space. The main features of the IBk algorithm is Instance-based
learning. This means that no explicit model is created during training. Instead, save the
training instance and use it to make predictions for new instances. In K-NN Predictions
for new instances are determined by examining the class labels for classification or
values for regression of the k-nearest neighbors in the training data set. Small values of
k gives the model that is more flexible and sensitive to noise, and large values of k

gives the model that is smoother and less sensitive. Regression uses the average of the

14 Sequential Minimal Optimization

15 Support Vector Machines

16 Instance-Based k-Nearest Neighbors
17 k-Nearest Neighbors
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k nearest neighbor target values as the prediction. IBk can be computationally
expensive, especially for large datasets, as it must calculate the distance for each
prediction. It is often more efficient when the dataset is small. IBk performance can be
sensitive to feature scaling. Therefore, it is often recommended to normalize or
standardize features to obtain a similar scale. IBk is a simple but effective algorithm,
especially in situations where the decision boundary is complex and not easily captured
by parametric models. It is widely used in various fields such as pattern recognition,

classification, and regression.
1.5.6 K Star

K Star was developed in 2009. K Star was originally implemented as part of DiPro
toolset for generating counter examples in probabilistic model checking. K Star A
directed search algorithm also called as K*. It Finds the k shortest paths between the
given pair of vertices in the given directed weighted graph. K Star works on the fly.
This means that the graph does not have to be made explicitly available and stored in

main memory. K Star can be also be controlled using a heuristic function.
1.5.7 Multi Class Classifier

A multiclass classifier is a type of machine learning algorithm that can assign instances
to one of three or more classes. Unlike binary classifiers, which distinguish between
two classes (such as positive or negative), multiclass classifiers handle scenarios where
there are multiple possible classes. Some of the common Multi Class algorithms are
Support vector machine, Random Forest, K Nearest Neighbours, Neural Networks and
Decision Trees. The choice of algorithm often depends on factors such as the size and
type of the dataset, computational efficiency, and the desired interpretability of the

model.
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1.5.8 Random Forest

A decision tree-based supervised machine learning approach called RF'® depends on
values from a random vector that is sampled separately and with the same distribution
across all of the trees in a forest. By averaging the results, this ensemble method lowers
over-fitting and bias-related error, leading to superior outcomes. Random Forest is a
powerful and versatile machine learning algorithm that belongs to the ensemble
learning category. Ensemble learning combines the predictions of multiple models to
create a more robust and accurate model. Random forests are particularly effective for
both classification and regression tasks. The main features and characteristics of the
Random Forest algorithm are: Ensemble of Decision Trees: Random Forest is an
ensemble of Decision Trees. A decision tree is a discrete model that makes predictions
based on a series of hierarchical decisions. Random forests create multiple decision
trees and combine their predictions during the training phase. During the training
process, Random Forest randomly selects a subset of the training data (with
permutations) to train each decision tree. This process is called bootstrapping.
Additionally, at each decision point in the tree, a random subset of features is also
considered. Random Forest uses a technique called bagging, where each decision tree
is trained independently on a different subset of the data. The final prediction is
determined by aggregating the predictions of all trees . By training multiple decision
trees on different subsets of data and features, random forests become more robust and
less prone to overfitting compared to a single decision tree. Overfitting occurs when a
model learns the training data well enough but is unable to generalize to new, unseen
data. Random Forest provides a measure of feature importance. Analysing the
contribution of each feature across multiple trees can help determine which features
have the greatest impact on predictions. The training of individual decision trees in a
random forest can be performed in parallel, resulting in a scalable algorithm that can
efficiently process large amounts of data. Random forests tend to be less sensitive to
outliers in a dataset. Because each tree is trained on a subset of the data, the impact of
outliers is reduced. Random Forest has been implemented in various machine learning

libraries such as Scikit-Learn in Python, making it highly accessible and widely used.
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1.5.9 Random Tree

Random Tree is a term often associated with two different machine learning
algorithms, Random Forest and Highly Randomized Trees (Extra Trees). Both
algorithms fall into the category of ensemble learning and are used for classification
and regression tasks. Both Random Forest and Extra Trees are powerful algorithms that
leverage the concept of ensemble learning to improve predictive performance. They are
widely used in various applications such as classification, regression, and feature
importance analysis. The choice between random forests and extra trees may depend
on the specific properties of your data and the desired trade-offs between computational

efficiency and model accuracy.

1.6 Applications of Machine Learning

Machine learning algorithms are applied in a variety of fields to provide solutions to
complex problems and make data-driven predictions. Here are some notable

applications of machine learning algorithms:
1.6.1 Smart Traffic Management and Transportation

Traffic bottlenecks disrupt people's lives on a daily basis. It results in lengthier trips due
to traffic congestion, more pollution, and huge economic losses due to delays and other
transportation issues. Thus, one of the primary problems in modern cities is Smart
Mobility, which focuses on providing sustainable transportation systems and logistics
to allow for seamless urban traffic and commuting through the use of mostly
information and communication technology. They also include ways that employ
personal information to make useful recommendations for small-scale personal
management tasks such as looking for free parking. To decide control actions, certain
traditional control approaches such as SFC!® and traditional Al techniques based on
historical data (recorded similar occurrences) such as case-based reasoning and rule-

based systems were developed.

19 Static Feedback Control
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However, these technologies have shortcomings such as difficulty dealing with traffic
network dynamics and the lack of a learning mechanism to cope with unknown events
and automatically update their model. The advancement of ML and DL cleared the
way for a generic and adaptable method of developing intelligent and adaptive traffic

control systems.
1.6.2 Combating Pollution

Today, worry over pollution is on the rise. It is a significant threat to the environment
as well as a primary risk factor for a number of illnesses like lung and skin diseases.
Large, intricate, and varied time-series data have been subjected to a number of
Machine Learning approaches during the past ten years to produce estimates for air
pollution. The conventional method for predicting air quality utilized mathematical and
statistical methodologies, where data was coded using differential equations and a
physical model. These methods were time-consuming and only partially accurate
because they couldn't foresee the extremes, such as the pollution maximum and

minimum cut-offs.
1.6.3 Public Safety

Massive amounts of data are being collected in SCs by sophisticated sensor networks,
which has increased the difficulty of protecting that data from intrusions and made the
implementation of effective cybersecurity measures necessary. SCs are extremely
susceptible to online risks including data theft and illegal device access. By employing
techniques like facial and speech recognition, recognizing criminal patterns around the
city to create better public policies, and detecting fraud, ML can also be utilized to

facilitate the job of law enforcement authorities.
1.6.4 Smart Grids and Machine Learning

Energy management and conservation are regular 24-hour concerns for consumers and
energy service providers. With the aid of digital communications technology, a smart
grid is an energy network that enables the two-way flow of data and electricity, allowing
us to detect and respond to changes in demand as well as a number of other difficulties.

It guarantees effective electricity transmission, prompt power restoration during power

20 Deep Learning
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outages, increased customer-owner power generation system integration, including the
integration of renewable energy systems, and enhanced security against electricity theft.
Applying ML techniques also strengthens the power system's endurance and
adaptability and improves its readiness to handle emergencies like natural and man-

made disasters.

1.7 Role of Artificial Intelligence

The field of transportation has benefited greatly and substantially from Al The
solutions provide vehicle and driver safety through the use of autonomous vehicles,
traffic control, optimal routing, and logistics. The data produced by the devices
deployed in vehicles employing Al technology is used to build ITS?'. Four
transportation-related subsystems—the Intelligent Traffic Management System, the
Intelligent Public Transport System, the Intelligent Safety Management System, and

the Intelligent Manufacturing & Logistics System—are the focus of the current study.

Figure 1.5: Old Transportation System,
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Old traditional transportation systems refer to the transportation methods and
infrastructure that were prevalent before the advent of modern, technologically
advanced transportation. These systems varied by region and historical period and were

characterized by their dependence on traditional techniques and means of propulsion.

The Above figure shows old TMS?? Where Every thing was controlled manually right
from fleet management, Route determination, Route Scheduling and Inbound outbound
logistics. Manual methods are time consuming, in efficient and prone to errors. Before
advanced technology became widespread, such systems relied on manual processes and
simple tools, such as Manual record keeping, Schedule maintenance, Fuel management,
Driver management, Fixed routes and Time table, Paper schedules, Manual

Adjustments.

The transition from traditional fleet management and route planning to modern ones
has significantly improved efficiency, responsiveness, and overall transportation

services.

Figure 1.6: Sub-systems in Intelligent Transportation System
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The above figure shows the development steps of Intelligent Transport Systems in

Smart Cities. There are six important components:

Smart Public Transport System: Smart public transportation systems use advanced
technology and data-driven solutions to improve the efficiency, reliability, and user
experience of public transportation services. The aim is to make urban mobility more
sustainable, accessible and comfortable for passengers, while optimizing the operation
of public transport networks. The main components and features of an smart public

transportation system are:

e Real-time tracking and monitoring

e GPS location tracking of public transport (buses, trains).
e Predictive Analytics and Arrival Time Estimation

e Contactless Ticketing and Payments

e Automatic Fare Collection

Deploying smart public transportation systems requires collaboration between
transportation authorities, technology providers, and communities. Integrating new
technologies, data analytics, and user-centred design principles will play a key role in
transforming traditional public transport into more efficient and passenger-friendly

systems.

Intelligent Traffic Management and Control System: It has been famous that
machine learning algorithms are regularly utilized to figure out traffic jams and arrange
routes. A city-by-city survey of the selection of Al to address transportation concerns
shows that the larger part of developed countries have rapidly grasped these
innovations. Given that it incorporates venture and long-term considering the portion
of the best administration, this selection requires the support of the specific
organizations and the administration. Due to two factors, certain businesses and
governments are still on the fence about using Al: either they are worried about the

risks involved, or the general level of technology adoption in these nations is low.

Al helps with transportation problems by recommending alternate routes and
monitoring traffic signals in real-time amid heavy traffic. Through effective traffic

management, environmental pollution can be reduced, and sustainable cities can be
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built. Al offers arrangements for foreseeing weather and traffic designs, managing
streets, and alarming on-duty police officers. Sometime recently beginning their trip,
these frameworks back drivers, commuters, and people on foot. It is vital to have
innovative support to form a viable open transportation framework that helps in

arranging and decision-making.

The frequency of accidents on the roads has decreased thanks to Al, which also warns
drivers about road safety and anticipates accidents based on the state of the roads. When
the transportation sector is productive, an economy may function successfully. It is
important to accomplish this by developing secure transportation systems with the use
of Al technologies. Using Al during the automobile production process For better
results, sensors, cameras, and other technology have been used in this sector. Some of
the automaker's built-in Al technologies are already standard equipment for both

commercial and passenger vehicles.

Smart Traffic Information: It uses technology and data to optimize traffic flow,
improve road safety, and provide real-time information to both drivers and traffic
authorities. These systems use a variety of technologies and data sources to improve
overall transportation efficiency. The main components and features of an smart Traffic

information are:

e Interactive displays
e Announcements on public addressing system.

e Provide passengers with real-time information, service updates, and emergency
notifications.

Smart traffic information systems play a key role in improving mobility across cities,
reducing congestion, and increasing the safety and efficiency of transportation
networks. Integration of technology, data analytics, and communication systems is key

to the success of these smart traffic management solutions.

Safety Management and Emergency Systems: Safety management and emergency
systems are an integral part of intelligent transportation solutions and contribute to the
security and resilience of the entire transportation network. The main aspects and
features of security management and emergency systems in intelligent transportation

are:
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e Real-time monitoring and monitoring

e Incident Detection and Response

e Emergency Communication Systems

e Integrated Emergency Services like police, fire, medical

e Dynamic Signs and Warnings

e Intelligent Traffic Signal prioritization for Emergency Vehicle like Ambulance
and VIP Vehicles.

e Surveillance Drone Technology equipped with cameras and sensor to provide
real-time surveillance and assessment, especially in hard to reach areas.

e Implement robust cybersecurity measures to protect transportation systems
from cyber threats that can compromise security and disrupt operations.

e Encourage the community to actively participate in safety reporting through
mobile apps, social media, or other channels.

e Provide a platform for citizens to report incidents and dangers.

e Developing evacuation plans and conduct simulations to ensure effective

response and evacuation procedures during emergencies and natural disasters.

Integrating safety management and emergency systems with intelligent transportation
technologies makes urban transportation networks more resilient and responsive,

contributing to safer and more secure mobility for everyone.

Smart Parking Management System: Smart parking management systems use
technology to improve the efficiency and user experience of parking facilities. These
systems use a variety of technologies and data-driven solutions to optimize parking
space utilization, reduce congestion, and improve the overall parking experience. The

key components and features of smart parking management are:

e Real-time Parking Availability Using sensors and cameras.

e Parking Guide Mobile App to provides real time parking information.

e Smart Parking Meters to accept electronic payments and mobile payments.
e License Plate Recognition for vehicle identification and payment.

e Reservation System to Allow users to reserve parking spaces in advance.

e Dynamic Pricing Models based on real time demand or peak times.
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Smart Parking Management System makes the parking process more convenient and
efficient, contributing to more efficient use of urban space, reducing traffic congestion,
and increasing customer satisfaction. The integration of technology and data analytics

plays a key role in transforming traditional parking lots into smart, user-friendly spaces.

Smart Pavement Management System: Smart pavement management systems are
technology-driven solutions aimed at monitoring, assessing and managing the condition
of pavements and infrastructure. These systems use a variety of technologies and data
analytics to enable efficient maintenance, improve road safety, and extend the lifespan
of transportation infrastructure. The key components and features of a smart pavement

management system are:

e Pavement Condition Monitoring: Sensors and imaging technology, such as
laser scanners and cameras, are used to assess road surface conditions. This
includes detecting cracks, potholes, ruts, and other signs of damage.

e Data Collection and Analysis: Collection of data on road conditions, traffic
loads, weather conditions and other relevant factors.

e JoT Sensors and Smart Infrastructure: Integrate IoT sensors into pavement
or road infrastructure to monitor conditions in real time. These sensors can
provide continuous data on temperature, humidity, and other factors that affect
pavement health.

e Machine Learning and Predictive Analytics: Implement machine learning
and predictive analytics algorithms to predict future conditions of pavements
based on historical data. This enables proactive maintenance planning and
resource allocation.

e Automated Inspection and Evaluation: Introduce automated systems for
pavement inspection to reduce the need for manual inspection. Utilizing drones
equipped with cameras and sensors enables efficient and comprehensive
evaluation.

¢ Dynamic Maintenance Scheduling: Develop algorithms to dynamically plan
maintenance activities based on real-time conditions, budget constraints, and
priorities. This ensures optimal use of resources and minimal disruption to

traffic flow.
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e Life Cycle Cost Analysis: To find out economic viability of various
maintenance strategies life cycle cost analysis is performed. This also takes into
account the cost of renovations, rebuilding, and ongoing maintenance.

e Remote Monitoring and Control: Allows remote monitoring of road
conditions and control of maintenance processes. This allows authorities to
make real-time decisions and respond quickly to emerging issues.

e Environmental Aspects: Consideration of environmental factors such as
climate, soil conditions and pollution when assessing road conditions.

e Public Participation and Reporting: Public participation via mobile app or
his website to report road problems. Providing real-time updates on
maintenance activities and progress helps build transparency and trust in the

community.

Intelligent pavement management systems play a key role in ensuring the durability,
safety and sustainability of road infrastructure. Using technology and a data-driven
approach, transportation authorities can increase pavement resiliency, reduce

maintenance costs, and improve the overall performance of road networks.
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2.1 Introduction

A literature review is a critical and comprehensive analysis of existing literature and
scholarly works on a specific topic. It serves as a foundation for research by providing
an overview of relevant theories, methodologies, and findings related to the research
question or area of interest. Through a literature review, researchers identify gaps in
current knowledge, assess the credibility and quality of existing studies, and establish
the context for their own research. It involves a systematic search, evaluation, and
synthesis of published materials such as academic articles, books, reports, and other
relevant sources. A well-executed literature review not only demonstrates a
researcher's familiarity with the existing body of knowledge but also contributes to the
development of new insights and understanding within a particular field or discipline.
Literature review helps in finding gaps in research already done, identifies conflicts in

previous studies and finds out open questions left for other researchers.

Fourth Industrial revolution is confluence of different technologies like IoT, Data
science, Artificial Intelligence and Machine Learning, which can completely change
the outlook of public transport information system. Artificial Intelligence technology
has human like brain and self-correcting ability. Machine Learning is subset of
Artificial Intelligence that imitates the human learning process. There is need to
explore use of Artificial Intelligence and Machine Learning in solving public transport
information system problems with help of IoT. The research needs to be done on
different Artificial Intelligence and Machine Learning algorithms with the help of [oT

and GPS in the following areas.

Enhancing public transport experience.

Commuting and traffic congestion issues associated with smart cities
Technologies and Transportation Systems in Smart Cities

IoT based traffic prediction models for smart cities

Artificial Intelligence and Traffic Management

ARl

2.2 Enhancing Public Transport Experience

Improving the public transport experience is critical to promoting public transport use,
reducing traffic congestion and making cities more sustainable. Enhancing the public
transport experience requires a multi-pronged approach involving infrastructure

development, technology, policy and community engagement. When implemented
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effectively, these strategies can make public transport a more attractive and sustainable
option for commuters. Some of the ways to improve your public transportation
experience are by using 10T, Artificial Intelligence and Machine Learning algorithms
to display real time bus arrival time information, bus interval information and seat

availability.

Abigail, Jorge, Franklin, Angel and Santiago (2019) presented data framework for
the observing and control of urban open transportation stations. they proposed clients
will be informed through web administrations, smartphone application, counting data
at the transport halt around courses, area of stops and times of open transport. Author
recommended radio recurrence gadgets utilization for remote communication between
the car and the transport station. portable unit was utilized to send data to a database
show on a WEB server, where it was prepared and sent to the station for its socialization
with the client. In his paper an sound framework that gives data on the course through
a speaker found within the station and within the versatile unit was actualized,
encouraging the utilize of this benefit to clients with visual inabilities and ignorant
populace. The framework was tried in three stops and two portable mobile units. The
quick reaction of the framework with an approximate time of up to 1second from the

transport enrollment at the halt to the updating of the information on the site.

Abduljabbar (2019) gave a comprehensive overview of the applications of artificial
intelligence in transportation systems. The study explores various Al technologies and
their potential impact on enhancing transportation efficiency, safety, and sustainability.
By examining Al-driven solutions, the authors contribute valuable insights into the
evolving landscape of intelligent transport systems, shedding light on the integration of

cutting-edge technologies to address contemporary transport challenges.

Cai (2009) hunts through Dynamic programming for adaptive traffic signal control.
The study explores advanced algorithms to optimize traffic signal control dynamically.
By employing innovative computational techniques, the research aims to enhance
traffic signal efficiency, ultimately improving traffic flow and reducing congestion in

urban areas.
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Collotta (2018) study explores the intersection of green technologies and intelligent
transportation, emphasizing sustainability and energy efficiency. By incorporating
smart solutions, the research aims to create environmentally friendly transportation

systems, contributing to both energy conservation and ecological preservation.

Dresner (2008) research introduces a multiagent approach to Autonomous Intersection
Management, as published in the Journal of Artificial Intelligence Research. The study
explores advanced techniques for managing traffic flow at intersections using
autonomous agents. By leveraging multiagent systems, the research presents innovative
solutions for optimizing intersection management, enhancing traffic efficiency, and
reducing congestion, thereby contributing to the development of intelligent traffic

control systems.

Dou (2015) has designed three independent interconnected systems using server,
Android application and public transport bus distributed network on-board device. The
communication between three components was provided using protocols such as
HTTP?, WSDL?*, SOAP? and SSL?. Author studied the various parameters for
analysis like bus travelling time, dwelling time at bus stops, Passenger travel habits,
and observed the execution of schedule time table. Author used historical parameters
like route distance, travelling time, bus speed, dwelling time at each stop. Root mean
square error method was used by author to measure predicted accuracy of travel time
in comparison with bus timetable by using historical based data model and linear

regression model.

Ersoy (2015) studied intelligent transportation systems and their applications in the
road transportation industry in Turkey. The research investigates the integration of
intelligent transportation solutions in the Turkish road transportation sector. By
analyzing applications and challenges, the study provides valuable insights into the
potential benefits and obstacles faced in implementing intelligent transportation

systems, essential for optimizing road transport operations in the country.

23 Hyper Text Transfer Protocol
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Ferrara (2018) focused on the fundamentals of traffic dynamics within the context of
freeway traffic modeling and control. The study delves into the intricate dynamics of
traffic flow, providing a detailed analysis of fundamental principles. By examining
traffic dynamics, the research aids in enhancing our understanding of freeway behavior,
paving the way for improved traffic modeling techniques and control strategies. The
findings contribute to the broader field of traffic engineering, informing the

development of advanced traffic management systems and solutions.

Ghasem-Aghaee (2019) explored the synergy between simulation, intelligence, and
agent-based systems. The study delves into the integration of these technologies,
offering insights into their collaborative potential. By examining current and future
developments in artificial intelligence, the research contributes to the exploration of
innovative approaches for creating intelligent systems. The study's findings provide a
foundation for advancing Al-driven solutions in simulation and agent-based modeling,

shaping the future of intelligent transportation systems.

According to Iyer (2021) Artificial intelligence can perform cognitive functions like
seeing, thinking, learning and problem-solving which people can performing easily.
From past twenty years internet is generating massive information in all over the world
which has created solid foundation for the Al. There has been a colossal advantage to
governments and businesses by handling this information using advanced algorithms in
the recent past. The strong growth of Automation, IoT, Robotics, computer vision,
Natural language processing and Machine Learning algorithms, have enabled the
growth of Al. According to author Al in the current form has the ability to solve
problems in real time transport, vehicle scheduling, time management, managing

design, operation, and administration of logistical systems and freight transport.

Jacobsen (2015) presented an conference framework discussion of the Digital System
Design. The study focuses on developing a framework for aggregating demand
response programs in Europe. By creating efficient aggregation methods, the research
contributes to the effective management of demand response initiatives, essential for

energy conservation and sustainable energy practices.
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In the 2nd International Conference on IoT, Big Data, and Security Jacobsen (2017)
presented a secure SMS based vehicle tracking system. The study focuses on creating
an efficient and secure vehicle tracking system using SMS communication. The
research aims to enhance vehicle tracking capabilities, contributing to transportation

security and management.

Khallouk (2018) researched traffic flow at un-signalized junctions with crossing
pedestrians. The research delves into the complex dynamics of traffic interactions
involving pedestrians, shedding light on the challenges faced in un-signalized junctions.
By analyzing pedestrian influence on traffic flow, the study provides valuable insights

for traffic engineers.

Kharchenko (2019) tried to predict trolley bus arrival time with the help of historical
average, Kalman filtering technique, and Google Maps API. He focused on choosing
an efficient model and framework which can be used to for real-time data acquisition
and which can be easily implemented to improve public transport services by using the
GPS data and IoT data. He designed information service infrastructure model for public
transport. He also investigated model’s performance and their effectiveness with real
time data. He has also explained that combination of distance from Google Maps API
with Kalman filtering and average travel speed gave the best arrival time predictions

for low speed urban transport.

Kuberkar and Singhal (2020) found that many countries including India are
developing smart cities to reduce increasing burden on public transport systems. he
found various issues of overcrowding, delayed services and travel dissatisfaction of
commuters due to lack of infrastructure. Research paper also studied the need of Al
powered Chatbot by the citizens of the smart city for delivering automated anytime,
anywhere, public transport information services. Author also favored an extended

UTAUT?" model to measure the adoption intention.

27 Unified Theory of Acceptance and Use of Technology
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Lee (2007) have shown in the National Cooperative Highway Research Program
Report 572, published by the Transportation Research Board of the National
Academies, offers a comprehensive overview of traffic management strategies and
techniques. The report covers a wide array of topics, including traffic control, modeling,
and safety measures. By synthesizing expertise from various contributors, the report
serves as a valuable reference for transportation professionals, policymakers, and
researchers, providing essential guidance for improving traffic management practices

and ensuring safer, more efficient road networks.

Liu (2014) introduced Green Optical Character Recognition, an energy-efficient
optimal clustering routing protocol, published in the Computer Journal. The study
focuses on optimizing routing protocols in energy efficient wireless sensor networks.
By employing optimal clustering techniques, the research aims to conserve energy in
sensor networks, extending their operational lifetime and enabling sustainable data
communication practices essential for various applications, including intelligent

transportation systems.

Misbahuddin (2015) presented his research paper at the 12th International Conference
on High-Capacity Optical Networks and Enabling/Emerging Technologies in
Islamabad, Pakistan. He explored dynamic road traffic management for smart cities
using [oT. The study focuses on leveraging [oT technology to create an adaptive traffic
handling system. Author research was focused on to increase flow of traffic and reduce
traffic congestion by integrating real-time data and smart city technologies, which

contributes to the development of efficient and responsive urban transportation systems.

Mar and Sheng (2018) had suggested, incorporating data collection and sharing of
services using IoT which has a potential to transform the communities into smart Cities.
Author has suggested many advantages of smart city. According to him smart city
concept can improve traffic, lower pollution levels, provide real time weather prediction
and provide overall better quality of life to all it’s citizens. Author proposed cloud
computing should be used to collect and store city data using mobile environmental
sensing platform. Raspberry Pi 3 based sensing and geolocation module was designed
by author to sense temperature, air quality and humidity. PhpMyAdmin local database
was used to store environmental parameters, and uploaded to Thing Speak cloud

database in real-time. Author had taken help of various Graphical visualization and
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monitoring tools for further information and data analysis. Author has designed
prototype model to investigate whether developed system is working properly or not
using the conventional static sensing and new mobile sensing. It was found that there
is a difference of 6.93% between the static and the mobile sensing method, which was

considered to be small value.

Mukti and Prambudia (2018) have written about Jakarta digital transportation system.
he highlighted the various obstacles in governing such systems. The research examines
the complexities of managing digital transportation services within the framework of a
smart city. By analyzing governance challenges, smart city planners and policymakers

are given valuable insights.

Prakash and Anudeep (2018) explained reduction in passenger waiting time by
constantly updating real time passenger information system in their IoT?® research
paper. The proposed framework centers upon the current area of transport. It predicts
arrival time, empty seats, and keeps the traveler updated. A model execution is done
utilizing Node MCU with GPS module as vehicle node and bus transport data is sent
to the cloud utilizing MQTT?® protocol. To reduce traffic congestion, an convenient
and user friendly Android Based Mobile app has been developed to create awareness
about real-time information to passengers which compel people to use public

transport, thereby reducing traffic that the cities face every day.

Pau (2018) focused on fuzzy-based systems, which helps pedestrian crossing traffic
light junctions. The study introduces a fuzzy logic-based system for managing
pedestrian crossings efficiently. By employing fuzzy logic algorithms, the research
aims to create adaptive and responsive pedestrian crossing systems, enhancing safety
and traffic flow at intersections, thereby contributing to the development of intelligent

urban transportation networks.

Rahman and Ajala (2018) thrown light on mobility challenges which Nigerian cities
are facing like any other county in the world due to exponential population growth
pressure and fast urbanization. Smart people and Smart policies are the main factors in

the determination of smartness of a city. Author cautioned about overcrowding and
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infrastructure decadence with uncontrollable increase in the population without
substantial development in transportation area . Author brought attention about United
Nation statistics. In 2016 United nations assessed that 54.5% of the world's population
lived in cities and by 2050 the number will increase to 67%, this perpetually will

increment demand for the development of products and administrations.

Sundar (2017) found uncertain arrival times and overcrowding are the major obstacles
in using buses as public transport system in India. Author found cameras, infrared
devices at doors are not suitable for Indian metros to predict crowd volume. Hence
Author proposed a [oT based solution. Author used Android application to simulate the
handheld ETM?® used by TNSTC?! conductors. On-board passenger online tickets were
used to predict crowd volume. Each bus online tickets record was maintained at the
server side. The ETMs communicate with the server via an API*2, All ETM Machines
were fitted with the GPS* receiver to track buses in real time to provide real time
information to all passengers traveling in the bus, it will also help people to estimate
approximate the bus arrival time. The information such as number of people traveling
and location of the bus can be displayed in the android application used with Google

Maps.

Sunha (2017) revealed the utilization of four variables which reflected within the
definition of smart city(portability, open security, wellbeing and efficiency) can be used
for citizen time saving. In Top 20 list Singapore is ranked as Number 1 and
Bhubaneshwar as Number 19 as smartest city by considering consolidated performance
index, while Mobility index kept Singapore as Number 1 and Bhubaneshwar as Number
20. Juniper has found that smart mobility projects have the potential to ‘give back’ 59.4
hours per year per citizen; these are broken down as: 19.4 hours for Intelligent traffic
systems; 31 hours for Open data(City open data can be harnessed to enable public
transport information services to develop innovation around that data); 1.2 hours for

Cashless payment; 7.8 hours Safer roads.

30 Electronic Ticketing Machines

31 Tamil Nadu State Transport Corporation
32 Application Programming Interface

33 Global Positioning System
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Sun and Song (2017) explored secure and trustworthy transportation systems. The
research delves into the challenges and solutions in ensuring security and reliability in
transportation cyber-physical systems. By addressing cybersecurity issues, the book
contributes to the development of secure transportation infrastructures, critical for the

future of connected and autonomous vehicles.

Sharma (2018) introduced energy efficient surveillance using Long Range Wide Area
Network. This technology uses drones for smart transportation systems. The study
explores the integration of drone technology and IoT networks for energy-efficient
surveillance in transportation. By employing a low-power, long-range wireless
communication technology, the research focuses on creating energy-efficient
surveillance solutions, enhancing security and monitoring capabilities in intelligent

transportation systems.

Troutbeck (2016) focused on modeling signalized and un-signalized junctions. The
chapter provides in-depth insights into the methodologies and techniques employed in
modeling both types of intersections. By offering a comprehensive understanding of
junction modeling, the research aids transportation professionals and researchers in
developing accurate traffic models, essential for urban planning, traffic management,

and infrastructure design.

Vakula (2017) proposed that city should have an smart public transport system, Author
noticed travelers are facing allot of issues within the smart cities. Travelers are compel
to wait for long time since they do not have public transport bus information. He
suggested the introduction of technology into the public transport system for the travel
comfort of passengers. He also pointed out that if existing bus systems will be
empowered with latest technology like providing the arrival departure times of the
buses via display boards and Android applications, Global positioning system for bus
tracking then passengers will be more keen to travel by public transport systems. The
Author proposed Raspberry Pi 3 based GPS system which can send sensor data
continuously to a server. High speed Wi-Fi should be provided to all passengers at the

Bus terminus to access smart information.
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Wen (2008) study introduced solution for road congestion problems. He advised to use
a adaptive and automatic traffic light control system to overcome traffic congestion
problems. The research presents an intelligent traffic control approach. By integrating
expert system methodologies, the study focuses on real-time decision-making to
optimize traffic light sequences, aiming to alleviate congestion and enhance urban

mobility.

World Health Organization (2018) provided a detailed analysis of road safety
worldwide in their 2018 report. The report presents key statistics, trends, and challenges
related to road accidents and safety measures. By offering a global perspective on road
safety issues, the document serves as a crucial resource for policymakers and
organizations working towards improving road safety standards and implementing

effective interventions to reduce road accidents and their associated fatalities.

This literature review considered the myriad ways in which advances in technology,
urban planning, and customer-focused strategies are helping to improve the public
transportation experience. The overall research reviewed highlights the importance of
continued research, innovation, and collaboration among stakeholders in building
seamless and user-friendly public transportation networks. By harnessing the power of
new technology and adopting a human-centered mindset, we can transform the daily
commute into a positive and empowering experience for everyone. As we move
forward, policymakers, urban planners, technology developers, and the general public
must work together to create a future for public transportation that is sustainable,

accessible, and improves the overall quality of urban life.
2.3 Commuting and Traffic Congestion Issues

Smart cities aim to harness technology and data to improve citizens' overall quality of
life. However, besides many benefits, smart cities can also face challenges related to
commuting and traffic congestion. To address these challenges and maximize the
benefits of smart cities, it's essential to consider a holistic approach that includes
infrastructure development, data privacy safeguards, equitable access, public awareness
campaigns, and the active involvement of city residents in the planning and decision-
making processes. Smart city initiatives need to be designed with the aim of reducing

traffic congestion and improving the overall commuting experience while minimizing
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negative side effects. Transport solution theories should have detailed sustainable plan
for smart cities. Following are some issues related to travel and traffic in smart cities

studied by various scholars in the past.

Albino, Vito, Berardi, and Dangelico (2015) provided comprehensive insights into
smart cities, including their definitions, dimensions, performance metrics, and
initiatives. The authors explore the multifaceted nature of smart cities, considering
technological, economic, social, and environmental dimensions. By analyzing various
smart city initiatives, the study contributes to a deeper understanding of the concept,

guiding future smart city development strategies and policies.

Ammara, Rasheed, Mansoor, Al-Fuqgaha and Qadir (2022) suggested that modern
cities are intricate and dynamic systems, characterized by interdependencies and
interactions among diverse stakeholders, components, and subsystems. The advent of
digital ICT>* has paved the way for the concept of smart cities, aiming to enhance the
quality of life for urban dwellers and improve city management. However, the mere
deployment of ICT solutions does not guarantee automatic or universal improvements
in citizens' well-being. To truly understand the dynamics and outcomes of smart cities,
It is essential to analyze them as complex adaptive systems, where multiple
interconnected subsystems influence each other. Such an approach enables us to
evaluate policy interventions, assess their effectiveness, and anticipate unintended
consequences. In this paper, researcher explored the perspective of systems thinking

and complex systems in understanding smart cities.

Al-Dweik, Arafat, Radu Muresan, Mayhew, and Lieberman (2017) presented an
IoT-based smart transportation Systems. The authors focus on developing a versatile
roadside unit capable of integrating various IoT sensors and technologies. The
Enhanced Road Side Unit enhances the capabilities of ITS, enabling real-time data
collection, analysis, and adaptive traffic management. Their multifunctional approach
showcases the flexibility and scalability of IoT solutions in creating intelligent

transportation infrastructures.

3% Information and Communications Technology
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Bai, Lin, Ma, Wang, and Duan (2020) introduced Pre-Position Congestion Tensor, a
cutting-edge traffic congestion prediction model specifically tailored for smart cities.
The model utilizes a Relative Position Congestion Tensor, a sophisticated mathematical
construct, to forecast traffic congestion accurately. By incorporating complex spatial
relationships between vehicles and roadways, Pre-PCT enhances the precision of
congestion predictions. This advancement is crucial for urban planners and traffic
management authorities, offering them a robust tool to anticipate congestion patterns

and optimize traffic flow effectively.

Carmona (2010) delves into the multidimensional aspects of urban design. The text
explores the complexities of shaping public spaces within cities, emphasizing the
importance of thoughtful urban planning and design principles. By examining the
social, cultural, and spatial dimensions of public places, Carmona's work contributes
valuable insights to the field of urban design, providing guidance for creating inclusive

and vibrant urban environments.

Chakraborty (2019) focused on the development of an Intelligent Traffic Control
System specifically designed for smart cities. By harnessing cutting edge technologies,
such as artificial intelligence and IoT devices, the system aims to enhance the efficiency
of traffic management in urban environments. The study emphasized the significance
of integrating intelligent systems into smart city initiatives, showcasing the potential of
these systems to enhance traffic flow, minimize congestion, and improvise urban

mobility.

Dimitrakopoulos, George, and Bravos (2016) explored contemporary technologies in
vehicular communication systems. The authors delve into the advancements in
communication technologies for vehicles, emphasizing their significance in intelligent
transportation systems. By discussing state-of-the-art vehicular communication
techniques, the book informs researchers, engineers, and practitioners about the latest
developments in the field, fostering innovation in intelligent transportation

technologies.

Doolan and Muntean (2016) represented a groundbreaking approach to address
environmental concerns related to vehicle emissions. By leveraging Vehicle Ad-Hoc

Networks, EcoTrec optimizes traffic flow, subsequently reducing vehicle emissions.
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This research not only highlights the potential of Vehicle Ad-Hoc Networks-based
solutions but also underscores the importance of intelligent transportation systems in
promoting environmental sustainability. EcoTrec serves as a notable example of how
technology can be harnessed to reduce the environmental impact of urban

transportation.

Deak and Walravens (2019) explored the concept of integrated smart mobility
solutions and their implications for the future of urban transportation. The authors
examine how emerging technologies and innovative approaches can address the
challenges of city mobility and pave the way for more accurate and sustainable
transportation systems. In their study, Deak and Walravens analyze the key components
and characteristics of integrated smart mobility solutions. They discuss the role of
various technological advancements, such as connected vehicles, autonomous driving
MaaS*® platforms, and data analytics, in transforming the urban transportation
landscape. The authors argue that integrating different modes of transportation and
leveraging advanced technologies can lead to more seamless, user-centric, and
sustainable mobility experiences. They explore the potential benefits of integrated
smart mobility solutions, such as reducing congestion, enhancing accessibility,
improving safety, and minimizing environmental impacts. The article also addresses
the challenges and barriers that need to be overcome for successful implementation of
smart mobility solutions. These include issues related to data privacy and security,
infrastructure requirements, policy and regulatory frameworks, and public acceptance.
By examining case studies and examples from across the globe/world, Deak and
Walravens provide details of the practical implications and potential outcomes of
integrated smart mobility solutions. They emphasize the importance of collaboration
among stakeholders, including governments, transportation providers, technology

companies, and citizens, to realize the vision of future urban mobility.

Erlmann and Dantzig (2018) conducted a literature review to explore the potential of
shared mobility services in alleviating urban traffic congestion. The study focuses to
provide an detail understanding of the existing research and insights on the effect of

shared mobility on traffic congestion in urban areas. The review highlights that shared
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mobility services, such as ride-sharing, car-sharing, bike-sharing, and on-demand
transportation, have gained significant attention as potential solutions to mitigate traffic
congestion. These services have the potential to reduce the number of private vehicles
on the road, promote more efficient use of transportation resources, and provide
alternative transportation options to users. The findings of the review suggest that
shared mobility services can indeed have a positive impact on traffic congestion.
Studies indicate that these services have the potential to reduce VKT>® and vehicle
ownership, leading to a decrease in overall traffic volume and congestion levels. Shared
mobility can also encourage the use of more sustainable transportation modes, such as

public transport system and non-motorized vehicles.

Fintikakis and Bourka (2018) examine commuting patterns in the context of smart
cities by conducting a comparative analysis of Stockholm and London. The researchers
aim to understand the impact of smart city initiatives on commuting behavior and
explore the differences between these two major European cities. The study utilizes
data from various sources, including surveys and official statistics, to gather
information on commuting patterns, transportation modes, and the use of smart
technologies in commuting. The findings reveal several interesting insights. Both
Stockholm and London have implemented smart city solutions to improve urban
mobility and transportation efficiency. However, the two cities exhibit distinct
commuting patterns and modal split. Stockholm demonstrates a higher reliance on
sustainable modes of transportation, such as public transit, cycling, and walking. while
London has a greater dependence on private vehicles. The researchers attribute these
differences to various factors, including cultural preferences, urban form, and the
availability and quality of transportation infrastructure. The study also highlights the
role of smart technologies in shaping commuting behavior. Smart city initiatives, such
as real-time traffic information systems, mobile applications, and integrated ticketing
systems, contribute to more informed and efficient commuting experiences. These
technologies enable travelers to make informed decisions, optimize their routes, and
choose sustainable transportation options. However, the study emphasizes that the

successful implementation of smart city solutions requires a comprehensive and
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integrated approach that considers the needs and preferences of commuters. Overall,
this comparative study sheds light on the relationship between commuting patterns and

smart city initiatives in Stockholm and London.

Goggin and Gerard (2012) have done research on the intersection of mobile internet,
cars, and social dynamics. The study investigates the social implications of mobile
internet usage in vehicles, emphasizing the transformative role of technology in
reshaping communication patterns and social interactions within the context of driving.
By examining the relationship between mobile internet, cars, and society, Goggin's
work sheds light on the evolving dynamics of human-technology interactions in the

mobile age, offering valuable insights into the societal impact of connected mobility.

GKkiotsalitis and Cats (2018) investigate the potential implications of AVs*” on urban
environments. The study aims to assess the impact of AVs on various aspects, including
traffic congestion, travel behavior, and urban form. The researchers conduct a detailed
review and analysis of existing materials and models to evaluate the effects of AVs on
cities. The findings of the study suggest that the introduction of AVs can have both
positive and negative consequences for urban areas. On the positive side, AVs have the
potential to enhance road safety, reduce traffic congestion, and improve the overall
efficiency of transportation systems. They may also lead to changes in urban form, as
the need for parking spaces decreases, potentially allowing for the repurposing of land
for other uses. Furthermore, AVs could promote shared mobility services, potentially
decreasing the reliance on private car ownership and promoting more sustainable
transportation options. However, the study also highlights several challenges and
concerns associated with the widespread adoption of AVs. One concern is the potential
for increased VMT?® as AVs may lead to greater convenience and reduced travel costs,
potentially offsetting the anticipated reduction in congestion. The researchers also raise
issues related to data privacy, cybersecurity, legal and regulatory frameworks, and
public acceptance, which need to be addressed to ensure the successful integration of
AVs into cities. The study emphasizes the need for further research and policy

development to proactively address the potential impacts of AVs on cities. It
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underscores the importance of considering various factors, such as urban planning,
transportation infrastructure, and social and environmental impacts, to maximize the
benefits and mitigate any negative consequences associated with AV deployment. By
doing so, cities can better prepare for the transformative effects of AVs and create more

sustainable and livable urban environments.

Ghasem-Aghaee (2019) explored the synergy between simulation, intelligence, and
agent-based systems. The study delves into the integration of these technologies,
offering insights into their collaborative potential. By examining current and future
developments in artificial intelligence, the research contributes to the exploration of
innovative approaches for creating intelligent systems. The study's findings provide a
foundation for advancing Al-driven solutions in simulation and agent-based modeling,

shaping the future of intelligent transportation systems.

Han, Liang and Zhang (2015) discussed the convergence of mobile cloud sensing, big
data, and 5G networks in shaping intelligent and smart cities. They emphasize the
transformative impact of these technologies, envisioning a future where interconnected
data-driven systems enhance urban living. Through mobile cloud sensing, real-time
data collection becomes feasible, and when combined with big data analytics and high-
speed 5G networks, it enables intelligent decision-making processes in various aspects

of urban life, paving the way for efficient, sustainable, and smart urban environments.

Hall and Pfeiffer (2016) have shown the influence of smart cities on travel behavior.
The study takes an exploratory approach to understand how the implementation of
smart city technologies affects people's transportation choices and patterns. In their
research, the authors analyze the potential impacts of smart city initiatives, such as
intelligent transportation systems, real-time data analysis, and urban planning
strategies, on travel behavior. They examine how these technologies can enhance the
efficiency and convenience of transportation options, promote sustainable modes of
travel, and reduce congestion on urban road networks. The study employs both
qualitative and quantitative research methods, including interviews, surveys, and data
analysis, to gather insights into the travel behavior changes associated with smart city
interventions. The authors investigate factors such as travel time, mode choice, trip
frequency, and the adoption of new mobility services. The findings of the study shed

light on the positive effects of smart city solutions on travel behavior. The
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implementation of intelligent transportation systems and real-time data analysis were
found to improve travel efficiency, reduce travel time, and enhance the reliability of
transportation services. Moreover, the study suggests that smart city technologies have
the potential to promote sustainable travel choices, such as walking, cycling, and public
transportation, by providing real-time information and facilitating multi-modal
integration. The research contributes to the understanding of how smart city initiatives
can shape travel behavior and promote sustainable urban mobility. It highlights the
importance of technological interventions in improving transportation systems and
provides valuable insights for policymakers and urban planners in designing smart city

strategies that prioritize efficient and sustainable travel.

Jung and Couclelis (2017) examined the intersection of smart cities and the politics
surrounding urban data. The authors investigate how the collection, analysis, and use
of data in smart cities can shape power dynamics, governance, and decision-making
processes. The study explores the concept of smart cities, which leverage data and
technology to improve urban services and enhance the quality of life for residents. It
highlights the importance of data in smart city initiatives and how it becomes a valuable
asset for urban planning, policy-making, and resource allocation. Jung and Couclelis
argue that the politics of urban data in smart cities are characterized by issues of control,
ownership, access, and privacy. They analyze the power dynamics between different
stakeholders, including government agencies, private companies, citizens, and
advocacy groups, in the collection, sharing, and utilization of urban data. The article
examines the implications of data-driven decision-making in smart cities and raises
concerns about potential biases, exclusion, and surveillance. It discusses the challenges
of data governance, emphasizing the need for transparency, accountability, and citizen
engagement in the management of urban data. Furthermore, the study highlights the
role of data standards, interoperability, and data sharing protocols in shaping the politics
of urban data. It explores the potential benefits of open data initiatives and the
importance of ethical considerations in the use of personal data within smart city
frameworks. Overall, the research sheds light on the political dimensions of urban data
in smart cities. The article contributes to the understanding of the complexities
surrounding data-driven urban governance, highlighting the need for inclusive and

responsible approaches to the use of data in shaping the future of cities.
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Jin, Ma, and Kosonen (2017) introduced an intelligent control system for traffic lights,
incorporating simulation-based evaluations. By utilizing simulation techniques, the
system optimizes traffic signal timings, aiming to enhance traffic flow and minimize
congestion. This approach emphasizes the importance of simulation-based assessments
in evaluating the effectiveness of intelligent traffic control systems. Through rigorous
evaluation, the study contributes valuable insights into the performance and efficiency
of intelligent traffic management solutions, guiding their implementation in real-world

scenarios.

Janahan (2018) presented 10T based Smart Traffic Signal Monitoring System. By
leveraging 10T technology, the system captures real-time vehicle count data, providing
accurate and timely information for traffic analysis. The research underscores the
importance of data-driven decision-making in traffic management. The system's ability
to provide precise and up-to-date traffic information is instrumental in optimizing

traffic signal timings, reducing congestion, and improving overall urban mobility.

Joo, Ahmed and Lim (2020) proposed a traffic signal control system for smart cities
using reinforcement learning techniques. By employing machine learning algorithms,
specifically reinforcement learning, the system dynamically adjusts traffic signals
based on real-time traffic conditions. The research highlights the adaptive nature of the
system, allowing it to respond dynamically to changing traffic patterns. This approach
represents a significant advancement in traffic management, providing agile and

responsive solutions to address congestion and optimize traffic flow within smart cities.

Kitchin (2014) explored the paradigm shifts induced by big data and new
epistemologies. He critically examines the impact of big data on knowledge production
and challenges traditional research methods. Kitchin's work highlights the
transformative potential of big data, emphasizing the need for innovative approaches to

understanding societal phenomena in the age of data-driven insights.

Kumar, Rahman, and Dhakad (2020) presented a traffic light control system that
combines fuzzy inference and deep reinforcement learning techniques. By integrating
fuzzy logic and deep learning, the system optimizes traffic signal timings with a high
degree of precision. This innovative approach showcases the synergy between fuzzy

inference and deep learning, offering a robust solution for intelligent transportation
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systems. The system's ability to make informed decisions based on complex data sets
contributes significantly to enhancing traffic flow and reducing congestion in urban

environments.

Lakshmi (2016) explored big data analytics in the service industry. The study
investigates the applications of big data analytics within the service sector, highlighting
its potential to enhance operational efficiency, customer satisfaction, and strategic
decision-making. By synthesizing existing knowledge, the literature survey provides a
comprehensive overview of the impact of big data analytics on the service industry,

offering valuable insights for businesses and researchers alike.

Lingani, Rawat and Garuba (2019) introduced a Smart Traffic Management System
that utilizes advanced deep learning techniques for efficient traffic management within
smart cities. By employing deep learning algorithms, the system can analyze vast
amounts of traffic data, enabling real-time decision-making. This approach showcases
the transformative power of artificial intelligence in revolutionizing traffic management
strategies. By providing intelligent and adaptive solutions, the system contributes
significantly to enhancing urban mobility, reducing congestion, and improving the

overall quality of life in smart cities.

Lee and Chiu (2020) introduced a Smart Traffic Signal Control System tailored
specifically for smart city applications. By integrating advanced technologies and smart
algorithms, the system optimizes traffic signal timings, effectively managing traffic
flow and reducing congestion. The research emphasizes the importance of tailored
solutions, recognizing the unique challenges faced by smart cities. By addressing these
challenges directly, the system offers a customized approach to traffic management,

aligning with the specific needs and dynamics of smart urban environments.

Malek, Li, Yang, Hasan and Zhang (2012) discussed the improvement of energy
efficiency in Ad Hoc On-Demand Distance Vector routing protocols. The authors
propose enhancements to the Ad Hoc On-Demand Distance Vector routing protocol,
aiming to optimize energy consumption in mobile ad hoc networks. Their work is
instrumental in advancing the field of wireless communication, paving the way for more

energy-efficient protocols in various applications, including smart city networks.
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Misuraca, Gianluca, Francesco, Mureddu, and Osimo (2014) presented in the book
"Policy-making 2.0: Unleashing the Power of Big Data for Public Governance,"
explores the integration of big data into public governance. The authors discuss the
utilization of big data analytics for policy-making processes, emphasizing the potential
for data-driven decision-making in the public sector. By harnessing the power of big
data, governments can enhance their policy formulation, implementation, and

evaluation strategies, fostering more efficient and effective governance practices.

Mondal and Rehena (2019) focused on developing an intelligent traffic congestion
classification system utilizing ANNs*°. By employing ANNs, the system accurately
classifies traffic congestion levels, providing valuable insights into traffic conditions.
The study highlights the potential of artificial intelligence techniques, particularly
ANN:Ss, in developing precise and reliable traffic monitoring systems for smart cities.
By accurately classifying congestion levels, the system contributes to data-driven
decision-making, enabling proactive measures to alleviate congestion and enhance

urban mobility.

Nasr, Elie, Kfoury and Khoury (2016) presented an loT-based approach to vehicle
accident detection, reporting, and navigation. The authors explore the utilization of IoT
devices and sensors to detect vehicle accidents in real-time. By enabling swift accident
reporting and navigation assistance, their system enhances road safety and emergency
response mechanisms. The study illustrates the practical application of 10T technology
in enhancing transportation safety and underscores its potential in shaping the future of

intelligent transportation systems.

Psomakelis and Evangelos (2016) have shown the integration of big data and social
networking data for smart cities. The authors explore the synergy between big data
analytics and social networking data in shaping intelligent urban environments. By
harnessing social network data, cities can gain valuable insights into public behavior
and preferences, facilitating more informed decision-making processes. The study
highlights the potential of combining big data and social networking data for enhancing

smart city initiatives and improving urban quality of life.
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Rizwan, Patan, Suresh, and Rajasekhara (2016) introduced a real-time smart traffic
management system for smart cities, leveraging the IoT and big data technologies. The
authors propose an intelligent system capable of real-time data analysis and traffic
management. By integrating [IoT devices and big data analytics, the system optimizes
traffic flow, reduces congestion, and enhances overall urban mobility. Their innovative
approach demonstrates the potential of IoT and big data in revolutionizing urban

transportation systems.

Silva and Silva (2019) conducted a systematic review exploring the relationship
between congestion charging and smart cities. The study aims to provide a
comprehensive understanding of the impact of congestion charging policies in the
context of smart city initiatives. By examining a range of relevant literature, the authors
analyze the key findings and trends associated with the integration of congestion
charging schemes and smart city technologies. The review highlights that congestion
charging policies have been implemented in various cities worldwide as a means to
alleviate traffic congestion and promote sustainable urban mobility. The integration of
smart city technologies, such as advanced sensors, data analytics, and intelligent
transportation systems, has played a crucial role in the successful implementation and
management of congestion charging schemes. The findings indicate that smart city
initiatives have enhanced the effectiveness and efficiency of congestion charging
policies. By utilizing real-time data and predictive analytics, cities can optimize pricing
structures, dynamically adjust congestion charges, and provide personalized travel
information to users. The integration of smart technologies has also facilitated the
seamless collection and processing of toll payments, improving the overall user
experience and administrative processes. Furthermore, the systematic review identifies
various benefits associated with the integration of congestion charging and smart city
concepts. These include the reduction of traffic congestion, improvement of air quality,
promotion of sustainable transportation modes, and generation of revenue for
infrastructure investments. The review also discusses the potential challenges and
barriers to the implementation of congestion charging schemes in smart cities, such as
public acceptance, equity considerations, and technological requirements. The
systematic review emphasizes the significant role of smart city technologies in
enhancing the effectiveness of congestion charging policies. The findings provide

valuable insights for policymakers and urban planners in understanding the synergies
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between congestion charging and smart city initiatives. The study suggests that the
integration of these approaches can contribute to more sustainable and efficient urban

transportation systems.

Sochor and Dvorak (2020) provides a comprehensive overview of the effects of smart
city solutions on urban mobility. The researchers conducted a systematic review of
existing literature to analyze the impacts of various smart city technologies and
initiatives on transportation systems and commuting patterns. The review highlights
several key findings. Firstly, it emphasizes the positive effects of smart city solutions
on improving transportation efficiency and reducing traffic congestion. Smart
technologies such as intelligent transportation systems, real-time traffic management,
and advanced data analytics have shown promise in optimizing traffic flow, enhancing
public transportation services, and facilitating multi-modal integration. The study also
recognizes the potential of smart mobility services, including ridesharing, carpooling,
and bike-sharing, to encourage sustainable transportation choices and decrease private
vehicle ownership. These services, often facilitated by mobile applications and digital
platforms, have the potential to enhance connectivity and provide flexible alternatives
to traditional commuting patterns. Furthermore, the review identifies the importance of
data-driven decision-making and urban planning in achieving effective smart mobility
solutions. The analysis highlights the role of big data, Internet of Things devices, and
sensor networks in gathering real-time information about transportation patterns, which
can inform policy interventions and enable responsive transportation management.
However, the study also acknowledges the challenges associated with implementing
smart city solutions. These include issues of data privacy and security, interoperability

of different systems.

Zafar, Haq, Sohail, Chughtai and Muneeb (2022) revealed that in the future, as smart
cities continue to evolve, the abundance of data from diverse sources and different
levels of difficulty will be initiated, fused, treated, and employed. Within the realm of
city traffic planning in smart cities, one of the most pressing challenges revolves around
predicting and mitigating traffic congestion. Traffic congestion is a multifaceted
phenomenon influenced by numerous factors. In addition to vehicular mobility,

elements such as road network characteristics, weather conditions, holidays, and peak
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hours significantly contribute to congestion, particularly on arterial roads within cities.

This paper introduces a novel approach to addressing this challenge by proposing

a hybrid deep learning model based on the combination of GRU* and LSTM*!
architectures. The model is applied to city-wide traffic data, which is aggregated from
various heterogeneous sources. To support the implementation of the proposed model,
a customized data pipeline has been developed. This pipeline incorporates a series of
algorithms designed to handle tasks such as map matching, handling data sparsity,
removing outliers, adjusting zero speeds, and mapping road segments using OSM**,
Rigorous experimentation has been conducted to showcase the enhanced performance
of the proposed method. Comparative analysis demonstrates that our methodology
achieves an impressive 95% accuracy, outperforming other deep neural network models

commonly used in this domain.

In summary, this literature review considered the dynamic interface of technology and
transportation systems in the context of smart cities. The transformative potential of
technological advances such as the IoT, artificial intelligence, and data analytics is
being demonstrated in designing more efficient, sustainable, and connected urban
mobility solutions. As smart cities seek to address challenges such as rapid
urbanization, environmental issues, and increased demand for seamless transportation,

the integration of innovative technologies is proving to be a key driver of change.

2.4 Technologies and Transportation Systems

Smart cities use a variety of technologies and transportation systems to improve
mobility, reduce traffic congestion, and improve citizens' overall quality of life. By
integrating different transportation technologies and systems such as smart
transportation systems, mobility as a service, electric vehicles, smart parking solutions,
fleet management systems, data analytics and artificial intelligence, smart cities aim to
create a more efficient, resilient, accessible urban transportation network while

improving the overall quality of life of residents.

%0 Gated Recurrent Unit
*1 Long Short-Term Memory
2 Open Street Map
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Cunha, Amaral, Silva and Pinheiro (2021) presented a comprehensive review of the
existing literature on smart public transportation in smart cities. The authors recognize
the importance of efficient and sustainable public transportation systems in the context
of smart cities, where technological advancements and data-driven solutions are utilized
to improve urban mobility. The study employs a systematic literature review
methodology to analyze and synthesize relevant research articles from various sources.
The authors identify key themes and trends in the literature, including the use of
emerging technologies, data analytics, intelligent transportation systems, and
innovative mobility services to enhance public transportation in smart cities. The
findings of the literature review highlight several aspects of smart public transportation.
Firstly, the integration of smart technologies, such as Internet of Things devices,
sensors, and real-time data collection systems, enables the provision of real-time
information to passengers, optimized route planning, and improved operational
efficiency. Secondly, the utilization of data analytics and machine learning algorithms
enables the prediction of demand patterns, congestion management, and personalized
services for passengers. The review also emphasizes the importance of sustainable and
multimodal transportation solutions, including the integration of public transit with
other modes of transport, such as cycling and car-sharing. Furthermore, the authors
discuss the role of policy and governance frameworks in promoting and supporting the
development of smart public transportation systems. The study concludes by
highlighting the need for further research and implementation of smart public
transportation initiatives in real-world settings. The findings provide insights for
policymakers, urban planners, and transportation authorities to develop strategies and
interventions that enhance the quality, efficiency, and sustainability of public
transportation in smart cities. Overall, the research work contributes to the
understanding of smart public transportation in the context of smart cities and provides

a valuable resource for researchers and practitioners interested in this field.

Gohar, Sagheer, Javaid, Anpalagan, and Khan (2019) provided an in-depth analysis
of fog computing in the context of ITS*. The authors explore the architecture,
opportunities, and challenges associated with leveraging fog computing for

transportation management in smart cities. The paper begins by highlighting the
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limitations of traditional centralized cloud computing in handling the massive data
generated by ITS. It then introduces the concept of fog computing as a decentralized
paradigm that brings computation, storage, and networking closer to the edge of the
network. The authors discuss the architecture of a fog-enabled ITS, which involves the
integration of fog nodes, smart vehicles, road-side units, and cloud infrastructure. They
emphasize the advantages of fog computing in enabling real-time data processing,
reducing latency, enhancing privacy and security, and enabling context-aware decision
making. The opportunities presented by fog computing in the context of transportation
management are explored in detail. These include improved traffic management and
congestion control, efficient routing and navigation, enhanced driver safety and
assistance, and support for emerging applications such as autonomous vehicles and
smart parking. The paper also addresses the challenges associated with fog computing
in ITS, such as resource constraints, network scalability, interoperability, data
management, and security issues. The authors discussed potential solutions and
research directions to overcome these challenges. Overall, the paper provides a
comprehensive overview of the architecture, opportunities, and challenges of fog
computing in the context of intelligent transportation systems. It highlights the potential
benefits of leveraging fog computing in smart cities to enable efficient and reliable
transportation management. The insights provided in this paper can serve as a valuable
resource for researchers, practitioners, and policymakers working in the field of smart

transportation and urban planning.

Kaur and Kaur (2017) provided an in-depth analysis of the applications and
advancements of the Internet of Things in the transportation sector. The authors aim to
present a comprehensive understanding of the potential benefits, challenges, and future
directions of IoT implementation in transportation systems. The article begins with an
introduction to IoT and its relevance to the transportation domain. It highlights the key
characteristics of IoT, such as connectivity, sensing capabilities, and data processing,
that make it well-suited for improving transportation systems. The authors emphasize
the importance of [oT in enabling the collection and analysis of real-time data, which
can be utilized for enhancing various aspects of transportation, including traffic
management, vehicle safety, and passenger experience. The review then discusses the
applications of IoT in transportation, covering areas such as smart traffic management,

intelligent vehicle systems, fleet management, and passenger information systems. The
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authors provide detailed insights into how IoT technologies can be leveraged to
improve efficiency, reduce congestion, enhance safety, and enable predictive
maintenance in transportation systems. Additionally, the article examines the
challenges and issues associated with the implementation of IoT in transportation.
These challenges include data security and privacy concerns, interoperability of devices
and systems, scalability, and the need for reliable connectivity. The authors discuss
potential solutions and strategies to overcome these challenges, such as standardization
efforts and the development of robust communication protocols. Furthermore, the
authors discuss emerging trends and future directions in [oT for transportation. They
highlight the integration of IoT with other technologies, such as artificial intelligence
and big data analytics, to enable advanced transportation management and decision-
making. In summary, Kaur and Kaur provide a comprehensive review of IoT for
transportation, encompassing its applications, challenges, and future prospects. The
article serves as a valuable resource for researchers, practitioners, and policymakers in
understanding the potential of IoT in transforming transportation systems and

addressing the associated challenges.

Khan, Salah and Zeadally (2019) explored the applications, opportunities, and
challenges of fog computing in the context of intelligent transportation systems. The
authors delve into the potential of fog computing to address the limitations of traditional
centralized cloud computing in handling the massive data generated by ITS. The paper
begins by providing an overview of ITS and the increasing demand for real-time data
processing and decision-making capabilities. It introduces the concept of fog computing
as a decentralized computing paradigm that extends cloud services to the edge of the
network. The authors highlight the advantages of fog computing in terms of low
latency, location awareness, mobility support, and efficient resource utilization. The
applications of fog computing in ITS are discussed, including traffic management,
vehicle-to-vehicle and vehicle-to-infrastructure communication, intelligent routing, and
autonomous vehicles. The authors emphasize the potential benefits of fog computing in
enabling real-time data analytics, adaptive traffic control, enhanced driver safety, and
improved overall transportation efficiency. The challenges associated with fog
computing in ITS are also addressed in the paper. These challenges include resource
management, security and privacy concerns, network connectivity, interoperability, and

scalability. The authors discuss various approaches and solutions to overcome these
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challenges, including workload distribution, data caching, security mechanisms, and
standardization efforts. In all the research work provides a comprehensive analysis of
the opportunities and challenges of fog computing in the domain of intelligent
transportation systems. It highlights the potential of fog computing to revolutionize
transportation management by enabling real-time data processing and decision-making
capabilities at the network edge. The insights presented in this paper can serve as a
valuable resource for researchers, practitioners, and policymakers working on the

integration of fog computing in intelligent transportation systems.

Pereira, Rodrigues and Saleem (2018) conducted a comprehensive survey on [oT-
based transportation systems. The aim of the research is to provide an overview of the
applications, challenges, and opportunities associated with IoT in the transportation
domain. The authors begin by introducing the concept of IoT and its potential impact
on transportation systems. They discuss how IoT technologies can be integrated into
various components of transportation systems, including vehicles, infrastructure, and
users. The study then presents a survey of existing literature, focusing on different
applications of IoT in transportation, such as smart parking, traffic monitoring, fleet
management, and road safety. Authors also highlight the key challenges and issues that
arise in the implementation of IoT-based transportation systems, including data
security, privacy concerns, interoperability, and scalability. They discuss the
importance of addressing these challenges to ensure the successful deployment and
operation of IoT solutions in transportation. Furthermore, the study identifies several
opportunities and benefits that IoT brings to transportation systems, such as improved
traffic management, reduced congestion, enhanced safety, and increased efficiency.
The authors emphasize the potential of IoT to revolutionize the way transportation
systems are designed, operated, and experienced. In conclusion, the paper provides a
comprehensive survey of IoT-based transportation systems, covering applications,
challenges, and opportunities. It serves as a valuable resource for researchers,
practitioners, and policymakers interested in understanding the potential of IoT in

transforming transportation systems and addressing the associated challenges.

Vlahogianni, Karlaftis and Golias (2014) in their comprehensive review, provided an
overview of the state of the art in short-term traffic forecasting and shed light on future

directions in this field. They recognize the importance of accurate traffic forecasting for
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efficient transportation management and discuss the advancements and challenges in
this area. The article begins by highlighting the significance of short-term traffic
forecasting in various transportation applications, such as traffic control, congestion
management, and travel time estimation. The authors emphasize the need for accurate
and reliable forecasting models to enable efficient traffic management and improve
overall transportation system performance. The article also addresses the challenges
and limitations of existing traffic forecasting models, including data availability, model
complexity, and uncertainty. The authors then review the different approaches and
methodologies employed in short-term traffic forecasting. They discuss the traditional
time series analysis methods, such as ARIMA™*, as well as more advanced techniques
like ANN, SVM*, and hybrid models that combine multiple methods. The authors
highlight the need for real-time data, such as traffic sensor data and weather
information, to improve the accuracy of forecasting models. They also discuss the
importance of incorporating non-linear relationships and dynamic traffic patterns into
the models. Furthermore, the authors explore emerging trends and future directions in
short-term traffic forecasting. They discuss the potential of big data analytics, machine
learning, and data fusion techniques in improving the accuracy and reliability of
forecasting models. They also highlight the importance of considering the impact of
emerging technologies, such as connected and autonomous vehicles, on traffic
forecasting. In conclusion, Vlahogianni, Karlaftis, and Golias provide a comprehensive
review of short-term traffic forecasting, discussing the existing models, challenges, and
future directions. The article serves as a valuable resource for researchers, practitioners,
and policymakers involved in transportation planning and management, highlighting
the importance of accurate traffic forecasting for the development of efficient and

sustainable transportation systems.

Zanella, Bui, Castellani, Vangelista and Zorzi (2014) provided a comprehensive
overview of the Internet of Things and its role in the development of smart cities. The
authors present the concept of the IoT as a paradigm where physical objects are

connected to the internet and can interact with each other and with the environment to
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enable a range of applications and services in urban environments. The article begins
by introducing the concept of smart cities and the key challenges faced by urban areas,
including sustainability, energy efficiency, transportation, and public safety. The
authors argue that the IoT can play a vital role in addressing these challenges by
enabling the deployment of interconnected devices and systems for monitoring, control,
and optimization of various urban services. The authors then delve into the technical
aspects of the IoT, discussing the key enabling technologies such as wireless sensor
networks, radio frequency identification, and cloud computing. They highlight the
importance of communication protocols, data management, and security in ensuring the
effective operation of IoT systems in smart cities. Furthermore, the article presents a
comprehensive classification of IoT applications in smart cities, covering areas such as
transportation, energy management, healthcare, environmental monitoring, and public
safety. The authors provide detailed insights into the potential benefits and challenges
associated with each application domain, highlighting the need for interoperability,
scalability, and privacy protection. The article also discusses several case studies and
initiatives where 10T technologies have been applied in real-world smart city projects.
These examples illustrate the potential of the 10T to transform urban environments and
improve the quality of life for citizens. In conclusion, Zanella et al. provide a
comprehensive overview of the Internet of Things for smart cities, covering its
concepts, technologies, applications, and challenges. The article serves as a
foundational reference for researchers, practitioners, and policymakers interested in
understanding the potential of the IoT in shaping the future of urban environments and

addressing the complex challenges faced by cities.

Literature review on Technology and transportation system, reminded me the profound
impact, technology has on transforming the transport environment. By exploring
innovative solutions, data-driven insights, and integrating cutting-edge technologies, it
is clear that our transportation system is on the verge of transformation. As we navigate
the intersection of technology and transportation, we sincerely hope that this research
will contribute to the ongoing debate and stimulate further research and advancement
in this field. The potential to improve the efficiency, sustainability and safety of our
transport networks is huge, and the path to a smarter, more connected future is both

exciting and challenging.
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2.5 IoT Based Traffic Prediction Models

IoT-based traffic prediction models are an integral part of smart cities as they can help
manage traffic effectively, reduce traffic congestion, and improve overall mobility. [oT-
based traffic prediction models for smart cities can significantly improve the efficiency
of transportation systems, reduce traffic congestion, and improve citizens' overall
quality of life. These models must be flexible and adaptable to accommodate changing
traffic patterns and urban infrastructure. The steps involved in developing an loT-based
traffic forecasting model for a smart city are data collection, data processing, data
analysis, predictive modeling, visualization and reporting, feedback loops,

communication and evaluation. Review of work already done in this field is as follows.

Abbas (2011) researched article explores bio-inspired neuro-fuzzy-based dynamic
route selection to avoid traffic congestion. Published in the International Journal of
Scientific and Engineering Research, the study presents an innovative approach to
optimizing traffic routes. By leveraging bio-inspired computational models and fuzzy
logic, the research proposes adaptive routing strategies. These strategies enable vehicles
to dynamically select routes, avoiding congested areas and optimizing travel times. The
study contributes to the development of intelligent traffic management systems,

promoting efficient and congestion-free urban mobility.

Amadeo (2016) the authors discuss information-centric networking for the IoT. The
study explores the challenges and opportunities presented by IoT devices and their
information-centric networking. By addressing the unique requirements of IoT
communication, the research contributes valuable insights into optimizing data
transmission and management, enhancing the efficiency of loT-based applications, and

fostering the development of smarter and more connected cities.

Bhardwaj, Malik, Chauhan, and Rana (2021) conducted a comprehensive survey on
IoT-based traffic prediction models for smart cities. The study was published in the
Journal of Ambient Intelligence and Humanized Computing. The authors aimed to
provide an extensive overview of loT-based traffic prediction models specifically
designed for smart cities. They reviewed various research articles and studies in this
domain to identify the current state-of-the-art approaches and advancements. The

survey focused on the use of Internet of Things technologies for traffic prediction in
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smart cities. It explored different models and techniques employed for this purpose.
The authors discussed the application of machine learning and deep learning algorithms
in traffic prediction, emphasizing the integration of IoT devices and sensors to gather
real-time traffic data. Furthermore, the authors highlighted the challenges and
limitations faced by existing loT-based traffic prediction models. They identified areas
of improvement and potential future research directions, such as incorporating
additional data sources, considering heterogeneous traffic scenarios, and enhancing
prediction accuracy. Overall, the survey provides a comprehensive analysis of [oT-

based traffic prediction models in the context of smart cities.

Balasubramanian (2023) explained in the context of smart cities, the rapid increase in
the number of vehicles has led to congestion, pollution, and disruptions in the
transportation of goods. Additionally, road accidents continue to cause numerous
fatalities and permanent injuries each year. To address these challenges, the
implementation of an IoT-based TMS*® has gained prominence. This system utilizes
autonomous vehicles and intelligent devices equipped with sensors to collect, transmit,
and analyze traffic data. Machine learning techniques are also employed to improve the
efficiency of the transportation system. This research work focuses on the development
of an ATM* system integrated with an AALS™*® to effectively manage traffic congestion
and detect accidents. To ensure secure transmission of traffic-related data, the SEE-
TREND* mechanism is utilized. The proposed design incorporates various scenarios
to address potential issues in the transportation system. The ATM model continuously
adjusts the timing of traffic signals based on the traffic volume and predicted
movements from nearby junctions. By allowing vehicles to pass through green lights in
a progressive manner, the system significantly reduces travel time and alleviates traffic
congestion. The experimental results demonstrate that the proposed ATM system
outperforms traditional traffic management methods and holds promise for enhancing
transportation planning in smart city environments. Furthermore, the integration of

ATM with SEE-TREND facilitates secure transmission of traffic data, resulting in
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reduced traffic congestion, minimized waiting times for vehicles, decreased accident
rates, and an overall enhanced travel experience. In summary, the loT-based Traffic
Management System presented in this study offers an innovative solution to address
traffic congestion and improve road safety in smart cities. The combination of adaptive
traffic management, accident detection, and secure data transmission contributes to a
more efficient and sustainable transportation system for the benefit of both commuters

and city governance.

Coutard and Olivier(2014) collaborated research effort delves into urban megatrends
and outlines a European research agenda. Published in a comprehensive report, the
study explores the transformative trends shaping urban environments. By identifying
key megatrends, such as demographic shifts and technological advancements, the
research provides a strategic framework for future urban development initiatives. The
report offers essential guidelines for policymakers, researchers, and urban planners to
address the challenges and opportunities posed by urbanization and emerging

technologies, guiding the creation of sustainable and resilient smart cities.

Chong, Hon Fong, and Kiat Ng (2016) presented at the IEEE Student Conference
focuses on the development of IoT devices for traffic management systems. By
leveraging 10T technology, the study explores innovative approaches to enhance traffic
management efficiency. The research contributes to the growing field of intelligent
transportation systems, emphasizing the integration of IoT devices to optimize traffic

flow, reduce congestion, and improve overall urban mobility.

Chowdhury (2016) research focused on a priority-based and secured traffic
management system for emergency vehicles using IoT. The study addresses the critical
need for efficient traffic management to facilitate emergency vehicle movement. The
research proposes solutions to ensure the swift and secure passage of emergency

vehicles, improving response times and enhancing overall urban safety and security.

Mamoona and Humayun (2022) proposed an loT-based architecture for smart traffic
management in metropolitan areas, with a specific focus on Riyadh, Saudi Arabia. The
aim is to address the problem of excessive traffic congestion during peak hours by
utilizing modern technologies such as IoT, cloud computing, 5G, and big data. The

proposed architecture involves the deployment of IoT devices and agents that collect
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and count vehicles, with real-time data being stored in the cloud through message
agents. The system utilizes messaging agents as actuators to broadcast real-time traffic
information on dashboards and Google Maps, helping citizens make informed decisions
and save time on the roads. Wi-Fi-enabled controllers facilitate timely message
transmission. A case study is conducted to validate the accuracy and effectiveness of
the proposed architecture. The proposed solution has the potential to significantly
reduce traffic congestion and improve mobility in metropolitan areas. It leverages [oT
technologies to provide real-time traffic updates and early warning messages to drivers,
enabling them to choose the most efficient routes and avoid unexpected traffic
incidents. The study also highlights future directions for the system, including
optimizing route recommendations based on real-time data, enhancing traffic signal
control in different environments, and addressing IoT security considerations. Overall,
the proposed IoT-based architecture offers a promising approach to tackle traffic
congestion in cities like Riyadh. By integrating advanced technologies, the system aims
to provide efficient traffic management, enhance communication between drivers and

the transportation network, and improve the overall travel experience in urban areas.

Neelakandan (2016) as author focused on large-scale optimization to minimize
network traffic in big data applications using MapReduce. The study delves into the
realm of computational power, energy information, and communication. By employing
the MapReduce framework, the research aims to enhance the efficiency of processing
vast volumes of data. This approach holds significance in the context of big data
applications where optimizing network traffic is crucial for seamless data processing
and communication. The paper discusses the methodologies and techniques applied to
achieve these objectives, contributing valuable insights to the domain of big data

analytics.

Neelakandan and Paulraj (2020) presented an innovative Automated Exploring and
Learning Model for data prediction utilizing a Balanced Cellular Automata-Support
Vector Machine approach. The study focuses on developing a robust model capable of
predictive data analysis. By integrating Cellular Automata-Support Vector Machine, a
hybrid approach leveraging cellular automata and machine learning, the authors
propose an automated system for exploring data patterns and making predictions. The

study emphasizes the importance of balancing the learning process to enhance the
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accuracy and reliability of predictions. This model showcases advancements in

automated predictive analytics, offering valuable applications in various fields.

Ou, Haoyuan, Zhang, and Wang (2016) presented the development of an intelligent
traffic control system based on the Internet of Things and FPGA>® technology in
Proteus. Published in the Traffic journal, the research explores the integration of IoT
and FPGA technology for traffic control applications. By leveraging these technologies,
the system enhances traffic management capabilities, offering efficient solutions to
address urban traffic challenges. The study showcases the potential of cutting-edge

technologies in shaping intelligent transportation systems.

Pattanaik, Singh, Gupta and Singh (2016) introduced a Smart Real-time Traffic
Congestion Estimation and Clustering Technique for urban vehicular roads. The
research addresses the challenge of real-time traffic management in urban areas by
proposing an efficient congestion estimation and clustering method. The study explores
innovative techniques to assess traffic congestion levels and cluster vehicular data for
effective traffic management. By leveraging advanced algorithms, the proposed
approach aims to enhance the real-time decision-making process, ensuring optimal
traffic flow in urban road networks. The research contributes valuable insights to the

development of intelligent traffic management systems.

Ramachandra, Sujit, Reddy, Vivek, Vellore, Karanth, and Kamath (2016)
introduced a novel dynamic traffic management system integrating on-board
diagnostics and Zigbee protocol. Published in the International Conference on
Communication and Electronics Systems, the study explores advanced technologies to
optimize traffic management. By combining on-board diagnostics and wireless
communication protocols, the system enhances real-time data collection and analysis,
enabling data-driven decision-making for traffic management and contributing to more

intelligent urban mobility solutions.
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Rego, Garcia, Sendra, and Lloret (2018) presented a SDN°! based control system
designed for efficient traffic management during emergency situations in smart cities.
The research emphasizes the significance of adaptive and responsive traffic
management systems, especially during emergencies. By utilizing SDN technology, the
proposed system offers dynamic control and optimization of traffic flow, ensuring swift
response to emergency scenarios. The paper discusses the architecture and
implementation details of the SDN-based control system, highlighting its potential to

enhance urban safety and resilience during critical situations.

Saeed and Yousaf (2016) focused on the impact of cognition on user authentication
schemes in vehicles. By employing fuzzy logic and artificial neural network
technologies, the study enhances user authentication protocols. The research addresses
the critical issue of vehicle security, offering advanced cognitive solutions to prevent
unauthorized access. The proposed authentication scheme contributes to enhancing
vehicle safety and security, promoting the development of intelligent and secure

transportation systems.

Subbulakshmi and Prakash (2018) explained the challenges of mitigating
eavesdropping in wireless CRNs>2. The study introduces a novel approach combining
fuzzy-based learning and multilevel Stackelberg game theory to enhance network
security. The proposed method focuses on optimizing spectrum utilization and
minimizing eavesdropping risks. By integrating fuzzy logic and game theory, the
research provides a comprehensive solution for ensuring secure communication in
CRNs. The study underscores the importance of intelligent security mechanisms in
cognitive radio environments, emphasizing the role of advanced computational

techniques in enhancing network resilience.

Satpathy, Mohan and Das (2020) introduced a novel healthcare diagnosis system
utilizing an IoT-based fuzzy classifier with Field-Programmable Gate Array
technology. The study focuses on advancing healthcare diagnostics through intelligent
systems. By integrating fuzzy logic and FPGA, the proposed system enhances the

accuracy and efficiency of disease diagnosis. The study explores the application of 10T
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devices in healthcare, emphasizing the synergy between IoT technology and advanced
computational techniques. The research contributes to the evolution of smart healthcare

systems, showcasing the potential of loT-driven diagnostic solutions.

Sarrab, Pulparambil, and Awadalla (2020) in spite of the broad research conducted
on smart traffic system frameworks, smart traffic observing remains an dynamic area
of study, driven by emerging innovations just like the Internet of Things and Artificial
Intelligence. The consideration of these innovations has the potential to revolutionize
decision-making forms and contribute to the development of urban environments. In
any case, most existing traffic estimation strategies primarily center on highway and
city traffic administration, with limited consideration given to vital minister streets and

closed campuses.

Subramani, Berlin, Tripathi, Sandesh, Devi, Bhardwaj, Natarajan and Arul
Kumar (2021) found that with the ever-increasing population and stagnant traffic
density, traffic prediction has emerged as a significant challenge in today's cities. This
situation leads to wasted time, fuel, environmental damage, and even fatalities as people
get trapped in congested traffic. Although the field of control system and estimation of
traffic congestion has received limited attention from researchers, existing approaches
often lack the desired accuracy. To address this issue, they proposes an improved IoT-
based traffic estimation and traffic signal control system for smart cities, employing the
OWENN algorithm and an Intel 80286 microprocessor. The proposed system consists
of five phases: IoT data collection, feature extraction, classification, reducing traffic
IoT values, and traffic signal control system. Initially, IoT traffic data is collected from
a dataset. Then, the system extracts essential features such as traffic, weather, and
direction information. These taken out features are fed into the OWENN classifier,
which accurately identifies areas with high traffic congestion. Furthermore, if a specific
direction within an area experiences heavy traffic, the system optimizes IoT values
using the IBSO™ technique. Finally, the traffic signal control is implemented through
the utilization of an Intel 80286 microprocessor. The OWENN algorithm plays a vital
role in both traffic signal control and traffic estimation stages. It demonstrates

remarkable accuracy, achieving an impressive 98.23% accuracy rate, surpassing
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existing models, and a high F-score of 96.69%. The experimental results reveal the
superior performance of the proposed system compared to cutting edge methods. In
conclusion, they presents an efficient IoT-framework approach for traffic signal control
and traffic estimation in smart cities. By incorporating the OWENN algorithm and Intel
80,286 microprocessor, the system enhances accuracy and effectiveness, offering a
encouraging solution to address the problems posed by traffic congestion in city areas.
Effective communication and engagement with the public, particularly when users do
not possess smart devices, poses a significant challenge. To address these issues, [0T-
based system model was designed to collect, process, and store real-time traffic data in
scenarios where traditional methods may be inadequate. Their main objective is to
provide real-time traffic information on traffic congestion and rare incidents through
roadside, thereby enhancing overall mobility. The citizen time can be save using these
early-warning messages, particularly during rush hours, while also broadcasting traffic
information from administrative offices. A prototype of the proposed system is
implemented to evaluate its practicality, and experimental results demonstrate accurate
vehicle detection and low relative error in road occupancy prediction. By leveraging
IoT technology and roadside message units, this research contributes to improving the
efficiency of traffic management and providing timely information to the public. The
findings highlight the potential of the proposed system model in enhancing urban
mobility and facilitating informed decision-making. However, further research and
development are necessary to refine and expand the system's capabilities and ensure its

seamless integration into smart city environments.

Theodoridis, Mylonas, and Chatzigiannakis (2013) focused on traffic components
of smart city by exploring innovative approaches for creating intelligent urban
environments. The authors emphasize the integration of 10T technologies to enhance
city infrastructure and services. The framework proposed in the research aims to
leverage IoT sensor, real-time data collection and analysis for efficient urban
management. By emphasizing the synergy between IoT systems and city
functionalities, the study underscores the potential for creating smarter and more

responsive cities.
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Thakur, Tanvi Tushar, Ameya Naik, Sheetal Vasari, and Gogate (2016) presented
at the International Conference on Communication and Signal Processing, the authors
propose a real-time traffic system utilizing the Internet of Things. By harnessing IoT-
enabled sensors and communication protocols, the system enables dynamic traffic
management strategies. The research highlights the potential of IoT technology in
creating adaptive and responsive traffic management solutions, leading to more
accurate and sustainable city transportation system. The research contributes valuable
insights into the practical implementation of 10T solutions to transform urban spaces

into intelligent, data-driven environments.

Tchuitcheu, Bobda and Pantho (2020) presented the implementation of an IoT smart
camera system for optimizing traffic lights in smart cities. The smart cameras are used
with traffic lights to enhance traffic control mechanisms. By leveraging IoT technology,
the informed system offers real-time monitoring and flexible control of traffic signals.
The research emphasizes the role of smart cameras in capturing real-time traffic data
and enabling intelligent traffic management. The study contributes to the advancement
of smart city infrastructures, showcasing the potential of IoT-driven traffic optimization

solutions.

Yao, Gao, Wang, Zhang, Jiang and Han (2019) introduced a IoT Traffic Capsule
Network tailored for smart cities. The study focuses on refining traffic classification
methods using advanced deep learning techniques. By employing Capsule Networks,
the proposed mechanism enhances the accuracy of loT-driven traffic classification. The
research emphasizes the importance of precise traffic data analysis for smart city
applications. The study showcases the integration of cutting-edge machine learning
algorithms with IoT technology, highlighting their synergy in optimizing traffic
management strategies. The research contributes valuable insights to the field of smart
city technologies, showcasing innovative approaches to traffic. By putting more
emphases on the synergy between IoT systems and city functionalities, the study

underscores the potential for creating smarter and more responsive cities.
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Zhou, Wang, Ma and Zhang (2020) published a paper titled "An IoT-based traffic
prediction model for smart cities using deep learning algorithms" in the journal Sensors.
The authors presented a traffic prediction model that utilizes Internet of Things
technology and deep learning algorithms in the context of smart cities. The goal of the
study was to improve the accuracy and efficiency of traffic prediction by leveraging
real-time data from IoT devices. The proposed model incorporated deep learning
algorithms, such as CNNs>* and LSTM> networks. These algorithms were employed
to extract meaningful features from the collected IoT data and generate predictions for
traffic conditions. The authors conducted experiments and evaluated the performance
of their IoT-based traffic prediction model using real-world traffic data. They compared
the results with other traditional prediction models and demonstrated the superiority of
their approach in terms of accuracy and prediction capabilities. The findings of the
study indicated that the integration of IoT devices and deep learning algorithms can
significantly enhance the accuracy of traffic prediction in smart cities. The authors
highlighted the potential applications and benefits of their model in improving traffic
management and optimizing transportation systems in urban areas. Overall, the
research provides insights into the development of an IoT-based traffic prediction
model using deep learning algorithms. It showcased the potential of this approach in
the context of smart cities and contributed to the advancement of intelligent

transportation systems.

At the end of this literature review on "loT-based traffic prediction models" I was
reminded the transformative potential that the [IoT offers to improve the efficiency and
reliability of transportation systems. Research on the integration of data-driven
approaches, machine learning algorithms, and IoT technologies has provided valuable
insights into the dynamics of urban traffic patterns. This study highlights the importance
of using the IoT in the context of traffic prediction and provides a glimpse into a future
where cities are equipped with intelligent systems that can adapt to the ever-changing

demands of urban mobility.
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2.6 Artificial Intelligence and Traffic Management

Giffinger and Gudrun (2010) critically examine the effectiveness of smart city
ranking systems as instruments for city positioning. By evaluating various
methodologies, metrics, and indicators used in city rankings, the study raises important
questions about the relevance and accuracy of such assessments. The research prompts
discussions on the nuances of smart city evaluations, challenging existing paradigms
and advocating for more comprehensive and context-specific approaches to accurately

gauge cities' smart capabilities.

Iker, Alessandro and Saioa (2016) comprehensively explored the concept of smart
cities, delineating its current state and potential future trajectories. Investigating the
essence of smart urban development, the research delves into advanced technologies,
data-driven decision-making processes, and sustainable urban practices. By dissecting
the multifaceted aspects of smart cities, the study illuminates the intricate interplay
between technology, governance, and urban infrastructure, offering crucial insights for
urban planners and policymakers striving to create intelligent and sustainable urban

environments.

Kikuchi (2009) work, featured in Transportation Research Part C: Emerging
Technologies, which explores the transformative role of artificial intelligence in
transportation analysis. Kikuchi delves into diverse approaches, methodologies, and
applications of Al in addressing intricate transportation challenges. By harnessing
machine learning and data analytics, the research showcases how Al techniques

optimize transportation systems, emphasizing efficiency, safety, and sustainability.

Navarathna, Pramathi, Vindhya and Malagi (2018) highlighted the diverse
applications of artificial intelligence in smart city contexts. Focusing on post-2018
advancements, the study highlights emerging trends and innovative Al solutions
adopted by cities to address urban challenges. Their work provides insights into the

evolving landscape of Al technologies in shaping smart urban ecosystems.
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Tarawneh (2023) explained, how the integration of artificial intelligence into smart
cities has revolutionized urban mobility by enhancing traffic flow and reducing
accidents. This transformative approach involves optimizing traffic management
through intelligent decision-making, leveraging Al algorithms and IoT devices. A
robust network infrastructure forms the backbone of successful smart cities, enabling
diverse applications and efficient data analysis. In this context, ensuring driver safety
is paramount. Remote monitoring of drivers and vehicles emerges as a vital strategy,
empowering smart cities to prevent accidents effectively. His research proposed a
holistic framework that utilizes real-time traffic data, Al algorithms, and IoT devices to
analyze driver behavior, vehicle performance, and road conditions. By remotely
monitoring these parameters, the framework not only enhances driver safety but also
facilitates timely interventions, thereby saving lives. Additionally, it offers real-time
road status updates to drivers and enables cost-effective vehicle maintenance,

contributing significantly to a safer, smarter, and more efficient urban environment.

Kumar and Ratan (2023) Analyzed the usefulness of various machine learning
algorithms in managing traffic and their real-world applications. Traffic framework is
a critical aspect of modern transportation systems, and Al has the power to improve it
significantly. they used a dataset from traffic cameras in Delhi to evaluate the
performance of four machine learning algorithms: Linear Regression, Decision Tree,
Random Forest, and Support Vector Regression. they compared the algorithms based
on three performance metrics: Mean Absolute Error, Mean Squared Error, and R-
squared. The results showed that Random Forest and Support Vector Regression
performed better than Linear Regression and Decision Tree. The real-world
applications of Al in traffic management are promising, but ethical considerations must
be taken into account. Overall, this research contributes to the growing body of
literature on Al for traffic management and provides insights into the potential of

machine learning algorithms to improve traffic flow and reduce congestion.

Sreelatha , Mahalakshmi and Yadav(2023) clarified Al based independent traffic
control which alludes to the administration and control of traffic stream. In order to
gather real-time information on traffic conditions, sensors, cameras, and
communication systems are utilized. This information is at that point assessed and

handled by AI Algorithms to deliver experiences and make judgment. Al-fuelled
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autonomous traffic regulation points to increase framework effectiveness by reducing
vehicle blockage, expanding security, and all of the above. The advantage of utilizing
independent activity control utilizing Al is the ability to handle and collect huge
genuine time information and conclusions are drawn. This empowers the system to alter
the activity flow quick in reaction to moving traffic circumstances. Calculations based
on Al can moreover be used to learn from past traffic designs and circumstances to
form future figures and conclusions that are more precise. For independent activity
control, an assortment of Al calculations, which incorporates support learning machine
learning, and profound learning, can be applied. Calculations based on Profound
learning can be utilized to decipher photographs, video information from cameras, and
spotting designs, and patterns in traffic information can be achieved through machine
learning calculations. Algorithms for support, learning can be used to memorize from
the past and make choices based on compensate signals. To ensure their dependability
and security, it is vital to create beyond any doubt that these frameworks are designed
and conveyed with the correct assurances. This Al-powered framework can also alter
in real-time to moving activity designs and street conditions, making the activity
directing handle more responsive and energetic. As a result, there may be a change in
traffic-related outflows reductions and fuel productivity. In general, the Al is utilized
for the improvement of clever transportation frameworks which has progressed
noteworthy, which has the potential to revolutionize activity administration and

guarantee a more successful, secure, and feasible transportation framework.

Literature review on “Artificial Intelligence and Traffic Management" reminded me
that the integration of Al technologies, machine learning algorithms, and data-driven
decision-making processes holds great potential for tackling the complex challenges of
modern transportation systems. This literature review revealed new insights into the
application of Al in traffic management, highlighting its ability to increase efficiency,
reduce congestion, and improve overall transportation sustainability. As we stand at the
threshold of a transformative era of smart cities, the research in this area will contribute

to the development of intelligent transportation systems.
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3.1 Introduction

The Internet of Things is a technological system that replaces human interaction with a
variety of tools and gadgets. This makes it possible for smart cities to sprout up all over
the world. The internet of things, which contains several technologies and allows
interactions between them, has sped up the development of smart city systems for
sustainable living, greater comfort, and increased productivity for people. A wide range
of industries are significantly impacted by the Internet of Things for Smart Cities, and
its operation depends on a number of different underlying technologies. The Internet of
Things in Smart Cities is in-depth examined in this study. Following the architectures,
networking, and artificial algorithms that support these domains in IoT-based Smart
City systems, the major elements of the IoT-based Smart City environment are

provided.

10T, Data science, Artificial Intelligence, and Machine Learning are just a few of the
technologies that are coming together to form the Fourth Industrial Revolution, which
has the potential to dramatically alter how public transportation information systems
are seen. Artificial intelligence technology is capable of self-correcting and has a brain
like a person. A subset of artificial intelligence called machine learning replicates how
people learn. With the aid of IoT, it is necessary to investigate the usage of artificial
intelligence and machine learning to address issues with the public transportation
information system. To improve users' experiences using public transportation,
research must be conducted on various artificial intelligence and machine learning
algorithms using IoT and GPS to show real-time bus arrival time information, bus

interval information, and seat availability.
3.2 Significance of Research

Research methodology is the way in which research problems are solved
systematically. Research methods are the strategies, processes or techniques utilized in
the collection of data or evidence for analysis in order to uncover new information or
create better understanding of a topic. It is a science of studying how research is
conducted scientifically. Under it, the researcher acquaints himself/herself with the
various steps generally adopted to study a research problem, along with the underlying

logic behind them. Research methodology deals with scientific results, the hypothesis
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which is the outcomes of the objectives with the results. Research methodology is
defined by the source of information on which the work will be done. The tools and
technology to work on the information are chosen carefully to result in the positive

outcome of the hypothesis.
3.3 Problem Statement

Our research work is an attempt to understand the importance of IoT, Artificial
Intelligence and machine learning in solving commuting problems. The central problem

focuses on:

“To Explore and Analyze the Role of IOT, Artificial Intelligence and Machine

Learning in Solving the Commuting Problems of Smart Cities”

The research work studies the level of automation work, commuting issues, explore the
technologies for improving reliability of public transportation system of smart cities,
simulate data using 10T, Artificial Intelligence and Machine Learning Algorithms to
resolve commuting problems and find trends, issues, challenges, suggestions, and
future potential of commuting problems in smart cities. Overall, the research work finds
the usage of 10T, Artificial Intelligence and Machine Learning techniques in solving

the commuting problems for hassle-free journey in smart cities.
3.4 Objectives

An objective creates vision and converts it into measurable targets. Objectives direct
our activities toward achieving the goals and vision. Objectives bring motivation among
stakeholders and help in decision making. It brings clarity, focus, provides direction
and motivates us to measure progress. Objectives create the environment of clear and
transparent communication to achieve the targets. It also helps us to continuously
improve to reduce errors and bring better results close to set targets. The main urge
behind our research is to solve commuting problems using 10T, Artificial Intelligence
and Machine Learning technology and making smart public transport systems for smart

cities. The objectives of research are:
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1. To study the commuting and traffic congestion issues associated with smart
cities.

2. To analyze the different technologies used for enhancing the transportation
system for smart cities.

3. Comparative analysis of various existing IoT based traffic prediction models
and traffic control systems for smart cities.

4. To develop a machine learning predictive model for Smart Transportation
System.

5. To analyze the performance of machine learning predictive model for Smart
Transportation System based on various performance measures.

6. To address the implementation issues related to deployment of Intelligent
Transportation System.

7. To identify the most appropriate machine learning approach related to traffic
congestion monitoring and transportation management system for Smart
cities.

The main goal of research work is to use various analyzing tools to create model, and
study commuting problems in smart cities and provide solutions with the help of 10T,
Al and ML algorithms for stress free smart commuting. Research being focused on

smart public transport information systems to achieve above mentioned objectives.

3.5 Hypothesis

Hypothesis is nothing but a tentative statement or proposed explanation made based on
limited evidence as a starting point for further investigation. The following hypothesis

is being tested for proposed research work.

Hol: There is no significant difference between technologies used for enhancing
the transportation system for smart cities.

Ho2: The Machine learning-based traffic prediction models have average
performance scores of greater than or equal to 75%.

Hypothesis is playing vital role in the field of IoT, Al and ML for problem formulation,
problem solving, testing, continuous learning, Decision making and predictive

modelling. Hypothesis help us in successful completion of the project.
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3.6 Scope of Study

Our study is focused on Implementation of IoT, Artificial Intelligence and Machine
Learning Algorithms to solve commuting problems. Smart Transportation Systems are
increasingly integrating IoT, Machine Learning and Artificial Intelligence to
revolutionize transportation networks. Machine Learning algorithms optimize traffic
management by predicting congestion and adapting traffic signals in real time.
Predictive maintenance powered by Machine Learning prevents infrastructure failures,
saving costs and enhancing safety. Artificial Intelligence-driven public transportation
planning improves routes and schedules based on dynamic factors. The limiting factors
or challenges are data collection complexity, data privacy and security, continuous data
access, Interoperability issues, overloaded wireless networks and continuous model
monitoring and adaptation. The scope of IoT combined with Artificial intelligence and

Machine Learning is very vast and promising.
3.7 Research Design

The research design for the study encompasses elements of both quantitative and
qualitative research designs. It incorporates literature review, data collection,
comparative analysis, model development, performance evaluation, and addressing
implementation issues. The quantitative aspect involves data collection on commuting
patterns, traffic flow, congestion levels, transportation infrastructure, and performance
metrics. Statistical analysis techniques are applied to compare technologies, models,
and performance measures. Machine learning algorithms are used for predictive
modelling and performance evaluation. The qualitative aspect includes the literature
review, which synthesizes existing knowledge and identifies gaps. Interviews, surveys,
and focus groups may be conducted to gather insights from commuters, transportation
authorities, and urban planners, addressing implementation issues and obtaining
feedback on the effectiveness of transportation systems. Overall, this research design
can be considered a mixed methods approach, combining quantitative analysis and
qualitative insights to provide a comprehensive understanding of smart transportation

systems and traffic management in smart cities.
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3.7.1 Information Collection Procedure

Information is gathered on commuting patterns, traffic flow, congestion levels,
transportation infrastructure, and smart city initiatives from relevant sources such as
transportation authorities, urban planning departments, and IoT sensor networks.
Collected information on the performance of existing transportation technologies and

traffic prediction models etc. The different Information collection methods used are:
1. By Observation

In observation procedure, various companies, traffic departments, public places were
visited to understand the problems and solutions adapted. The following places were

visited:

a) Pyrotech company Udaipur Rajasthan India to understand Automation work of
Street lights used in smart cities.

b) AGV Ambernath Maharashtra India to get acquainted with IoT Enabled video
Door phone, Smart IoT Enabled battery management system.

¢) The Brihan Mumbai Electric Supply and Transport Undertaking GM’s office
BEST Marg Colaba Mumbai to get traffic congestion data.

d) BEST Planning department Wadala Mumbai to collect fleet management and
traffic congestion data.

e) Udaipole Udaipur Rajasthan India pay and park to understand automation of
parking allotment and to collect parking allotment data.
Countless hours spent on observation and contacting people had given me insights of
commuting problems in smart cities. This helped me to understand and analyze the
actual traffic problems of smart cities. I am thankful to authorities who not only shared
their knowledge and experience with me but also helped me in connecting with subject

matter.

2. Through Interviews

Personal interactions were conducted with leading industry people like chairman of
Pyrotech company Udaipur Rajasthan, Director of AGV Systems MIDC Ambernath
Maharashtra, General manager of BEST Bhavan Colaba Mumbai Maharashtra and
Deputy Head Planning Department Wadala Mumbai Maharashtra. All the dignitaries
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were interviewed on usage of [oT, Artificial intelligence and Machine learning in smart
city transportation. Their opinion and views were considered to carry out research in
IoT, Artificial intelligence and Machine learning to solve commuting problems in smart

cities.
3. Through Questionnaire

The Google survey form was designed for fog computing, IoT, Artificial intelligence
and Machine Learning algorithm questionnaire and feedback was collected online using
designed google forms. The data was collected from eminent personalities in the
technical field and from different regions / places. This feedback data was used for

Hypothesis testing using python as tool.

4. Through Participation in Conference

To collect insight of subjects and dive deeper into the details of IoT, Artificial
intelligence and Machine learning algorithm following conferences were attended.

a) 12" International Conference on “Sustainable Global trends: Planet People
and Profit” on 16-17 April 2021 Organized by Pacific University Udaipur.

b) Virtual International conference “Emerging Era of Applications of
Computers” on 15-16 January 2022 Organized by Pacific University Udaipur.

c) 4" Springer International Conference on “Mobile Computing and Sustainable
informatics” on 11-12 January 2023 Organized by Tribhuvan University
Nepal.

d) 38" Indian Engineering Congress Conference on “Re-imagining tomorrow:
Shaping the future through Disruptive and Interdisciplinary technologies”
on 27-29 December 2023 Organized by The Institution of Engineers India at
Jabalpur.

I am grateful to all Conference Organizers and my fellow presenters or researchers who
not only provided me with the platform to showcase my talent but also helped me in
gaining rich technical experience by actively participating in conferences to collect

data. These gatherings have provided me the stage for scholarly exchange which helped

me allot in coming out with Machine learning solutions for traffic congestion problems.
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S. Through Participation in Competitive Exams

To set high research standards and equip ourselves with the latest trends and techniques
various Machine learning courses were successfully completed from high ranking
institutes listed below.

a) EDUXLABS (Esoir Business Solution LLP) Certificate course on “Applied
Deep learning for Medical data analysis” from 27.10.2020 to 9.11.2020.

b) Faculty Development program on “Research and Publication Ethics” from
2.01.2021 to 7.01.2021 Organized by Pacific Business School Udaipur.

¢) Two days National Conclave on “Intellectual Property rights” on 26.07.2021
and 27.07.2021 Organized by Pacific University Udaipur.

d) Twelve weeks Online course on “Data Analytics with Python” from January
2023 to April 2023, Organized by NPTEL (Funded by Govt of India) and
successfully completed with consolidated score of 82% with elite silver medal.

e) Four weeks Online course on “Python for Data Science” from July 2023 to
August 2023, Organized by NPTEL (Funded by Govt of India) and successfully
completed with consolidated score of 78% with elite silver medal and secured
All India rank One (Top 5%).

Participation in certification courses and competitive exams helped me in sharpening
my technical skills, enhanced my understanding about machine learning algorithms and
encouraged me to use machine learning algorithms to solve real life traffic congestion

problems. Competitive exams have produced the spirit of continuous learning in me

and motivated me to take up the traffic congestion problems.
3.7.2 Comparative Analysis of Technologies and Models

Analyze various technologies used for enhancing transportation systems in smart cities,
including intelligent traffic management systems, connected vehicles, smart parking
systems, and transportation network optimization algorithms. Evaluate the strengths
and weaknesses of different technologies based on factors such as effectiveness,
scalability, cost implications, and integration capabilities. Compare and analyze
existing IoT-based traffic prediction models and traffic control systems, considering

accuracy, real-time capability, scalability, and adaptability.
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3.7.3 Machine Learning Predictive Model Development

Designed and developed a machine learning predictive model for smart transportation
systems using the gathered data and insights from the literature review. Utilize
appropriate machine learning algorithms such as regression, decision trees to predict
traffic congestion and optimize transportation routes. Train and validate the predictive

model using historical traffic data and real-time traffic information.
3.7.4 Performance Evaluation

The performance of the developed machine learning predictive model are analyzed
using various performance measures such as prediction accuracy, incorrectly classified
instances, kappa score and various confusion matrix parameters such as TP rate, FP
rate, precision, recall and Fl-score. Compare the performance of the model with
existing traffic prediction models and assess its effectiveness in predicting traffic

congestion and optimizing transportation systems.
3.7.5 Machine Learning Approach Selection

Evaluate different machine learning approaches related to traffic congestion monitoring
and transportation management systems for smart cities. Compare the suitability and
performance of various machine learning algorithms, such as Random Forest, Random
Tree, Bayes net, naive Bays, SMO, IBK, Logistic, KStar and Multiclass classifier in
addressing traffic congestion issues. Recommend the most appropriate machine
learning approach for traffic congestion monitoring and transportation management in
smart cities. Summarize the research findings, including the analysis of commuting
patterns, traffic congestion issues, technologies, and machine learning predictive
models. Provide recommendations for policymakers, urban planners, and transportation
authorities on improving smart transportation systems, mitigating traffic congestion,

and implementing intelligent transportation solutions in smart cities.
3.8 Data Collection Sources

The primary goal of the research work is to examine and find the technologies
associated with the smart city project. To find new emerging technologies that can

impact the transportation system in smart cities also improving the reliability of public
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transportation system of smart cities. Predictive model based on Artificial Intelligence
and Machine Learning Algorithms is being developed to resolve commuting problems.

Following are the secondary sources which were being used for data collection:

1. Research papers and articles from Springer, IEEE’S, Wiley, Sage, Elsevier etc.

1i. Computer science engineering, IT>’ journals for the comparative analysis.

iii. Government websites that offer information on training initiatives taking place
in the area.

iv. Books on IoT, Artificial Intelligence, Machine Learning, Deep Learning & Data
Science.

v. The datasets are being collected from:

a. Kaggle
b. Chicago Traffic data
c. tomtom.com

d. Data World etc.

I extend my gratitude to all Journal publishers, Book publishers and websites for
providing valuable data sets and information, without which it would not have been
possible to conclude my research.

3.8.1 Chicago Dataset: “Chicago_Traffic_1000”

Chicago Traffic Tracker is being used as a secondary source to collect data for model
development. The Chicago Department of Transportation maintains and publishes the
Chicago Traffic Tracker website, which provides real-time traffic updates along arterial
streets. The site contains data on Average Daily Traffic volumes, traffic signal
locations, intersections with automated red-light enforcement cameras, automated
speed enforcement camera placements, dynamic messaging sign locations, and at-grade
rail crossings that affect travel to and from Midway Airport. The website is constantly
evolving as an ongoing project, with Chicago Department of Transportation
anticipating future enhancements such as the addition of route-level alerts, live images
from traffic cameras, truck routes etc. Following are the credentials of the Chicago data

set.

56 Institute of Electrical and Electronics Engineers
57 Information Technology
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e Instances: 1000

e Attributes: 21

e Details: Chicago Traffic Tracker: Congestion Estimates by Traffic Regions

e Data Owner: Chicago Department of Transportation

e Time Period: March 2018 - Current, with occasional gaps due to system

maintenance and other temporary technical issues.

e Frequency: Data are updated every 10 minutes

e Data Reduction: Number of instances included were the latest 1000 records.
The Chicago Traffic Tracker shown in figure 3.1 utilizes real-time GPS traces from
Chicago Transit Authority buses to estimate traffic congestion on nonfreeway arterial
streets. Updated every 10 minutes, it provides two types of congestion estimates:
Traffic Segments offer observed speeds for one-half mile segments in a specific traffic
direction, covering around 300 miles of principal arterials, while Traffic Regions
provide average traffic conditions for all arterial street segments within a region

composed of two or three community areas with comparable traffic patterns.

Figure: 3.1: Chicago Traffic Tracker
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Source: Chicago Traffic Tracker [16]

The attributes such as Time, Region_ID, Speed, Region, Bus_Count, Num_Reads,
Hour, Day_Of_Week, Month, Description, Record_Id, West, East, South, North,

Nw_Location, Se_Location, Community Areas, Codes Assigned, Wards and Class
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Label were being considered. Detail view of the traffic can be seen in the “Chicago
Traffic Tracker” with various tools available in the real time application. The relevant

dataset can also be downloaded from Chicago city portal [17] as shown in figure 3.2.

Figure 3.2: Chicago Data Portal
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Chicago Traffic Tracker - Congestion Estimates by Regions

Featured Content Using this Data

Source: Chicago City Portal [17]

The Chicago Traffic Tracker, managed by the Chicago Department of Transportation,
offers real-time updates on arterial street traffic conditions, Average Daily Traffic
volumes, and various relevant information such as signal locations and camera

placements.
3.8.2 Udaipur Dataset: “Udaipur Traffic”

TomTom traffic server is used to collect real time traffic data of Udaipur city. TomTom
traffic server provides information about traffic density, speed of vehicles, traffic
congestion, number of vehicles on the road, delay time on the roads and historical traffic
values at world level. TomTom server provides various traffic statistics through various
products like Traffic stats, Route Monitoring, O/D Analysis, Junction Analytics and
Road Analytics. These products are available through MOVE portal or via API. These
products are available on trial basis for one month or also on usage basis. These
products are helpful for transport planners, researchers to make smart decisions.

Following are the credentials of tomtom server data set.
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e Number of Instances: 1000

e Number of Attributes (After Feature Extraction): 7

e tomtom Site: https://www.tomtom.com/traffic-index)

e Product Details: Traffic stats, Route Monitoring, Junction Analytics

e Data Owner: tomtom

e Time Period: Sept 2023 — October 2023, with occasional gaps due to system

maintenance and other temporary technical issues.

e Frequency: Data are updated every 3 minutes (Approximately 40 samples
collected / day)

Figure 3.3 shows Route monitoring product from tomtom server. All key routes of the
world from different countries can be monitored in real time. It gives route information
like vehicle speed and tracks traffic flows. Custom routes of any city can be defined to
get detailed information of travel times, traffic delays and speed of vehicles. This will

help traffic planners to take smart decisions.

Figure 3.3: tomtom Route Monitoring

Otomtom Products  Solutions  Developers ~ Company N Q search 2 Login

Route Monitoring

TomTom Route Monitoring lets you track traffic flow and travel speeds on
key routes in real time, and connect to Virtual Message Sign (VMS) displays
to update road users about conditions ahead. Our self-service solution is

avallable 24/7 via the TomTom MOVE portal or AP i el & 74
View API documentation ] Scroll to explore

Source: Route Monitoring product [18]

Figure 3.4 shows Traffic Stats product from tomtom server. It gives information like

traffic density, travel times and traffic density on the roads. Along with present real
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time traffic data it also provides the largest historical traffic database. This present and

past traffic data helps planners in traffic management.

Figure 3.4: tomtom Traffic Stats
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Source: Traffic Stats Product [19]

Figure 3.5 shows Junction Analytics product from tomtom server. It gives information
about city junction traffic. This analytical tool gives understanding of how drivers move

through interactions to control traffic signal timings on junction to reduce congestion.

Figure 3.5: tomtom Junction Analytics
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Source: Junction Analytics Product [20]
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3.9 Tools and Techniques

To evaluate the performance and effectiveness of the smart transportation systems,
various metrics and statistical methods were employed. Percentage analysis, measures
of central tendency, measures of dispersion, cumulative frequency, correlation
coefficient, and regression analysis were used to analyze the collected mining data.
Hypothesis testing was performed using the Chi-Square test. The study involved the
simulation of data and model building, utilizing multiple regression analysis. A
conceptual model based on regression was developed to examine the significance of
different technologies and the reliability of public transportation systems in smart cities.
Additionally, the study aimed to assess the usefulness of IoT, Artificial Intelligence,
and Machine Learning-based models in addressing commuting problems. The Weka
tool and Python were used for simulation and predictive analysis. Overall, the study
employed a research design that combined qualitative and quantitative research
approaches. The qualitative nature of the study facilitated the exploration of various
concepts and ideas, leading to findings and recommendations for improving smart

transportation systems in smart cities.

3.9.1 Weka Tool

The Weka Experimenter is a tool within the Weka software package that allows users
to design, run, and analyze machine learning experiments systematically. It is
particularly useful for comparing multiple machine learning algorithms and
configurations on various datasets, helping researchers and practitioners make informed
decisions about which algorithms work best for their specific tasks. Here's a more

detailed explanation of the Weka Experimenter's key features and functionalities:

a. Experiment Design: The Experimenter allows users to design experiments by
specifying different machine learning algorithms, datasets, and evaluation metrics.
Users can choose from a wide range of classification, regression, and clustering
algorithms available in Weka. They can also select multiple datasets to test the

algorithms' performance across different data domains.
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b. Parameter Sweeping: Users can explore the effect of different parameter settings
on the performance of machine learning algorithms. The Experimenter enables
parameter sweeping, where users can specify a range of values for certain parameters
of the algorithms. The Experimenter then systematically runs experiments with

different parameter combinations to find the optimal settings.

c. Cross-Validation and Evaluation Metrics: The Experimenter supports various
techniques for evaluating machine learning models, including cross-validation (k-fold
cross-validation, leave-one-out cross-validation, etc.). Users can select different
evaluation metrics such as accuracy, precision, recall, F1-score, and others to assess the

performance of the algorithms.

d. Batch Execution: The Experimenter can run experiments in batch mode, allowing
users to schedule multiple experiments to run sequentially or concurrently. This feature
is particularly useful for running large-scale experiments overnight or on computing

clusters.

e. Result Analysis and Comparison: After the experiments are completed, the
Experimenter provides detailed summary reports and visualizations of the results. Users
can compare the performance of different algorithms on various datasets using
statistical tests and visualizations like charts and graphs. This comparative analysis
helps users identify the best-performing algorithms and configurations for their specific

problem domains.

f. Reproducibility: The Experimenter ensures the reproducibility of experiments by
allowing users to save the experiment configurations and results. Researchers can share
these configurations and results with others, making it easier to validate and replicate

experiments.

g. Integration with Other Weka Tools: The Experimenter seamlessly integrates with
other Weka tools and interfaces, allowing users to utilize preprocessing techniques,
attribute selection methods, and various machine learning algorithms available in

Weka.
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3.9.1.1 Components and Techniques

The Weka Experimenter provides a user-friendly environment for designing, running,

and analyzing machine learning experiments. Its capabilities make it a valuable tool for

researchers and practitioners who want to systematically evaluate and compare

different machine learning algorithms and configurations on multiple datasets. Some

key tools and techniques available in Weka Explorer include:

e Preprocessing Tools

e C(lassification Algorithms
e (Clustering Algorithms

e Attribute Selection

e Evaluation Techniques

e Visualization Tools

Figure 3.6 shows the preprocessing tool in Weka applied to Chicago_Traffic_1000.

This interface includes details about the number of instances, number of attributes,

relation, selected attribute tab etc. In the present scenario the details of the Time

attribute are shown in the selected attributes tab.

Figure 3.6: Preprocessing Step Tool
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Figure 3.7 shown below is the attribute selector. Many times, data set contains

redundant attributes which are insignificant in the analysis, therefore removing the

unwanted attributes from the data set is necessary to develop good machine learning

algorithms.

Figure 3.7: Attribute Selection
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Weka has the facility to select required attributes for the designing machine learning

algorithm. All selected attributes of Chicago_Traffic_1000 dataset can be seen

graphically in the following figure 3.8.

Figure 3.8: All Attribute (Applied on Dataset Chicago_Traffic_1000)
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Figure 3.9 shown below is the Classifier window in Weka tool which is used to select
classifier algorithm from the set of available Machine learning algorithms. This window
has four testing options Training set, supplied test set, Cross-Validation and Percentage
split. We have used number of folds and percentage split options under cross-validation

option.

Figure 3.9: Classification Algorithms Tool
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In the absence of your own training set or client supplied training set the cross-
validation or percentage split options are selected. In our research 10-fold cross —
validation, 25-fold cross — validation and 30% split options are used on nine different

classification algorithms to develop machine learning algorithms for traffic forecasting.

Figure 3.10 shows the Clustering Algorithm window which is used to find groups of
similar types of instances in the dataset. Weka allows execution of several clustering

algorithms such simple KMeans, Hierarchical Clusters and so on.
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Figure 3.10: Clustering Algorithm

© Weka Explorer = a x

i Choose | HierarchicalClusterer - 2 -L SINGLE -P -A "weka core EuclideanDistance -R first-last*

- Cluster mode Clusterer sutpul
TR )
®) Use training set A |
() Supplied test set Set |
|} Percentage split % 68
1) Classes to clusters evaluation
(Nom) Class Label
] Store clusters for visualization Codes Assigned
Wards |
Class Label
Test mode: evaluate on training data
=== Clustering model (full training set) ===
Cluster O
CLOCCLCCCC{((({({0.0:1.50076, (0.0:1_41425,0.0:1.41425):0.08647):0.03707, (((0.0:1.4146
Sluster 1
{(0.0:2.07034, ((0.0:2.00001, (0.0:2.00001, ((0.0:2,0.0:2):0,0.0:2):0):0) :0.0075, 0.0:2.00]
Time taken to build model (full training data} : 2.19 seconds
=== Model and svaluation on training set ===
Clustered Inatances r
|
Lo 5 -
=7 S
|
Status.
P

Source: Weka Tool

Figure 3.11 shown below is Visualization Tool is the Graphical user interface tool
which allows users to visualize their processed data after execution of Machine learning
algorithms. There are various graph attributes which can be used to control graphical
plots. It has various options like plot size, attribute select, class color selection to control
graphical display output.

Figure 3.11: Visualization
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These figures show the application of various tools and techniques Weka being applied
to the considered data set Chicago_Traffic_1000. The classification and clustering
algorithms were being applied based on configuration settings either cross validation

or split percentage.
3.9.2 Python

Python offers a wide range of libraries and tools that make feature extraction from
various types of data (such as text, images, and numerical data) efficient and
convenient. Here are some popular libraries or tools/techniques used for feature

extraction in Python:

e Scikit-learn.

e Natural Language Toolkit

e OpenCV

e Pandas

e Feature-engine
The combined featured extraction matrix being designed using the python
programming language. Feature extraction techniques are essential for transforming
raw data into a format suitable for machine learning. For numerical data in Pandas Data
Frames, specific features are extracted by selecting relevant columns. These methods
enable effective preparation of data for machine learning models. Also, other statistical

analysis is done using Python.
a. Hypothesis Testing Tools:

To test the framed null hypotheses, three types of statistical methods were used. The

applied tests were Pearson Chi-Square test, ANOVA Test and T-Test.
b. Chi-Square Test:

The Chi-Square test is a statistical method used to determine if there is a significant
association between categorical variables. It compares observed frequencies with

expected frequencies, assessing whether any differences are statistically significant.
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c. ANOVA Test:

ANOVA is a statistical technique used to compare means of three or more groups to
determine if there are statistically significant differences. It assesses the variability
within and between groups, helping to understand whether observed differences are

likely due to random chance or actual group effects.
d. T-Test:

The t-test is a hypothetical test which is used to find out whether the average calculated
for criteria from sample data is different from a value claimed by researchers. The one
sample t test left tail or right tail is used to compare the mean of sample data with

claimed value of researchers.
3.10 Summary

This research work aims to address various aspects of smart transportation systems and
traffic management in smart cities. It encompasses a mixed methods approach,
combining quantitative analysis and qualitative insights. The research objectives
include studying commuting and traffic congestion issues, analyzing technologies for
enhancing transportation systems, comparing loT-based traffic prediction models and
traffic control systems, developing a machine learning predictive model, evaluating its
performance, addressing implementation issues, and identifying the most appropriate
machine learning approach for traffic congestion monitoring and transportation
management. The research begins with a comprehensive literature review to identify
gaps in existing research and frameworks. Data collection involves gathering
information on commuting patterns, traffic flow, congestion levels, transportation
infrastructure, and smart city initiatives. Comparative analysis is conducted to evaluate
different technologies and loT-based traffic prediction models, considering factors such
as effectiveness, scalability, cost implications, and integration capabilities. The
research also involves the development of a machine learning predictive model for
smart transportation systems. Historical and real-time traffic data are utilized to train
and validate the model. Its performance is evaluated using various performance
measures, comparing it with existing models. Implementation issues related to the
deployment of intelligent transportation systems are addressed, including infrastructure

requirements, data privacy and security, scalability, and user acceptance.
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Recommendations and strategies are proposed to overcome these challenges.
Furthermore, different machine learning approaches for traffic congestion monitoring
and transportation management in smart cities are evaluated. The suitability and
performance of various algorithms, such as neural networks, support vector machines,

or ensemble methods, are compared to identify the most appropriate approach.

In conclusion, this research aims to provide a comprehensive understanding of
commuting patterns, traffic congestion, technologies, IoT-based models, machine
learning predictive models, implementation issues, and machine learning approach
selection for smart transportation systems in smart cities. The findings will contribute
to the development of effective transportation strategies, the mitigation of traffic
congestion, and the successful implementation of intelligent transportation solutions in

smart cities.
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4.1 Overview

Dataset contains hundreds of attributes. However, not all attributes are required to
complete the machine learning task. A feature extraction and selection algorithms are
used to determine the importance of the attributes. Rather than processing all attributes,
only relevant attributes are included in the machine learning process. This reduces
processing time and also improves the performance of the task. Therefore, attribute
extraction and selection algorithms are applied before applying data learning tasks such

as classification, clustering, and outlier analysis.

Feature extraction is used to extract features from the collected data. Feature selection
is the extension of feature extraction. Feature selection is the process of selecting a
subset of relevant features (variables, predictors) to use in model building [Chong and
Ng 2016]. In normal situations, domain knowledge plays a key role and allows you to
select the features that seem most important. For example, when predicting sales of
Furniture, the type of furniture, size of furniture and budget of customer may be
important. Feature selection follows Feature extraction which simply selects required
features and remove unwanted or redundant features from the Data set][ Coutard 2014].

Feature selection performs following functions.

1. Remove Features with missing values
2. Remove highly uncorrelated features

3. Remove Features with low variance

Feature extraction and data processing using IoT involves extracting relevant
information or features from the data collected by IoT devices and processing them for
further analysis or application. Feature extraction is an important step in machine
learning, and its goal is to reduce the dimensionality of input data while preserving
important information. Extracting relevant features is important to improve the
efficiency of machine learning algorithms, reduce computational complexity, and

improve model performance. The step-by-step overview of the process is given below:
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Data Collection: 10T devices collect data from various sensors, such as temperature,
humidity, motion, or light sensors. The data can be collected continuously or at regular

intervals and transmitted to a central server or cloud platform for processing.

Preprocessing: Raw data collected from IoT devices often requires preprocessing to
remove noise, handle missing values, or normalize the data. This step ensures that the

data is in a suitable format for further analysis.

Feature Extraction: Feature extraction involves identifying and extracting relevant
features from the preprocessed data. Features are specific measurements or
characteristics that capture the essential information for the intended analysis or
application. For example, in a smart home scenario, features could include temperature,

occupancy status, or energy consumption patterns.

Selection and Dimensionality Reduction: Depending on the application, it may be
necessary to select a subset of features or reduce the dimensionality of the data. This
step aims to eliminate irrelevant or redundant features, improving computational

efficiency and reducing the risk of overfitting in machine learning models.

Data Integration: In some cases, data from multiple IoT devices or sources may need
to be integrated to derive meaningful insights. Integration can involve combining data
from various sensors, time synchronization, or merging data from different locations or

devices.

Data Analytics: Once the relevant features have been extracted and processed, various
analytics techniques can be applied to gain insights or make predictions. This can
include statistical analysis, data mining, machine learning algorithms, or artificial

intelligence models.

Visualization and Reporting: The processed data and analytics results can be
visualized using charts, graphs, or dashboards to provide a clear representation of the
information. Visualizations aid in understanding patterns, trends, or anomalies in the
data. Additionally, reports or alerts can be generated to notify users or stakeholders of

important findings or events.
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Real-Time Processing: [oT systems often require real-time processing to enable timely
decision-making or immediate actions based on the collected data. Real-time
processing involves analyzing data as it arrives and generating responses or triggers in

near real-time.

Feedback Loop: The insights or actions derived from the processed data can be used
to provide feedback and optimize the [oT system's performance. For example, adjusting
sensor thresholds, improving predictive models, or triggering automated responses

based on the analysis results.

Overall, feature extraction and data processing using IoT play a crucial role in
transforming raw data collected from IoT devices into meaningful information and
actionable insights for various applications such as smart homes, industrial monitoring,

healthcare, or environmental monitoring.

Algorithm: Combined Feature Selection, Evaluation, and Attribute Selection
1. Load Data:

» Load the dataset from a given file path.

2. Evaluate Feature Selection Methods:

» For each chosen feature selection method (like CfsSubset Eval,
GainRatio Attribute Eval, etc.):

» Apply the method to the dataset to find the most important attributes.

> Store the list of selected attributes for each method.

3. Combine Selected Attributes:
» Create an empty list to hold combined selected attributes.
> For each list of selected attributes from different methods:

» Add the attributes to the combined list, avoiding duplicates.

4. Apply Feature Selection on Combined Data:

> Use the CfsSubsetEval method on the dataset with the combined
selected attributes.

> Create a new dataset with the chosen attributes.
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5. Train Classifier:
» Choose a classifier, like Linear Regression.

» Train the classifier using the data obtained after combined feature
selection.

6. Rank and Percentile Calculation:

» Calculate the attribute performance scores based on the classifier's
coefficients.

» Rank the attributes based on their performance scores.

» Calculate the percentile of each attribute's performance score.

7. Select Most Appropriate Attributes:
» Choose a threshold percentile for attribute selection (e.g., 80%).

» Select attributes that have performance percentiles above the
threshold.

8. Display Results:
» Display the matrix of selected attributes from each method.
» Display the list of combined attributes.
» Display the coefficients of the trained classifier.
>

Display the ranked attributes along with their performance scores and
percentiles.

» Display the final selected attributes based on the threshold.
9. End.

Machine learning algorithms are the core components of machine learning systems.
They allows computers to learn from data and make predictions and decisions without
being explicitly programmed for the task. Overall, the model offers an advanced
approach to attribute selection, enabling the creation of more accurate and interpretable
classification models across various domains and applications. The various Algorithms

for extracting useful information are discussed in the following paragraphs.
4.2 Feature Selection Methods

Feature selection methods are essential techniques in data analysis and machine
learning that streamline datasets by identifying the most pertinent attributes. Among

these methods, CfsSubsetEval evaluates attribute relevance while considering inter-
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feature relationships, Gain Ratio AttributeEval assesses attributes' class discrimination
ability, One R creates simple rules to predict classes, Relief F handles noisy data by
evaluating attribute influence on nearest neighbors' classification, and Symmetrical
Uncertainty calculates mutual information between attributes and classes while
accounting for class imbalance. Employing these methods enhances data quality,
improves model performance, and ensures more effective feature selection, leading to
more accurate and interpretable results. When choosing a feature selection method, it
is important to consider the type of data, the characteristics of the problem, and the
specific requirements of the machine learning task. It is often useful to try multiple
techniques and compare their effects on model performance to determine the most
effective approach for a particular scenario. The goal is to improve model performance,
reduce computational complexity, and reduce the risk of overfitting. 21 attributes used

for Analysis are shown in the Table 4.1.

Table 4.1: Attribute Names and ID

Attribute ID Attribute Name
1 TIME
2 REGION_ID
3 SPEED
4 REGION
5 BUS_COUNT
6 NUM_READS
7 HOUR
8 DAY_OF_WEEK
9 MONTH
10 DESCRIPTION
11 RECORD_ID
12 WEST
13 EAST
14 SOUTH
15 NORTH
16 NW_LOCATION
17 SE_LOCATION
18 COMMUNITY AREAS
19 Z1P CODES
20 WARDS
21 CLASS LABEL
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4.2.1 Info Gain Attribute Eval

Information gain is a metric used in the context of decision tree-based algorithms,
specifically for feature selection. This helps determine the relevance of features in
classifying or predicting the target variable. Attribute evaluation using information
gains is commonly used in decision tree algorithms. Information gain measures the
effectiveness of an attribute in classifying a dataset. It is based on the concept of
entropy, which quantifies the uncertainty or disorder in a dataset. The information gain
of an attribute is calculated by comparing the entropy of the dataset before and after

partitioning based on that attribute.

In Weka, the 'InfoGainAttributeEval' feature selection method is utilized to assess
attribute importance within a dataset. This technique quantifies the value of attributes
by measuring the reduction in uncertainty they bring to the classification or regression
task, particularly in decision tree algorithms. By comparing the entropy before and after
splitting the data based on an attribute, the 'InfoGainAttributeEval' method determines
the most informative attributes, aiding in improving model performance by focusing on
key features. This approach is an essential tool in Weka's arsenal for enhancing data

preprocessing and model building processes.

Evaluator:  weka.attributeSelection.InfoGainAttributeEval

Search: weka.attributeSelection.Ranker -T -1.7976931348623157E308 -N -1
Relation: Chicago_Traffic_1000

Instances: 1000

Attributes: 21

Evaluation mode: Evaluate on all training data

Search Method: Attribute ranking.

Attribute Evaluator (supervised, Class (nominal)): Information Gain Ranking

Filter.

Attribute Scores: Shown in the Table 4.2
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Table 4.2 : Attribute Score for Info Gain Attribute Eval

Score Attribute/ Feature Attribute ID
0.3546 | RECORD_ID 11
0.3546 | SPEED 3
0.2538 | BUS_COUNT 5
0.1872 | NUM_READS 6
0.1003 | REGION 4
0.1003 | DESCRIPTION 10
0.1003 | SE_LOCATION 17
0.1003 | NW_LOCATION 16
0.093 TIME 1
0.0826 | REGION_ID 2
0.0661 | NORTH 15
0.0659 | WEST 12
0.0655 | HOUR 7
0.0625 | EAST 13
0.0545 | ZIP CODES 19
0.0447 | DAY_OF_WEEK 8

Figure 4.1: Attribute Score for Info Gain Attribute Eval
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The results confirm that the top five high scoring attributes are RECORD_ID, SPEED,
BUS_COUNT, NUM_READS and REGION with values 0.3546, 0.3546, 0.2538,
0.1872 and 0.1003 respectively. The low scoring attributes are TIME, REGION_ID,
NORTH, WEST, HOUR, EAST, ZIP CODES and DAY_OF_WEEK with values
0.093, 0.0826, 0.0661, 0.0659, 0.0655, 0.0625, 0.0545 and 0.0447 respectively. Based

on the figure above the 16 selected attributes are as shown below:
Selected attributes: 11,3,5,6,4,10,17,16,1,2,15,12,7,13,19 and 8.
Total No. of selected attributes: 16

4.2.2 Correlation Attribute Eval

Correlation Attribute Eval method serves as a feature selection technique aimed at
evaluating attribute significance within a dataset by gauging their correlation with the
class variable. By calculating the correlation between each attribute and the class labels,
this approach helps identify attributes that bear the most relevance to the classification
task. This process aids in refining model performance by retaining attributes that
demonstrate strong connections to the class variable and discarding those with weaker

correlations.

Evaluator: weka.attributeSelection.CorrelationAttributeEval

Search: weka.attributeSelection.Ranker -T -1.7976931348623157E308 -N 16
Relation: Chicago_Traffic_1000

Instances: 1000

Attributes: 21

Evaluation mode: Evaluate on all training data

Search Method: Attribute ranking.

Attribute Evaluator (supervised, Class (nominal)): Correlation Ranking Filter.

Attribute Scores: Shown in Table 4.3

103



Table 4.3 : Attribute Score for Correlation Attribute Eval

Score Attribute/ Feature Attribute ID
0.6628 | SPEED 3
0.2338 DAY_OF_WEEK 8
0.2008 HOUR 7
0.1247 Z1P CODES 19
0.1078 WEST 12
0.0745 EAST 13
0.0532 DESCRIPTION 10
0.0532 | REGION 4
0.0532 | NW_LOCATION 16
0.0532 SE_LOCATION 17
0.0417 COMMUNITY AREAS 18
0.0387 MONTH 9
0.0364 | TIME 1
0.0353 WARDS 20
0.0318 SOUTH 14
0.0207 NUM_READS 6

Figure 4.2: Attribute Score for Correlation Attribute Eval
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The outcome confirm that the top five high scoring attributes are SPEED,
DAY_OF_WEEK, HOUR, ZIP CODES and WEST with values 0.6628,
0.2338,0.2008, 0.1247, 0.1078 respectively. The low scoring attributes are EAST,
DESCRIPTION, REGION, NW_LOCATION, SE_LOCATION, COMMUNITY
AREAS, MONTH, TIME, WARDS, SOUTH and NUM_READS with values 0.0745,
0.0532, 0.0532, 0.0532, 0.0532, 0.0417, 0.0387, 0.0364, 0.0353, 0.0318 and 0.0207

respectively. Based on the figure above the 16 selected attributes are as shown below:
Selected attributes: 3,8,7,19,12,13,10,4,16,17,18,9,1,20,14 and 6.

Total No. of selected attributes: 16

4.2.3 Classifier Attribute Eval

Attribute selection algorithms are applied before applying data mining tasks such as
classification, clustering, and outlier analysis. Classifier Attribute Eval is a feature
selection method used to evaluate the importance of attributes (features) with respect
to a classifier's performance. This technique helps to identify and select the most
relevant attributes for building a predictive model.

Evaluator: weka.attributeSelection

Search: weka.attributeSelection

Relation: Chicago_Traffic_1000

Instances: 1000

Attributes: 21

Evaluation mode: Evaluate on all training data

Search Method: Attribute ranking.

Attribute Evaluator (supervised, Class (nominal)): Classifier feature evaluator

Attribute Scores: Shown in Table 4.4
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Table 4.4 : Attribute Score for Classifier Attribute Eval

Rank Attribute/ Feature Attribute ID
1 WARDS 20
2 HOUR 7
3 DAY_OF_WEEK 8
4 ZIP CODES 19
5 NUM_READS 6
6 BUS_COUNT 5
7 REGION 4
8 SPEED 3
9 REGION_ID 2
10 | MONTH 9
11 DESCRIPTION 10
12 RECORD _ID 11
13 NW_LOCATION 16
14 COMMUNITY AREAS 18
15 SE_LOCATION 17
16 | NORTH 15

The results confirm that the top five high scoring attributes or ranked attributes are
Wards, HOUR, DAY_OF_WEEK, Zip Codes and NUM_READS with ranks 1, 2, 3, 4,
and 5 respectively. The low ranked attributes are BUS_COUNT, REGION, SPEED,
REGION_ID, MONTH, DESCRIPTION, RECORD_ID, NW_LOCATION,
COMMUNITY AREAS, SE_LOCATION and NORTH with ranks 6, 7, 8, 9, 10, 11,
12, 13, 14, 15 and 16 respectively. Based on the table above the 16 selected attributes

are as shown below:
Selected attributes: 20,7,8,19,6,5,4,3,2,9,10,11,16,18,17 and 15

Total No. of selected attributes: 16

4.2.4 Cfs Subset Eval

Correlation-based Feature Selection Subset Evaluator it is feature selection method that
evaluates the relevance and redundancy of attributes within a dataset based on their
correlation with the class variable. The goal is to select a subset of attributes that are
highly correlated with the class variable while minimizing redundancy among them.

Evaluator: weka.attributeSelection.CfsSubsetEval

Search: weka.attributeSelection.GreedyStepwise
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Relation:  Chicago_Traffic_1000

Instances: 1000

Attributes: 21

Evaluation mode: Evaluate on all training data
Search Method: Greedy Stepwise (forwards).

Attribute Subset Evaluator (supervised, Class (nominal)): CFS Subset Evaluator

The results confirm that the top three high scoring attributes are SPEED,
NUM_READS and MONTH, DAY_OF_WEEK, Zip Codes and NUM_READS with

ranks 1, 2 and 3 respectively. The following 3 selected attributes are as follows:
Selected attributes: 3,6 and 19 (SPEED, NUM_READS and Zip Codes)

Total No. of selected attributes: 3
4.2.5 Gain Ratio Attribute Eval

Gain Ratio Attribute Eval is one of the method used for evaluating the attributes and
finding the most appropriate one using the ability to discriminate between various
classes. This method takes the concept of gain ratio basically which take into
consideration the intrinsic information of the attribute and also the potential information
gain.

Evaluator: weka.attributeSelection.GainRatioAttributeEval

Search: weka.attributeSelection.

Relation:  Chicago_Traffic_1000

Instances: 1000

Attributes: 21

Evaluation mode: Evaluate on all training data

Search Method: Attribute ranking.

Attribute Evaluator (supervised, Class (nominal)): Gain Ratio feature evaluator

Attribute Scores: Shown in Table 4.5
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Table 4.5: Attribute Score for Gain Ratio Attribute Eval

Score Attribute/ Feature Attribute ID
1 SPEED 3
0.1992 | NUM_READS 6
0.1699 | BUS_COUNT 5
0.0837 HOUR 7
0.0799 | ZIP CODES 19
0.0503 EAST 13
0.0503 REGION_ID 2
0.0485 NORTH 15
0.0477 | WEST 12
0.044 WARDS 20
0.0418 DAY_OF_WEEK 8
0.0356 | RECORD_ID 11
0.0245 SOUTH 14
0.0207 REGION 4
0.0207 DESCRIPTION 10
0.0207 SE_LOCATION 17

Figure 4.3: Attribute Score for Gain Ratio Attribute Eval
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The outcome confirm that the top five high scoring attributes are SPEED,

NUM_READS, BUS_COUNT, HOUR and ZIP CODES with values 1, 0.1992, 0.1699,
0.0837 and 0.0799 respectively. The low scoring attributes are EAST, REGION_ID,
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NORTH, WEST, Wards, DAY_OF_WEEK, RECORD_ID, SOUTH, REGION,
DESCRIPTION and SE_LOCATION with values 0.0503, 0.0503, 0.0485, 0.0477,
0.044, 0.0418, 0.0356, 0.0245, 0.0207, 0.0207 and 0.0207 respectively. Based on the

figure above the 16 selected attributes are as shown below:
Selected attributes: 3,6,5,7,19,13,2,15,12,20,8,11,14,4,10 and 17

Total No. of selected attributes: 16

4.2.6 OneR Attribute Eval

OneR Attribute Eval is a feature selection method that's based on the One Rule (OneR)
classifier. The OneR algorithm is a simple and interpretable rule-based classification
algorithm that selects a single attribute as the best predictor for classifying instances.
The OneR Attribute Eval method evaluates the quality of attributes by measuring how
well they serve as rules for classifying instances. OneR or "One Rule" is a simple,
interpretable classification algorithm that is often used as a fast base model or as a
benchmark for more complex algorithms. Attribute evaluation in the context of OneR
refers to the process of selecting the best attributes to create classification rules. The
goal is to find the attribute that by itself provides the most accurate prediction. For each
attribute value, this algorithm creates a simple rule based on that value. Created rule is
used to count the number of correct and incorrect classifications for calculating total
error. The attribute with lowest error is selected as the One Rule. Finally classification

rule is created on chosen attribute.

Evaluator: weka.AttributeSelection.OneRAttributeEval.
Search: weka. Attribute Selection.

Relation: Chicago_Traffic_1000

Instances: 1000

Attributes: 21

Evaluation mode: Evaluate on all training data

Search Method: Attribute ranking.

Attribute Evaluator (supervised, Class (nominal)): OneR feature evaluator.
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Table 4.6: Attribute Score for OneR Attribute Eval

Score Attribute/ Feature Attribute ID
1.00 SPEED 3
0.972 | BUS_COUNT 5
0.958 | NUM_READS 6
0.942 | TIME 1
0.94 | REGION 4
0.94 | ZIP CODES 19
0.94 | REGION_ID 2
0.94 | HOUR 7
0.94 | WARDS 20
0.94 DESCRIPTION 10
094 | SE_LOCATION 17
0.94 | NW_LOCATION 16
0.94 | NORTH 15
0.933 | COMMUNITY AREAS 18
0.933 | RECORD_ID 11
0.933 | WEST 12

Figure 4.4: Attribute Score for OneR Attribute Eval
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88.00% 90.00% 92.00% 94.00% 96.00% 98.00% 100.00% 102.00%
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The results confirm that the top five high scoring attributes are SPEED, BUS_COUNT,
NUM_READS, TIME and REGION with values 1.00, 0.972, 0.958, 0.942 and 0.94
respectively. The low scoring attributes are ZIP CODES, REGION_ID, HOUR,
WARDS, DESCRIPTION, SE_LOCATION, NW_LOCATION, NORTH,
COMMUNITY AREAS, RECORD_ID and WEST with values 0.94, 0.94, 0.94, 0.94,
0.94, 0.94, 0.94, 0.94, 0.933, 0.933 and 0.933 respectively. Based on the figure above

the 16 selected attributes are as shown below:
Selected attributes: 3,5,6,1,4,19,2,7,20,10,17,16,15,18,11 and 12

Total No. of selected attributes: 16

4.2.7 ReliefF Attribute Eval

ReliefF Attribute Eval is a feature selection method based on the ReliefF algorithm.
The ReliefF algorithm is designed to assess the importance of attributes in a dataset for
classification tasks, particularly in the context of feature selection and ranking. It
focuses on measuring the relevance and quality of attributes by considering the nearest
neighbors of instances.

Evaluator: weka.attributeSelection.ReliefFAttributeEval

Search: weka.attributeSelection.

Relation: Chicago_Traffic_1000

Instances: 1000

Attributes: 21

Evaluation mode: Evaluate on all training data

Search Method: Attribute ranking.

Attribute Evaluator (supervised, Class (nominal)): ReliefF Ranking Filter
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Table 4.7: Attribute Score for ReliefF Attribute Eval

Score Attribute/ Feature Attribute ID
0.7497 DESCRIPTION 10
0.7497 SE_LOCATION 17
0.7497 NW_LOCATION 16
0.7497 REGION 4
0.2402 SPEED 3
0.2022 | ZIP CODES 19
0.1886 | WEST 12
0.1704 REGION_ID 2
0.164 SOUTH 14
0.1617 EAST 13
0.1518 NORTH 15
0.1104 HOUR 7
0.105 WARDS 20
0.0994 | BUS_COUNT 5
0.0992 COMMUNITY AREAS 18
0.0895 NUM_READS 6

Figure 4.5: Attribute Score for ReliefF Attribute Eval
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The outcome confirm that the top five high scoring attributes are DESCRIPTION,
SE_LOCATION, NW_LOCATION, REGION and SPEED with values 0.7497,
0.7497, 0.7497, 0.7497 and 0.2402 respectively. The low scoring attributes are ZIP
CODES, WEST, REGION_ID, SOUTH, EAST, NORTH, HOUR, WARDS,
BUS_COUNT, COMMUNITY AREAS and NUM_READS with values 0.2022,
0.1886, 0.1704, 0.164, 0.1617, 0.1518, 0.1104, 0.105, 0.0994, 0.0992 and 0.0895

respectively. Based on the figure above the 16 selected attributes are as shown below:
Selected attributes: 10,17,16,4,3,19,12,2,14,13,15,7,20,5,18 and 6

Total No. of selected attributes: 16

4.2.8 Symmetrical Uncert Attribute Eval

Symmetrical Uncert Attribute Eval Is one of the selection methods which follows the
symmetric uncertainty principle. The symmetric uncertainty is basically a measure that
finds the amount of information which is being shared between the two variables and
that is two being very useful for finding the relevance of various attributes in a
classification context. This approach mainly identifies the attributes or features which
have a strong relationship with the class label variable While taking in consideration

the potential interactions.

Evaluator: weka.attributeSelection.SymmetricalUncertAttributeEval
Search: weka.attributeSelection.

Relation: Chicago_Traffic_1000

Instances: 1000

Attributes: 21

Evaluation mode: Evaluate on all training data

Search Method: Attribute ranking.

Attribute Evaluator (supervised, Class (nominal)): Symmetrical Uncertainty
Ranking Filter
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Table 4.8: Attribute Score for Symmetrical Uncert Attribute Eval

Score Attribute/ Feature | Attribute ID
1 SPEED 3
0.2893 NUM_READS 6
0.2746 | BUS_COUNT 5
0.1152 HOUR 7
0.1052 | ZIP CODES 19
0.0827 REGION_ID 2
0.0783 EAST 13
0.077 NORTH 15
0.076 WEST 12
0.0687 RECORD_ID 11
0.0651 WARDS 20
0.0628 DAY_OF_WEEK 8
0.0404 SOUTH 14
0.0385 REGION 4
0.0385 DESCRIPTION 10
0.0385 SE_LOCATION 17

Figure 4.6: Attribute Score for Symmetrical Uncert Attribute Eval
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The result confirm that the top five high scoring attributes are SPEED, NUM_READS,
BUS_COUNT, HOUR and ZIP CODES with values 1, 0.2893, 0.2746, 0.1152 and
0.1052 respectively. The low scoring attributes are REGION_ID, EAST, NORTH,
WEST, RECORD_ID, WARDS, DAY_OF _WEEK, SOUTH, REGION,
DESCRIPTION and SE_LOCATION with values 0.0827, 0.0783, 0.077, 0.076,
0.0687, 0.0651, 0.0628, 0.0404, 0.0385, 0.0385 and 0.0385 respectively. Based on the

figure above the 16 selected attributes are as shown below:
Selected attributes: 10,17,16,4,3,19,12,2,14,13,15,7,20,5,18 and 6
Total No. of selected attributes: 16

4.3 Feature Extraction Using Multiple Regression

The scope of multiple regression can be expanded from finding the relationship
between dependent and independent variables to getting insights for finding the

appropriate attributes that is for doing feature selection.

Table 4.9: Variables Entered / Removed

Variables Entered/Removed?

Model Variables Entered Variables Method
Removed
1 Wards, Hour, North, Month, .| Enter
Community Areas, Speed,
Day_Of_Week, West, Num_Reads,
East, Bus_Count, South®

a. Dependent Variable: Class Label

b. All requested variables entered.

Table 4.10: Model Summary

Model Summary

R Std. Error of
Model R Adjusted R
ode Square djuste Square the Estimate
1 .675% 455 445 182

a. Predictors: (Constant), Wards, HOUR, NORTH, MONTH,
Community Areas, SPEED, DAY_OF_WEEK, WEST,
NUM_READS, EAST, BUS_COUNT, SOUTH
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Table 4.11: ANOVA Summary

ANOVA?
Model Sum of df Mean F Sig.
Squares Square
1 Regression 18.323 12 1.527 46.262 .000°
Residual 21.949 665 .033
Total 40.273 677

a. Dependent Variable: Class Label

b. Predictors: (Constant), Wards, HOUR, NORTH, MONTH, Community Areas,
SPEED, DAY_OF_WEEK, WEST, NUM_READS, EAST, BUS_COUNT,
SOUTH

Table 4.12: Coefficients Summary

Coefficients?
Unstandardized | Standardized
Model Coefficients Coefficients t Sig.
B Std. Error Beta

1 |(Constant) 27.656 12.608 2.194 .029
Speed -.023 .001 -.561 -15.761 | .000
Bus_Count .003 .001 276 1.828 .068
Num_Reads .000 .000 -.179 -1.167 | 244
Hour -.010 .002 -212 -5.860 | .000
Day_Of Week .048 012 .143 4.159 .000
Month -.040 012 -.102 -3.223 | .001
West 1.955 442 .502 4.419 .000
East -1.953 .536 -461 -3.643 | .000
South 2.759 7166 923 3.604 .000
North -3.396 821 -1.072 -4.134 | .000
Community Areas .000 .000 -.023 -.759 448
Wards .000 .001 -.011 -.354 124

a. Dependent Variable: Class Label

The provided regression model summary indicates the relationships between predictor
variables (Speed, Bus_Count, Num_Reads, Hour, Day_Of_Week, Month, West, East,
South, North, Community Areas, Wards) and a dependent variable ("Class Label"). The
coefficients show how changes in predictor variables affect the predicted outcome.
Notably, variables such as "Speed" and "Hour" have moderate negative impacts, while
"Day_Of Week" and "West" have moderate positive impacts, all with statistical

significance. "East" and "North" have strong negative impacts, while "South" has a
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strong positive impact, all statistically significant. Other variables like "Bus_Count,"
"Num_Reads," "Month," "Community Areas," and "Wards" have smaller effects with
varying statistical significance. These interpretations aid in understanding the
importance and direction of influence of each predictor on the dependent variable. So

indirectly the identified selected attributes are as follows:
Selected attributes: 3,5,6,7,8,9,12,13,14,15,18 and 20
Total No. of selected attributes: 12

4.4 Combined Feature Selection Matrix

The proposed combined feature selection matrix basically is an arrangement between
types of feature selection method and the identified attributes after analysis. The

Attribute names and their ID’s are given below for the reference.

Table 4.13: Attribute Names and ID

Attribute ID Attribute Name
1 TIME
2 REGION_ID
3 SPEED
4 REGION
5 BUS_COUNT
6 NUM_READS
7 HOUR
8 DAY_OF_WEEK
9 MONTH
10 DESCRIPTION
11 RECORD_ID
12 WEST
13 EAST
14 SOUTH
15 NORTH
16 NW_LOCATION
17 SE_LOCATION
18 COMMUNITY AREAS
19 Z1P CODES
20 WARDS
21 CLASS LABEL
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Table 4.14: Combined Feature Selection Matrix

g;t;(:l Correlation | Classifier Cfs Gain Ratio OneR ReliefF Syl{l;l::::cal Multiple
. Attribute | Attribute | Subset Attribute | Attribute | Attribute . .
Attribute Attribute Regression
Eval Eval Eval Eval Eval Eval Eval Eval
11 3 20 3 3 3 10 3 3
3 8 7 6 6 5 17 6 5
5 7 8 19 5 6 16 5 6
6 19 19 - 7 1 4 7 7
4 12 6 - 19 4 3 19 8
10 13 5 - 13 19 19 2 9
17 10 4 - 2 2 12 13 12
16 4 3 - 15 7 2 15 13
1 16 2 - 12 20 14 12 14
2 17 9 - 20 10 13 11 15
15 18 10 - 8 17 15 20 18
12 9 11 - 11 16 7 8 20
7 1 16 - 14 15 20 14 -
13 20 18 - 4 18 4 -
19 14 17 - 10 11 18 10 -
8 6 15 - 17 12 17 -
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The above table shows the 9 feature selection methods and various attributes being

selected by them which are basically shown through the attribute ID in Table 4.14

Table 4.15: Attribute and Count

Attlﬁ?ute Attribute Name Count
1 TIME 3
2 REGION_ID 6
3 SPEED 9
4 REGION 7
5 BUS_COUNT 7
6 NUM_READS 9
7 HOUR 8
8 DAY_OF_WEEK 6
9 MONTH 3
10 DESCRIPTION 7
11 RECORD_ID 5
12 WEST 7
13 EAST 6
14 SOUTH 5
15 NORTH 7
16 NW_LOCATION 5
17 SE_LOCATION 7
18 COMMUNITY AREAS 5
19 ZIP CODES 8
20 WARDS 6
21 CLASS LABEL 0

Figure 4.7: Attribute and Frequency
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The number of times the frequency of the particular attribute is identified from the
combined feature selection matrix. From the figure above it is clear that attributes or
features Speed and Num_Reads is having the highest frequency or occurrence with
value 9 followed by attributes Hour, Zip_Codes with value 8 whereas the number of

occurrences of attribute Class_Label, Month and Time is lowest.

Table 4.16: Overall Attribute Performance in Percentage (%)

Applied Overall Attribute
Attribute Attribute Name Count | Performancein
Evaluator ID Percentage (%)
1 TIME 3 14.29
2 REGION_ID 6 28.57
3 SPEED 9 42.86
4 REGION 7 33.33
5 BUS_COUNT 7 33.33
6 NUM_READS 9 42.86
7 HOUR 8 38.10
8 DAY_OF_WEEK 6 28.57
9 MONTH 3 14.29
10 DESCRIPTION 7 33.33
11 RECORD_ID 5 23.81
12 WEST 7 33.33
13 EAST 6 28.57
14 SOUTH 5 23.81
15 NORTH 7 33.33
16 NW_LOCATION 5 23.81
17 SE_LOCATION 7 33.33
18 COMMUNITY AREAS 5 23.81
19 Z1P CODES 8 38.10
20 WARDS 6 28.57
21 CLASS LABEL 0 0.00

The overall attribute contribution is being evaluated in percentage as shown above in
the table. The performance percentages demonstrate the assessed significance of each
attribute, ranging from 0% to 42.86%. Attributes like "Speed," "Num_Reads," "Hour,"
and "Zip Codes" received relatively higher performance percentages, implying they

have notable influence or relevance in the context of the evaluation.
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4.5 Rank and Percentile

Rank and percentile approach is one of the valuable techniques for the feature selection
which also supports the identification of the most relevant attributes for the data

analysis and modelling.

Table 4.17: Rank & Percentile Approach Results

Overall
. Attribute Attribute .
Attribute Name ID /Point | Performance in Rank | Percentile
Percentage (%)
SPEED 3 42.86 1 95.00%
NUM_READS 6 42.86 1 95.00%
HOUR 7 38.10 3 85.00%
ZIP CODES 19 38.10 3 85.00%
REGION 4 33.33 5 55.00%
BUS_COUNT 5 33.33 5 55.00%
DESCRIPTION 10 33.33 5 55.00%
WEST 12 33.33 5 55.00%
NORTH 15 33.33 5 55.00%
SE_LOCATION 17 33.33 5 55.00%
REGION_ID 2 28.57 11 35.00%
DAY_OF_WEEK 8 28.57 11 35.00%
EAST 13 28.57 11 35.00%
WARDS 20 28.57 11 35.00%
RECORD_ID 11 23.81 15 15.00%
SOUTH 14 23.81 15 15.00%
NW_LOCATION 16 23.81 15 15.00%
COMMUNITY AREAS 18 23.81 15 15.00%
TIME 1 14.29 19 5.00%
MONTH 9 14.29 19 5.00%
CLASS LABEL 21 0.00 21 0.00%

The rank and percentile method were being use for further analysis of the various
attributes using the overall attribute performance. Accordingly, the table above shows
the evaluated rank and percentile. Evaluation seems to gauge the significance of each
attribute in the context of the analysis. The "Rank" column indicates the attribute's rank
based on performance, while the "Percent" column indicates the percentile of its
performance among all attributes. Attributes like "Speed" and "Num_Reads" achieved
the highest overall performance of 42.86%, securing the top rank and a percentile of

95.00%. "Hour" and "Zip Codes" follow closely with 38.10% performance and a joint
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rank of 3, corresponding to an 85.00% percentile. Attributes such as "Region,"
"Bus_Count," "Description," "West," "North," and "Se_Location" share a performance
of 33.33%, ranking 5th with a 55.00% percentile. Some attributes, including "Time,"
"Month," and "Class Label," had lower performance percentages, ranking lower with
14.29% and 0.00% performance, respectively. This ranking and percentile analysis
offers insights into the relative importance of attributes within the dataset, helping to

identify attributes that strongly contribute to the analysis and those with lesser impact.

4.6 Summary

Eight feature selection methods within WEKA machine learning software were
executed to select and extract highly correlated features from Chicago_Traffic_1000
dataset with twenty one features. First six features along with class label were short
listed after removing redundant and uncorrelated features for traffic congestion

prediction model development. The selected features listed below.

1. SPEED
NUM_READS
HOUR

ZIP CODES
REGION
BUS_COUNT
CLASS LABEL

S A L
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Artificial Intelligence and Machine Learning prediction algorithms are revolutionizing
industries and domains by harnessing data to make precise forecasts and informed
decisions. In smart cities it can be used to solve traffic congestion problems, traffic
prediction and vehicle maintenance insights, In healthcare, they aid in disease diagnosis
and drug discovery, In finance it benefits from risk assessment and stock market
predictions, e-commerce relies on recommendation systems and demand forecasting,
manufacturing optimizes operations with predictive maintenance and quality control,
Energy sector uses it for forecasting consumption and renewable energy utilization,
Agriculture improves crop yields and pest detection, Customer service employs
chatbots and sentiment analysis, Weather forecasting becomes more accurate,
Education adopts personalized learning and student success prediction, all contributing
to enhanced efficiency, cost reduction, and better decision-making across various

sectors.
5.1 Traffic Control Systems for Smart Cities

Traffic prediction and control systems in smart cities are essential for managing urban
congestion and improving overall transportation efficiency. Various machine learning
and IoT-based models have been developed to address these challenges. Some of the

existing approaches in this field are:

Adaptive Traffic Signal Control: Using real-time traffic data collected from IoT
sensors, adaptive traffic signal control systems can adjust signal timings based on
current traffic conditions. These systems aim to minimize congestion and improve

traffic flow efficiency.

Intelligent Transportation Systems (ITS): ITS integrates various technologies,
including 10T, machine learning, and data analytics, to manage traffic in real-time. It
involves strategies such as dynamic route guidance, incident detection, and congestion

pricing to optimize traffic control in smart cities.

Predictive Traffic Control: By combining machine learning-based traffic prediction
models with control algorithms, predictive traffic control systems can anticipate traffic
conditions and adjust signal timings proactively. These systems help prevent congestion

before it occurs.
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Figure 5.1: Vehicle Location Tracking Using IoT and Machine Learning
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The Figure 5.1 shown above explains the vehicle tracking system using IOT and
Machine learning. Various IoT sensors, like Camera, GPS Probes, Motion Sensors etc.
are used to collect raw traffic data, which is preprocessed for missing values and other
non-linearities. Collected data is used for training the machine learning model, which

will be used to forecast vehicle location on live data in future.

5.1.1 IoT-Based Traffic Prediction Models

Today traffic density is increasing in smart cities due to rise in population. This traffic
rise results in time wastage, fuel wastage, environmental problems and casualties. Many
solutions and methods are suggested in the past by many researchers but they lack in
accuracy and reliability. IoT based traffic prediction models have shown us new ray of
hope to overcome congestion problems in smart cities. Some of the IoT methods are

described below.

a. Sensor Networks: IoT devices and sensors deployed across road networks can
collect real-time data on traffic flow, vehicle speeds, and occupancy. By analyzing this

data, traffic prediction models can provide accurate and up-to-date traffic forecasts.
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b. Vehicle-to-Infrastructure = Communication: IoT-enabled vehicles can
communicate with smart infrastructure systems, such as traffic lights and road sensors,
to gather real-time data. This information can be used to predict traffic patterns and

optimize traffic control strategies.

These IoT models integrates data from different sources, including traffic cameras, GPS
devices, and proximity sensors to predict and optimize vehicle density, traffic

congestion, vehicle routing and improve the overall transportation experience.
5.1.2 Machine Learning-Based Traffic Prediction Models

In last one decade machine learning algorithms are increasingly becoming popular to
solve traffic congestion problems due to static and error prone traditional statistical
methods. Today’s ever increasing city limits and population growth, has made city
traffic management very difficult and demanding. Improvement in Machine learning
technology is a new ray of hope for us. Some of the machine learning technologies used

are described below.

a. Time-Series Forecasting Models: Models like ARIMA®® and SARIMA® use
historical traffic data to predict future traffic patterns. They consider factors like time

of day, day of the week, and seasonality to forecast traffic conditions accurately.

b. Artificial Neural Networks: ANNs, such as MLP®® and RNNs®! like Long Short-
Term Memory, are capable of learning complex patterns in traffic data. These models

can capture temporal dependencies and perform well in long-term traffic prediction.

c. Support Vector Machines: SVMs are used for both classification and regression
tasks. They can be employed to predict traffic conditions based on historical data,

considering features like weather, events, and road characteristics.

58 Auto Regressive Integrated Moving Average

%9 Seasonal Auto Regressive Integrated Moving Average
80 Multilayer Perceptron

81 Recurrent Neural Networks
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d. Random Forests: Random Forest models combine multiple decision trees to make
predictions. They can handle both numerical and categorical features, making them

suitable for traffic prediction tasks involving multiple input variables.

In summary above set of algorithms have the capability to learn to perform tasks such
as prediction and classification effectively using data. Learning is achieved using
additional data and or additional models. A machine learning algorithm uses the

following steps:

1. Identify the problems.
2. lIdentify sources of information / data.

3. Pre-process the data for missing and incorrect data and transform the data if
required.

4. Divide the data into training and testing datasets.
5. Build ML models and identify the best model performance in validation data.

6. Implement solution / develop product.

An algorithm can be called as learning algorithm when it improves on a performance

metric while performing a task.
5.2 Machine Learning Predictive Model for Smart Transportation

A Machine Learning Predictive Model for a Smart Transportation System integrates
data from diverse sources, including traffic cameras, GPS devices, and weather
forecasts, to predict traffic congestion, optimize vehicle routing, enhance public
transportation efficiency, and improve the overall transportation experience. By
analyzing historical and real-time data, these models offer solutions such as rerouting
traffic, suggesting efficient routes for logistics, predicting public transportation
demand, enabling predictive maintenance, promoting sustainability, enhancing
security, and informing government policies, ultimately revolutionizing the way

transportation is managed and transforming urban mobility for the better.
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Figure 5.2: Smart Transportation System
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The Smart Transportation System is being divided into three modules which includes
ML applications, Al applications and IoT applications as shown in Figure 5.2. These
modules are further being divided into submodules such as the ML application module
includes traffic flow detection and travel time prediction, accident detection and
prevention, smart city lights city, infrastructure and road anomaly detection. Similarly,
the Al application is being subdivided into safety and emergency management,
autonomous vehicles, smart parking management, incident detection and predictive
models. The 10T applications include security surveillance, smart vehicle application

and navigation.
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5.3 Analysis of Machine Learning Models for Smart Transportation

Machine Learning Predictive Models for Smart Transportation provide data-driven
insights and solutions to address complex urban mobility challenges. These models
harness vast datasets from traffic sensors, GPS devices, and various sources to forecast
traffic patterns, optimize routes, and improve public transportation systems. By
leveraging historical and real-time data, they enable more efficient traffic management,
reduce congestion, enhance user experience, and promote sustainable transportation
practices. Additionally, these predictive models have the potential to play a pivotal role
in shaping future transportation policies and infrastructure development for smarter and
more accessible cities. Various Algorithms were used for feature/attribute extraction
and selection. Based on the results provided by Algorithms out of twenty one attributes

following seven attributes are selected for Machine Learning Algorithms.

SPEED
NUM_READS
HOUR

ZIP CODES
REGION
BUS_COUNT
CLASS LABEL

N o R =

5.3.1 Performance Measure

To analyze different prediction models, the performance measure like accuracy,
incorrectly classified instances, Kappa statistic, precision, recall, F-measure , ROC
Area ,TP Rate, FP Rate, precision and recall were being used, which are explained

below.

Accuracy: It is a commonly used metric to evaluate the performance of machine
learning classification models. It measures the ratio of correctly predicted instances to

the total number of instances in the dataset. The formula for precision is:

Number of Correct Predicted values

Accuracy =
y Total Number of instances in the data set
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Incorrectly Classified Instances: In machine learning, a misclassified instance is a
data point or instance in a data set that is incorrectly predicted or labeled by a machine
learning model. These instances represent errors that the model made in its predictions.

There are two types of errors:

» False Positive: Negative Instances are predicted as Positive by Model. In
terms of Traffic Congestion this can be low traffic is

predicted as heavy traffic.

> False Negative: Positive Instances are predicted as Negative by Model. In
terms of Traffic Congestion this can be heavy traffic is
predicted as low traffic.
Kappa Statistics: The kappa statistic, also known as Cohen's kappa, is a measure of
agreement or reliability between classification algorithms. It is often used to assess
agreement between two classification algorithms. Kappa value ranges from -1 to +1.
Positive 1 indicates perfect agreement and Negative 1 indicates worst agreement. The

various agreement interpretations are given below.

» Kappa > 0.8: Excellent Agreement

» 0.6 < Kappa < 0.8: Good Agreement

» 0.4 <Kappa < 0.6: Moderate Agreement
» Kappa < 0.4: Poor Agreement

Confusion Matrix Parameters: Confusion matrix shows the different ways in which
the classification model gets confused when making predictions. The predicted values
are compared with Actual values to find out various performance parameters. The
Parameter like TP Rate, FP Rate , Precision, Recall and ROC Area are derived from a

confusion matrix.
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Figure 5.3: Confusion Matrix
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Source: Towards Data Science [23]

TP 1t refers to the number of predictions where the classifier correctly predicts the
positive class as positive. For example in terms of Traffic Congestion this can be heavy

traffic is predicted as heavy traffic.

TNS63: It refers to the number of predictions where the classifier correctly predicts the
negative class as negative. For example in terms of Traffic Congestion this can be low

traffic is predicted as low traffic.

FP%: It refers to the number of predictions where the classifier incorrectly predicts the
negative class as positive. For example in terms of Traffic Congestion this can be low

traffic is predicted as heavy traffic.

FN®3: It refers to the number of predictions where the classifier incorrectly predicts the
positive class as negative. For example in terms of Traffic Congestion this can be heavy

traffic is predicted as low traffic.

Precision: It is the quality of a positive prediction made by the model. Precision refers

to the number of True Positives divided by the total number of Positive predictions.

TP
TP+FP

[1i]

Precision =

Recall: It is the measures of how well a machine learning model can detect positive

instances. It is also called as Sensitivity. Sensitivity refers to the number of true

62 True Positive
8 True Negative
54 False Positive
5 False Negative
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positives divided by the sum of True Positives and False Negatives. The model with

high Sensitivity will have significantly fewer False Negatives.

TP
TP+FN

Recall = [1ii]
F-Measure: It also known as Fl-score, It is a machine learning metric that combines

precision and recall into one value.

Presion XRecall .
F-Measure = 2 X — [iv]
Precision+Recall

F-Measure value changes between 0 and 1, Where 1 indicates ideal Precision and Recall

and 0 indicates poor performance.

ROC®: It is a graph showing the performance of a classification mode. This curve plots
two parameters: TPR®” and FPR®. TP Rate is used to measure the percentage of actual
positives which are correctly identified by model . TPR is synonym for Recall. FP Rate
also known as Type - I error is used to measure the percentage of actual positives which

are incorrectly identified by model.

Figure 5.4: ROC Curve

TP vs. FP rate at
one decision
” o threshold
”
kS 7’
&
= Z.
B l TP vs FP rate at
another decision
/ threshold
!
If
=
. FP Rate !

Source: Google developer site [27]
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ROC Area: AUC® measures the entire two-dimensional area underneath the entire
ROC curve. AUC indicates how well predictions are ranked. AUC ranges in value from
0 to 1. A model whose predictions are 100% wrong has an AUC of 0.0; one whose

predictions are 100% correct has an AUC of 1.0.

Figure 5.5: Area Under ROC Curve

-
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Source: Google developer site [27]

In summary, performance measurements play a critical role in evaluating the
effectiveness of machine learning algorithms, providing insight into their ability to
make accurate predictions and transform appropriately to new, unseen data. Choosing
the most appropriate metric depends on the nature of your particular problem, the

characteristics of your data, and your analysis goals.

5.3.2. Error Measures

Machine learning uses various error measures to evaluate the performance of
algorithms and models. These measurements help quantify the difference between
predicted and actual values and provide insight into model performance. Common error

remedies includes:

Mean Absolute Error: it is Average of absolute differences between Actual values and
Predicted values. Lower the value of Mean Absolute Error, better the Prediction

Algorithm.

8 Area Under ROC Curve
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Mean Absolute Error = % =1 1Ya, — ¥y, [v]

Where
» Y, = Actual Output Value
>y, = Predicted Output Value
Root Mean Square Error: It is the root of mean square error. It considers the effect

of negative as well positive errors in considerations.

Root Mean Square Error = \/% Y1 Ve, — ¥p,)? [vi]

Relative Absolute Error: It is used to measure accuracy of predictions. It compares
the distance of actual values from predicted values with distance of actual values from
average values. Its value lie between 0 to positive infinite. A lower Relative Absolute
Error indicates better performance.

Yic1 [Ya;~p;l

Relative Absolute Error= —;; -
i=1 Ya;=¥I

[vii]
Where
y = Mean of Actual Values

Root Relative Square Error: It is the root of relative square error. The relative square
error is the ratio of total square error to average of actual values. Relative square error

normalizes total square error.

Z?=1(3’ai_3’pi)2
y

Relative Square Error = [viii]

By Taking root of Relative Square Error we are reducing the normalize square error

value and bringing it closer to predicted value.

Root Relative Square Error = \/ Relative Square Erro [1x]

2

Root Relative Square Error = 7
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Lower the value of Root Relative Square Error, better the performance of Machine
Learning prediction model. The choice of error measure depends on the nature of the
problem and the specific objectives of the analysis. When choosing an appropriate error
measure, it is important to consider the characteristics of the data and the objectives of

the modeling task.

In summary, understanding and effectively using error counter measures is a
fundamental aspect of creating and improving machine learning algorithms. Error
measurements provide a quantitative means of assessing model accuracy and
performance, allowing practitioners to make informed decisions, compare different

algorithms, and optimize predictive capabilities.

5.3.3 Cross-Validation Configuration Setting (10-folds) Results

The Weka tool was being used for the analysis of various classification machine
learning algorithms. K-folds Cross-Validation Approach is used for evaluating the
Performance of Machine learning Algorithms, where K value is changed to study
different cases. For example in 4 folds Cross-Validation K value is 4 where data set is
divided into 4 parts, out of which 3 parts are used for training the Machine learning

Algorithm and only One part is used for testing the Algorithm.

Figure 5.6: 4-fold Cross-Validation Example

Data Set Data Set Data Set Data Set

Training ‘ Training  Training Training  Tralning ‘Training

Iteration — (i) Iteration — (ii) Iteration — (iii) Iteration — (iv)

As shown in above figure 5.6, four iterations are executed for 4-folds, In first iteration
part one will be used for testing and remaining three parts will be used for training. In
second iteration part two will be used for testing and remaining three parts will be used
for training. This recursion will continue up to the last iteration to complete the Cross-
Validation. For 10-fold Cross-Validation K value is 10 and data set will be divided into

10 parts, Nine parts for Training the algorithm and One part for testing the algorithm.
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Similarly for 25-fold Cross-Validation K value is 25 and data set will be divided into

25 parts, Twenty four parts for Training the algorithm and One part for testing the

algorithm.

Data Analysis Credentials:

Dataset: Udaipur_Traffic

Date: October 2023

Number of Instances: 1000

Number of Attributes (After Feature Extraction and Selection): 7

A. Performance Measures

i. Accuracy Measures

Table 5.1: Classifiers and Accuracy Measures (Cross Validation: 10-Folds)

Source: TOMTOM Server

Duration: One Month

Bayes Net

Naive Bayes

Logistic

SMO

IBk

KStar

MultiClass
Classifier

Random
Forest

RandomTree

99.6%
97.9%
99.7%
97.2%
98.7%
98.8%

99.7%

100.0%

100.0%

0.4%
2.1%
0.3%
2.8%
1.3%
1.2%

0.3%

0.0%

0.0%

0.967
0.815
0.976
0.722
0.898
0.905

0.976

1.000

1.000

Figure 5.7: Performance Measure Accuracy (Cross-Validation: 10 Folds)
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Based on the performance measure accuracy it can be interpreted that Random Forest

classifier was the most appropriate one as it was having the highest accuracy value of

100% whereas SMO and Naive Bayes were having the lowest value of accuracy 97.2%

and 97.9%.

Figure 5.8: Incorrectly Classified Instances (Cross-Validation: 10 Folds)
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According to the performance measure incorrectly classified instances it can be

interpreted that Random Forest and Random Tree classifiers were the most appropriate

one as these were having the lowest number of incorrectly classifies instances

accounting for 0% each whereas SMO and Naive Bayes classifiers were having the

highest number of incorrectly classifies instances accounting for 2.8% and 2.1%

respectively.

Figure 5.9: Kappa Statistic Values (Cross-Validation: 10 Folds)
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The provided data consists of a set of Kappa statistic values, which are used to assess
the agreement or consistency between classifiers in different situations. These Kappa
values range from 0.722 to 1.000, indicating varying levels of agreement. The highest
Kappa value, 1.000, suggests a very good level of agreement between the classifiers in
that particular scenario, while the lowest value, 0.722, falls into the good to moderate
agreement range. Overall, the data suggests that there is a generally positive level of
agreement in the assessed situations, with some instances demonstrating higher

agreement than others.

In correctly classified instances and kappa statistics are performance metrics which are
important to explore to get more comprehensive insights to develop accurate machine

learning model.

ii. Confusion Matrix Parameters — Low Traffic

Table 5.2 shows confusion matrix parameters TP Rate, FP Rate, Precision, Recall, F-
Measure and ROC Area for Low Traffic case. Machine learning often requires a limited
amount of data when dealing with low-traffic scenarios. In such cases, the challenge is
to create a robust model despite data limitations. Data Augmentation techniques are
used to artificially increase the size of data set which can be helpful especially in low
traffic scenarios.

Table 5.2: Classifiers and Performance Measures Class Label: Low Traffic
Cross Validation: 10-Folds

Bayes Net 1.000 0.060 0.996 1.000 0.998 1.000
Naive Bayes = 0.996 0.254 0.982 0.996 0.989 0.988
Logistic 0.999 0.03 0.998 0.999 0.998 1.000
SMO 1.000 0.418 0.971 1.000 0.985 0.791
IBk 0.991 0.075 0.995 0.991 0.993 0.958
KStar 0.992 0.075 0.995 0.992 0.994 0.997
MultiClass 0.999 0.030 0.998 0.999 0.998 1.000
Classifier

Random 1.000 0.000 1.000 1.000 1.000 1.000
Forest

RandomTree  1.000 0.000 1.000 1.000 1.000 1.000
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Figure 5.10: TP Rate (Cross Validation: 10-Folds — Low Traffic)
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According to the performance measure TP rate it was found that the highest true

positive rate was of the classifiers Bayes Net, Random Forest and Random Tree with

value 1.000, followed by 0.999 and 0.999 of Logistic and MultiClass Classifier

respectively whereas the lowest TP rate was found to be of the classifiers IBK with

value 0.991. Overall it can be interpreted that there are three most appropriate

classifiers based on the performance measure TP rate with the value of 1.000.

Figure 5.11: FP Rate (Cross Validation: 10-Folds — Low Traffic)
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Based on the performance measure FP rate it was found that the lowest false positive
rate was of the classifiers Random Forest and Random Tree with value 0.000, followed
by 0.030 of Logistic and MultiClass Classifier whereas the highest FP rate was found
to be of the classifiers SMO with value 0.418. Overall, it can be interpreted the most
appropriate classifier based on the performance measure FP rate is found to be Random

Forest and Random Tree with lowest FP rate value.

Figure 5.12: Precision (Cross Validation: 10-Folds — Low Traffic)
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According to the performance measure precision it was found that the highest precision
value was of the classifier Random Forest and Random Tree with value 1.000, followed
by 0.998 of Logistic and MultiClass Classifier respectively whereas the lowest
precision value was found to be of the classifier SMO with value 0.971. Overall, it can
be interpreted the most appropriate classifiers based on the performance measure

precision are found to be Random Forest and Random Tree.
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Figure 5.13: Recall (Cross Validation: 10-Folds — Low Traffic)
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Based on the performance measure recall it was found that the highest recall value was

of the classifiers Bayes Net, SMO, Random Forest and Random Tree with value 1.000,

followed by 0.999 of Logistic and MultiClass Classifier respectively whereas the lowest

recall value was found to be of the classifier IBK with value 0.991. Overall, it can be

interpreted the most appropriate classifier based on the performance measure recall is

found to be four algorithms Bayes Net, SMO, Random Forest and Random Tree.

Figure 5.14: F-Measure (Cross Validation: 10-Folds — Low Traffic)
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According to the performance measure F-Measure it was found that the highest F-
Measure values were of the classifier Random Forest and Random Tree with value
1.000, followed by 0.998 value of Bayes Net, Logistic and MultiClass Classifier
respectively whereas the lowest F-Measure value was found to be of the classifier SMO
classifier with values 0.985. Overall, it can be interpreted the most appropriate
classifiers based on the performance measure F-Measure is found to be Random Forest

and Random Tree.

Figure 5.15: ROC Area (Cross Validation: 10-Folds — Low Traffic)
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Based on the performance measure ROC it was found that the highest ROC Area value
was of the classifiers Bayes Net, Logistic, MultiClass Classifier, Random Forest and
Random Tree with value 1.000, followed by 0.997 and 0.988 of KStar and Navie Bayes
respectively whereas the lowest ROC Area value was found to be of the classifier SMO
with value 0.791 respectively. Overall, it can be interpreted the most appropriate
classifiers based on the performance measure ROC Area are found to be five

Algorithms.

In summary, performance measurements play a critical role in evaluating the
effectiveness of machine learning algorithms, providing insight into their ability to
make accurate predictions and transform appropriately to new, unseen data. Choosing
the most appropriate metric depends on the nature of your particular problem, the

characteristics of your data, and your analysis goals.
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iii. Confusion Matrix Parameters — Heavy Traffic
Heavy Traffic generates huge amounts of data from the various IOT sensors. These data
sets can be used by Machine Learning Algorithms to develop prediction models. Table

5.3 shows the Confusion Matrix parameters obtained for Heavy Traffic conditions.

Table 5.3: Classifiers Performance Measure Class Label: Heavy Traffic
Cross Validation: 10-Folds

Bayes Net 0.940 0.000 1.000 0.940 0.969 1.000
Naive Bayes = 0.746 0.004 0.926 0.746 0.826 0.988
Logistic 0.970 0.001 0.985 0.970 0.977 1.000
SMO 0.582 0.000 1.000 0.582 0.736 0.791
IBk 0.925 0.009 0.886 0.925 0.905 0.958
KStar 0.925 0.008 0.899 0.925 0.912 0.997
MultiClass 0.970 0.001 0.985 0.970 0.977 1.000
Classifier

Random 1.000 0.000 1.000 1.000 1.000 1.000
Forest

RandomTree  1.000 0.000 1.000 1.000 1.000 1.000

Figure 5.16: TP Rate (Cross Validation: 10-Folds — Heavy Traffic)
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According to the performance measure TP rate for class label: Heavy Traffic it was
found that the highest true positive rate was of the classifiers Random Forest and
Random Tree 1.000, followed by 0.970 of Logistic and MultiClass Classifier
respectively whereas the lowest TP rate was found to be of the classifiers SMO with
values 0.582. Overall, it can be interpreted the most appropriate classifier based on the

performance measure TP rate are Random Forest and Random Tree.

Figure 5.17: FP Rate (Cross Validation: 10-Folds — Heavy Traffic)
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Based on the performance measure FP rate for class label: Heavy Traffic it was found
that the lowest false positive rate was of the classifiers Bayes Net, SMO, Random Forest
and Random Tree with value 0.00, followed by 0.001 of Logistic and MultiClass
Classifier, whereas the highest FP rate was found to be of the classifiers KStar and IBK
with values 0.008 and 0.009 respectively. Overall, it can be interpreted the most
appropriate classifier based on the performance measure FP rate are found to be four

Algorithms with lowest FP rate value 0.000.
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Figure 5.18: Precision (Cross Validation: 10-Folds — Heavy Traffic)
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According to the performance measure precision class label: Heavy Traffic it was found

that the highest precision value was of the classifiers Bayes Net, SMO, Random Forest
and Random Tree with value 1.000, followed by 0.985 and 0.926 of Logistic,

MultiClass Classifier and Naive Bayes respectively whereas the lowest precision value

was found to be of the classifier IBK with values 0.886 respectively. Overall, it can be

interpreted that the most appropriate classifier based on the performance measure

precision is found to be Four Algorithms.

Figure 5.19: Recall (Cross Validation: 10-Folds — Heavy Traffic)
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Based on the performance measure recall class label: Heavy Traffic it was found that

the highest recall value was of the classifiers Random Forest and Random Tree with
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value 1.000, followed by 0.970 of Logistic and Multiclass Classifier respectively

whereas the lowest recall value was found to be of the classifiers SMO with value 0.582.

Overall, it can be interpreted the most appropriate classifier based on the performance

measure recall are found to be Random Forest and Random Tree.

Figure 5.20: F-Measure (Cross Validation: 10-Folds — Heavy Traffic)
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According to the performance measure F-Measure class label: Heavy Traffic it was

found that the highest F-Measure value was of the classifiers Random Forest and

Random Tree with value 1.000, followed by 0.9777 of Logistic and Multiclass

Classifier respectively whereas the lowest F-Measure value was found to be of the

classifier SMO with value 0.736. Overall, it can be interpreted the most appropriate

classifiers based on the performance measure F-Measure is found to be Random Forest

and Random Tree.

Figure 5.21: ROC Area (Cross Validation: 10-Folds — Heavy Traffic)
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Based on the performance measure ROC class label: Heavy Traffic it was found that

the highest ROC Area value was of the classifiers Bayes Net, Logistic, MultiClass

Classifier, Random Forest and Random Tree with value 1.00, followed by 0.988 of

Naive Bayes respectively whereas the lowest ROC Area value was found to be of the

classifier SMO with values 0.791 respectively. Overall, it can be interpreted that the

most appropriate classifiers based on the performance measure ROC Area are found to

be five Algorithms.

B. Error Measure Results

Table 5.4: Classifiers and Error Measures (Cross Validation: 10-Folds)

Bayes Net 0.005 0.044 3.549% 17.692%
Naive Bayes 0.026 0.136 20.501% 54.312%
Logistic 0.003 0.048 2.171% 19.311%
SMO 0.028 0.167 22.247% 66.924%
IBk 0.014 0.114 11.180% 45.553%
KStar 0.017 0.099 13.340% 39.526%
MultiClass 0.003 0.048 2.171% 19.311%
Classifier
Random 0.001 0.007 0.739% 2.762%
Forest
RandomTree 0.000 0.000 0.000% 0.000%
Figure 5.22: Mean Absolute Error (Cross-Validation: 10 Folds)
Mean absolute error
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The mean absolute error is found to be lowest in case of Random Tree with the value
0.000 Whereas the mean absolute error value of SMO is found to be highest with value
0.028. So, it can be interpreted that based on the measure Mean absolute Error the most
appropriate algorithm is found to be Random Tree at configuration setting — 10-fold

cross validation.

Figure 5.23: Root Mean Squared Error (Cross-Validation: 10 Folds)
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The root mean squared error value is found to be highest in case of SMO with the value
of 0 .167 whereas the lowest value is found to be of Random Tree with value 0.000. So,
it can be interpreted that based on the measure RMSE the most appropriate algorithm

is found to be Random Tree at configuration setting — 10-fold cross validation.

Figure 5.24: Relative Absolute Error (Cross Validation: 10-Folds)
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Accordingly, the relative absolute error value is found to be lowest in case of Random
Tree classifier with 0.00% whereas the highest relative absolute error percentage value
is found to be in case of SMO with 22.25%. So, it can be suggested that based on the
measure Relative Absolute Error the most appropriate algorithm is found to be Random
Tree with lowest value when evaluated at configuration setting — 10-fold cross

validation.

Figure 5.25 : Root Relative Squared Error (Cross Validation: 10-Folds)
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The root relative squared error value is found to be lowest in case of Random Tree
classifier with 0.00% whereas the root relative squared error percentage value is found
to be highest in case of SMO with percentage value of 66.92%. So, it can be interpreted
that based on the measure RRSE the most appropriate algorithm is found to be Random
Tree with lowest percentage value when evaluated at configuration setting — 10-fold

cross validation.

In summary, it is important to understand error measures in Machine learning for
assessing the performance of model properly and making informed decisions. The
choice of specific metrics depends on the nature of the problem, characteristics of the

dataset, and goals of the analysis.
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C. Execution Time Results

The execution time of a machine learning algorithm refers to the time it takes for the

algorithm to process and analyse input data, train the model (if applicable), and produce

predictions or results. Execution time is an important factor when evaluating the

efficiency and scalability of machine learning algorithms, especially when dealing with

large data sets and real-time applications. The Average Execution Time of Nine

Classifier Algorithm is given below.

Table 5.5: Classifiers and Average Execution Time (Cross Validation: 10-Folds)

Bayes Net 0.035
Naive Bayes 0
Logistic 0.02
SMO 0
IBk 0
KStar 0
MultiClass 0.03
Classifier
Random

0.16
Forest
RandomTree 0

Figure 5.26 : Average Execution Time (Cross Validation: 10-Folds)
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According to the performance measure average execution time it was found that the
lowest average execution time were of the classifiers Naive Bayes, SMO, IBK, KStar
and Random Tree with values nearly O Seconds each whereas the highest average
execution time was found to be of the classifiers Random Tree classifier with values
0.16 respectively. Overall, it can be interpreted the most appropriate classifiers based
on the performance measure average execution time are found to be Naive Bayes, SMO,

IBK, KStar and Random Tree.

There are Several factors like Algorithm complexity, Data Size, Model Training,
Hardware resources, Optimizations, Feature Engineering and Software implementation

etc. that can affect the execution time of a machine learning algorithm.
5.3.4 Cross-Validation Configuration Setting (25-Folds) Results

Cross-validation is a valuable technique in machine learning for assessing the
performance of predictive models. It involves splitting a dataset into multiple subsets
or "folds" to train and test the model on different portions of the data. The number of
folds, such as the "25-folds" configuration setting you mentioned, determines how
many times this process is repeated. The Weka tool was being used for the analysis of
various classification machine learning algorithms. K-folds Cross-Validation Approach
is used for evaluating the Performance of Machine learning Algorithms, where K value
is changed to study difference cases. In 25 folds Cross-Validation K value is 25 where
data set 1s divided into 25 parts, out of which 24 parts are used for training the Machine
learning Algorithm and only One part is used for testing the Algorithm. Twenty five
iterations are executed for 25-folds, In first iteration part one will be used for testing
and remaining Twenty four parts will be used for training. In second iteration part two
will be used for testing and remaining twenty four parts will be used for training. This
recursion will continue up to the last iteration to complete the Cross-Validation.

Following credentials are used for Data Analysis.

Dataset: Udaipur_Traffic Source: TOMTOM Server
Date: October 2023 Duration: One Month
Number of Instances: 1000

Number of Attributes (After Feature Extraction and Selection): 7
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A. Performance Measures

i. Accuracy Measures

Table 5.6: Classifiers and Accuracy Measures (Cross-Validation: 25-Folds)

Bayes Net 99.60% 0.40% 0.967
Naive Bayes 97.90% 2.10% 0.818
Logistic 99.10% 0.10% 0.992
SMO 97.20% 2.80% 0.722
IBk 98.80% 1.20% 0.905
KStar 98.70% 1.30% 0.897
MultiClass 99.10% 0.10% 0.992
Classifier

Random 100.00% 0.00% 1.000
Forest

RandomTree  100.00% 0.00% 1.000

Figure 5.27: Performance Measure Accuracy (Cross-Validation: 25 Folds)
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Based on the performance measure accuracy it can be interpreted that Random Forest

and Random Tree classifiers were the most appropriate one as they were having the

highest accuracy value of 100% whereas classifier Naive Bayes and SMO were having

the lowest value of accuracy 97.90% and 97.20% each.
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Figure 5.28: Incorrectly Classified Instances (Cross-Validation: 25 Folds)
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According to the performance measure incorrectly classified instances it can be

interpreted that Random Forest and Random Tree classifiers were the most appropriate

one as these Algorithms were having the lowest number of incorrectly classifies

instances, whereas classifiers SMO was having the highest number of incorrectly

classified instances.

Figure 5.29: Kappa Statistic (Cross-Validation: 25 Folds)
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The provided data consists of a set of Kappa statistic values, which are used to assess

the agreement or consistency between classifiers in different situations. These Kappa

values range from 0.722 to 1.000, indicating varying levels of agreement. The highest
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Kappa value, 1.000, suggests a very good level of agreement between the classifiers in
that particular scenario, while the lowest value, 0.722, falls into the good to moderate
agreement range. Overall, the data suggests that there is a generally positive level of
agreement in the assessed situations, with some instances demonstrating higher

agreement than others.

In correctly classified instances and kappa statistics are performance metrics which are
important to explore to get more comprehensive insights to develop accurate machine

learning model.

ii. Confusion Matrix Parameters — Low Traffic

Table 5.7 shows confusion matrix parameters TP Rate, FP Rate, Precision, Recall, F-
Measure and ROC Area for Low Traffic case. Machine learning often requires a limited
amount of data when dealing with low-traffic scenarios. In such cases, the challenge is
to create a robust model despite data limitations. Data Augmentation techniques are
used to artificially increase the size of data set which can be helpful especially in low

traffic scenarios.

Table 5.7: Classifiers and Performance Measures Class Label: Low Traffic
Cross Validation: 25-Folds

Bayes Net 1.000 0060 0996 1000  0.998 1.000
Naive Bayes 0995 = 0239 0983 0995  0.989 0.990
Logistic 0999  0.000 1.000 0999  0.999 1.000
SMO 1.000 0418 0971  1.000  0.985 0.791
IBk 0992  0.075 0995 0992  0.994 0.959
KStar 0992 0090 = 0994 0992  0.993 0.997
MultiClass 0999  0.000 1.000 0999  0.999 1.000
Classifier

Random 1.000 | 0.000 1.000  1.000 1.000 1.000
Forest

RandomTree 1000 0.000 1.000  1.000 1.000 1.000
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Figure 5.30 : TP Rate (Cross Validation: 25-Folds — Low Traffic)
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According to the performance measure TP rate for class label: Low Traffic it was found

that the highest true positive rate was of the classifiers Bayes Net, SMO, Random Forest
and Random Tree with value 1.000, followed by 0.999 of Logistic and MultiClass
Classifier, The lowest TP rate was found to be of the classifiers IBK and KStar with

value 0.992

Figure 5.31

respectively.

: FP Rate (Cross Validation: 25-Folds — Low Traffic)
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Based on the performance measure FP rate for class label: Low Traffic it was found

that the lowest false positive rate was of the classifiers Logistic, MultiClass Classifier,

Random Forest and Random Tree with value 0.000, followed by 0.060 of Bayes Net

whereas the

highest FP rate was found to be of the classifier SMO with value 0.418.
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Figure 5.32: Precision (Cross Validation: 25-Folds — Low Traffic)
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According to the performance measure precision for class label: Low Traffic it was

found that the highest precision value was of the classifiers Logistic, MultiClass

Classifier, Random Forest and Random Tree with value 1.000, followed by 0.996,

0.995 and 0.994 of Bayes Net, IBK and KStar respectively whereas the lowest precision

value was found to be of the classifier SMO with values 0.971 respectively. Overall, it

can be interpreted that the most appropriate classifiers based on the performance

measure precision are found to be four Algorithms.

Figure 5.33 : Recall (Cross Validation: 25-Folds — Low Traffic)
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Based on the performance measure recall for class label: Low Traffic it was found that
the highest recall value was of the classifiers Bayes Net, SMO, Random Forest and
Random Tree with value 1.000, followed by 0.999 of Logistic and MultiClass
Classifier respectively whereas the lowest recall value was found to be of the classifiers
IBK and KStar with values 0.992 respectively. Overall, it can be interpreted that the
most appropriate classifier based on the performance measure recall are found to be

Bayes Net, SMO, Random Forest and Random Tree.

Figure 5.34 : F-Measure (Cross Validation: 25-Folds — Low Traffic)
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found that the highest F-Measure value was of the classifiers Random Forest and
Random Tree with value 1.000, followed by 0.999 and 0.998 of Logistic, MultiClass
Classifier and Bayes Net respectively whereas the lowest F-Measure value was found
to be of the classifiers SMO with value 0.985. Overall, it can be interpreted that the
most appropriate classifier based on the performance measure F-Measure are found to

be Random Forest and Random Tree.
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Figure 5.35 : ROC Area (Cross Validation: 25-Folds — Low Traffic)
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Based on the performance measure ROC for class label: Low Traffic it was found that
the highest ROC Area value was of the classifiers Bayes Net, Logistic, MultiClass
Classifier, Random Forest and Random Tree with value 1.000, followed by 0.997,
0.990 and 0.959 of KStar, Naive Bayes and IBK respectively whereas the lowest ROC

Area value was found to be of the classifiers SMO with value 0.791 respectively.

In summary, performance measurements play a critical role in evaluating the
effectiveness of machine learning algorithms, providing insight into their ability to
make accurate predictions and transform appropriately to new, unseen data. Choosing
the most appropriate metric depends on the nature of your particular problem, the

characteristics of your data, and your analysis goals.

iii. Confusion Matrix Parameters — Heavy Traffic

Heavy Traffic generates huge amounts of data from the various IOT sensors. These data
sets can be used by Machine Learning Algorithms to develop prediction models. Table
5.8 shows the Confusion Matrix parameters TP Rate, FP Rate, Precision, Recall, F-

Measure and ROC Area obtained for Heavy Traffic conditions.
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Table 5.8: Classifiers Performance Measure Class Label: Heavy Traffic:
Cross Validation: 25-Folds

Bayes Net 0940 0000 1000 0940  0.969 1.000
Naive Bayes =~ 0761  0.005 0911 0761  0.829 0.990
Logistic 1.000 0001 0985  1.000  0.993 1.000
SMO 0582 0000 = 1000 = 058  0.736 0.791
1Bk 0925 0008 0899 0925  0.912 0.959
KStar 0910 = 0008 = 0897 0910  0.904 0.997
MultiClass 1.000  0.001 0985  1.000  0.993 1.000
Classifier

Random 1.000 0000 = 1.000  1.000  1.000 1.000
Forest

RandomTree 1000 0000  1.000  1.000  1.000 1.000

Figure 5.36 : TP Rate (Cross Validation: 25-Folds — Heavy Traffic)
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According to the performance measure TP rate for class label: Heavy Traffic it was
found that the highest true positive rate was of the classifiers Logistic, MultiClass
Classifier, Random Forest and Random Tree with value 1.0, followed by 0.940, 0.925
and 0.910 of Bayes Net, IBK and KStar respectively whereas the lowest TP rate was
found to be of the SMO with value 0.582 respectively.
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Figure 5.37 : FP Rate (Cross Validation: 25-Folds — Heavy Traffic)
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Based on the performance measure FP rate for class label: Heavy Traffic it was found

that the lowest false positive rate were of the classifiers Bayes Net, SMO, Random

Forest and Random Tree with value 0.00, followed by 0.001 of Logistic and MultiClass

Classifier whereas the highest FP rate was found to be of the classifiers IBK and KStar

with value 0.008 respectively. Overall, it can be interpreted the most appropriate

classifier based on the performance measure FP rate is found to be Bayes Net, SMO,

Random Forest and Random Tree with lowest FP rate value.

Figure 5.38: Precision (Cross Validation: 25-Folds — Heavy Traffic)
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According to the performance measure precision class label: Heavy Traffic it was found

that the highest precision value was of the classifiers Bayes Net, SMO, Random Forest

and Random Tree with value 1.0, followed by 0.985 of Logistic and MultiClass

Classifier respectively whereas the lowest precision values were found to be of the

classifiers IBK and KStar with values 0.899 and 0.897 respectively.

Figure 5.39: Recall (Cross Validation: 25-Folds — Heavy Traffic)
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Based on the performance measure recall class label: Heavy Traffic it was found that

the highest recall value was of the classifiers Logistic, MultiClass Classifier, Random

Forest and Random Tree with value 1.0, followed by 0.940 ,0.925 and 0.910 of Bayes

Net, IBK and KStar respectively whereas the lowest recall value was found to be of the

classifier SMO with value 0.582 respectively.

Figure 5.40: F-Measure (Cross Validation: 25-Folds — Heavy Traffic)
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According to the performance measure F-Measure class label: Heavy Traffic it was
found that the highest F-Measure value was of the classifier Random Forest and
Random Tree with value 1.0, followed by 0.993 and 0.969 of Logistic, MultiClass
Classifier and Bayes Net respectively whereas the lowest F-Measure value was found
to be of the classifier SMO with value 0.736. Overall, it can be interpreted that the most
appropriate classifier based on the performance measure F-Measure is found to be

Random Forest and Random Tree.

Figure 5.41: ROC Area (Cross Validation: 25-Folds — Heavy Traffic)

ROC Area
1.000 0.990 1.000 0.959 0.997 1.000 1.000 1.000
0:900 0.791
0.800
0.700
0.600
0.500
0.400
0.300
0.200
0.100
0.000
<
&S & ‘9\\ & &
AQ:'7 Q’%'b o\ (0 ‘{i—) \'b""\ <<O'\ 6’\\
P - S & Y
N & & &
O >
N
K\

Based on the performance measure ROC class label: Heavy Traffic it was found that
the highest ROC Area value was of the classifiers Bayes Net, Logistic, MultiClass
Classifier, Random Forest and Random Tree with value 1.0, followed by 0.997, 0.990
and 0.959 of KStar, Naive Bayes and IBK respectively whereas the lowest ROC Area
value was found to be of the classifier SMO with value 0.791 respectively. Overall, it
can be interpreted the most appropriate classifiers based on the performance measure

ROC Area are found to be Five Algorithms.

In conclusion the 25 fold Cross validation not only increases the reliability of model
but also gives insights of model and explains how model behave under different
conditions. More number of folds trains model more accurately to face real life
applications and also diminishes the chances of overfitting and underfitting. More
number of folds also increases model effectiveness and gives superior model
performance, paving the way for more trustworthy and impactful model for real life

applications.
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B. Error Measure Results

Table 5.9: Classifiers and Error Measures (Cross Validation: 25-Folds)

Bayes Net 0.005  0.050  3.89%  20.08%
Naive Bayes 0.026 = 0134  2028%  53.62%
Logistic 0.001 0032  91.68%  12.75%
SMO 0.028  0.167  22.26%  66.92%
Bk 0013 0109  1034%  43.77%
KStar 0016 = 0.094  12.63%  37.59%
MultiClass 0001 0032  092%  12.73%
Classifier

Random Forest =~ 0-001 0.008 0.77% 3.08%

RandomTree 0.000 0.000 0.00% 0.00%

Figure 5.42: Mean Absolute Error (Cross-Validation: 25 Folds)
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The mean absolute error is found to be lowest in case of Random Tree with the value
0.000 Whereas the mean absolute error value of SMO is found to be highest with value
0.028. So, it can be interpreted that based on the measure Mean absolute Error the most
appropriate algorithm is found to be Random Tree at configuration setting — 25-fold

cross validation.
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Figure 5.43: Root Mean Squared Error (Cross-Validation: 25 Folds)
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The root mean squared error value is found to be highest in case of SMO with the value

of 0 .167 whereas the lowest value is found to be of Random Tree with value 0.000. So,

it can be interpreted that based on the measure RMSE the most appropriate algorithm

is found to be Random Tree at configuration setting — 25-fold cross validation.

Figure 5.44: Relative Absolute Error (Cross Validation: 25-Folds)
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Accordingly, the relative absolute error value is found to be lowest in case of Random

Tree classifier with 0.00% whereas the highest relative absolute error percentage value

is found to be in case of Logistic with 91.68%. So, it can be suggested that based on the

measure Relative Absolute Error the most appropriate algorithm is found to be Random

Tree with lowest value when evaluated at configuration setting — 25-fold cross

validation.



Figure 5.45: Root Relative Squared Error (Cross Validation: 25-Folds)
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The root relative squared error value is found to be lowest in case of Random Tree
classifier with 0.00% whereas the root relative squared error percentage value is found
to be highest in case of SMO with percentage value of 66.92%. So, it can be interpreted
that based on the measure RRSE the most appropriate algorithm is found to be Random
Tree with lowest percentage value when evaluated at configuration setting — 25-fold

cross validation.

In summary, it is important to understand error measures in Machine learning for
assessing the performance of model properly and making informed decisions. The
choice of specific metrics depends on the nature of the problem, characteristics of the

dataset, and goals of the analysis.

C. Execution Time Results

The execution time of a machine learning algorithm refers to the time it takes for the
algorithm to process and analyse input data, train the model (if applicable), and produce
predictions or results. Execution time is an important factor when evaluating the
efficiency and scalability of machine learning algorithms, especially when dealing with
large data sets and real-time applications. The Average Execution Time of Nine

Classifier Algorithm for Cross Validation 25 fold is given below.
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Table 5.10: Classifiers and Average Execution Time (Cross Validation: 25-Folds)

Bayes Net 0.03
Naive Bayes 0.01
Logistic 0.04
SMO 0.09
IBk 0
KStar 0
MultiClass 0
Classifier

Random 0.04
Forest

RandomTree 0

Figure 5.46 : Average Execution Time (Cross Validation: 25-Folds)

Average Execution Time (Seconds)
0.09
0.09
0.08
0.07
0.06
0.05 0.04 0.04
0.04 0.03
0.03
0.02 0.01
0 0 0 0
é@ \Qf’ ) \‘_"(}(' ®0 \%\l' (_}‘é {\\Q} ke’a} '\‘Q,Q’
& %'b o°0 S L =) (<0 Q&
) & v o4 & P
v e’z’\ < ¥ L
P & <&
& <
@\)

According to the performance measure average execution time it was found that the
lowest average execution time were of the classifiers IBK, KStar, MultiClass Classifier
and Random Tree with values 0.0 each whereas the highest average execution time was
found to be of the classifier SMO with values 0.09 respectively. Overall, it can be
interpreted that the most appropriate classifiers based on the performance measure
average execution time are found to be IBK, KStar, MultiClass Classifier and Random

Tree.
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5.3.5 Cross-Validation: Configuration Setting (30% Split) Results

In the context of cross-validation, the "30% Split" configuration setting typically refers
to a technique called "holdout validation" or "simple validation." It involves splitting
the dataset into two portions: one for training the machine learning model and another
for testing its performance. Here 70% of Data set is used for training the machine
learning model and 30% is used for testing the Model. Testing is basically used to
evaluate the model based on various metrics. Confusion Matrix can be used to evaluate

the final performance of the Selected Machine learning models.

Figure 5.47 : Data Set Split
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As shown in the Figure 5.47 the entire data set is randomly partitioned into Training set

and Testing set. Since The data set is split into only two set, therefore it is constructed

very fast on training data and executed for testing very fast. Following credentials are

used for Data Analysis.
Dataset: Udaipur_Traffic Source: TOMTOM Server
Date: October 2023 Duration: One Month

Number of Instances: 1000

Number of Attributes (After Feature Extraction and Selection): 7
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A. Performance Measures

i. Accuracy Measures

Table 5.11: Classifiers and Accuracy Measures (Cross-Validation:30% Split)

Bayes Net 100% 0.00% 0.010
Naive Bayes = 97.57% 2.43% 0.008
Logistic 98.71% 1.28% 0.009
SMO 96.71% 3.29% 0.707
IBk 98.43% 1.57% 0.881
KStar 97.57% 2.43% 0.797
MultiClass 98.71% 1.29% 0.900
Classifier

Random 100.00% 0.00% 1.000
Forest

RandomTree  99-14% 0.86% 0.935

Figure 5.48 : Performance Measure Accuracy (Cross-Validation: 30% Split)
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Based on the performance measure accuracy it can be interpreted that Bayes Net and
Random Forest classifiers were the most appropriate one as they were having the

highest accuracy value of 100% whereas classifier SMO was having the lowest value

of accuracy 96.71% respectively.




Figure 5.49: Incorrectly Classified Instances (Cross-Validation: 30% Split)

Incorrectly Classified Instances
3.29%
3.50%
3.00% 2.43% 2.43%
2.50%
2.00% 1.57%
L 50% 1.28% 1.29%
Rt 0.86%
1.00%
0.50% 0.00% 0.00% '
0.00% - -
eé\. \\Qf) ] {9,{}0 ®O & (_J,@‘ ‘\\\Q/‘ X 5 «@Q’
& P N 9 & S <© <&
) & v ® & P
® elb\ K P F
'(}’b ,b(\ &
N
&

According to the performance measure incorrectly classified instances it can be

interpreted that Bayes Net and Random Forest classifier were the most appropriate one

as they were having the lowest number of incorrectly classified instances accounting

for 0% whereas classifier SMO classifier was having the highest number of incorrectly

classifies instances accounting as 3.29% respectively.

Figure 5.50: Kappa Statistic (Cross-Validation: 30% Split)
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The provided data consists of a set of Kappa statistic values, which are used to assess

the agreement or consistency between classifiers in different situations. These Kappa

values range from 0.008 to 1.000, indicating varying levels of agreement. The highest

168



Kappa value, 1.000, suggests a very good level of agreement between the classifiers in

that particular scenario, while the lowest value, 0.008, falls into the poor agreement

range.

il

Confusion Matrix Parameters — Low Traffic

Machine learning often requires a limited amount of data when dealing with low-traffic

scenarios. In such cases, the challenge is to create a robust model despite data

limitations. Data Augmentation techniques are used to artificially increase the size of

data set which can be helpful especially in low traffic scenarios.

Table 5.12: Classifiers Performance Measures Class Label: Low Traffic:

Cross Validation: 30% Silit

Bayes Net 1.000 0.000 1.000 1.000 1.000 1.000
Naive Bayes = 0.997 0.283 0.977 0.997 0.987 0.990
Logistic 1.000 0.170 0.986 1.000 0.993 0.990
SMO 1.000 0.434 0.966 1.000 0.983 0.783
IBk 0.997 0.170 0.986 0.997 0.992 0.914
KStar 1.000 0.321 0.974 1.000 0.987 0.997
MultiClass 1.000 0.170 0.986 1.000 0.993 0.990
Classifier
Random 1.000 0.000 1.000 1.000 1.000 1.000
Forest
RandomTree  1-000 0.113 0.991 1.000 0.995 0.943
Figure 5.51: TP Rate (Cross-Validation: 30% Split)
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According to the performance measure TP rate it was found that the highest true

positive rate was of the classifiers Bayes Net, Logistic, SMO, KStar, MultiClass

Classifier, Random Forest and Random Tree with value 1.0, whereas the lowest TP rate

was found to be of the classifiers Naive Bayes and IBK with values 0.997 respectively.

Overall, it can be interpreted that the most appropriate classifier based on the

performance measure TP rate are seven Algorithms.

Figure 5.52: FP Rate (Cross-Validation: 30% Split)
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Based on the performance measure FP rate it was found that the lowest false positive

rate was of the classifiers Bayes Net and Random Forest with value 0.000, whereas the

highest FP rate was found to be of the classifier SMO with value 0.434 respectively.

Overall, it can be interpreted that the most appropriate classifier based on the

performance measure FP rate is found to be Bayes Net and Random Forest with lowest

FP rate value.

Figure 5.53: Precision (Cross-Validation: 30% Split)
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According to the performance measure precision it was found that the highest precision

value was of the classifier Bayes Net and Random Forest with value 1.0, followed by

0.991 of Random Tree respectively whereas the lowest precision value was found to be

of the classifiers SMO with values 0.966 respectively. Overall, it can be interpreted that

the most appropriate classifier based on the performance measure precision is found to

be the Bayes Net and Random Forest.

Figure 5.54: Recall (Cross-Validation: 30% Split)
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Based on the performance measure recall it was found that the highest recall value was

of the classifiers Bayes Net, Logistic, SMO, KStar, MultiClass Classifier, Random

Forest and Random Tree with value 1.0, whereas the lowest recall value was found to

be of the classifiers Naive Bayes and IBK with values 0.997 respectively. Overall, it

can be interpreted that the most appropriate classifier based on the performance

measure recall is found to be Seven Algorithms.

Figure 5.55: F-Measure (Cross-Validation: 30% Split)
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According to the performance measure F-Measure it was found that the highest F-
Measure value was of the classifiers Bayes Net and Random Forest with value 1.00,
followed by 0.995 of Random Tree respectively whereas the lowest F-Measure value
was found to be of the classifiers SMO classifier with values 0.983 respectively.
Overall, it can be interpreted that the most appropriate classifier based on the

performance measure F-Measure is found to be Bayes Net and Random Forest.

Figure 5.56 : ROC Area (Cross-Validation: 30% Split)
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Based on the performance measure ROC it was found that the highest ROC Area value
was of the classifiers Bayes Net and Random Forest with value 1.0, followed by 0.997
of KStar respectively whereas the lowest ROC Area value was found to be of the
classifiers SMO with values 0.783 respectively. Overall, it can be interpreted the most
appropriate classifier based on the performance measure ROC Area is found to be

Bayes Net and Random Forest.

In summary, performance measurements play a critical role in evaluating the
effectiveness of machine learning algorithms, providing insight into their ability to
make accurate predictions and transform appropriately to new, unseen data. Choosing
the most appropriate metric depends on the nature of your problem, the characteristics

of your data, and your analysis goals.
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iii. Confusion Matrix Parameters — Heavy Traffic

Heavy Traffic generates huge amounts of data from the various IOT sensors. These data

sets can be used by Machine Learning Algorithms to develop prediction models. Table

5.13 shows the Confusion Matrix parameters TP Rate, FP Rate, Precision, Recall, F-

Measure and ROC Area obtained for Heavy Traffic conditions.

Table 5.13: Classifiers Performance Measure Class Label: Heavy Traffic:
Cross Validation: 30% Split

Bayes Net 1.000 0.000 1.000 1.000 1.000 1.000
Naive Bayes 0.717 0.003 0.950 0.717 0.817 0.990
LOgiStiC 0.830 0.000 1.000 0.830 0.907 0.999
SMO 0.566 0.000 1.000 0.566 0.723 0.783
IBk 0.830 0.003 0.957 0.830 0.889 0.914
KStar 0.679 0.000 1.000 0.679 0.809 0.097
MultiClass 0.830 0.000  1.000 0830 0.907  0.999
Classifier
Random 1.000 0.000 1.000 1.000 1.000 1.000
Forest
RandomTree 0887  0.000  1.000  0.887 0940  0.943
Figure 5.57: TP Rate (Cross-Validation: 30% Split)
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According to the performance measure TP rate for class label: Heavy Traffic it was
found that the highest true positive rates were of the classifier Bayes Net and Random
Forest with value 1.0, followed by 0.887 of Random Tree respectively whereas the
lowest TP rate was found to be of the classifiers SMO with value 0.566 respectively.
Overall, it can be interpreted that the most appropriate classifier based on the

performance measure TP rate is Bayes Net and Random Forest.

Figure 5.58: FP Rate (Cross-Validation: 30% Split)
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Based on the performance measure FP rate for class label: Heavy Traffic it was found
that the lowest false positive rates were of the classifier Bayes Net, Logistic, SMO,
KStar, MultiClass Classifier, Random Forest, and Random Tree with value 0.00 each,
whereas the highest FP rate was found to be of the classifiers Naive Bayes and IBK
with values 0.003.

Figure 5.59 : Precision (Cross-Validation: 30% Split)

Precision
1.000 1.000  1.000 1.000 1.000 1.000 1.000
1.000
0.990
0.980
0.970 0.957
0.960 0.950
0.950
0.940
0.930
0.920
9 - O (®) S oS <
‘Se o %{:’0 o3 & & & o"e' S
< ®Q7 \/0 @5 £ (0
& K (o & P
N & N &
.OF >
N
3

174



According to the performance measure precision class label: Heavy Traffic it was found

that the highest precision value was of the classifiers Bayes Net, Logistic, SMO, KStar,

MultiClass Classifier, Random Forest, and Random Tree with value 1.0, whereas the

lowest precision value was found to be of the classifiers Naive Bayes with value 0.950

respectively. Overall, it can be interpreted that the most appropriate classifier based on

the performance measure precision is found to be Seven Algorithms.

Figure 5.60: Recall (Cross-Validation: 30% Split)
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Based on the performance measure recall class label: Heavy Traffic it was found that

the highest recall value was of the classifiers Bayes Net and Random Forest with value

1.0, followed by 0.887 of Random Tree respectively whereas the lowest recall value

was found to be of the classifiers SMO with value 0.566 respectively. Overall, it can be

interpreted that the most appropriate classifier based on the performance measure recall

is found to be Bayes Net and Random Forest.

Figure 5.61: F-Measure (Cross-Validation: 30% Split)
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According to the performance measure F-Measure class label: Heavy Traffic it was
found that the highest F-Measure value was of the classifiers Bayes Net and Random
Forest with value 1.0, followed by 0.940 of Random Tree respectively whereas the
lowest F-Measure value was found to be of the classifier SMO classifier with value
0.723 respectively. Overall, it can be interpreted that the most appropriate classifier
based on the performance measure F-Measure is found to be Bayes Net and Random

Forest.

Figure 5.62: ROC Area (Cross-Validation: 30% Split)
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Based on the performance measure ROC class label: Heavy Traffic it was found that
the highest ROC Area values were of the classifiers Bayes Net and Random Forest with
value 1.00, followed by 0.999 of Logistic and MultiClass Classifier respectively
whereas the lowest ROC Area value was found to be of the classifier KStar with value
0.097 respectively. Overall, it can be interpreted the most appropriate classifier based

on the performance measure ROC Area are found to be Bayes Net and Random Forest.

In conclusion the 30% split Cross validation not only increases the reliability of model
but also gives insights of model and explains how model behave under different
conditions. Sometimes 80:20 model is also used to face real life applications where
80% data is used for Training the model and 20% data is used for testing the model.
More percentage data for training also increases model effectiveness and gives superior
model performance, paving the way for more trustworthy and impactful model for real

life applications.
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B. Error Measure Results

Table 5.14: Classifiers and Error Measures (Cross Validation: 30% Split)

Bayes Net
Naive Bayes
Logistic
SMO

IBk

KStar

MultiClass
Classifier
Random
Forest

0.008
0.024
0.013
0.033
0.019
0.025

0.013

0.005

0.009

0.054
0.144
0.113
0.181
0.125
0.131

0.113

0.025

0.093

7.50%

20.34%
10.86%
27.88%
16.05%
21.48%

10.86%

4.30%

7.27%

20.50%
54.31%
42.35%
68.19%
47.02%
49.39%

42.35%

9.54%

34.83%

RandomTree

Figure 5.63: Mean Absolute Error (Cross-Validation: 30% Split)
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The mean absolute error is found to be lowest in the case of Random Forest with the

value 0.005 Whereas the mean absolute error value of SMO is found to be highest with

value 0.033.
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Figure 5.64: Root Mean Squared Error (Cross-Validation: 30% Split)
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The root mean squared error value is found to be highest in case of SMO classifier with

the value of 0.181 respectively whereas the lowest value is found to be of Random

Forest with value 0.025. So, it can be interpreted that based on the measure RMSE the

most appropriate algorithm is found to be Random Forest at configuration setting —

30% Split Method.

Figure 5.65: Relative Absolute Error (Cross-Validation: 30% Split)
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Accordingly, the relative absolute error value is found to be lowest in case of Random

Forest classifier with 4.30% whereas the highest relative absolute error percentage
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value is found to be in case of SMO with percentage value 27.88% respectively. Based

on the measure RAE the most appropriate algorithm is found to be Random Forest.

Figure 5.66: Root Relative Square Error (Cross-Validation: 30% Split)
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The root relative squared error value is found to be lowest in case of Random Forest
classifier with 9.54% whereas the root relative squared error percentage value is found
to be highest in case of SMO with percentage value of 68.19%. So, it can be interpreted
that based on the measure RRSE the most appropriate algorithm is found to be Random
Forest with lowest percentage value when evaluated at configuration setting — 30%

Split cross validation.

In summary, it is important to understand error measures in Machine learning for
assessing the performance of model properly and making informed decisions. The
choice of specific metrics depends on the nature of the problem, characteristics of the

dataset, and goals of the analysis.

C. Execution Time Results

The execution time of a machine learning algorithm refers to the time it takes for the
algorithm to process and analyse input data, train the model (if applicable), and produce
predictions or results. Execution time is an important factor when evaluating the
efficiency and scalability of machine learning algorithms, especially when dealing with
large data sets and real-time applications. The Average Execution Time of Nine

Classifier Algorithm for Cross Validation 30% split is given below.
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Table 5.15: Classifiers and Average Execution Time (Cross Validation: 30% Split)

Bayes Net 0.02
Naive Bayes 0.02
Logistic 0
SMO 0
IBk 0.02
KStar 0.14
MultiClass 0.02
Classifier

Random Forest 0.01
Random Tree 0

Figure 5.67: Average Execution Time (Cross-Validation: 30% Split)
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According to the performance measure average execution time it was found that the
lowest average execution time were of the classifiers Logistic, SMO and Random Tree
with values 0.00 each whereas the highest average execution time was found to be of
the classifier KStar classifier with value 0.14 respectively. Overall, it can be interpreted
that the most appropriate classifiers based on the performance measure average

execution time are found to be Logistic, SMO and Random Tree.
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5.3.6 Consolidated Result

Nine Machine Learning Algorithms are Analyzed using Cross — Validation of 10-Fold,
25-Fold and 30% split on various Performance Accuracy Measures, Confusion Matrix
Parameters and Error Measures in two different conditions “Low Traffic” and “Heavy

Traffic”. Summary of 10 — Fold, 25 — Fold and 30% split is shown below in 3D plots.

A. Performance Measures

i. Accuracy Measures

Figure 5.68: Accuracy (Cross-Validation: 10-Fold, 25-Fold and 30% Split)

Accuracy
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@10 Fold 99.60% @ 97.90% @ 99.70%  97.20%  98.70%  98.80% @ 99.70% = 100.00% 100.00%
H25 Fold 99.60% @ 97.90% @ 99.10%  97.20%  98.80% @ 98.70% = 99.10% = 100.00% 100.00%
u30% Split | 100% 97.57%  98.71%  96.71%  98.43% = 97.57% = 98.71%  100.00% = 99.14%

From above three-Dimensional plot it is clear that the maximum average Accuracy
score for Random Forest is 100% therefore it is concluded that Random Forest is best
algorithms for getting best Accuracy using Cross — Validation of 10-Fold, 25-Fold and
30% Split.

Figure 5.69: Incorrectly Classified Instances ( 10-Fold, 25-Fold and 30% Split)

Incorrectly Classified Instances
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10 Fold 0.40% 2.10% 0.30% 2.80% 1.30% 1.20% 0.30% 0.00% 0.00%
M 25 Fold 0.40% 2.10% 0.10% 2.80% 1.20% 1.30% 0.10% 0.00% 0.00%
u30% Split | 0.00% 2.43% 1.28% 3.29% 1.57% 2.43% 1.29% 0.00% 0.86%
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From above three-Dimensional plot it is clear that the minimum average incorrectly
Classified Instance score for Random Forest is 0% therefore it is concluded that
Random Forest is best algorithms for getting best Incorrectly Classified Instances using

Cross — Validation of 10-Fold, 25-Fold and 30% Split.

Figure 5.70: Kappa Statistics (Cross-Validation: 10-Fold, 25-Fold and 30% Split)

Kappa Statistics
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30% Split | 0.010 0.008 0.009 0.707 0.881 0.797 0.900 1.000 0.935

From above three-Dimensional plot it is clear that the maximum average Kappa
Statistics score for Random Forest is 1.0% therefore it is concluded that Random Forest
is best algorithms for getting best Kappa Statistics using Cross — Validation of 10-Fold,
25-Fold and 30% Split.

ii. Confusion Matrix Parameters — Low Traffic
Figure 5.71: TP Rate (Cross-Validation: 10-Fold, 25-Fold and 30% Split)
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From above three-Dimensional plot it is clear that the maximum average score for

Bayes Net, SMO, Random Forest and Random Tree is 1.0 therefore it is concluded that

Bayes Net, SMO, Random Forest and Random Tree are best algorithms for getting best
True Positive Rate using Cross — Validation of 10-Fold, 25-Fold and 30% Split in Low

Traffic Conditions.

Figure 5.72: FP Rate (Cross-Validation: 10-Fold, 25-Fold and 30% Split)
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From above three-Dimensional plot it is clear that the minimum average score for

Random Forest and Random Tree is 0.0, therefore it is concluded that Random Forest

and Random Tree are the best algorithms for getting best False Positive Rate using

Cross — Validation of 10-Fold, 25-Fold and 30% Split in Low Traffic Conditions.

Figure 5.73: Precision (Cross-Validation: 10-Fold, 25-Fold and 30% Split)
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From above three Dimensional plot it is clear that the maximum average score for
Random Forest and Random Tree is 1.0, therefore it is concluded that Random Forest
and Random Tree are the best algorithms for getting best Precision using Cross —

Validation of 10-Fold, 25-Fold and 30% Split in Low Traffic Conditions.

Figure 5.74: Recall (Cross-Validation: 10-Fold, 25-Fold and 30% Split)
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From above three-Dimensional plot it is clear that the maximum average score for
Bayes Net and Random Forest is 1.0 therefore it is concluded that Bayes Net and
Random Forest are the best algorithms for getting best Recall using Cross — Validation

of 10-Fold, 25-Fold and 30% Split in Low Traffic Conditions.

Figure 5.75: F Measure (Cross-Validation: 10-Fold, 25-Fold and 30% Split)
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From above three Dimensional plot it is clear that the maximum average score for
Random Forest is 1.0, therefore it is concluded that Random Forest is the best
algorithms for getting best F Measure using Cross — Validation of 10-Fold, 25-Fold and
30% Split

Figure 5.76: ROC Area (Cross-Validation: 10-Fold, 25-Fold and 30% Split)
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From above three-Dimensional plot it is clear that the maximum average score for
Bayes Net and Random Forest is 1.0 therefore it is concluded that Bayes Net and
Random Forest are the best algorithms for getting best ROC Area using Cross —
Validation of 10-Fold, 25-Fold and 30% Split in Low Traffic Conditions.

ili. Confusion Matrix Parameters — Heavy Traffic
Figure 5.77: TP Rate (Cross-Validation: 10-Fold, 25-Fold and 30% Split)
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From above three Dimensional plot it is clear that the maximum average TP Rate score
for Random Forest is 1.0, therefore it is concluded that Random Forest is the best
algorithms for getting best TP Rate using Cross — Validation of 10-Fold, 25-Fold and
30% Split in heavy traffic conditions.

Figure 5.78: FP Rate (Cross-Validation: 10-Fold, 25-Fold and 30% Split)
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From above three-Dimensional plot it is clear that the minimum average FP Rate score
for Bayes Net, SMO, Random Forest and Random Tree is 0.0, therefore it is concluded
that Bayes Net, SMO, Random Forest and Random Tree are the best algorithms for
getting best False Positive Rate using Cross — Validation of 10-Fold, 25-Fold and 30%
Split in Heavy Traffic Conditions.

Figure 5.79: Precision (Cross-Validation: 10-Fold, 25-Fold and 30% Split)
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From above three-Dimensional plot it is clear that the maximum average Precision

score for Bayes Net, SMO, Random Forest and Random Tree is 1.0, therefore it is

concluded that Bayes Net, SMO, Random Forest and Random Tree are the best

algorithms for getting best Precision using Cross — Validation of 10-Fold, 25-Fold and

30% Split in Heavy Traffic Conditions.

Figure 5.80: Recall (Cross-Validation: 10-Fold, 25-Fold and 30% Split)
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From above three-Dimensional plot the maximum average Recall score for Random

Forest is 1.0, therefore it is concluded that Random Forest is the best algorithm for

getting best Recall using Cross — Validation of 10-Fold, 25-Fold and 30% Split in

Heavy Traffic Conditions.

Figure 5.81: F Measure (Cross-Validation: 10-Fold, 25-Fold and 30% Split)
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From above three Dimensional plot it is clear that the maximum average F Measure
score for Random Forest is 1.0, therefore it is concluded that Random Forest is the best
algorithms for getting best F Measure using Cross — Validation of 10-Fold, 25-Fold and
30% Split in Heavy Traffic Conditions.

Figure 5.82: ROC Area (Cross-Validation: 10-Fold, 25-Fold and 30% Split)

ROC Area
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u30% Split 1.000 0.990 0.999 0.783 0.914 0.097 0.999 1.000 0.943

From above three Dimensional plot it is clear that the maximum average ROC Area
score for Bayes Net and Random Forest is 1.0 therefore it is concluded that Bayes Net
and Random Forest are the best algorithms for getting best ROC Area using Cross —
Validation of 10-Fold, 25-Fold and 30% Split in Heavy Traffic Conditions.

B. Error Measure

Figure 5.83: Mean Absolute Error (Cross-Validation: 10-Fold, 25-Fold and 30% Split)
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From above three Dimensional plot it is clear that the average Mean Absolute Error

score for Random Forest is minimum and it’s value is 0.002 therefore it is concluded

that Random Forest is the best algorithms for getting Minimum Mean Absolute error

using Cross — Validation of 10-Fold, 25-Fold and 30% Split.

Figure 5.84: Root Mean Squared Error (10-Fold, 25-Fold and 30% Split)
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From above three Dimensional plot it is clear that the average Root Mean Squared Error

score for Random Forest is minimum and it’s value is 0.013, therefore it is concluded

that Random Forest is the best algorithms for getting Minimum Root Mean Squared

Error using Cross — Validation of 10-Fold, 25-Fold and 30% Split.

Figure 5.85: Relative Absolute Error(Cross-Validation:10-Fold,25-Fold & 30% Split)
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From above three Dimensional plot it is clear that the average Relative Absolute Error
score for Random Forest is minimum and it’s value is 1.94%, therefore it is concluded
that Random Forest is the best algorithms for getting Minimum Relative Absolute Error

using Cross — Validation of 10-Fold, 25-Fold and 30% Split.

Figure 5.86: Root Relative Squared Error (10-Fold, 25-Fold and 30% Split)

Root Relative Squared Error
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30% Split | 20.50% | 54.31% | 42.35% | 68.19% | 47.02% | 49.39% | 42.35% 9.54% 34.83%

From above three Dimensional plot it is clear that the average Root Relative Squared
Error score for Random Forest is minimum and it’s value is 5.13%, therefore it is
concluded that Random Forest is the best algorithms for getting Minimum Root

Relative Squared Error using Cross — Validation of 10-Fold, 25-Fold and 30% Split.

C. Execution Time

Execution Time is one of the important parameter which decides the speed at which
algorithm can evaluate and test data sets. It is very important parameter specially when
data sets are too large, which is the prime requirement of any machine learning
algorithm. If the machine learning algorithm is slow and efficient in all other aspects
then cloud computing is the remedy for that. Multitasking in Cloud computing is the
solution for slow Machine learning algorithms. The figure 5.87 shown below compares

the execution time in seconds of Nine machine learning algorithms.
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Figure 5.87: Execution Time (Cross-Validation: 10-Fold, 25-Fold and 30% Split)

Execution Time
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The above figure indicates that Random forest Algorithm Average execution time is
maximum with average value of 0.07seconds. Random forest algorithm excels in all
other parameters except execution time. This drawbacks can be nullified using cloud
computing and parallel computing. The Random Tree is the most efficient and fast

algorithm with average execution time in nano seconds or nearly zero.

5.3.7 Dominance Chart

Table 5.16 shows the Machine learning Algorithm Dominance chart For 10-fold, 25-
fold and 30% split Performance measures. This chart indicates the highest average
marks obtained by the machine learning algorithms. One mark is allotted to the machine
learning algorithm which got highest score in three categories 10-fold, 25-fold and 30%
split. Dominance chart includes twenty parameters from Performance measure,
Confusion matrix ( Low Traffic and Heavy Traffic ), Error measures and Execution
time in seconds for finding out Total score. The selected algorithm should have highest

marks out of twenty to be the best Machine Learning Algorithm.

191



Table 5.16 : Machine Learning Algorithms Dominance Chart
Dominance Chart ( Cross -Validation 10 Fold, 25 Fold and 30% Split )

Confusion Matrix Parameters Confusion Matrix Parameters Error Measures Execution Total
Performance Measure .
Low Traffic Heavy Traffic Time Score
Incorrectly Root . Root
Accurac, Geeiiag slt(aag:t?c Lo Precision  Recall In= Lo e L Precision  Recall In= IROIE allaws:runte mean ::SI::Lvtee CESD
¥ Instances Rate  Rate Measure Area  Rate Rate Measure  Area erro squared squared
r error error error
- 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 19
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It is clear from the Table 5.16 that the highest score is obtained by Random Forest
algorithm with total score of 19, followed by Random Tree and Bayes Net with six
marks each. Thus considering Performance measures, Confusion matrix parameters,
Error Measure and Execution Time, it is concluded that the Random Forest is the best

Algorithm for forecasting the traffic flow conditions in smart city.

5.3.8 Weighted Sum Model Analysis Using Python

The Weighted Sum Model is a decision-making approach used to evaluate and rank a
set of alternatives based on multiple criteria. It involves assigning weights to each
criterion and then calculating a weighted sum of the normalized values of each criterion
for each alternative. The alternative with the highest weighted sum is considered the

best choice. The procedure for Weighted Sum Model is listed below.

1. Classifier and Metric Definitions: Begin by defining the list of classifiers or
alternatives you want to evaluate. Each classifier is associated with a set of
metrics (criteria) that measure its performance.

2. Metrics and Weights: Assign weights to each metric (criterion) based on its
importance. These weights reflect the relative significance of each criterion in
the decision-making process. The sum of weights should add up to 1 or 100%
to ensure a meaningful comparison.

3. Normalization: Normalize the metric values for each classifier to a common
scale, often within the range of 0 to 1. This step ensures that metrics with
different units and scales can be compared effectively.

4. Weighted Sum Calculation: For each classifier, calculate the weighted sum of
its normalized metric values. This is done by multiplying each normalized
metric value by its corresponding weight, and then summing up these weighted
values.

5. Best Alternative: Identify the alternative with the highest calculated weighted
sum. This alternative is considered the best choice according to the chosen
criteria and their assigned weights.

6. Decision: The alternative with the highest weighted sum is selected as the best

choice based on the defined criteria and their weights.
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The Weighted Sum Model is widely used in decision analysis when there are multiple

factors to consider, and each factor carries a different level of importance. It's important

to note that the success of the model heavily depends on the accuracy of the assigned

weights and the relevance of the chosen metrics.

Python Pseudocode:

// Define classifier names

classifiers = ["Classifier 1", "Classifier 2", ...]

// Provided metrics (Replace with your actual metrics)

metrics = [

[metric_value_1_classifier_1, metric_value_2_classifier_1, ..

[metric_value_1_classifier_2, metric_value_2_classifier_2, ..

// Define weights for each metric (customize these weights)

metric_weights = [weight_metric_1, weight_metric_2, ...]

// Function to normalize metrics to [0, 1] range
function NormalizeMetrics(metrics):
normalized_metrics = EmptyMatrix()

for each classifier_metrics in metrics:

1
1

normalized_classifier_metrics = Normalize(classifier_metrics)

AddToMatrix(normalized_metrics, normalized_classifier_metrics)

return normalized_metrics

// Function to calculate the weighted sum for each classifier

function CalculateWeightedSums(normalized_metrics, metric_weights):

weighted_sums = EmptyList()

for each classifier_metrics in normalized_metrics:

weighted_sum = CalculateDotProduct(classifier_metrics, metric_weights)

AppendToList(weighted_sums, weighted_sum)

return weighted_sums
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// Function to find the best alternative (index)
function FindBestAlternative(weighted_sums):
best_alternative_index = IndexOfMax(weighted_sums)

return best_alternative_index

// Function to print weighted sums
function PrintWeightedSums(classifiers, weighted_sums):
for i from O to length(classifiers) - 1:

Print(classifiers[i], " - Weighted Sum:", weighted_sums][i])

// Function to print the best alternative
function PrintBestAlternative(best_alternative):

Print("The best alternative is:", best_alternative)

// Main program

function Main():
normalized_metrics = NormalizeMetrics(metrics)
weighted_sums = CalculateWeightedSums(normalized_metrics, metric_weights)
best_alternative_index = FindBestAlternative(weighted_sums)
best_alternative = classifiers|best_alternative_index]
PrintWeightedSums(classifiers, weighted_sums)

PrintBestAlternative(best_alternative)

// Call the main program

Main()

5.3.8.1 Multi-Criteria Decision Making - Weighted Sum Method

The Weighted Sum Method, a fundamental technique in Multi-Criteria Decision
Making, facilitates decision-makers in evaluating and ranking alternatives by
considering multiple criteria. This approach involves identifying relevant decision
criteria, assigning weights to signify their importance, evaluating each alternative's
performance on these criteria, normalizing scores to ensure comparability, and
calculating a weighted sum for each alternative. The resulting scores enable a

systematic ranking of alternatives, aiding decision-makers in selecting the most suitable
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option that aligns with their preferences and objectives. This method serves as a

valuable decision support tool across various domains.

i. Evaluation with Cross Validation-10 Folds

Table 5.17 presents a range of classification models assessed by their "Score (Weighted

Sum)," with higher scores indicating superior performance.

Table 5.17: Weiihted Sum Score (Cross Validation-10 Folds)

1 Bayes Net 0.801
2 Naive Bayes 0.722
3 Logistic 0.807
4 SMO 0.660
5 IBk 0.767
6 KStar 0.773
7 MultiClass 0.807
Classifier
8 Random Forest 0.820
9 Random Tree 0.820

The weighed sum-based score suggests that Random Forest and Random Tree has the
highest score of 0.820 followed by Logistic and Multiclass classifier with core 0.807
and Bayes Net with score 0.801. The lowest scores being obtained by the classifiers
KStar, IBK, Naive Bayes and SMO with values 0.773,0.767,0.722 and 0.660
respectively. Further Rank and Percentile analysis would be executed to obtain the final
rankings.

Figure 5.88: Running MCDM Method in Python Environment
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df[ 'Weighted _Sum_Score'] = df.apply(lambda row: sum{row[criterion]®@.82*weights criterion] for criterion in weights.keys()), axis=1)

df = df.round(3)

onk clossifiers bosed on Weighted Sum Scores
ranked_classifiers = df.sort_values(by="Weighted Sum Score', ascending=False)
print{ranked_classifiers[[ 'Classifier’, 'Weighted_Sum_Score']])

Classifier Weighted_Sum_Score

7 Random Forest e.828
8 RandomTree e.820
F Logistic .87
6 MultiClass Classifier @. 887
8 Bayes Net 8,881
5 KStar 8.773
4 1Bk 8.767
1 Naive Bayes 8.722
3 SMo 0.668
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5.3.9 Rank and Percentile Method:

Ranking and percentile methods can be applied to arrange classification algorithms in

machine learning based on their performance metrics. Here's how you can use these

methods:

Ranking Method Algorithm:

1.

Collect Performance Metrics: Gather performance metrics (e.g., accuracy,
precision, recall, F1 score, ROC AUC) for each classification algorithm. These
metrics are typically computed using cross-validation or other evaluation
techniques.

Calculate Ranks: Calculate ranks for each algorithm based on each
performance metric. Assign a rank of 1 to the algorithm with the highest score
for a metric, 2 to the second highest, and so on. In the case of ties, you can use
methods like averaging ranks.

Calculate Average Rank: After ranking algorithms for each metric, calculate
the average rank for each algorithm across all the metrics. This average rank
represents the overall ranking for each algorithm.

Sort and Present Results: Sort the algorithms based on their average ranks in
ascending order. The algorithm with the lowest average rank is considered the
top performer, while the one with the highest average rank is considered the

lowest performer. You can present these rankings in a table or report.

Percentile Method Algorithm:

1.

Collect Performance Metrics: Similar to the ranking method, gather
performance metrics for each classification algorithm.

Calculate Percentiles: For each performance metric, calculate the percentile
rank of each algorithm. Percentile rank indicates the percentage of algorithms
that performed worse than a particular algorithm for a given metric.

Calculate Average Percentile Rank: After calculating percentiles for each
metric, compute the average percentile rank for each algorithm across all the
metrics. This average percentile rank represents the overall ranking for each

algorithm.
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4. Sort and Present Results: Sort the algorithms based on their average percentile
ranks in ascending order. Lower average percentile rank indicates better

performance across multiple metrics.
Python Pseudocode : Rank_Classification_Algorithm

Input:

- List of classification algorithms (Algorithms)

- List of performance metrics (Metrics)

- Dictionary of algorithm performance data (AlgorithmMetrics)

Output:
- Sorted list of algorithms based on average rank (RankedAlgorithms)

Begin:
// Initialize an empty dictionary to store ranks for each algorithm
Initialize an empty dictionary AlgorithmRanks

/l Step 1: Calculate ranks for each algorithm and metric
For each Algorithm in Algorithms:
// Initialize a list to store ranks for each metric
Initialize an empty list MetricRanks

For each Metric in Metrics:
// Calculate the rank for the Algorithm based on the Metric
Rank = CalculateRank(AlgorithmMetrics[ Algorithm][Metric])

/I Append the rank to the MetricRanks list

Append Rank to MetricRanks
End For

// Calculate the average rank for the Algorithm
AverageRank = CalculateAverageRank(MetricRanks)

// Store the average rank in the AlgorithmRanks dictionary
AlgorithmRanks[Algorithm] = AverageRank
End For

// Step 2: Sort algorithms based on average rank
SortedAlgorithms = SortAlgorithmsByRank(AlgorithmRanks)

// Step 3: Output the sorted list of algorithms
Return SortedAlgorithms

End
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Function: CalculateRank

Input:
- List of performance scores (Scores)

Output:
- Rank for the algorithm based on the scores (Rank)

Begin:
// Sort the scores in descending order
SortedScores = SortScoresDescending(Scores)

// Initialize the rank as 1
Rank =1

For each Score in SortedScores:
/I Assign the current rank to the Score
Set Rank for Score = Rank

// Increment the rank for the next Score if it has the same value
If NextScoreExists() AND NextScore() = Score Then
Increment Rank
End If
End For

Return Rank
End

Function: CalculateAverageRank

Input:
- List of ranks (Ranks)

Output:
- Average rank (AverageRank)

Begin:
// Calculate the mean (average) of the ranks
AverageRank = Mean(Ranks)

Return AverageRank
End

Function: SortAlgorithmsByRank

Input:
- Dictionary of algorithm ranks (AlgorithmRanks)

Output:
- Sorted list of algorithms based on rank (Sorted Algorithms)
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Begin:
// Sort the algorithms based on their average ranks

SortedAlgorithms = Sort(Algorithms, AlgorithmRanks[Algorithm])

Return SortedAlgorithms
End

The outcomes shows the ranking given to various classification algorithm (applied at

cross validation- 10 folds) using the rank and percentile method. The results in the table

below shows the classification model (evaluated at cross validation 10-folds), point

(classifier ID), Rank and Percentage.

Table 5.18: Classification Models and Ranks (Cross Validation-10 Folds)

Random

8 0.820
Forest
Random Tree 9 0.820
Logistic 3 0.807
MultiClass
Classifier 7 0.807
Bayes Net 1 0.801
KStar 6 0.773
IBK 5 0.767
Naive Bayes 2 0.722
SMO 4 0.660

—

O 001 O W (W =

100.00%

100.00%
62.50%

62.50%

50.00%
37.50%
25.00%
12.50%
0%

It was found that based on configuration setting: cross validation — 10 folds Random

Forest and Random Tree are the best and most appropriate classifier for traffic

congestion control and traffic flow as both are having the highest score of 0.820 with

percentile 100%. Logistic and MultiClass Classifier are the second most appropriate

algorithms having total score of 0.807, rank 3 and percentile of 62.50%. The third best

classifier being identified is Bayes net with a total score of 0.801 and percentile of

50.00%. For predicting the Udaipur traffic flow Random Forest and Random Tree are

the most appropriate algorithms.
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ii. Evaluation with Cross Validation-25 Folds

Table 5.19 shows the ranking given to various classification algorithms (applied at cross

validation- 25 folds) using the rank and percentile method.

Table 5.19: Weiihted Sum Score (Cross Validation-25 Folds)

1 Bayes Net 0.801
2 Naive Bayes 0.724
3 Logistic 0.815
4 SMO 0.660
5 IBk 0.770
6 KStar 0.769
7 MultiClass Classifier 0.815
8 Random Forest 0.820
9 RandomTree 0.820

The weighed sum-based score suggests that Random Forest and Random Tree has the
highest score of 0.820 followed by Logistic and MultiClass Classifier with score 0.815.
The results in Table 5.20 show the classification model (evaluated at cross validation

25-folds), point (classifier ID), Weighted Sum, Rank and Percentage.

Table 5.20: Classification Models and Ranks (Cross Validation-25 Folds)

Random

8 0.820 1 100.00%
Forest
Random Tree 9 0.820 1 100.00%
Logistic 3 0.815 3 62.50%
MultiClass 7 0815 3 6250%
Classifier
Bayes Net 1 0.801 5 50.00%
IBK 5 0.770 6 37.50%
KStar 6 0.769 7 25.00%
Naive Bayes 2 0.724 8 12.50%
SMO 4 0.660 9 0.00%

It was found that based on configuration setting: cross validation — 25 folds Random

Forest and Random Tree are the best and most appropriate classifier for traffic
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congestion control and traffic flow as it has the highest score of 0.820 with percentile
100%. Logistic and MultiClass Classifier are the second most appropriate algorithm
having a total score of 0.815, rank 3 and percentile of 62.50%. The third best classifier
being identified is Bayes Net with a total score of 0.801 and percentile of 50.00%. For

predicting the Udaipur traffic flow Random Forest is the most appropriate algorithm.
ili. Evaluation with Cross Validation-Split: 30 %

Table 5.21 shows the ranking given to various classification algorithms (applied at cross
validation- 30% Split) using the rank and percentile method. The weighed sum-based
score suggests that Random forest has the highest score of 0.820 followed by Random
Tree with score 0.779 and MultiClass Classifier with score 0.765.

Table 5.21: Weighted Sum Score (Cross Validation-30% Split)

1 Bayes Net 0.658
2 Naive Bayes 0.585
3 Logistic 0.619
4 SMO 0.652
5 IBk 0.749
6 KStar 0.638
7 MultiClass 0.765
Classifier
8 Random Forest 0.820
9 RandomTree 0.779

The result in the table below shows the classification model ,point (classifier ID), Rank

and Percentage evaluated at cross validation 30%-Split.
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Table 5.22: Classification Models and Ranks (Cross Validation-30% Split)

e i 8 0.820 1 100.00%
Forest

Random Tree 9 0.779 2 87.50%
il (e 7 0.765 3 75.00%
Classifier

IBK 5 0.749 4 62.50%
Bayes Net 1 0.658 5 50.00%
SMO 4 0.652 6 37.50%
KStar 6 0.638 7 25.00%
Logistic 3 0.619 8 12.50%
Naive Bayes 2 0.585 9 0.00%

It was found that based on configuration setting: cross validation — 30% Split Random
forest is the best and most appropriate classifier for traffic congestion control and traffic
flow as it has the highest score of 0.820 with percentile 100%. Random Tree is the
second most appropriate algorithm having a total score of 0.779, rank 2 and percentile
of 87.50%. The third best classifier being identified is Multi Class Classifier with a total
score of 0.765 and percentile of 75%. For predicting the Udaipur traffic flow Random
forest is the most appropriate algorithm while considering configuration setting cross

validation — 30%.

Finally, a Random Forest-based predictive model's high ranking in a cross-validation
setting, whether it's 10-fold, 25-fold or 30% split indicates its robustness and
effectiveness in handling the complexities of traffic management. Its ability to capture
non-linear patterns, handle real-time data, and provide insights into important features
makes it a valuable tool for improving traffic flow, reducing congestion, and enhancing

overall transportation efficiency.
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5.4 Hypothesis Testing Results

Hypothesis is nothing but a tentative statement or proposed explanation made based on
limited evidence as a starting point for further investigation. The following two

hypothesis are being tested for proposed research work.
Hypothesis 1:

The main objective of my research is to solve commuting problems in smart cities using
Artificial Intelligence, IoT and Machine Learning technologies. To reach meaningful
conclusion of my research I am interested in finding whether there is significant
difference between the type of smart technologies used in smart cities. To examine the
difference between different categorial variables Chi-Square test is applied after doing
survey from different age group participants from different cities. The Hypothesis

statements are:

Ho1: There is no significant difference between technologies used for enhancing
the transportation system in smart cities.

The related alternative hypothesis is as follows.

Hal: There is a significant difference between technologies used for enhancing the
transportation system in smart cities.

Test Applied: To test the hypothesis Hol the Chi-Square Test was being used. The

outcomes of the Chi-Square test are shown below in the table.

Table 5.23: Type of Technology and Level of Enhancement

Type of Technology and Level of Enhancement in Smart Transportation
System: Crosstabulation

Count
Enhancement in Smart
Transportation System Total
High Low
Al Based 12 0 12
Fog Computing 7 0 7
Type of {)oT(-iBa;?ed 1"\l“/[ragﬁlc 7 6 13
Technology e 1(? 10N (0] .e S
Machine Learning-
Based Traffic 14 4 18
Prediction Models
Total 40 10 50
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Table 5.24: Chi-Square Test Results
Chi-Square Test

Asymptotic
Value df Significance
(2-sided)
Pearson Chi- 10.363% 3 .016
Square
Likelihood Ratio 13.026 3 .005
N of Valid Cases 50

a. 4 cells (50.0%) have expected count less than 5. The
minimum expected count is 1.40.

Table 5.25: Calculation of Expected Frequency
Calculation of Expected Frequency

Total of Enhancement in

Total of Technology Smart Transportation Expected EF
System Frequency
12 40 12*40/50 9.6
7 40 7*40 /50 5.6
13 40 13*40 /50 10.4
18 40 18*40 /50 14.4
12 10 12*#10 /50 24
7 10 7*%10 /50 1.4
13 10 13*10 /50 2.6
18 10 18*10 /50 3.6
Table 5.26: Observed and Expected Frequency calculations.
Observed and Expected Frequency for the calculation of X?
Observed Frequency Expected Frequency
(OF) (EF) (OF - EF)*> (OF - EF)*/EF
12 9.6 5.76 0.6
7 5.6 1.96 0.35
7 10.4 11.56 1.11
14 14.4 0.16 0.01
0 2.4 5.76 2.4
0 1.4 1.96 1.4
6 2.6 11.56 4.45
4 3.6 0.16 0.04
Total (a) 10.36

Degree of Freedom =(r-1) (c-1)

= (4-1) *(2-1) =3

Table value @5% level of significance = 7.815
Calculated Value of Chi-Square = 10.36
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Result: The Chi-Square test results confirm that as the Pearson Chi-Square value was
found to be 10.36 at degree of freedom 3 and the corresponding p-value is found to be
0.016 which is lesser than the standard alpha value of 0.05 this interpret that the null
hypothesis Holis rejected and alternate hypothesis Hal is being accepted and it can be
concluded that there is significant difference between technologies used for enhancing

the transportation system for smart cities.

Figure 5.89: Right Tailed Chi-Square curve
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Source: Chi-Square Distribution Calculator With Graph Generator [28]

From above figure Right Tailed Chi-Square curve it is clear that Calculated Chi-Square
value lies in the rejection region therefore Hol is rejected and Hal is accepted. This
indicates that there is a significant difference between the listed technologies like Al
based, Fog Computing based, IoT based and Machine learning based traffic prediction

models in solving traffic congestion problems in smart cities.

Hypothesis 2:

The weighted sum method algorithm for traffic prediction model generates different
performance scores for 10-fold, 25-fold and 30% split case with different weights to
each criterion. We are interested to know whether all machine learning algorithms

average performance score is more than 75%. Following are the Hypothesis statements.
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Ho2: The Machine learning-based traffic prediction models have average
performance scores of greater than or equal to 75%.

The related alternative hypothesis is as follows.

Ha.2: The Machine learning-based traffic prediction models have average
performance scores of less than 75%.

Ho: U >0.75
Ha: 1 < 0.75

Test Applied: As Sample mean is known and number of samples are less than 30,
therefore One-Sample lower tail t-test is applied to test the hypothesis Ho2. Calculations

of t-test are shown in the table shown below.

Table 5.27: T-test calculation

WSM average
Classifier Performance
Score Values
Bayes Net 0.75
Naive Bayes 0.68
Logistic 0.75
SMO 0.66
IBk 0.76
KStar 0.73
MultiClass Classifier 0.80
Random Forest 0.82
RandomTree 0.81
Sample Mean (X) 0.751
Standard
Deviation(S) 0.055
Number of
Samples(n) 9
Claim (p) 0.75
n 3
S/\n 0.018

One Sample T-Test: T =(X-p)/S\n =0.060

Degree of Freedom: 8
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Figure 5.90: T-Test Python Program Output

[1]: dimpert pandas as pd @ J L |
from scipy.stats import ttest lsamp

# Create a somple dataset (Average of 10-fold, 25-fold and 3@%split performance score)
data = pd.Series([0.75,0.68,0.75,0.66,0.76,0.73,0.80,0.82,0.81])

# Define the null hypothesis mean
null_hypothesis_mean = 8.75

# Perform one-sample t-test
t_statistic, p_value = ttest_lsamp(data, null_hypothesis_mean)

# For a right-tailed test, just halve the p-value since scipy returns o two-toiled p-value
one_tail_p velue = p_value / 2
# Display the results
print{"T-statistic:", t_statistic)
print("One-tailed P-value:", one_tail_p value)
# Interpret the results
alpha = @.85
if one_tail _p_value ¢ alpha:
print("Reject the null hypothesis - The sample mean is significantly greater than the null hypothesis mean.")
else:

print("Fail to reject the null hypothesis - The sample mean is not significantly greater than the null hypothesis mean.")

T-statistic: 8.060824752331288722
One-tailed P-value: 8.47671818579554764
Fail to reject the null hypothesis - The sample mean is not significantly greater than the null hypothesis mean.

Result: Table value @ 5% level of significance is -1.860 and the calculated T-statistics
value is 0.060 which is larger than the critical T-value of -1.860, Also the p-value found
to be 0.476 which is greater than the standard alpha value of 0.05 therefore null
hypothesis is failed to be rejected. Therefore, we can say that the Machine learning-

based traffic prediction models have average performance score more than or equal to

75%.

Figure 5.91: Left Tailed T-test curve
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Source: T-test Distribution Calculator With Graph Generator [29]
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From above figure Left Tailed T-test curve it is clear that calculated T-statistic value
lies in the acceptance region therefore H,2 is failed to reject and Ha2 is rejected. This
indicates machine learning algorithms are useful in solving traffic congestion problems

and generates average performance score of more than 75%.

5.5 Summary

In a comparative analysis of nine machine learning algorithms conducted utilizing the
Weka tool, Random Forest and Random Tree emerged as the foremost viable classifiers
for anticipating traffic congestion. Bayes Net moreover illustrated solid performance,

ranking second respectively.

The investigation included assessing different performance parameters and error
measures to evaluate the adequacy of each calculation. Among these measurements,
Random Forest and Random Tree reliably beat other classifiers over multiple criteria.
Furthermore, two hypotheses were tried during the analysis. The first hypothesis looked
for to investigate the differences between Artificial Intelligence, Fog-based, loT-based
technologies, and Machine Learning approaches in traffic forecast models. This
hypothesis was rejected and alternate hypothesis was accepted, recommending that
there is significant differences between these technologies in terms of their
effectiveness for traffic forecast. The second hypothesis aimed to determine if the
average performance score of the classifiers surpassed 75%. This hypothesis failed to
be rejected, demonstrating that the classifiers achieved satisfactory performance levels

more than 75%.

Overall, the discoveries recommend that Random Forest and Random Tree classifiers
are well-suited for traffic congestion forecast, with Bayes Net also offering strong
performance. Furthermore, the analysis demonstrates that the choice between Al, Fog-
based, IoT-based advances, and Machine Learning approaches may essentially affect

the effectiveness of traffic prediction models.
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Chapter — 6
Conclusion and Future Scope

6.1

6.2

6.3

6.4

Summary of Findings
6.1.1 Configuration setting: cross validation — 10 folds
6.1.2 Configuration setting: cross validation — 25 folds
6.1.3 Configuration setting: cross validation — 30% Split

Hypotheses Based Findings

Challenges in Smart Transportation

Future Directions in Smart Transportation



Smart Transportation Systems are increasingly integrating Machine Learning and
Artificial Intelligence Al to revolutionize transportation networks. Machine Learning
algorithms optimize traffic management by predicting congestion and adapting traffic
signals in real time. Predictive maintenance powered by Machine Learning prevents
infrastructure failures, saving costs and enhancing safety. Al-driven public
transportation planning improves routes and schedules based on dynamic factors. Ride-
sharing and mobility services use ML to match riders, optimize routes, and adjust
prices, reducing congestion and enhancing user experiences. Autonomous vehicles rely
on Al for navigation and obstacle avoidance. Traffic predictions and alerts from ML
models aid drivers in choosing optimal routes. Al-driven parking management systems
guide drivers to available spaces, reducing congestion. These applications collectively

enhance transportation efficiency, safety, and sustainability in smart cities.

6.1 Summary of Findings

Nine machine learning algorithms were analyzed on various performance measures and
error measures to predict traffic congestion in smart cities. following seven
features/attributes were extracted and selected from twenty one features/attributes for

analysis.

SPEED
NUM_READS
HOUR

ZIP CODES
REGION
BUS_COUNT
CLASS LABEL

N o VA w =

Performance measure parameters like Accuracy, incorrectly classified instances and
kappa statistics were used to set up benchmark to compare various machine learning
algorithms and to select best algorithm. To gain deeper insights and weaknesses of
classification models under consideration, confusion matrix parameters like TP rate,
FP rate, precision, recall, F-measure and ROC Area were used for analysis. All these
performance measures helped us in selecting the most suitable and accurate prediction

model for predicting the traffic congestion in smart cities.
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To optimize and tune machine learning models various error measures like mean
absolute error, root mean squared error, relative absolute error, root relative absolute
error were used for analysis. Error measures gave us quantitative assessment of how
well our machine learning model has performed in predicting traffic congestion in smart
cities. K-folds and split method Cross-Validation approach is used for evaluating the
performance of nine Machine learning Algorithms, where K value is changed to study

different cases.

After Cross-Validation approach Machine Learning Algorithms are analysed by vector
of features. These features could be measurable characteristics of data. For each feature,
a weight is assigned according to the relevance and importance, to understand the
significance of that feature and the behaviour of overall outcome on prediction. The
Multi-Criteria Decision Making - Weighted Sum Method is used to generate
performance score for each machine learning algorithm. The weights assigned to

different parameters is shown below.

1. Accuracy = 0.3
2. Kappa=0.2

3. TP Rate =0.1

4. Precision = 0.1
5. Recall =0.1

6. F Measure = 0.1
7. ROC Area=0.1

Ranking and percentile methods was applied to arrange classification algorithms in
machine learning based on their performance metrics. The major findings related to the
comparative analysis of nine machine learning predictive algorithm models is discussed

below with different configuration settings.
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6.1.1 Configuration Setting: Cross Validation — 10 folds

» Random Forest and Random Tree are the best and most appropriate classifier
for traffic congestion control and traffic flow as both are having the highest
accuracy of 100% and performance score of 0.820 with percentile 100%.

» Logistic Regression and MultiClass are the second most appropriate algorithms
having accuracy of 99.7% and performance score of 0.807 with percentile of
62.50%.

» The third best classifier being identified is Bayes Net with accuracy of 99.6%
and performance score of 0.801 with percentile of 50%.

Figure 6.1: Cross Validation 10 — Fold Findings

Random Random Logistic Multi Bayes KStar Naive
Forest Tree Class Net Bayes

Accuracy Performance Score s Percentile

Considering all the factors in Cross Validation — 25 folds, for predicting the Udaipur

traffic flow Random Forest is the most appropriate algorithm.

6.1.2 Configuration Setting: Cross Validation — 25 folds

» Random Forest and Random Tree are the best and most appropriate classifier
for traffic congestion control and traffic flow as both are having the highest
accuracy of 100% and performance score of 0.820 with percentile 100%.

» Logistic Regression and MultiClass are the second most appropriate algorithms
having accuracy of 99.1% and performance score of 0.815 with percentile of
62.50%.

» The third best classifier being identified is Bayes Net with accuracy of 99.6%
and performance score of 0.801 with percentile of 50%.
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Figure 6.2: Cross Validation 25 — Fold Findings

Random Random Logistic  Multi Bayes IBK Kstar NENYS
Forest e Class Net Bayes
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Considering all the factors in Cross Validation — 25 folds, for predicting the Udaipur

traffic flow Random Forest is the most appropriate algorithm.

6.1.3 Configuration setting: Cross validation — 30% Split

» Random Forest is the best and most appropriate classifier for traffic congestion
control and traffic flow as it is having the highest score of 0.820 with percentile
100%.

» Random Tree is the second most appropriate algorithm having total
performance score of 0.779, rank 2 and percentile of 87.50%.

» The third best classifier being identified is Multi Class with total score of 0.765
and percentile of 75%.

Figure 6.3: Cross Validation 30% — Split Findings
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Considering all the factors in Cross Validation — 30% Split, for predicting the Udaipur

traffic flow Random Forest is the most appropriate algorithm.

By conducting comparative analysis of Cross Validation — 10 folds, Cross Validation —
25 folds and 30% split, it can be concluded that the Random Forest is the best and most
appropriate classifier for traffic congestion control and traffic flow and second most

appropriate classifier is Random Tree.
6.2 Hypotheses Based Findings

6.2.1 Hypotheses 1

The main objective of Hypothesis 1 is to find out whether technologies like Al, ML,
IoT and fog computing can increase the efficiency of transportation system in smart
cities. The acceptance of the alternate hypothesis (Hal) indicates a significant difference
between technologies used for enhancing transportation systems in smart cities.

Following points can be concluded:

e The choice of technology has a discernible impact on the overall performance
of transportation systems in smart cities.

e Different technologies like Al, IoT, Fog Computing and ML contribute to
diverse approaches in addressing transportation challenges within smart city
frameworks.

e The accepted alternate hypothesis suggests that certain technologies are more
effective than others in enhancing the efficiency of transportation systems in
smart cities.

e Policymakers and urban planners should make strategic decisions regarding
technology selection to optimize the functionality and effectiveness of smart
city transportation.

e Efficient allocation of resources should consider the technologies that have
demonstrated significant differences in enhancing transportation within the
smart city context.

e Ongoing evaluation of emerging technologies is crucial to adapt and integrate
the most effective solutions for smart city transportation.

e The technology chosen significantly influences the experience of end-users,
emphasizing the importance of user-centric design in smart city transportation
systems.
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e Given the varied impact of technologies, collaboration between technology
developers, urban planners, and policymakers is vital to holistically address
transportation challenges in smart cities.

e The type of technology used likely has implications for the environmental
sustainability of smart city transportation systems, affecting factors such as
emissions, energy consumption, and ecological impact.

The acceptance of the alternate hypothesis highlights the need for long-term planning
that considers the evolving landscape of transportation technologies within the context
of smart cities. The fundamental importance of 10T, Artificial Intelligence, and
Machine Learning in addressing commuting challenges within smart cities is
underscored. Through the utilization of Al and ML algorithms, these technologies play
a crucial role in optimizing resource allocation and effectively managing congestion.
This highlights their essential contribution to enhancing the overall efficiency of
transportation infrastructure in smart cities. In summary, the transformative impact of
IoT, Al and ML on smart city commuting systems is emphasized, emphasizing their
crucial role in creating adaptive, user-friendly, and seamless transportation networks
that significantly contribute to overcoming the challenges associated with urban

commuting.
6.2.2 Hypotheses 2

The main objective of Hypothesis 2 is to know whether all machine learning algorithms
average performance score is more than 75%. The acceptance of hypothesis (Ho2)
implies that there is significant evidence to suggest that average performance score of
machine learning algorithms is very good in predicting traffic congestion in smart cities

with fair amount of agreement between them. Following points can be concluded:

e The existing Machine learning based traffic prediction models and traffic
control systems exhibit significant differences in terms of their effectiveness.
Certain models may outperform others in accurately predicting and managing
traffic conditions.

e There is a notable divergence in the technological approaches employed by
traffic prediction models and traffic control systems within the smart city
infrastructure. This implies that varied technologies are being utilized to address
traffic-related challenges.
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e The acceptance of the null hypothesis implies an opportunity for using Machine
learning based prediction models for optimized performance of traffic flow.
Policymakers and technology developers may need to consider improvements
or adjustments to enhance the overall efficiency of traffic prediction and control
in smart cities.

e Highlights potential challenges in seamlessly integrating Machine learning
based traffic prediction models with traffic control systems. It emphasizes the
need for careful consideration of compatibility and interoperability to ensure a
cohesive and effective smart city traffic management infrastructure.

e Machine learning predictive models in smart transportation systems exhibit
sensitivity to different performance metrics. Certain models may excel in
specific measures, such as accuracy, precision, recall, or F1 score, suggesting a
need for tailored evaluation criteria.

e The diversity in performance measures suggests that the definition of an optimal
machine learning predictive model may vary based on the specific goals and
priorities of the smart transportation system. Decision-makers should carefully
consider the most relevant metrics for their intended outcomes.

e Decision-makers may need to prioritize specific metrics based on the objectives
and constraints of the smart transportation system, acknowledging that
improvements in one area may come at the expense of another.

e As different performance measures influence the assessment of machine
learning models, ongoing evaluation and adaptation become crucial. Smart
transportation systems should embrace a dynamic approach to model
assessment, adjusting strategies based on evolving performance requirements.

e Adopting multi-criteria optimization strategies that consider various
performance measures simultaneously can help identify models that strike a
balance across different evaluation criteria.

e In reality, Machine learning contribute to user-centric approaches in smart city
transportation. Through personalized recommendations, adaptive routing, and
responsive services, commuters are likely to experience a more tailored and
hassle-free journey.

In Summary The acceptance of Hypothesis 2 validates the prediction of performance
score of all machine learning algorithm more than 75%. It not only validates the

effectiveness of all machine learning algorithms but also suggests that the research

implementation is proved in getting successful desired outcomes.
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6.3 Challenges in Smart Transportation

Overloaded Wireless Networks: Increased device usage for traffic monitoring strains

wireless networks, necessitating adaptive routing and data management solutions.

V2V Communication Concerns: Ensuring privacy and security in vehicle-to-vehicle
communication requires robust certificate management systems to prevent intrusion

and accidents.

Data Collection Complexity: Integrating various sensors in vehicles and transmitting
data to network access points poses data collection challenges, requiring clear sensor

descriptions and setups.

Data Privacy and Security: Smart transportation systems gather vast amounts of data,
including personal information, making data privacy and security critical to prevent

hacking and potential harm.

Interoperability Issues: Different technologies using distinct data formats and
protocols hinder interoperability, especially in communities lacking the necessary

technological expertise.

Costly Implementation: High hardware, software, and infrastructure expenses pose

adoption challenges, particularly in smaller cities and villages.

Complex Systems: Smart transportation systems demand expertise in data analytics,
artificial intelligence, and IoT technology, making them complex to implement and

maintain.

Connectivity Dependence: Reliable data and communication networks are crucial for

smart transportation; disruptions can lead to traffic congestion, delays, and safety risks.

Machine Learning Model Implementation: Implementing machine learning models
presents several key challenges. Ensuring high data quality and quantity is paramount,
as insufficient or low-quality data can lead to inaccurate models. Data privacy and
security are significant concerns, especially when handling sensitive information.
Model selection requires choosing the most suitable algorithm for a specific problem,
and feature engineering involves identifying relevant data attributes. Balancing model

complexity to prevent overfitting or underfitting is crucial, as is addressing scalability
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for large datasets and computational demands. Making complex models interpretable
and explainable remains a challenge, as does transitioning from development to
production environments seamlessly. Model maintenance must ensure continued
accuracy as data evolves, while managing computational resources efficiently is
essential. Addressing bias and ensuring fairness, regulatory compliance, user
acceptance, cost management, ethical considerations, fostering a data-driven culture,
and addressing the shortage of skilled talent all contribute to the multifaceted landscape

of implementing machine learning models.
6.4 Future Directions in Smart Transportation

Data Access and Standardization: Research should focus on improving access to
standardized data for government agencies, businesses, and academics, enhancing

integration and resilience through backup systems.

Security and Privacy: Addressing cyber threats on transportation infrastructure is
vital, with research exploring data security, encryption, access control, and intrusion

detection methods.

Autonomous Vehicle Impact: Investigate the effectiveness of autonomous vehicles in
reducing traffic congestion, enhancing road safety, and their influence on transportation

demand and environmental impact.

Blockchain Technology Integration: Explore the potential of blockchain technology
in enhancing transportation security, efficiency, and reliability, creating new

applications and use cases.

Accessibility for Disadvantaged Groups: Examine how smart transportation can
improve accessibility and mobility for underserved populations like the elderly,

disabled, and low-income individuals.

Promoting Green Transportation: Smart transportation systems can prioritize eco-
friendly modes such as public transport, cycling, and electric vehicles to reduce

greenhouse gas emissions and enhance air quality in urban areas.
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Automated Feature Engineering: The future of machine learning will see
advancements in automated feature engineering techniques. These methods will
streamline the process of identifying and selecting relevant data attributes, reducing the

manual effort required for feature engineering and improving model performance.

Explainable AI: As machine learning models become increasingly complex, there will
be a growing emphasis on Explainable Al. Future developments will focus on creating
more interpretable models and post-hoc explain ability techniques, allowing users to

understand and trust Al-driven decisions.

Edge Computing for ML: Edge computing will play a pivotal role in the future of
machine learning. With the proliferation of IoT devices and the need for real-time
processing, machine learning models will be deployed at the edge, enabling faster

decision-making and reduced reliance on centralized data centers.

Al Ethics and Responsible AI: Ethical Al frameworks and guidelines will gain
prominence, addressing bias mitigation, fairness, transparency, and accountability.
Future developments will prioritize responsible Al practices, ensuring Al systems

benefit society without unintended consequences.

Continuous Model Monitoring and Adaptation: To maintain model accuracy over
time, continuous model monitoring and adaptation will become standard. This approach
will involve real-time data analysis, retraining models as data evolves, and automatic

deployment of updated models, ensuring sustained performance and relevance.

Finally, Machine Learning has become instrumental in modern traffic management,
revolutionizing urban transportation. ML models excel in predicting traffic patterns by
analyzing historical data, real-time information, and weather conditions, enabling
proactive congestion management and efficient route suggestions to drivers. Traffic
lights are optimized dynamically using ML algorithms, reducing wait times and easing
congestion. ML-driven navigation apps provide real-time route planning, considering
accidents and closures, thus minimizing travel time and fuel consumption.
Additionally, ML is used in parking systems to guide drivers to available spots,
reducing search times and traffic congestion, while optimizing public transportation

schedules for smoother commuting experiences.
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Annexure



HYPOTHESIS -1 SURVEY
QUESTIONS

. Age of Participant.

. Gender

. City of Residence:

. Are you aware of the concept of smart cities ?

a) Yes
b) No

. Have you used any smart transportation technologies in your city ?

a) Yes
b) No

. Which of the following smart transportation technologies being used ?

a) Al-Based Systems

b) Fog Computing

¢) IoT-Based Traffic Prediction Models

d) Machine Learning-Based Traffic Prediction Models

. How would you rate the reliability of public transportation in your city ?

a) Low
b) Moderate
c) High
d) Very High

. How would you rate the effectiveness of smart transportation technologies in

enhancing the transportation system for smart cities ?

a) Low
b) High

. Do you have any additional comments or suggestions regarding smart

transportation technologies in smart cities ?
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Abstract: Cities are developing with boundless boundaries, Policymakers and urban organizers are investigating
ways to address smart Infrastructure in smart cities such as smart water management, Environmental monitoring,
Green spaces, smart waste management, smart commuting, smart solution to traffic congestion and hassle-free day-
by-day transportation. Smart commuting may be a key component of the smart framework, which points to making
strides in efficiency, security, sustainability, and by and large quality of life in urban and country regions. Smart
commuting leverages innovation and data-driven solutions to upgrade different angles of the transportation
framework. Development in innovation such as loT, Artificial intelligence, and Machine learning has invented
various solutions for smart commuting in smart cities. Smart cities contribute capital in the present day and effective
public transportation frameworks, including buses, metro, and rail systems. These frameworks regularly
incorporate Traffic Monitoring, real-time tracking, ticket sales prediction, remote door unlocking, seat availability
prediction and other advanced innovations to make commuting more helpful. Our paper investigate and discuss
various ML algorithms and techniques to address traffic congestionproblems in smart cities using traffic prediction
methods.

Keywords: Classifiers,tomtom; Precision; Recall; TP Rate; FP Rate; Bayes, Naive Bayes, Random Forest.
INTRODUCTION

Machine learning algorithms can be very effective in designing models for solving traffic congestion problems.
They can help with various aspects of traffic management and optimization by analyzing historical data, making
predictions, and making recommendations.
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e, Data Algorithms
I
‘2 \ NewData | Predictions
N 4

Figure 1 Model Devising

Some of the common cases are Traffic predictions, Traffic flow management, Demand Management, Parking
optimization. Traffic prediction and control systems in smart cities are essential for managing urban congestion and
improving overall transportation efficiency. Various machine learning and loT-based models have been developed
to address these challenges. Some of the existing approaches in this field are shown below.
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IoT devices and sensors deployed across road networks can collect real-time data on traffic flow, vehicle speeds, and
occupancy. By analysing this data, traffic prediction models can provide accurate and up-to-date traffic forecasts.
Using real-time traffic data collected from IoT sensors, adaptive traffic signal control systems can adjust signal
timings based on current traffic conditions. These systems aim to minimize congestion and improve traffic flow
efficiency. By combining machine learning-based traffic prediction models with control algorithms, predictive
traffic control systems can anticipate traffic conditions and adjust signal timings proactively. These systems help
prevent traffic jams before they happen. Predictive machine learning models for smart transportation systems
integrate data from various sources, including traffic cameras, GPS devices, and weather forecasts, to predict traffic
congestion, optimize routing transit routes, increase the efficiency of public transportation, and improve the overall
transportation experience. By analysing real-time and historical data, these models offer solutions such as traffic
rerouting, recommending efficient logistics routes, forecasting public transport demand, improve security,
revolutionizing the way transportation is managed and transform urban mobility for the better.

MACHINE LEARNING MODELLING

The machine learning algorithm includes the following steps for analysis.

1) Data Collection: IoT devices collect data from various sensors, such as traffic cameras, GPS devices, motion, or
light sensors. The data can be collected continuously or at regular intervals and transmitted to a central server or

cloud platform for processing.

2) Preprocessing: Raw data collected from IoT devices often requires preprocessing to remove noise, handle
missing values, or normalize the data. This step ensures that the data is in a suitable format for further analysis.

3) Feature Extraction:Feature extraction involves identifying and extracting relevant features from the pre-
processed data. Features are specific measurements or characteristics that capture the essential information for
the intended analysis or application. For example, in a smart commuting, features could include speed,
Num_Reads, Hour, Zip Codes, Region, Bus Count.
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4) Selection and Dimensionality Reduction: Depending on the application, it may be necessary to select a subset of
features or reduce the dimensionality of the data. This step aims to eliminate irrelevant or redundant features,
improving computational efficiency and reducing the risk of overfitting in machine learning models.

5) Data Integration: In some cases, data from multiple IoT devices or sources may need to be integrated to derive
meaningful insights. Integration can involve combining data from various sensors, time synchronization, or
merging data from different locations or devices.

6) Data Analytics: Once the relevant features have been extracted and processed, various analytics techniques can
be applied to gain insights or make predictions. This can include statistical analysis, data mining, machine
learning algorithms, or artificial intelligence models.

7) Visualization and Reporting: The processed data and analytics results can be visualized using charts, graphs, or
dashboards to provide a clear representation of the information. Visualizations aid in understanding patterns,
trends, or anomalies in the data. Additionally, reports or alerts can be generated to notify users or stakeholders of
important findings or events.

8) Real-Time Processing: IoT systems often require real-time processing to enable timely decision-making or
immediate actions based on the collected data. Real-time processing involves analysing data as it arrives and
generating responses or triggers in near real-time.

9) Feedback Loop: The insights or actions derived from the processed data can be used to provide feedback and
optimize the IoT system's performance. For example, adjusting sensor thresholds, improving predictive models,
or triggering automated responses based on the analysis results.

Overall, feature extraction and data processing using IoT play a crucial role in transforming raw data collected from
IoT devices into meaningful information and actionable insights for various applications such as smart homes,
industrial monitoring, healthcare, or environmental monitoring and traffic management. Using Rank and percentile
approach for the feature selection the following six features were found to be most relevant attributes for the data
analysis and modelling.

Table 1 Rank and percentile

SI. No. Attribute Selection
Attribute Name Rank Percent
1 Speed 1 95.00
2 Num Reads 1 95.00
3 Hour 3 85.00
4 Zip Codes 3 85.00
5 Region 5 55.00
6 Bus Count 5 55.00

To analyse different prediction models, performance metrics such as TP Rate, FP Rate, precision and recall were
used. These parameters are derived from a confusion matrix that shows the different ways in which the classification
model gets confused when making predictions.

True Positive (TP) as in [11]refers to the number of predictions where the classifier correctly predicts the positive
class as positive.

True Negative (TN)refers to the number of predictions where the classifier correctly predicts the negative class as
negative.
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False Positive (FP)refers to the number of predictions where the classifier incorrectly predicts the negative class as
positive.

False Negative (FN)refers to the number of predictions where the classifier incorrectly predicts the positive class as
negative.

Actual Values

Positive (1) Negative (0)

el
_§ Positive (1) TP FP
>
©
@
S
g Negative (0) FN TN
a

Figure 3 Confusion Matrix
ML PREDICTIVE MODEL ANALYSIS (LOW TRAFFIC)

Predictive machine learning models for smart transportation provide insights and data-driven solutions to solve
complex urban mobility challenges. These models leverage large data sets from traffic sensors, GPS devices, and a
variety of sources to predict traffic patterns, optimize routes, and improve public transportation systems. By
leveraging real-time and historical data, they enable more efficient traffic management, reduce congestion, improve
user experience, and promote sustainable transportation practices. Furthermore, these predictive models have the
potential to play a central role in shaping future transportation policies and infrastructure developments for smarter
and more accessible cities. The Weka tool is used to analyze Nine different classification machine learning
algorithms. For the analysis of various predictive models, the performance measure like TP Rate, FP Rate, Precision
and Recall were being used. Udaipur data set extracted from tomtom Server as in [12]was used with following
features to analyze Machine Learning algorithms.

Table 2 Classifiers Performance Measure

SI. No. Class Label: Low Traffic

Classifier TP Rate FP Rate Precision Recall
1 Bayes Net 0.976 0.000 1.000 0.976
2 Naive Bayes 0.971 0.060 0.996 0.971
3 Logistic 0.972 0.134 0.990 0.972
4 SMO 0.987 0.164 0.988 0.987
5 IBK 0.991 0.328 0.977 0.991
6 KStar 0.991 0.328 0.977 0.991
7 MultiClass Classifier 0.972 0.134 0.990 0.972
8 Random Forest 1.000 0.179 0.987 1.000
9 Random Tress 0.994 0.284 0.980 0.994

TP Rate as in[13]is used to measure the percentage of actual positives which are correctly identified by
modelAccording to the performance measure TP rate for class label: Low Traffic it was found that the highest true
positive rate was of the classifier Random Forest with value 1, followed by 0.994, 0.991 and 0.991 of Random Tree,
IBK and KStar respectively whereas the lowest TP rate was found to be of the classifiers Naive Bayes, Logistic and
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Multiclass with values 0.971,0.972 and 0.972 respectively. Overall, it can be interpreted the most appropriate
classifier based on the performance measure TP rate is found to be Random Forest. The "Random Forest" classifier
appears to perform exceptionally well, with a TP Rate of 1.000, indicating perfect performance in distinguishing
"Low Traffic" instances.
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Figure 4 TP Rate for Class Label: Low Traffic

FP Rate also known as Type - I error is used to measure the percentage of actual positives which are incorrectly
identified by model.Based on the performance measure FP rate for class label: Low Traffic it was found that the
lowest false positive rate was of the classifier Bayes Net with value 0.000, followed by 0.06 of Navie Bayes whereas
the highest FP rate was found to be of the classifiers IBK and KStar with values 0.328 each. Overall, it can be
interpreted the most appropriate classifier based on the performance measure FP rate is found to be Bayes Net with
lowest FP rate value.
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Figure 5 FP Rate for Class Label: Low Traffic

Precision as in [14] is the quality of a positive prediction made by the model. Precision refers to the number of True
Positives divided by the total number of Positive predictions.

. T
Precision = —% (1)
Tp+Fp

According to the performance measure precision for class label: Low Traffic it was found that the highest precision
value was of the classifier Bayes Net with value 1, followed by 0.996, 0.99 and 0.99 of Naive Bayes, SMO and
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Multiclass classifier respectively whereas the lowest precision value was found to be of the classifiers IBK and
KStar with values 0.977 each. Overall, it can be interpreted the most appropriate classifier based on the performance
measure precision is found to be Bayes Net.
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Figure 6 Precision for Class Label: Low Traffic

Recall as in[15]is the measures of how well a machine learning model can detect positive instances. It is also called
as Sensitivity.Sensitivity refers to the number of true positives divided by the sum of True Positives and False
Negatives. The model with high Sensitivity will have significantly fewer False Negatives.

e - _Tp
Sensitivity or Recall = T 2)

Based on the performance measure recall for class label: Low Traffic it was found that the highest recall value was
of the classifier Randon Forest with value 1.00, followed by 0.991 and 0.991 of IBK and KStar respectively whereas
the lowest recall value was found to be of the classifiers Navie Bayes, Logistic and Multiclass with values 0.971,
0.972 and 0.972 respectively. Overall, it can be interpreted the most appropriate classifier based on the performance
measure recall is found to be Random Forest.
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Figure 7 Recall for Class Label: Low Traffic
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ML Predictive Model Analysis (High Traffic)

SI. No. Class Label: High Traffic
Classifier TP Rate FP Rate Precision Recall

1 Bayes Net 1.000 0.024 0.753 1.000
2 Naive Bayes 0.940 0.029 0.700 0.940
3 Logistic 0.866 0.028 0.690 0.866
4 SMO 0.836 0.013 0.824 0.836
5 IBK 0.672 0.009 0.849 0.672
6 KStar 0.672 0.009 0.849 0.672
7 MultiClass Classifier 0.866 0.028 0.690 0.866
8 Random Forest 0.821 0.000 1.000 0.821
9 Random Tress 0.716 0.006 0.716

According to the performance measure TP rate for class label: Heavy Traffic it was found that the highest true
positive rate was of the classifier Bayes Net with value 1.0, followed by 0.94 , 0.866 and 0.866 of Naive Bayes,
Logistic and Multiclass respectively whereas the lowest TP rate was found to be of the classifiers IBK and KStar
with values 0.672 each. Overall, it can be interpreted the most appropriate classifier based on the performance
measure TP rate is Bayes Net.
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Figure 8 TP Rate for Class Label: Heavy Traffic

Based on the performance measure FP rate for class label: Heavy Traffic it was found that the lowest false positive
rate was of the classifier Random Forest with value 0.00, followed by 0.006 of Random Tree whereas the highest FP
rate was found to be of the classifiers Naive Bayes, Logistic and Multiclass with values 0.029, 0.028 and 0.028
respectively. Overall, it can be interpreted the most appropriate classifier based on the performance measure FP rate
is found to be Random Forest with lowest FP rate value.

According to the performance measure precision class label: Heavy Traffic it was found that the highest precision
value was of the classifier Randon Forest with value 1.0, followed by 0.889, 0.849 and 0.849 of Random Tree, IBK
and KStar respectively whereas the lowest precision value was found to be of the classifiers Logistic, Multiclass and
Naive Bayes with values 0.69, 0.69 and 0.7 respectively. Overall, it can be interpreted the most appropriate classifier
based on the performance measure precision is found to be Random Forest.

Based on the performance measure recall class label: Heavy Traffic it was found that the highest recall value was of
the classifier Bayes Net with value 1.0, followed by 0.94 , 0.866 and 0.866 of Naive Bayes, Logistic and Multiclass
respectively whereas the lowest recall value was found to be of the classifiers IBK and KStar with values 0.821
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each. Overall, it can be interpreted the most appropriate classifier based on the performance measure recall is found

to be Bayes Net.
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Figure 9 FP Rate for Class Label: Heavy Traffic
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Figure 10 Precision for Class Label: Heavy Traffic
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Figure 11 Recall for Class Label: Heavy Traffic
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SUMMARY

The major findings related to the comparative analysis of machine learning predictive models using Weighted Sum
Model (WSM) approach is shown below.

Random Forest is the best and most appropriate classifier for traffic congestion control and traffic flow as it is
having the highest score of 0.98.

Bayes Net is the second most appropriate algorithm with score of 0.6530

The third best classifier being identified is SMO with score of 0.4871.

For predicting the Udaipur traffic flow Random Forest is the most appropriate algorithm.

Table 3 Weighted sum model

Classification Models Score (Weighted Sum)
Random Forest 0.9800
Bayes Net 0.6530
SMO 0.4871
Random Tree 0.4110
Naive Bayes 0.3111
KStar 0.1745
Logistic 0.1406
MultiClass Classifier 0.1406
IBK 0.0679

CONCLUSION AND FUTURE WORK

Machine learning algorithms provide powerful capabilities for a variety of tasks when provided with high-quality,
validated data. Maintaining model accuracy over time requires continuous model monitoring and adjustment. This
approach includes real-time data analysis, model retraining as data evolves, and automatic deployment of updated
models to ensure sustained performance and relevancy. A K-fold cross-validation approach is required. A fold is a

set

of records in a dataset, and k is the number of folds that affects the performance and reliability of the model. In

general, higher values of k increase variance and computational cost, but decrease bias.Furthermore, Data Analysis
with class label of different traffic densities apart from Low Traffic and high traffic will increase the accuracy and
reliability of the model.
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Abstract. Certificate Authentication is a big challenging task in socio economic country like
India. 28 states and 8 union territories with diversified cultures and languages makes it big
voluminous task. There is urgent need to automate this authentication task. This paper
proposes the cloud based certificate authentication. Google cloud services are used to
automate authentication process. Vision API and flask framework is explored which allows
developers to easily integrate vision detection features within applications including Image
labeling, Face and landmark detection, Optical character recognition , Tagging of explicit
contents. The proposed arrangement make use Cloud Vision API optical character
recognition to infer presence of required fields in scanned pdf. Recognized fields will be
communicated in the output report.

Keywords: Caste Authentication, Google cloud vision, Open computer vision, Optical
character recognition, APISetu, Google Cloud Vision, Application program interface, Cloud
bucket.

1 Literature review

H. Gaikwad, N. D’Souza, R. Gupta and A. K. Tripathy(2021) found millions of
students every year go through lengthy and cumbersome process of document
verification for their higher studies. This results in significant overhead as
documents are transferred between institutions for verification. There is a need for
an automated credential verification system which can reduce the time required for
the document verification process. They have used Blockchain Technology that can
be used to reduce overhead and reduce the time taken for document verification



from days to mere seconds.

Jignasha Dalal Meenaland Chaturvedi Himani Gandre and Sanjana
Thombare(2020) proposed solution of biometric to access all the previous degree
certificates of a students using blockchain. The students will submit the hash of their
biometric and a unique phrase. This hash will be stored on the blockchain. The
degree certificate for a student will be issued by the college authorities. They will
upload the hash of digitally signed certificate on the blockchain. They proposed to
link documents with person’s identity without involving a third party.

D. Vaithiyanathan and M. Muniraj(2019) has worked on “Cloud based Text
extraction using Google Cloud Vison for Visually Impaired applications”. They
have designed assistive device called smart reader that is capable of capturing an
image from a camera and extract the text from the captured image. Text is converted
to speech as voice based output to assist the visually impaired people.

2 Introduction

This paper will emphasize on Google services and it’s API for developing cloud
based certificate authentication system. Manual authentication of certificates for
senior citizens, students & citizens belonging to certain gender and community
becomes sometimes confusing and time consuming. The inspector who validates
documents for giving travel concession needs substantial amount of proof and
supporting documents to authenticate certificates. Citizens specially senior citizens
sometimes have to face stressful situation due to delayed and cumbersome
authentication process. Recently Maharashtra state in India has given complete state
transport travel free to senior citizens above 75 years. Our proposed solution
consists of a cloud web app which will have a front-end to get applicant details,
certificate submission and requesting authentication, along with a Google cloud
backend which will have three modules: An OCR API module to extract applicant
details from certificates, An compare module to compare extracted details with
submitted details and a report module to send and display authenticated data stored
in the cloud storage. Google cloud is acting as third party trusted centralised
authority which provides software as service and centralized storage for
authentication of certificates against distributed systems which uses blockchain
technology to authenticate academic certificates[1].

With the advancement in the field of computer vision Artificial intelligence it is
possible to extract text using OCR[2]. Pattern recognition technique in optical
character recognition provides accurate results in extracting text from the various
document formats such as JPG & PDF. Automation of authentication process
reduces the administrative overhead by minimizing the use of paper and curtailing



the verification process. It provides a Real-Time verification module enabling
agencies to verify data directly from issuers after obtaining user consent[3-10].

The proposed certificate authentication model for travel concession is Organized
into following sections, Authentication System, System Design, Experimental
Results, Summary, Conclusion and Future Work.

3 Authentication System

The main aim is to develop quick and easy to use cloud based certificate
authentication system which uses centralize cloud SQL database to compare OCR
API extracted features with the stored features collected from user with the help of
front end designed using HTML and JavaScript. Google cloud vision OCR
Functions are used to recognize the text in pdf document and are used to convert
pdf image into accessible electronic text[10-17].

To overcome the drawback of fraudulent intentions of applicant and forged
documents two level Authentication system Local Level and Government Server
level is proposed as in Fig 1.

Authentication

e

Local Level Government Level

Fig. 1. Authentication types
3.1 Local Level Authentication

For Local level authentication OCR extracted text is compared with the stored cloud
SQL database. Cloud SQL is Fully managed relational database service for MySQL,
PostgreSQL, and SQL Server with rich extension collections, configuration flags,
and developer ecosystems. Cloud SQL has many advantages like reduced
maintenance cost, fully reliable and secured 24/7 service, server instances can be
scaled effortlessly when demand increases.

3.2 Government Level Authentication

After successful comparison of all required attributes second level is proposed
which has some government restrictions like GST Number. For Government server
level APISetu or uidia.gov.in site can be used. APISetu provides single platform
access to information from multiple sources. It can be used for a variety of use cases
such Know Your Client (KYC) and other authentication services.



4 System Design

The cloud web application program is designed to authenticate local fields like
Certificate type, name of applicant, state, Aadhaar card, Date of Birth, Age &
School name. Front end is designed in HTML and backend code is written in python
and flask framework.

Google Cloud vision API technology identify the content of an image with the
help of powerful machine learning models. REST API in Google Cloud Vision API
enables developers to understand the content of an image by encapsulating powerful
machine learning models. It has powerful pre-trained machine learning models. It
offers powerful image analysis, insight from your images, detect and classify
multiple objects including the location of each object within the image. & detect
required content. It can read printed and handwritten text, and build valuable
metadata into your image Cloud vision API can be used with Auto ML Vision to
automate the training of your own custom machine learning models. These models
can be optimized for accuracy, latency and size.

Google Cloud vision Al is designed to understand text with pre trained vision
API models. The research motivation and the will to explore more about Cloud
vision API is created after knowing the applications of the big companies like New
York Times and box. New York Times is using Google cloud to preserve the visual
history by finding out many untold stories in millions of archived photo’s & Box
company is using image recognition and OCR API of Google Cloud vision for
content management. Cloud vision technology has enabled New York Times to
unveil more than a century of global events that have shaped our modern world. The
New York Times built a processing pipeline that stores and processes the photos
and will use cloud technology to process and recognize text, handwriting and other
details that can be found in the images. Box company extracted printed words from
the scanned image and then returned labels and recognized characters in JSON
responses. Fig. 2 shows the System Design.

- ( Google Cloud
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Fig. 2. Uploading credentials

Since certificate authentication is most widely used for students bus fare concession,
Senior citizen bus fare in india therefore sample student certificates, Aadhaar card



and senior citizen Aadhaar card were selected for developed cloud based software
testing. Another area where certificate authentication is used for students belonging
to Schedule caste, Schedule Tribe and Other backward class category in India.

Front end is designed using HTML forms to get required details / records from
the student. All these records are maintained in cloud SQL tables. Cloud SQL is
fully managed relational database service for MySQL, PostgreSQL, and SQL
Server with rich extension collections, configuration flags and developer
ecosystems. It provides reliable, secure and scalable solution for cloud data base
which ensure that operations should run 24 * 7 for 365 days without any disruptions.
Cloud SQL automates all your backups, replication, encryption patches, and
capacity increases—while ensuring greater than 99.95% availability, anywhere in
the world.

Three cloud SQL Tables, Testify table, Reference Table and Flag Table were
created using SQL CREATE TABLE Query command and used for HTML form

backend storage.

4.1 Testify Table

Table 1. Testify table

Aadhar Card | Date of Age School

Name | Emailid | State Number Birth Name

Testify table stores personal details of applicant like name, Email id, state, Unique
identification number (Aadhaar card), Date of Birth, Age, School name.

Unique id Aadhaar Card Number is the key which is used to search particular
record in Testify table. To make system more easy to use and user friendly, another
search options are also included. Different ways SQL data can be searched from
Testify table are, Search by Aadhaar Card Number , Search by Name , Search by
Email id and Search by School Name.

4.2 Reference Table

Table 2. Reference table

Aadhar Card

5 File Name Certificate
Number -

ope

Reference table was created with the aim to provide reference for caste certificate
file storage in Google Cloud storage buckets. Reference table helps designed code




to understand which certificates are uploaded in backend. The Null entry in
Certificate type column indicates that file is not uploaded in cloud bucket. Code can
be designed to send email message “Certificate type not uploaded” to applicant.

4.3 Flag Table

Table. 3 Flag Table
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Flag table was created to mark different conditions of file upload to know whether
required caste certificates for authentication are loaded or not. Flags in flag table
are basically sequence of pre-defined binary bits which holds true / logic 1 when
required certificates are uploaded and false / logic 0 when required certificates are
not available in cloud storage bucket.

4.4 Process Model

Process flow is depicted in Fig.3 When user types URL on address bar of Browser,
it get’s designed HTML index Form for inputting data like Name, Email id, state,
Aadhaar card Number, Date of Birth, Age, School name. All these details are loaded
in Testify table ( Table 1 ). Upon pressing next button in HTML index Form it will
display another form to upload required scanned pdf files like Aadhaar card & Bus
ticket conession application form. All these pdf files will be loaded in Google cloud
bucket which is created in Google cloud storage. Once the files will be loaded in
Google cloud bucket then reference table ( Table 2) will be updated with Aadhaar
card Number, File name prefixed by Aadhaar card Number & Certificate type. To
know whether applicant has uploaded required document or not flag table is
updated with logic 1 for particular document. Logic is shown in (Table 3). Main
Program in Google cloud will read Upload Flag for particular certificate from
Flag_Table and will invoke OCR API code for reading Certificates.



OCR API has async batch annotate files() annotation function which detect
text and image for a batch of generic files, such as PDF documents at once. This
function can be invoked in python language by importing vision module from
google cloud which will generate unstructured data which is stored in Blob list.
Blob is object storage solution for the cloud. It is optimized for storing massive
amounts of unstructured data such as text or image binary data. Blob data is
converted into JSON string data, which is finally converted into text format to
search required text field is present or not.

Training code is required to train designed software about the format used in the
uploaded document. Execute Verify function to find required text field is available
as per trained model. If required text (name, state, city, date of birth, age etc) is
found then document verified flag will be updated to logic 1 and output report is
generated where the verified column holds identified / not identied condition.The
fields identified will be notified in “Fields verified” column.
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Fig. 3. Design Flow chart



5 Experimental Results

5.1 Front end Dashboard

DOCUMENT VERIFICATION PORTAL

l The last date to fill the form is 31122022 The last date to fill the form is 31/122022 The [ast date to fill the form is 31/1272022 |

I
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Fig. 4. Front end

Snap shot of front end is given in fig 4. The objective of front end is pleasent and
convenient user interface. Front end has three menu options, Dashboard, Search
and Reports. Dashboard has designed HTML form to take applicant details and tab
for Document Upload. All entries are recieved from user are loaded in SQL
testify table of SQL instance data base as shown in Table 4.

Table. 4 Flag Table

40 | 26/10/2

55654 | 01/1
i

After Applicant details are entered, user is prompted to upload Aadhaar card and
concession form details as shown in fig. 5. Due to functional limitations we have
restricted file upload to pdf only. With modification other files format upload can
also be allowed. After uploading, documents are stored in Google cloud bucket and
designed code will update Reference table with the details as shown in Table 5.



DOCUMENT VERIFICATION PORTAL

Upload Following files for Bus Concession:

Aadhaar Card: e rie o dhiesen

Applicant Concession form: s sie e fie chosn

[ NEXT J

Fig. 5. Document upload

Table. 5 Flag Table

Aadhaar card Number

95155740
52729515565

5.2 Front end Search

Effective search always improve productivity, enhances decision making and makes
management easier. Fig. 6. Shows search options.

DOCUMENT VERIFICATION PORTAL

DashBoard “Seamli! Reports DUMMYZ

SEARCH - OPTIONS

Select Search_tvpa ~ | SUBMIT
Sarbonct D

Fig. 6. Search options



Different search options enable administrator to search records by Aadhaar card
Number (Unique identification number), Search by Name, Search by Email id and
Search by School Name.

5.3 Front end Reports

Reports gives you real time information at your finger tips and improves speed in
decision making. Efficient reports always save allot of time and makes management
easier. If required fields in certificate are not authenticated or wrong certificates are
uploaded then software is generating output shown in fig. 7. Output for correct
certificate upload is shown in fig. 8.

Certificate Type |[Verified [Fields Verified
Aadhaar Card x g‘:'ﬂ: . Aadhaar Card Number
sApplic:tS)? ;‘:-s:n x Name, State, Age , School name

Fig. 7. Report with wrong certificate upload

Certificate Type ||V [Fields Verified

Aadhaar Card V Is\';;e , Aadhaar Card Number

Name, State, Age ; School name

Student Concession
Application Form v

Fig. 8. Report with valid certificate upload

6 Summary

To overcome misery of slow and manual authentication work and to keep pace with
emerging trends and innovation this project was selected. This project has explored
the world of artificial intelligence to uplift society by revolutionizing smart work
culture in society.

There was big question in front of us whether to develop independent PC
Application or to develop cloud based software. Looking at several merits like
scalability, availability, advance security, data loss prevention and collaborative
work environment the cloud project was selected. There are four major cloud
service providers in the world, Microsoft AZURE, Amazon Web Services(AWS),
IBM cloud services and google cloud platform (GCP). Google cloud platform was
selected due to its economical charges and localised services.



Artificial intelligence computer vision technology has opened doors for various
innovations, image to text conversion using OCR API is one of them. various
functions are developed in cloud technology to convert single or group of images
into text. Various formats like PDF and JPEG are converted into JSON formats and
finally into text formats for editing, this text can be used to compare with required
fields for getting desired results. Lakhs of images can be converted and compared
in very less time using cloud technology, which is practically not possible for human
being.

7 Conclusion and Future Work

We have investigated use of Google cloud vision Al - API for certificate
authentication. This cloud automation will simplify authentication process of
concession issuing authority up to great extent and speed up process of issuing
concession in smart cities. The main practical limitation of this project is second
level authentication, which is not possible without the help of Government servers.
With the help of Govt API available on site https://www.uidai.gov.in/914-
developer-section.html we can opt for second level authentication also in future.
Face detect feature of Google cloud vision AI — API can be explored for better
results in future. Allot of work is in progress in cloud vision API and cloud
technologies. Government of India vision for NRC ( National register for citizens)
will speed up cloud authentication and automation.
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Abstract

In every New financial year Company propose Advertisement Budget
to improve their sales. Estimation of Advertisement Budget is not easy
task as it involves financial parameters. Managers are always
interested to know prediction model for sales which is function of
Advertisement expenses.

This paper will develop Sales prediction model using simple linear
regression. The model will be built using the training dataset to
estimate the regression parameters. The method of Ordinary Least
Squares (OLS) will be used to estimate the regression parameters using
python. Regression model will be validated to ensure goodness of fit
before it can be used for practical application. The single variable
regression is the limitation of this model. In future multiple variables
can be calculated using multiple linear regression model using python.

Keywords:

Simple linear regression, Ordinary Least Square (OLS), Training &
validation data, Sum square regression (SST), Total sum of squares
(SSR).

Introduction

This paper will develop sales prediction model using Simple Linear
regression. sales prediction has two main methods(1) Qualitative
method, (2) Quantitative method [3].Some of the Qualitative methods
are Expert's Opinion Method, Sales Force Composite Method, Survey
of Buyer's Expectations, Historical Analogy Method, Jury of
Executive Opinions & Leading Indicators Method.

Some of the Quantitative methods areTest Marketing, Time Series
Analysis, Moving Average Method, Exponential Smoothing Method,
Regression Analysis&Econometric Models.

This paper will explore sales prediction using regression analysis due
to its lower time complexity as compare to some of the other algorithm,
Furthermore, these models can be trained easily and efficiently even on
systems with relatively low computational power when compared to
other complex algorithms. Building a regression model is an iterative
process and several iterations may be required before finalizing the
appropriate model [2]. Regression model is Organized in following
sections.
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@Section—1I: Simple Linear regression
@Section—I1I: Ordinary least square(OLS) Method.
@Section—I1I: Results& Model Diagnostics.
ASection—1IV: Conclusion

Simple Linear Regression

Simple linear regression (SLR) is a statistical technique
which uses the existence of an association relationship
between a dependent variable (outcome variable) and an
independent variable(predictor/feature variable).

The functional form of SLR is as follows

Yi=p0+pl Xi+ei (1)

SSE= Y., & =ZLi(% —Bo— AuXy)

The estimated values of regression parameters

with respect to Py & P; and solving resulting

estimated parameters are given by

(x;-X)(¥;-¥)
= bt et s Ll
31 §=1 ‘x"—i}z
)éu =Y _512 (5)

Where

Yi=Value of the ith observation of the dependent variable
Xi=Independent variable of ith observation

ei=random error (residuals) in predicting thevalue of Yi
B0 & B1 =regression parameters

Ordinary least square (OLS) Method

Equation (1) can be re written as

ei=Yi-B0-B1 Xi 2)

The regression parameters B0& P1 are estimated by
minimizing the sum of squared errors(SSE)

are given by taking partial derivative of SSE

equation for the regression parameters. The

(4)

Where B, &, are estimated values of the regression parameters p; & Po and X , ¥ are mean

values of X & Y.

A. Data Source

Sample Data is taken from Advertising Ratios & Budgets provided in annual report by

Schonfeld & Associates, Inc [6]. which covers over 2,400 companies and 320 industries with

information on fiscal 2018 and 2019 advertising& revenue spending.

For OLS Analysis total 52 sample companies data is taken from 12 different industries.
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Table - 1 shows the sample percentage revenue growth & percentage advertisement growth
for Electromedical & Electrotheraputic Appartus.

Growth is taken from Adv Grw & Rev Grw
2018 to 2019 are in %
Sr.No Company Ad Grw Rev Grw
Adm Tronics
1 Unlimited, Inc. -3.88 -19.58
2 Axogen, Inc. -85.78 2113
2 Biolife Solutions Inc 43.33 38.64
4 Cutera Inc 0 11.67
5 Digirad Corp 0 9.6
6 Edap Tms Sa -2.7 8.51
7 Electromed, Inc. 21.52 10.57
Escalon Medical
8 |  Cop | 2222 LiseT
- FonarCorp | -11.37 6.96 :
10 Iridex Corp -40 1.99
11 Masimo Corp -21.43 9.27

Medifirst Solutions,
12 Inc.

-92.13 -2.73

Table — 1:Data Source[6]: June 2020 Sample data of
Advertising Ratios & Budgets from Schonfeld-Associates-
Inc-v417 of Market Research.com

We will develop an simple regression model to understand
and predictpercentage sales revenue growth on the
percentage advertisement growth.

B. Creating Feature Set(X) and Outcome Variable(Y)
Using Python

The OLS model takes two parameters Y and X.In our
example percentage advertisement growth will be X and
percentage sales revenue growth will be Y.We will split
data set into two sets, training & validation set. Trainng set
will be used to train algorithm to predict output. Validation
set will be used to test accuracy & efficiency.

C. Python for Building Regression Model

Python language is used as tool for building regression
model for sales prediction. The statsmodel library isused in

www.pbr.co.in

Python for building statistical models. OLS(Oridnary least
square) API available in statsmodel.api is used for
estimation of parameters for simple linear rgression model.

D. Splitting the Dataset into Training and Validation
Set

The data is divided into two subsets training data set and
validation data set. The proportion of training dataset is
usually between 70% and 80% of the data and the
remaining data is used for validation data. We have taken
train_size = 0.8which implies that 80% of the data will be
used for training the model and remaining 20% will be used
for validating the model. The records that are selected for
training and test set are randomly sampled using python
functions which returns four variables as shown below.

train_X = feature values of the training set
train Y =response values of the training set

test X =feature values of the test set
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test_Y =response values of the test set E. Findingestimated parameters

Regression parameters £,&p, are estimated from equations (4) & (5) using Python functions as tool.

F. Fitting the Model

Linear regression calculates an equation that minimizes the distance between the fitted line and
all of the observed data points. Technically, ordinary least squares (OLS) regression minimizes
the sum of the squared residuals. In general, a model fits the data well if the differences between
the observed values and the model's predicted values are small and unbiased.

G. Co-efficient of Determination (R-Squared ' R?)

R-squared is a statistical measure of how close the data are to the fitted regression line. It is
defined as

2_ 4 _ sum squared regression (SSR)
— total sum of squares (SST) ©)
R2 =1- 20';—9;)’ {7)
Z0-y)?

SSR = The sum squared regression (SSR) is the sum of the square residuals (y; — y;)?. Residual
is the difference between observed value y; & estimated value y; as shown below in Fig - 1.

Akmnuc(irowth
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Fig — 1: Residuals as function of Actual value & estimated value

SSR=E(; —9)? “er te T ted (®)
= square sum of variations w.r.t to estimated value

SST = total sum of squares is the sum of the distance the data is away from the mean (central

tendency)

all squared as shown below in Fig - 2.
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Fig — 2: Residuals as function of Actual value & Mean value
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Pacific Business Review (Intemational)

The above equation indicates that R2 is directly
proportional to difference between the square sum of
variations in y w.r.t mean and square sum of variations iny
w.r.testimated value.

Not good fit:

Smaller R2 value indicates that SSR value is large and close
to SST which indicates that variation in y w.r.t estimated
value is large & close to variation iny w.r.t mean, which is
not good fit.

Good fit:

Large R2 value indicates that SSR value is very small
(actual values of y are close to estimated values of y) and
not close to SST, which indicates that variation in y w.r.t
estimated value is not close to variation in y w.r.t mean,
which is a good fit.

Results & Model Diagnostics
A. Estimated Model

Using python as tool parameters of regression model are
calculated as shown below.

Using 80% training data set
¥ Constantf, = 6.101
¥ Regression coefficient ﬁ’l = 0.160

The estimated model can be written as

Yi= o+ p1 Xi(11)

Rev Grw(%) = 6.101 + 0.160 * ( Ad Grw(%) )

B.Interpretation of Estimated Model

Model estimates that 1% Ad Growth will increase Revenue
by 0.160 %. For example, if the sales revenue was 2 Million
in year 2018 then according to our model sales revenue in
year 2019 will increase by 0.0032 million i.e. estimated
sales revenue can be 2.0032 millions that is rise 0of 3200/- in
revenue.

C.Model Diagnostics (Validation)

Before using regression model in practical applications, it
should be validated & tested for goodness of fit. We will be
using Co-efficient of determination (R-squared) method to
determine goodness of fit. Using python as a tool following
value of R2 is calculated

R2=0.208
According to Cohen — 1992 [9] r-square value 0.12 (12%)
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or below indicate low, between 0.13 (13%) to 0.25 (25%)
values indicate medium& 0.26 (26%) or above values
indicate high. Our model explains 20.8% of the variance in
the validation set, so it is reasonably good fit.

Conclusion

The simple linear regression model using ordinary least
square (OLS) method shows functional relationship
between the outcome variable (Sales revenue growth in %)
and the feature (advertisement growth in %). The model
validation is investigated using R2 technique to ensure
goodness of fit.while an R-square as low as 10% is
generally accepted for studies in the field of arts,
humanities and social sciences because human behavior
cannot be accurately predicted, therefore, a low R-square is
often not a problem in studies in the arts, humanities and
social science field. There are various other control
parameters which affects the value of R-square. Therefore,
in order to extend scope of this research various social
science characteristics like age, gender, motivation
towards product and festive season should be included as
control variables in analysis.
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