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Abstract

In recent years, Intelligent Transport Systems (ITS) have rapidly evolved,
driven by the increasing demand for improved transport network management and
advancements in computing. ITS encompass a wide array of applications,
necessitating proactive strategies and predictive data fueled by artificial
intelligence and big data. This dissertation focuses on developing precise short-
term traffic prediction models, particularly for traffic density, with the aim of
bolstering urban transport planning and empowering individual travelers,
potentially revolutionizing urban traffic control and planning.

The problem at hand revolves around the imperative need for accurate
short-term traffic predictions to facilitate proactive ITS applications and support
informed decisions by individual travelers. Current research predominantly
revolves around the comparison of machine learning methods while often
neglecting the integration of technical indicators into traffic density predictions.
The central challenge is to enhance prediction accuracy while comprehending the
impact of technical indicators on traffic density.

The dissertation's approach begins with a comprehensive review of data
prediction methods and delves into various machine learning techniques tailored
for short-term traffic prediction. It introduces three distinct models incorporating
data normalization to account for technical factors influencing traffic density. The
significant breakthrough arises from the integration of technical indicator features,
substantially bolstering regression accuracy. These models are rigorously tested
using real-world data from the M25 and M60 motorways under diverse traffic
conditions. Additionally, the study introduces an algorithm to assess level of
service (LOS) on an hourly basis, leveraging vehicle density data from the
Motorway Incident Detection and Automatic Signaling (MIDAS) system. This
approach combines technical indicators with machine learning models to classify
LOS accurately. Ground-truth LOS data is derived from stationary sensors,
showcasing the remarkable accuracy enhancement achieved through the
integration of technical indicators.

The dissertation's key findings underscore the transformative impact of
incorporating technical indicators, significantly improving traffic density
prediction accuracy by 86.63% for the M60 highway data and 68.2% for the M25
highway, regardless of the chosen machine learning approach. Furthermore, it
demonstrates the enhanced accuracy of LOS estimation (approximately 6.52%),
with potential applicability to highways in various geographical locations.



Finally, this research makes substantial contributions to the enhancement of
ITS applications and the overall efficiency of transport networks, yielding benefits
for both transportation agencies and individual travelers.
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Chapter One
General Introduction

1.1 Introduction

This chapter serves as an introduction, providing an overview of the chosen
research topic along with a brief background. This section addresses the topic of
motivation, outlines the research questions, and highlights the objectives and
contributions of the dissertation. According to Ritchie and Roser (2020), the global
urban population is projected to reach nearly 7 billion individuals by 2050, posing
complex challenges in transportation due to urbanization and widespread
automobile use, resulting in congested roadways and deteriorating traffic
environments. While increasing road capacity is a common solution, Dechenaux et
al. (2014) found that it could lead to more congestion. The concept of a smart city,
integrating advanced technologies such as 5G, artificial intelligence, Internet of
Things (10T), and cloud computing (Sun et al., 2020), offers a renowned solution
for future urban development. Smart cities can enhance resource management and
citizen living environments (Ghaleb et al., 2018), with ITS playing a pivotal role
(Younes & Boukerche, 2018). ITS, incorporating communication systems and on-
road sensors (Siddiqui et al., 2016), enables real-time road analysis, traffic control
efficiency enhancement (Younes & Boukerche, 2013), and fast vehicular cloud
services. Implementing ITS contributes to secure, sustainable, and comfortable
road environments (Rezende et al., 2012), necessitating precise traffic density
prediction systems (Rezende et al., 2014). These systems offer valuable insights
for ITS applications like VANET, vehicular cloud, traffic light control, and
congestion management.

The dissertation's focus is on developing machine learning models to predict
vehicle densities across different days of the week, addressing traffic congestion on
urban highways and its implications for vehicular communication. Short-term
traffic prediction, referring to estimating near-future traffic conditions
(Chikkakrishna et al., 2019), is essential in ITS. Congestion arises when traffic
volume exceeds road capacity, making ITS applications crucial. The ITS
Handbook (Miles & Chen, 2004) highlights ITS as an effective tool for congestion
management through traffic optimization (Cheng et al., 2020).

1



ITS is integral to assessing traffic conditions, utilizing measurements for
various purposes such as traffic operations, roadwork planning, queue evaluation,
and congestion management. The United States Highway Capacity Manual (HCM)
defines six LOS based on traffic density (Elefteriadou, 2016). Transportation
agencies seek real-time or historical hourly traffic data, typically collected via
various stationary sensors (Hargrove et al., 2016). LOS assessment primarily relies
on the density or volume-to-capacity ratio. This dissertation proposes a novel
methodology using vehicle density-based technical indicators to evaluate LOS on
urban highways, offering a new approach to analyzing traffic data characteristics
for congestion management.

1.2 Problem Statement

In recent years, the Intelligent Transportation System (ITS) has received
considerable attention due to higher demands for road safety and efficiency in
highly interconnected road networks. As an essential part of ITS, traffic prediction
can provide support in many aspects, such as road routing, traffic congestion
control, etc. (Boukerche et al., 2020).

Based on the above discussion, Sekuta et al. (2018) attempted to estimate
historical hourly traffic volumes, which transportation agencies need to perform
annual calculations of various network-level performance metrics. However, this
model faces the problem of estimating short-term future volumes.

Previous literature attempts to address the issue of traffic conditions
estimation problem, as attempted by Hoseinzadeh et al. (2021), using
Crowdsourced data. This study did not take into account the variability and
sensitivity of the methodology regarding seasonal influences such as holidays and
weekends. Moreover, vehicle density was not taken into account in the Level of
Service (LOS) measurement.



1.3 Research Questions

The central inquiry of this dissertation revolves around the development of
an integrated model capable of forecasting traffic congestion in VANETS. Based
on the inquiry at hand, it is possible to derive a number of subsidiary questions:

1- Can the utilization of machine learning techniques and neural networks yield
a viable short-term predictive model?

2- Can the application of technical analysis and its mechanisms result in the
development of a short-term predictive model that exhibits superior
performance compared to models that rely on traditional input?

3- Is it feasible to develop a predictive model that can accurately assess traffic
conditions using the LOS indicator?

4- Can the utilization of technical analysis indicators be employed in the
construction of a classification machine learning model that effectively
characterizes traffic conditions by utilizing the level of service indicator?

5- Can machine learning algorithms be employed to ascertain instances of
unobstructed traffic flow or instances of traffic congestion?

1.4 Dissertation Aims and objectives

The main aim of this dissertation is to construct models that possess the
capability to forecast short-term traffic variables accurately, specifically traffic
density, on urban highway roads across various traffic scenarios. This is
accomplished following various subordinate objectives:

1- Utilizing machine learning techniques to construct a more comprehensive
prediction model.

2- Developing resilient traffic prediction models for urban highways that can
effectively forecast traffic patterns under diverse conditions and exhibit
location transferability for easy implementation.

3- Employing technical indicators that are commonly employed in financial
trading management and control to explore their potential applicability in
forecasting traffic congestion.

4- Constructing classification models that can accurately estimate the level of
service by utilizing technical indicators.



1.5 Dissertation Contributions

The primary objective of these models is to facilitate the identification and
implementation of strategies to alleviate or prevent traffic congestion. Each of the
proposed models consists of four stages. This dissertation makes several significant
contributions in comparison to the existing literature.

1- This dissertation represents the initial research endeavor to predict traffic
density utilizing specific technical analysis indicators as input variables for
the chosen machine learning and neural network models.

2- It is the first dissertation to use technical analysis indicators as input features
for the proposed classification models that determine traffic conditions
through the LOS index. The inclusion of these indicators is justified by their
strong explanatory capabilities and their ability to predict upward and
downward trends accurately.

3- The outcomes of this dissertation holds significant implications for
transportation agencies, researchers, and decision-makers. These findings
can serve as a reliable basis for making informed decisions aimed at
mitigating traffic congestion within the vehicular network.

1.6 Related Work
A comprehensive examination of prior research pertaining to the prediction

of traffic congestion was conducted. Based on the concerns elucidated in this
dissertation, this section is partitioned into three distinct components.

1.6.1 Machine learning-based traffic prediction approaches

The relevant papers are divided into several groups in terms of relevant
datasets, prediction techniques, prediction condition, methodologies, and
evaluation criteria. Their contributions to the field of traffic flow prediction are
substantial. To provide a more comprehensive representation, Table 1.1 presents a
summary of the comparative analysis of various machine learning method.

Rahi (2019) focused on the development of traffic flow prediction models for ITS
applications such as Advanced Route Planning and Traffic Control Systems. It
reviewed existing time series prediction techniques and evaluated various
machine learning models for predicting freeway traffic flow. The research



proposed an objective function that significantly improved prediction accuracy
by breaking down the traffic network into virtual patches and nodes. Among the
tested models, RNN variant LSTMs, combined with neural networks and Deep
CNNs, outperformed others. The study highlighted the importance of model
structure, data Preprocessing, and error matrices for achieving accurate
predictions. This framework showed promise in reducing error rates in
congestion predictions and travel time delays in real-time, aligning with the goals
of smart transport systems.

Liu (2019) aimed to enhance the reliability of short-term traffic flow prediction,
which is typically crucial for various applications. They extended the K-nearest
neighbors (K-NN) model to include prediction intervals to account for
uncertainty. Recognizing the stochastic nature of traffic, they also tested different
time intervals (ranging from 3 minutes to 30 minutes) for traffic flow rate
measurements. The results indicated that shorter time intervals (less than 10
minutes) favored K-NN for point prediction accuracy over the benchmark model,
suggesting its suitability for short-interval traffic flow prediction.

According to Sun et al. (2020), in recent years, there has been a growing interest
in using machine learning models in the automotive industry and academia to
support Internet of Vehicles (loV) applications, particularly in predicting traffic
and road conditions. These predictions were crucial for improving safety and
enhancing the quality of service for applications like safety and infotainment.
While there was a focus on improving prediction accuracy, it remained unclear
whether machine learning-based prediction schemes were suitable for real-time
traffic forecasting in the loV. To address this question, previous articles
conducted extensive studies to assess the efficiency of various machine learning-
based prediction models, considering both prediction accuracy and computational
time cost. The goal was to identify factors that might limit the use of these
models for real-time services in the oV environment.

Zheng et al. (2020) developed a deep learning model for short-term traffic flow
prediction in ITSs was discussed. The model combined convolutional neural
network (CNN) and long short-term memory (LSTM) networks, along with
attention mechanisms to extract spatial and short-term temporal features.
Additionally, a bidirectional LSTM (Bi-LSTM) module was introduced to
capture long-term temporal features. Experimental results demonstrated that this



hybrid model outperformed existing approaches in predicting traffic flow
accurately.

Chen et al. (2021) aimed to enhance short-term traffic flow prediction accuracy
by employing an improved wavelet neural network (WNN) model, providing
support for intelligent traffic management. It utilized WNN as the foundational
prediction model and optimized it through an enhanced particle swarm
optimization (PSO) algorithm. The experimental results of these previous studies
demonstrated that this approach was more efficient than using WNN or PSO-
WNN in isolation, resulting in a 14.994% reduction in prediction error compared
to traditional WNN.

Chen & Chaudhari (2021) introduced MIDAS, a reinforcement learning-based
method that aimed to enable autonomous navigation in urban environments.
MIDAS was designed to allow an Ego agent to influence the actions of other
vehicles. It utilized an attention mechanism to handle multiple agents and
incorporated a "driver-type™" parameter to enhance its planning capabilities. The
method underwent validation through extensive experiments, demonstrating its
adaptability to various road scenarios. It showcased the ability to generate
adaptive Ego policies, maintain robustness in the face of changes in other agents'
behavior, and outperform existing interaction-aware decision-making approaches
in terms of safety and efficiency.

Raskar & Nema (2022) proposed an enhanced prediction model for traffic flow
was designed using a Modified Hidden Markov Model (MHMM). The input
features considered for prediction via MHMM included "ATR, EMA, RSI, and
ROC." The modification in HMM was based on the optimal tuning of state
numbers using the Mean Fitness-oriented Dragonfly Algorithm (MF-DA).
Ultimately, the study compared and demonstrated the improvements achieved
with the implemented approach over conventional models.

Rajalakshmi & Ganesh (2022) aimed to forecast future traffic flow using time-
series models, with a focus on minimizing prediction errors with real-time data.
Hybrid models that combined autoregressive integrated moving average
(ARIMA) with multilayer perceptron (MLP) and recurrent neural network (RNN)
for traffic prediction using UK Highways data were proposed. The efficacy of
these hybrid models was assessed using various metrics, with promising results
(e.g., R2 values around 0.94 for peak hours).



Table 1.1: A comparative analysis of recent studies within the field of Machine Learning.

Ref.

Rahi (2019)

Liu (2019)

Sun et al.
(2020)

Zheng et al.
(2020)

Chen et al.
(2021)

Chen &
Chaudhari
(2021)
Raskar &
Nema,
(2022)

Rajalakshmi

& Ganesh
(2022)
Proposed
models

Prediction
Techniques

Support Vector
Machine,
Random Forest,
Etc.

K-Nearest Neighbor

Support Vector
Machine,
Artificial Neural
Netork,

Long Short-Term
Memory
Attention-based
convolutional - Long
Short-Term Memory

Improved particle
swarm optimization -
Wavelet neural
network
Reinforcement
learning-based
method
Hidden Markov
Model

(ARIMA — MLP),
(ARIMA — RNN)

Multi Linear
Regression,
Feed Forward Neural
Network,
Random Forest,
Markov chain

Dataset

Motorway
Incident
Detection
and
Automatic
Signaling
(MIDAS)
MIDAS

MIDAS

Performance

Measurement

System

(PeMS)

368 time
points were

recorded as a

case study
MIDAS

Performance

Measurement

System
(PeMS)
MIDAS

MIDAS

Prediction
condition

Urban
highway

Highway

Traffic
Monitoring
Unit
(TMU)
and
MIDAS
Freeway
and urban
road

Urban

Highway

Urban

Highway

Highway

Comb.
or
single
use
Single
and
comb

Comb.

Single

Comb

Comb

Single

Comb

Comb.

Single

Accuracy

RMSE=
0.179,
0.178

RMSE= 30

MAPE=
10.5,
12.4

8.4

RMSE=
15.56

MAE =
16.327

2.7

0.222

RMSE=
0.84,
0.81

RMSE=

0.1
0.6
0.8
2.2
(as average)



1.6.2 Estimating LOS based on Machine learning

The relevant papers are divided into several groups in terms of relevant data,
classification techniques, index used, and evaluation criteria. Their contributions to
the field of LOS estimation are substantial. To provide a more comprehensive
representation, Table 1.2 presents a summary of the comparative analysis of
various machine learning method.

Aljamal (2019) proposed a model for vehicle count estimation was introduced
using an adaptive Kalman filter (AKF) algorithm. The AKF was employed to
enhance accuracy compared to the traditional Kalman filter, effectively reducing
prediction errors by up to 29%. Furthermore, the study combined the AKF with a
neural network (AKFNN) to further improve vehicle count estimates, resulting in
a substantial accuracy boost of up to 26% compared to the AKF used in isolation.
The research also delved into investigating the sensitivity of the AKF model to
initial conditions, emphasizing the importance of selecting appropriate initial
parameters. In conclusion, both the AKF and AKFNN approaches outperformed
the traditional Kalman filter in the realm of vehicle count estimation.

Kodupuganti et al. (2019) established link-level travel time-based LOS thresholds
for urban areas utilizing large-scale travel time data sourced from GPS devices,
sensors, smartphones, and various other data-gathering devices. The study
integrated posted speed limits with raw travel time data within the context of
Charlotte, North Carolina, and computed several travel time metrics, including
average travel time, 95th percentile travel time (PT), planning time index (PTI),
and buffer time index (BTI), all categorized by posted speed limits. The research
focused on examining the relationships between estimated speeds derived from
the regional network model and the computed travel time metrics in order to
develop LOS thresholds based on posted speed limits.

Pulugurtha & Imran (2020) relied on the commonly used LOS scale, which was
based on density, and emphasized speed and travel time as key performance
measures. Additionally, travel time reliability was gaining importance in
transportation planning and management. In a related study, microscopic
simulation was employed to investigate the validity of travel time and travel time
reliability indices in quantifying LOS thresholds for freeway sections. The study



found that travel time thresholds varied with speed limits, but beyond a saturation
point, speed limits had no influence on operational performance. Furthermore,
travel time reliability thresholds decreased with lower speed limits.

Wilby et. al. (2020) highlighted a shift from predicting travel time (TT) to LOS
as a more practical metric. A Random Under Sampling Boost algorithm
(RUSBoost) was employed to address the unbalanced nature of LOS classes. The
classifier, trained on 12 months of data from a Bluetooth network, achieved an
average recall of 82.8% for prediction horizons up to 15 minutes and 92.5% for
congestion prediction. The study also emphasized the importance of considering
data from all links and the day of the week to improve accuracy, ultimately
offering a promising tool for traffic management practitioners.

Hoseinzadeh et al. (2021) introduced an algorithm that employed big data
features to classify LOS using machine learning models, achieving a 10%
improvement in accuracy (accuracy = 0.93, Kappa = 0.83) compared to
traditional methods. It was noted that this method proved to be adaptable to
various freeway locations, providing transportation agencies with a cost-effective
tool for LOS assessment.

Ozinal & Avsar (2022) applied various deep learning architectures, such as
Bidirectional LSTM and Stacked LSTM, were compared with shallow neural
networks for short-term traffic condition prediction. It was found that
Bidirectional LSTM and Stacked LSTM had outperformed other models in short-
term traffic prediction, highlighting the superiority of deep learning over shallow
neural networks in their research.

Tisljari¢ et al. (2022) utilized the connected vehicles as mobile sensors to gather
traffic data. A speed transition matrix-based model was introduced for estimating
bottleneck probabilities, considering traffic patterns and the center of mass. This
method underwent evaluation across various motorway scenarios and
demonstrated a 92% accuracy on the validation dataset. These findings suggested
its potential application in motorway traffic control systems with high CV
penetration.

Vrbani¢ et al. (2023) investigated Dynamic Speed Transition Matrices - Q-
Learning - Variable Speed Limit in various traffic scenarios. It was found that
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this method outperformed other control strategies, resulting in improvements in
traffic parameters such as Total Time Spent (TTS) and Mean Travel Time

(MTT).

Table 1.2: A comprehensive overview of various alternative methods for assessing LOS as
documented in the existing literature.

Reference Data

Aljamal (2019) probe
vehicles,
single-loop
detector

Travel time
data
provided by
North
Carolina

Kodupuganti et
al. (2019)

Department of
Transportation

Pulugurtha & Simulation
Imran (2020) (travel
time)
Bluetooth
vehicle
Wilby et. Al identifiers
(2020) deployed on
the highway
SE-30in
Seville
Waze
Hoseinzadeh et speed/travel
al. time and
(2021) Waze alert
Ozinal & Traffic flow
Avsar (2022) and speed

Index Used

-Time-mean speed for
probe vehicles
-Total number of probe
arrivals
- Total number of probe
departures, ...etc.

- Planning Time Index

- Buffer Time Index
- Average travel time

- Planning Time Index
- Buffer Time Index

Arrival travel time

- Basic Statistical
Measures

- Travel Time
Performance
Measures

-Crowdsourced

Data

- temporal

features
- measurement features

10

classification
techniques
adaptive Kalman
filter with a
neural network

- Travel time
reliability
threshold

- Regression

model

- Travel time
reliability
threshold

- Statistical
regression
RUSBoost

-Random Forest
-Support Vector
Machine,
-K-Nearest
Neighbor

-MLPNN
-Support Vector
Regression
-Gradient

Accuracy

96.57

92.5

0.92, 0.90,
0.88
respectively

97.02,
96.49,
96.76,
96.08



Tisljari¢ et al. Simulation
(2022) (traffic
density,
speed)

Vrbani¢ et al. Simulation
(2023) (Speed)
Proposed Density

model

1.7 Dissertation Outline

Center of Mass
Estimation
Fuzzy Inference
System

Variable Speed
Limit

Technical indicators (ATR,
SMA, EMA, ROC, MOM,

RSI)

This dissertation is organized as follows:

boosted decision
trees
-KNN

bottleneck
probability
estimation.

Reinforcement
Learning
Random Forest,
K-Nearest
Neighbors

0.92

0.96
as average

Chapter Two presents a thorough exposition of the fundamental principles
underlying the chosen machine learning models, which are subsequently employed

in this dissertation.

Chapter Three provides a comprehensive elucidation of the primary procedures
involved in the design of an integrated system for machine learning and neural

networks, specifically tailored to address the issue of traffic congestion.

Chapter Four shows and discusses an analysis of the utilization of the proposed
system on an authentic historical traffic dataset, along with an examination of the
experimental outcomes derived from its implementation.

Chapter Five of concludes the key concepts and offers recommendations for future

research endeavors.
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Chapter Two

Theoretical Background

2.1 Overview

The structure of this chapter encompasses a literature review that examines
studies on predicting traffic coefficients and classifying traffic congestion based on
service level measurements. Furthermore, the chapter discusses the experimental
setup, which involves the use of machine learning-based algorithm models.
Furthermore, detailed descriptions of the dataset utilized for computational
analysis in this dissertation are provided. Finally, assessment measures for
forecasting traffic density are offered, as well as metrics for LOS estimation.

2.2 Vehicular ad-hoc Network (VANET)

VANETS networks are formed through the convergence and advancements of
wireless communication technologies, intelligent transport systems, and
automotive construction technologies. Vehicular networks are recognized as a
distinct subset within the broader category of Mobile Ad hoc Networks
(MANETS), characterized by their unique set of node properties and operational
requirements. A VANET refers to a collection of mobile entities (vehicles) and
stationary entities (roadside units) that collaborate to exchange crucial information
pertaining to road conditions and other vehicles. Figure 2.1 presents several areas
of VANET communications (Mchergui et al., 2022).

In the past ten years, a multitude of Vehicular Ad-Hoc Network (VANET)
services have been introduced, including infotainment applications, driver
assistance systems, and video on-demand services. Contemporary vehicles are
equipped with both hardware and software that serve not only safety purposes,
such as accident prevention and the dissemination of warning messages, but also
provide support for a range of entertainment and comfort applications (Ali et al.,
2020). One notable contemporary phenomenon involves the significant increase in
enthusiasm surrounding the implementation of Artificial Intelligence
methodologies across various fields of application, such as cybersecurity, traffic
congestion detection, data analytics, routing, healthcare, robotics, and others
(Hajlaoui et al., 2019). The current trend of heightened focus on the application of
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artificial intelligence techniques, including basic Machine Learning, Deep
Learning, and Swarm Intelligence, in emerging VANET solutions to address
diverse VANET challenges is to be expected. However, further research is required
in order to apply artificial intelligence methods to vehicular communications.

Figure 2.1. Communication in VANET (Mchergui, et al., 2022).

2.3 Factors Influencing Traffic Prediction Models

Numerous factors contribute to the traffic prediction of a model, thereby
impacting the process of predicting traffic congestion. Apart from the
hyperparameters of the models, several factors include the treatment of input
traffic parameters within their respective contexts, the resolution of the input data
samples, the number of prediction steps, the interplay between different traffic
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parameters utilized, and the concealed spatial-based temporal dependencies
inherent in the traffic variable data. The prediction performance can be influenced
by additional factors such as seasonality and trend present in the time series data.
The subsequent subsections provide a comprehensive review of each of these
significant factors (Rahi, 2019).

2.3.1 Road Traffic Predictions

Road traffic predictions are employed in diverse contexts, including
intelligent transportation systems (ITS), traffic operations and planning, estimation
of travel time, modeling of traffic flow, management of incidents, freight and
logistics, assessment of environmental impact, planning of public transportation,
and research. The aforementioned predictions aim to maximize the efficiency of
traffic flow, enhance safety measures, improve the overall effectiveness of
transportation systems, facilitate navigation and incident management, optimize
freight operations, assess the environmental consequences, and advance the field of
transportation engineering. The primary emphasis of ITS applications is typically
on highways, freeways, and motorways. However, urban and connecting roads
present a higher level of complexity due to the presence of uncontrolled
connections and intersections of varying sizes, which are often equipped with
limited data acquisition equipment (Boukerche et al., 2020).

2.3.2 Input variables for Traffic Prediction

The selection of variables plays a critical role in traffic flow forecasting
models, as it has a direct influence on their performance and efficiency. Indirect
approaches, such as employing mutual information derived from entropy theory,
have been employed for the purpose of extracting information from unprocessed
feature values. Variables commonly taken into account include the volume of
traffic flow, the duration of travel, and the speed data obtained from on-site sensors
such as loop detectors and laser sensors. Various models incorporate input
parameters such as traffic density, speed, incident severity, road delays, and lane
blocking duration (Mchergui et al., 2022).
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2.3.3 Data Resolution for Traffic Prediction

Assessing the effectiveness of traffic prediction models requires careful
consideration of data resolution, which determines the level of detail at which
traffic-related data is collected and analyzed. In the context of recent research, data
resolution ranged from 30 seconds to 60 minutes, with higher resolution providing
more detailed information but also introducing more noise. The dynamic
adjustment of data resolution in line with prediction model requirements is crucial
to capture the dynamic nature of traffic accurately. Relying solely on fixed
measurement instruments may overlook important traffic fluctuations. Therefore,
selecting the appropriate data resolution is vital for accurate and effective traffic
prediction models (Hu et al., 2022).

2.3.4 Traffic Flow Prediction steps

The temporal divisions or intervals over which the prediction model makes
forecasts are commonly known as the prediction step, prediction interval, or
prediction horizon. It is widely acknowledged that the accuracy of predictions
tends to diminish as the prediction horizon expands. While multi-step predictions
are frequently employed in prediction models discussed in the literature, they often
entail a compromise in the accuracy of the model's predictions. The objective of
this study is to perform predictions for both one-step and multi-step ahead
forecasting (Essien et al., 2021).

2.3.5 Seasonal Effects and Spatial-Temporal Patterns in Traffic Flow
Prediction

The examination of the spatial and temporal relationship has been
extensively examined within the realm of traffic flow and overall traffic
forecasting. The objective has consistently been to leverage the temporal data of
road traffic in relation to its spatial characteristics. Traffic time series data displays
seasonal and periodic patterns when they are examined for trends within the
dataset. There exists a significant correlation between free flow ways and
motorway roads in terms of their spatiotemporal characteristic (Heshami & Kattan,
2022; Zhang et al., 2023; Belt et al., 2023).
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2.4 Study Area

The primary objective of this dissertation is to conduct an analysis of the
data pertaining to the M25 highway, specifically the section between junction 13
and junction 14 in a clockwise direction around London, as well as the M60
highway, specifically the section between junction 1 and junction 2 in a clockwise
direction around the Manchester area in the United Kingdom. The decision to
select the UK traffic road networks as a case study for this dissertation was based
on factors such as the type, availability, and format of the data. This section
provides a comprehensive overview of the study area and the datasets that are
relevant to the research. The following section provides a description of the
characteristics of the corridor.

2.4.1 M25 highway

The M25, also known as the London Orbital Motorway, is a significant
thoroughfare that surrounds a majority of the Greater London area. The motorway
spanning a distance of 117 miles (equivalent to 188 kilometers) holds significant
Importance within the transportation network of the United Kingdom, being
recognized as one of the busiest thoroughfares. According to Kyriacou et al.
(2022), a daily average of 196,000 vehicles was observed in the vicinity of
Heathrow Airport in 2003, specifically between junctions 13 and 14. The focal
point of investigation is the junction situated between junction 13 and junction 14,
facilitating the connection between Wraysbury Civil Parish and Stanwell, in close
proximity to Heathrow airport. Figure 2.2 displays a map depicting the chosen
corridor.
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Figure 2.2: The selected test area namely the M25 (junction 13 - junction 14)

2.4.2 M60 highway

The M60 motorway, also known as the Manchester Ring Motorway or
Manchester Outer Ring Road, is a circumferential motorway located in the North
West region of England. Constructed over a span of four decades, the
aforementioned infrastructure traverses the majority of the metropolitan boroughs
within Greater Manchester, with the exception of Wigan and Bolton. The majority
of Manchester is contained within the motorway, with the exception of the
southernmost region comprising Wythenshawe and Manchester Airport, which is
accessible via the M56. According to Highways Agency (2023), the M60, which
spans a distance of 36.1 miles (58.1 km), underwent a renaming process in 1998.
This involved the consolidation of sections from the M62, M66, and the entirety of
the M63 into the newly established route. The finalization of this circular route
occurred in the year 2000. The junction under investigation is the connection
between junction 1 and junction 2, which serves as a link between Stockport and
Cheadle. Figure 2.3 displays a map depicting the chosen corridor.
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Figure 2.3: The selected test area namely the M60 (junction 1 - junction 2)

2.5 The Research Dataset

Various data sources exhibit variations in the parameters that are
documented. Certain parameters are shared among them, such as the timestamp of
the log and the vehicle flow. Data is collected by monitoring the activity of sensors
at the designated locations. The data collection for this study involved the
utilization of loop-based sensors from traffic monitoring units and the inference of
journey time using Automatic Number Plate Recognition equipment, specifically
for the dataset obtained from Highway England. The road surface's sensor loops
were utilized to measure the real-time speeds, vehicle flows, and occupancy.
Additionally, the travel times between two specific points were measured through
the implementation of ANPR camera recognition. In the event that a loop on the
site was identified as defective, it was duly reported. In such cases, the flow values
were derived from previous data rather than being based on the vehicle category
and speeds. We have selected the following two datasets based on their
appropriateness for evaluating and validating our proposed network methodology.

Highway England offers comprehensive data for each quarter-hour interval
starting from April 2015, encompassing all motorways and category ‘A’ roads
under its management. These roads collectively form the Strategic Road Network
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in England. Category A major roads consist of motorways, dual carriageways, and
motorways. The Motorway Incident Detection and Automatic Signaling (MIDAS)
original gold dataset is recorded at a frequency of one entry per minute. The site
iImplemented specific regulations for logging the collected data, which primarily
included the following criteria: publication time, speed (with a threshold of 240
km/h), vehicle flows (with a threshold of 120 veh/min), and reporting of
occupancy and headway on a per lane basis. The categorization of vehicle flows is
based on the length of each individual vehicle and is determined by the traffic
monitoring equipment installed along the roadside. The vehicle flows, which were
classified into categories, were converted into volumetric measurements in units of
vehicles per minute for each lane.

These measurements were then combined to obtain readings for the entire
carriageway. Table 2.1 below presents a comprehensive overview of the significant
data fields contained within the MIDAS traffic flow dataset. Monthly files are
generated for each model site. The files exclusively consist of logs pertaining to
flow, speed, and day type data from the primary highways, junctions, and
motorways, as they are under the management of, HE (Units, 2018).

Table 2.1: The MIDAS dataset encompasses various aspects related to traffic flow, including
additional field names and description features that are distinct to this dataset. (England, 2015).

MIDAS ID A distinctive identifier specific to the National Technical
Information Service (NTIS) hyperlink.

Legacy MIDAS ID | A distinct identifier specific to the NTIS hyperlink.

Site Name The following is a depiction of the site.

Local Date Provide the local date according to British Summer Time.

Local Time The local time intervals, denoted in 15-minute increments,
within British Summer Time region.

Day Type The following items are considered to be valid:
The value "0" represents the first working day of a normal
week.

* 1 - Normal Tuesday workday;

« 2 - Normal Wednesday workday;

* 3 - Normal Thursday workday;

* 4 - Final workday of a normal week;

« 5 - Saturday, excluding days that fall under type 14;
* 6 - Sunday, excluding days that fall under type 14;
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« 7 - First day of school holidays;

9 - Middle of the week - school holidays, excluding days
falling under types 12, 13, or 14;

« 11 - Last day of the week - school holidays, excluding
days that fall under type 12,13, or 14;

« 12 - Bank Holidays, including Good Friday, with the
exception of days falling under type 14;

13 - Christmas holiday days between Christmas and the
New Year;

« Christmas Day and New Year's Day are on December 14.

Total
Flow

Carriageway

Within the 15-minute time slice, the number of vehicles
detected on any lane.

Total Flow vehicles
less than 5.2m

The number of vehicles shorter than 5,2 meters that were
detected on any lane during the 15-minute time slice.

Total Flow vehicles

Count of vehicles between 5.21m and 6.61m detected on

5.21m - 6.6m any lane during the 15-minute interval.
Total Flow vehicles | The number of vehicles between 6.61 million and 11.6
6.61m - 11.6m million that were detected on any lane during the 15-minute

time slice.

Total Flow vehicles

The number of vehicles with a length greater than 11.6

above 11.6m meters detected on any lane within a 15-minute time slice.

Speed Value The average speed in kilometers per hour of all vehicles on
all lanes as measured by the site over the course of 15
minutes.

Quality Index The indication of the provided data's quality. The quantity

of valid one-minute records that were reported and used to
calculate the Total Traffic Flow and speed. No valid records
are indicated by a quality index of 0.

Network Link Id

A distinct identifier specific to the National Technical
Information Service (NTIS) hyperlink.

NTIS
Version

Model

The data pertains to the specific iteration of the NTIS
model.
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2.6 Variable selection

Prior research has extensively investigated a range of indicators and metrics
with the aim of developing efficient predictive systems for traffic congestion. The
most prominent parameters that have been examined in various studies include
speed, flow, travel time, user accidents, jams, and risks. These parameters have
been investigated both individually and in combination. Studies have utilized a
wide range of data sources, including simulations, camera images and videos, and
probe vehicles (Rahi 2019). Furthermore, various datasets have been employed by
researchers, encompassing Bus Breakdown and delays, Annual Average Daily
Flow, and Annual Traffic Volume, among other sources of information. The
MIDAS system, known as Motorway Incident Detection and Automatic Signaling,
has been utilized to determine vehicle density in VANET by utilizing speed and
flow data. This calculation is based on Equation 2.1, which was introduced by
Kulkarni & Rao (2010) and referenced by Abboud & Zhuang (2016). Researchers
can improve the accuracy and effectiveness of their predictive models for traffic
congestion management by meticulously selecting pertinent features from these
extensive datasets.

Density(K) = FlOW(q)/Speed ) (2.1)

where:

g = Flow (vehicles/hour)

v = Speed (kilometers/hour)

k = Density (vehicles/kilometers)

Equation 2.1 exhibits several intriguing characteristics. The flow exhibits
minimal characteristics when either the speed or density is at a low level. These
points can be illustrated by two commonly observed traffic conditions. The initial
circumstance to be considered is the occurrence of a traffic jam, characterized by a
significant increase in traffic density coupled with a notable decrease in vehicular
speed. The amalgamation yields a diminished rate of fluid movement. The second
condition occurs when traffic density is significantly reduced, allowing drivers to
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achieve free flow speed. The exceptionally low density effectively counterbalances
the high velocity, thereby yielding a significantly reduced flow rate.

2.7 Data preprocessing

Data preprocessing is a crucial preliminary procedure that must be
undertaken prior to inputting the data into the model. Data preprocessing plays a
crucial role in machine learning by emphasizing the relevant features that we
desire the model to learn. It facilitates faster convergence of the model and
prevents it from being influenced by extraneous information. Nevertheless, the
selection of an appropriate preprocessing method remains challenging as it
necessitates the alignment of the chosen method with both the model and the task
at hand. In One example of an inappropriate preprocessing method is when the
preprocessing is inadequate, resulting in an excessive amount of noise and outliers
that can lead the model astray. Conversely, in the event that the preprocessing
stage eliminates a significant number of vibration features within the dataset, the
model's capacity to effectively capture the temporal patterns of the time-series data
may be compromised (Wang, 2021). A series of Preprocessing steps will be
conducted on the features prior to their incorporation into the models.

2.7.1 Data Cleaning

The classification of a data deficiency scenario can be determined by the
duration of the missing temporal interval, specifically categorized as either long-
term missing or short-term random missing. The historical average is the
prevailing method employed for imputing missing data. In instances where a time
interval lacks documented data, it will be substituted with the mean value of the
recorded data corresponding to the identical time period within the day or week.
The historical average method, while straightforward in its implementation, is
considered a rudimentary approach that compromises numerous advanced features
(Wang, 2021).
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2.7.2 Data Smoothing

Data smoothing is a widely employed preprocessing technique in the field of
machine learning, aimed at mitigating the presence of noise and variability within
datasets. The primary objective is to generate a more refined depiction of the
fundamental patterns and tendencies inherent in the data, thereby facilitating the
identification and comprehension of significant patterns by machine learning
algorithms according to (Rosenfeld et al.,, 2020; Baykal et al., 2022). The
calculation of the exponentially smoothed statistic for a series Y can be performed
recursively as shown in Equation 2.2.

So =Y,

FOrt> O,St Z(X*Yt-l-(l—a)-l-st_l (22)

Let a represent the smoothing factor, where o is a value between 0 and 1,
exclusive. Increasing the value of o leads to a decrease in the degree of smoothing.
When the value of a is set to 1, the smoothed statistic is equivalent to the observed
data point. The calculation of the smoothed statistic St becomes feasible once a
series of consecutive observations becomes accessible.

2.7.3 Data Normalization

The Normalization method is considered to be the most crucial type of data
preprocessing technique, particularly for regression models and neural network
models (Fujita & Cimr, 2019). The utilization of an activation function in the
neural network model is one of the factors necessitating the implementation of a
normalization method. The activation function typically yields a specific range of
values. For instance, the Sigmoid function produces outputs within the range of 0
to 1, while the Tanh function yields outputs within the range of -1 to 1. If the
dataset surpasses this range, it will significantly diminish the efficacy of employing
the activation function, leading to a model that is more challenging to converge.
Another rationale for employing a normalization technique is to ensure that the
ranges of various data types are standardized. For instance, in cases where both
flow and speed data are available, it is observed that the maximum speed limit on a
road typically does not surpass 200 units. Conversely, the highest recorded value
for traffic flow can easily surpass 300 units, occasionally even reaching 2000 units.
Additionally, the model convergence speed will be affected (Kurani et al., 2023).
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The Z-score function can be used to normalize input features. The representation of
this function is as Equation 2.3:

r _ V—Up
v = on (2.3)
Let A represent the original dataset, u denote the mean value of the feature, and o
represent the standard deviation of the feature.

2.8 Technical Indicators Generation

The selection of technical indicators utilized in this dissertation is based on
the conventional financial trading indicators commonly employed in the field.
Given the focus of traffic agencies on short-term prediction, our interest lies in
identifying technical indicators that can enhance the accuracy of such predictions.
This section addresses the primary categories of technical indicators, namely trend,
momentum, volatility, and volume. The trend indicators primarily utilize moving
averages to assess the direction and magnitude of vehicle movement. Conversely,
the momentum indicator gauges the velocity of vehicle movement by comparing
the present density of vehicles with past densities. volatility indicators utilized in
this dissertation assess the velocity of vehicle movement, irrespective of its
direction. Additionally, volume indicators are employed to gauge the intensity of a
trend, taking into account the density of the volume (Kumbure et al., 2022).

The methodology employed in the computation of each technical indicator
for the hourly models is explicated here. In the hourly model, calculations
involving a moving average are computed by considering the preceding one-hour
period, with a window size of one. The formulas pertaining to TI, necessitate the
provision of sequential inputs, specifically in the form of continuous linear time.
The MIDAS system generates a sequential dataset by concurrently providing
traffic flow and speed data at 15-minute intervals. In a formal context, the h-hour
density is employed to compute h-hour Tls. As an illustration, the three-hour SMA
with a sample size of two (n = 2) on February 1, 2022, is determined by computing
the mean of two two-hour intervals: specifically, the first and second hours of
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February 1st. This dissertation employs six widely used and effective technical
indicators for short-term prediction.

2.8.1 Average True Range:

According to Soleymani & Paquet (2020), the average true range is a metric
utilized to assess market volatility. It achieves this by dissecting the complete
range of an asset's price within a specified timeframe. The ATR is a statistical
measure that quantifies the range and standard deviation of a given dataset within a
specified time period (Turki and Hasson, 2023). ATR calculated as shown in
Equations 2.4, 2.5, 2.6, 2.7 and 2.8:

ATR = (%) YETR; (2.4)
TR; = Max{Ay, By, C;.} (2.5)
A, = Highestclose, — Lowestclose, (2.6)
B, = |Highestclose, — close;| (2.7)
C,, = |Lowestclose;, — closey| (2.8)
where:

TR;= particular true range

k = no. of periods

Max=Highest value of the three terms
closey=Yesterday’s closing price

2.8.2 Simple Moving Average:

SMA, as described by Muangprathub et al. (2020), is considered a
fundamental technical indicator. The utilization of this element is frequently
observed as a fundamental component in the computation of various composite
indicators, including Bollinger Bands (BBANDs). The SMA is a statistical
technique that is employed to identify and analyze trends in data. It achieves this
by applying a smoothing process to a given traffic density, utilizing a lag-factor
denoted as "n." According to Mak (2021), the utilization of a solitary SMA curve,
either independently or in combination with traffic density, holds potential for
predicting forthcoming changes in density. The SMA technique has been employed
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for the purpose of detecting instances of free flow and breakdown, as discussed by
(Turki & Hasson, 2023). SMA is calculated as shown in Equation 2.9:

SMA = %Z?;ll close; (2.9)

2.8.3 Exponential Moving Average:

This particular technical indicator is widely recognized and frequently
utilized. The exponential moving average is a distinct form of averaging that
incorporates historical density in a weighted manner. In order to achieve this
objective, EMA technique is employed to mitigate the impact of random density
fluctuations by calculating the average density over a specific time period. EMA is
derived from historical data and, as a result, it functions as a trailing indicator. This
implies that EMA lacks the capability to forecast emerging trends, but it can
validate the trajectory of an existing trend (Ayala et al., 2021). EMA is calculated
as shown in Equation 2.10:

EMA = (close, * k) + (EMA,_; * (1 — k)) (2.10)
Where:
k = the smoothing constant, equal to ﬁ

Let n represent the quantity of periods in a SMA, which can be reasonably
estimated by EMA.

2.8.4 Relative Strength Index (RSI):

The oscillator indicator examines the relative densities of recent free flow
and breakdown events. The indicator exhibits oscillation within a range of 0 to
100. A value approaching 100 indicates that the majority of traffic density units
during the specified period are classified as density Up, while a value approaching
0 signifies that the majority of traffic density units are classified as density Down.
The calculation of density Up and density Down for the hourly models involved
determining the average of the preceding s hours, with n being set to 1 in order to
capture the hourly trend. The determination of density Up and density Down was
achieved using a piecewise function, as described by (Lee, 2022). Specifically, the
function evaluated whether the density difference was greater than zero, in which
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case the value assigned was density Up; otherwise, the value assigned was density
Down. RSI is calculated as shown in Equations 2.11, 2.12, 2.13 and 2.14:

100

RSI =100 — | == (2.11)
1-RS

where:

average gain (close up) over n periods
RS = ge gain ( p) perto (2.12)
average loss (close down) over n periods
average gain — (previous average up gc;in *(n—1)+current gain) (2 13)
average loss = (previous average lossx(n—1)+current loss) (214)

n

2.8.5 Rate of Change (ROC):

The ROC is a type of oscillator that can be likened to the Momentum
(MOM) indicator. It measures the magnitude of a change in a variable as a
percentage rather than an absolute value. The ROC serves as a standardized metric
for assessing change and can be employed to detect instances of either unrestricted
movement or significant disruption that have historically indicated an impending
shift in a given trend. It should be noted that when the ROC is above zero, it
signifies a general upward trend, whereas when it is below zero, it signifies a
downward trend. According to Basak et al. (2019), the ROC does not offer
significant predictive value in determining future traffic density patterns. ROC is
calculated as shown in Equation 2.15:

ROC = Current closing price « 100 (2_15)

closing pricen—periods ago

2.8.6 Momentum (MOM):

The MOM proposed by Demir et al. (2019) is a prominent leading indicator
that tracks trends. In further explication, the MOM offers valuable observations
regarding the patterns of density, serving as an indicator of smooth traffic flow or
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congestion when surpassing the positive or negative threshold. In contrast to the
SMA, the MOM has the ability to reach its peak or trough prior to the density,
thereby offering a prospective (or "leading") trend forecast. According to Nti et al.
(2020), the MOM can serve as a predictive indicator by identifying bearish or
bullish divergence when it reaches its highest or lowest point and deviates from the
primary density trend. MOM is calculated as shown in Equation 2.16:

MOM = Current closing price — closing pricen_periods ago (2.16)

2.9 Level of service indicator

The determination of traffic conditions based on the available variables
presents challenge, thus necessitating the utilization of the level of service
indicator for this objective. The Level of Service (LOS) is a commonly employed
metric for evaluating the degree of traffic congestion on a specific road segment
within vehicular networks (Vrbani¢ et al., 2022). According to Vrbani¢ et al.
(2023), the Highway Capacity Manual (HCM) has established six distinct
categories for freeways and highways in terms of flow, speed, density, and road
characteristics. The HCM utilizes traffic density as the principal indicator for LOS
assessment on freeway sections as shown in figure 2.4.
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Figure 2.4: Speed-Flow Curves for Multilane Highway Sections (Vrbanic et al. 2023).

The LOS measure is categorized into six distinct classes, denoted as A to F as
shown in table 2.2. One notable benefit of the LOS measure is its ability to be
easily understood by a wide range of individuals who may not possess technical
expertise (Elefteriadou 2016).

Table 2.2: The customary ratings for Highway Level-of-Service (Elefteriadou 2016).

LOS Description Density
(Veh.
/mile)
A | The movement of vehicles on the road occurs at or exceeds | 0-11
the designated speed limit. Motorists possess unrestricted
mobility when transitioning between lanes.
B | The subject exhibits a mild level of congestion, resulting in | >11-18
a slight limitation in maneuverability.
C | The capacity to pass or switch lanes is limited. The posted | >18-26
speed limits are being upheld; however, the roads are
nearing their maximum capacity. The target level of service
(LOS) for the majority of urban highways is as follows.
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D |[The speeds are somewhat decreased, and the| >26-35
maneuverability of the vehicle is constrained. The
prevailing conditions observed on urban highways during
peak periods.

E | The flow of traffic exhibits irregular patterns, with varying | >35-45
speeds that seldom reach the designated limit. This can be
classified as a system failure.

F | The flow exhibits a coerced nature, characterized by >45
frequent instances of deceleration to an almost negligible
velocity of zero miles per hour. The duration of travel is
inherently uncertain.

2.10 Models and Architectures

This section provides a comprehensive analysis of the selected models.
Subsequently, the models are executed in the experimental phase. The rationale
behind selecting these particular models is elaborated upon in section 2.10.1.

2.10.1 The Selected Models Theory

This section provides an explanation of the implemented models. According
to researchers, non-parametric models are deemed more suitable for the learning
phase of problem-solving in comparison to parametric models. This preference
stems from their superior ability to effectively generalize complex data and adapt
to its intricate patterns, as exemplified in the context of forecasting traffic data.
Parametric tests and methods are predicated on the assumption of underlying
statistical distributions within the data. Parametric methodologies are typically
favored as the preferred approach due to the presence of noisy input and output
traffic variables, as well as the complex and poorly understood nonlinear
relationship between them. Pattern recognition-based approaches, which fall under
the category of non-parametric approaches, appear to be more suitable due to their
efficacy in identifying comparable traffic conditions required for prediction
generation. The five models utilized in this dissertation employ a combination of
parametric and non-parametric methodologies. These models include Random
Forest, Feed Forward Neural Network, Multiple Linear Regression, Markov-chain
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model, and k-Nearest Neighbors. The rationale behind the selection of the models
and a comprehensive mathematical elucidation are provided in the respective
sections.

2.10.2 Random Forest (RF)

The initial introduction of the random forests-based approach occurred as a
statistical learning technique designed specifically for addressing high-dimensional
regression and classification challenges. In this context, classification serves as a
means to model categorical variables, while regression is employed to predict
continuous variables. RF are a type of ensemble learning method that utilizes trees.
These trees are constructed using bootstrap samples and incorporating randomness
in the building process (Pavlov, 2019).

The random forests algorithm, which is applicable to both regression and
classification tasks, is delineated in the subsequent manner:

1- Take samples from the initial data for the n,.., bootstrap.
2- Grow an unpruned regression or classification tree for each of the bootstrap
samples, but with the following modification: at each node, instead of

selecting the best split among all predictors, randomly sample m,.,, of the

predictors and select the best split from these variables. When my,.,, = p,

the number of predictors, bagging is the special case of random forests that
are resulted.

3- By combining the predictions of the n,.., trees (average for regression and

majority votes for classification,), one can predict new data (Genuer &
Poggi, 2020).

For prediction, classification, outlier detection and variable selection, RF is
gaining popularity in a number of fields. summarizes the RF method and its
uses in the engineering fields. The RF approach has only been applied in Traffic
Management and Information Systems to forecast traffic flow under typical
traffic conditions, so it has not been widely used in traffic prediction. The
study's prediction horizon is 30 minutes, but other variables like prediction step,
frequency of data sampling, and traffic conditions are not covered (Hansch,
2020).
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The main benefits of RF are that handling over-fits, avoiding feature
selection, and only needs a small number of input values. As a result, it may not
be effective, especially for time-sensitive applications (like safety applications)
where the specified test data is substantial (Mchergui et al., 2022)

2.10.3 Multiple Linear Regression (MLR)

A number of explanatory variables are combined in a statistical process
called MLR, also referred to as multiple regression. To model the linear
relationship between the explanatory (independent) and response (dependent)
variables, multiple linear regression is used. Since multiple linear regression takes
into account multiple explanatory variables, it can be considered an extension of
ordinary least squares (OLS) regression, which is a commonly used method for
calculating coefficients in multiple linear regression (Meerasri & Sothornvit,
2022). It is represented according to Equation 2.17 (Robert et al., 2018).

Vi = Bo + P1xiy + Boxiz + -+ Bpxip, + U (2.17)
where:

i = no.of observations

y; = dependent variable

x; = explanatory variable

Bo = y — intercept (constant term)

Bp = slop coefficients for each explanatory variable

U = the model error term (also known as the residuals)

The ability to analyze multiple predictor variables and their connections to a
response variable is one of MLR's key benefits. Insights into the significance of
predictors are provided, confounding variables are controlled for, hypothesis
testing is supported, prediction is made easier, and the model's fit and validity are
evaluated (Kashyap et al., 2022). However, there are a number of restrictions to
take into account when using multiple linear regression on VANET data, including
assuming a linear relationship between the predictor variables and the response
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variable. Multiple linear regression may be used to analyze VANET data; however,
the results of this analysis may be adversely affected by outliers or other significant
observations (Goncalves, 2019).

2.10.4 Neural Network

According to Alizadeh (2020), "neural network learning methods provide a
robust approach to approximating real-valued, discrete-valued, and vector-valued
target functions”. In order to recognize or learn patterns in data, neural networks
can model complex non-linear relationships between numerous inputs and outputs.

Nodes, connections, layers, and transfer function make up the basic
framework of a neural network model. Simple processing units are referred to as
nodes or neurons. Weighted connections that reflect the nature of the interaction
between the two connected nodes are used to connect them. During the training
phase, which is used to calibrate the model using patterns in the data, optimal
weights for each connection can be determined. A neural network's layers, which
determine nodesl and connections, are its topology. The state of each neuron is
determined by transfer function. Figure 2.5 illustrates the mathematical procedure
at a single neuron. There are several synapses on each neuron that are linked to the
inputs. They are each distinguished by a weight. Two steps make up this process:

- Creating a linear combination of inputs by calculation.
- Applying an activation function to output the weighted sum.
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Figure 2.5: A single neuron's process (Rokach, 2010)

Let w; be the appropriate weight and x; be the it"* input. Z = Y w;x;
represents the sum of a linear combination of inputs. The weighted sum is then
subjected to a nonlinear activation function, denoted by ¢(.). This neuron
produces the value y = @(Z). Generally speaking, sigmoid, piecewise-linear, and
sign functions are the most frequently used activation functions. Feedforward
neural network (FFNN), a straightforward and popular network whose structure is
depicted in Figure 2.6, is used to predict short-term traffic. This model structure
has three layers—an input layer, a few hidden layers, and an output layer—and is
devoid of cycles and loops. Each neuron in a layer of the FFNN strictly feeds
forward to the output units of the layer above it (Lee, 2021).
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Figure 2.6: Feed-forward networks architectures (Guo, 2013)

One of the primary benefits of neural networks is their ability to learn and
model non-linear connections between input and output variables. Additionally,
neural networks have the capacity to acquire knowledge directly from data,
eliminating the need for explicit understanding or assumptions regarding the
underlying data distribution or relationships. neural networks possess the capacity
to effectively generalize to unfamiliar data, as they possess the capability to
autonomously acquire and extract significant features from unprocessed input data,
thereby diminishing the necessity for manual feature engineering. However, neural
network encounter certain limitations when applied to VANET. These limitations
include difficulties in adapting to dynamic environments and accurately
representing the intricate relationships among vehicles within such environments.
Neural networks necessitate a substantial quantity of annotated training data in
order to acquire and extrapolate patterns with efficacy. Neural networks may
encounter scalability issues when confronted with large-scale VANETS, due to the
escalating computational complexity and memory demands of the network, which
are directly proportional to the number of parameters and connections. Neural
networks might not consistently satisfy the rigorous timing requirements of real-
time applications as a result of the computational burden associated with training
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and inference processes. The utilization of neural network models in VANETSs
frequently necessitates the exchange of information or updates of the models
between vehicles. This results in an increase in communication overhead and
bandwidth consumption (Naskath et al., 2023; Giovanis, 2010; Di Piazza, 2021).

2.10.5 Markov chains model

Markov chains are a type of stochastic process that can be characterized by
estimating the transition probabilities between discrete states based on empirical
observations of the systems. The first-order Markov chain is characterized by the
property that the probability distribution of each subsequent state is solely
determined by the state immediately preceding it. Markov chains of second or
higher orders refer to stochastic processes wherein the determination of the
subsequent state is contingent upon two or more preceding states (Huang et al.,
2022). The probability of transitioning from state S; to state S; is denoted as p;; in

Equation 2.18. The set of stationary state transition probabilities, denoted as p;;, is

structured in this particular way due to the focus of the dissertation on processes
where the state transition probabilities do not vary with time.

pij =P(S; =5;|St-1 = s)) 1<i,j<N (2.18)

The conditional probability that the Markov chain will transition to state
s; at time t given that it was in state s; at time ¢ — 1 (Turki & Hasson, 2022). The
transition matrix P is used to represent them. For a system with k states, the size of
the first order transition matrix P is k X k and it is represented in the following
form:

P11 " Pik
p=[ : : ]

Pk1 ° Pkk

The estimation of state probabilities at time t can be derived from the relative
frequencies observed in the k states. The Maximum Likelihood Estimates (MLE)
of the transition probabilities can be obtained by considering the number of
transitions from state i to state j in the sequence of density data, denoted as n;; as
shown in Equation 2.19 and Theorem 2.1.
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The transition probabilities of each state exhibit a range between 0 and 1.
According to (Candes & Sur, 2020). the total of transition probabilities within a
row is equal to one. In a mathematical context, it can be formulated as in Equation
2.20:

Zj:lpij =1 (220)

Theorem 2.1:
Let X= {X1, X2, X3, ..., XM}
represent a sequence of observations of a discrete random variable that draws values from a sample
space Q of finite cardinality K. In other words, xi € Q forall i =0, 1, 2, ---, M. If X is an
observation of a chain from a discrete time Markov model, then the entries of the transition matrix
for the model have the following maximum likelihood estimate:

pyj = oL foralli,j=1,2,3,...,K

Xjnij

Here, (nij) is the transition count for state j to state i. That is, it represents the number of times state
j is followed immediately by state i in X.

The Markov chain model offers several notable benefits. Firstly, it is adept
at capturing the mobility patterns of vehicles in VANETSs. Additionally, it provides
a concise and straightforward representation of the system's behavior. Furthermore,
the model assumes that the future state of the system solely depends on its current
state and is unaffected by past states. This simplifies the modeling process and
reduces computational complexity (El Joubari, 2022). Markov chains primarily
emphasize the temporal dynamics of states, potentially overlooking the
comprehensive consideration of spatial dependencies. Nonetheless, it is important
to acknowledge the limitations associated with this approach. The primary
emphasis of Markov chains lies in the examination of temporal dynamics of states,
potentially overlooking the spatial dependencies within VANET. To ensure precise
transition probabilities for the Markov chain model, it may be necessary to
undertake extensive data collection and calibration endeavors.

37




2.10.6 K-Nearest Neighbors (KNN)

K-Nearest Neighbors (KNN) is a popular way to make predictions without
building a complex model in advance. Unlike some methods that need a detailed
model, KNN doesn't require us to understand all the connections between our
data's features and the results we're interested in. Instead, it looks at the data itself.
KNN is a flexible and robust tool because it doesn't make strong assumptions about
how our data works, making it more adaptable than some other methods, especially
for time-related data.

The fundamental premise underlying the KNN method is that instances that
are proximate in feature-space are probable to be affiliated with the same class or
possess a comparable posterior distribution of their respective classes. KNN
method is utilized for data prediction by identifying a set of observations,
commonly referred to as nearest neighbors, from a pre-existing dataset.
Subsequently, future variables are predicted based on this set of nearest neighbors.
According to Ali (2019), the nearest neighbor set has the ability to represent
historical traffic data that closely resemble the present traffic conditions in times of
congestion. The prediction method based on K-nearest neighbors (KNN) can be
decomposed into three essential elements: an observation database, a procedure for
searching the neighborhood, and a process for making predictions. The general
density of data through the KNN-based prediction method is illustrated in Figure
2.7, as presented by Isnain et al. (2021).
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Figure 2.7: General structure of the KNN based classification method (Mahdiani et al., 2020).
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The search procedure is responsible for identifying the nearest neighbors,
which refer to the historical observations that exhibit the highest degree of
similarity to the present condition. The closest neighbors are subsequently utilized
as the input for the classification process, enabling the calculation of a label for
classification. Throughout these three procedures, three crucial design parameters
include the establishment of a distance metric for evaluating the proximity between
historical data and present circumstances, the determination of an appropriate value
for K, and the selection of a classification function based on a set of nearest
neighbors.

- The distance metric is employed to ascertain the spatial separation between the
present input feature vector and past observations. The metrics that are frequently
employed include Euclidean distance, weighted Euclidean distance, the
Mahalanobis distance metric, and the Minkowski distance metric. Let dist,,
denote the distance between two feature vectors x, and x,, each having a
dimension of n (Jiao et al., 2019). The equations representing the three-distance
metrics discussed earlier can be found in Table 2.3.

Table 2.3: Equations pertaining to distance metrics (Abu Alfeilat, et al., 2019).

Distance Equation
Metric
1
Minkowski dist 2 " I
inkowski distance dist,,* = [zi_lepi — x4)| ]
c: norms of distance metric
Mahalanobis distance : 2 _ -1 T
distpq” = (_xp B xq)'S_ (% — ’_Cq)
S: the variance covariance matrix
Euclidian distance : 2 _ T
distyq” = (xp = xq)- (% — %)
c:norms of distance metric

- The selection of the parameter K determines the number of nearest neighbors that
are selected from the historical dataset. For instance, when the value of K is set to
10, the prediction process will involve utilizing the ten historical observations that
exhibit the closest distances to the input feature vector (Kelleher et al., 2020).
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The proposed KNN algorithm utilizes the majority vote mechanism. Data is
gathered from the training dataset, which is subsequently utilized to generate
predictions for novel records. In order to achieve this objective, the proposed
neural network algorithm chooses the training instance that is most similar to the
given arbitrary instance. Subsequently, the neural network algorithm assigns the
class label of the training instance as the predicted class label for the arbitrary
instance. KNN algorithm expands upon this procedure by incorporating a
predetermined value k>1, which represents the number of closest training instances
to be considered, as opposed to utilizing just a single instance. The range of typical
values typically spans from 1 to several tens (Vidales, 2019).

One of the primary benefits of KNN algorithm is its inherent simplicity, making it
accessible and straightforward to comprehend and apply. KNN algorithm is
capable of effectively addressing both binary and multi-class classification
problems, rendering it a versatile choice for a wide range of applications in
VANETSs. KNN algorithm can be employed in the context of VANETS to facilitate
localization and positioning tasks. This is achieved by leveraging the positional
information of neighboring vehicles. However, it should be noted that the
determination of the optimal value of k in VANET is subject to limitations, as the
optimal value of k often varies across different datasets. Consequently, the process
of identifying the optimal value of k can be challenging and time-consuming
(Mchergui et al., 2022).

2.11 Evaluation Measures

Below are the performance metrics commonly used to evaluate the performance of
models or algorithms in different fields, especially in the context of machine
learning, statistics, and data analysis.

A-Root Mean Square Error (RMSE):

Root Mean Square Error (RMSE) is a commonly employed metric for
quantifying the disparities between predicted values (whether from a model or an
estimator) and the corresponding observed values, be it a sample or a population.
The root mean square error (RMSE) is a statistical measure that quantifies the
square root of the second sample moment of the discrepancies between predicted

41



values and observed values, or alternatively, the quadratic mean of these
discrepancies. The aforementioned discrepancies are referred to as residuals when
the computations are conducted on the data sample utilized for estimation.
Conversely, they are labeled as errors (or prediction errors) when computed on
data that is not part of the original sample. Mathematically, the calculation can be
determined utilizing Equation 2.21:

RMSE = \/%Z?zl(Actuali — predicted,)? (2.21)

A small RMSE value indicates a close correspondence between the
predicted values and the actual values on average. RMSE, as discussed by Saxena
(2019), is ideally expected to approach zero (McHugh et al., 2021).

B- Mean Absolute Percentage Error (MAPE):

MAPE is frequently employed as a loss function in regression problems and
for evaluating models due to its easily understandable interpretation in relation to
relative error. MAPE is a metric used to determine the average magnitude of the
absolute difference between predicted and actual values. The accuracy
measurement can encompass both positive and negative predictive errors.
Mathematically, the calculation can be determined utilizing the following Equation
2.22:

|Actual;—Predicted;|
Actual;

1
MAPE = -3, (2.22)
According to Kumar et al. (2020), a MAPE value below 5% is regarded as
an indication that the forecast possesses an acceptable level of accuracy.

C- Average Accuracy Percentage (AA%):

The concept of percentage accuracy pertains to the degree of proximity
between a measurement or test and its corresponding true or theoretical value. The
aforementioned is an expression denoting the ratio between the discrepancy of the
measured value from the true value, divided by the true value itself. The level of
accuracy deemed satisfactory varies depending on the specific test being
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conducted; however, it is generally agreed that a higher accuracy percentage,
approaching 100%, is desirable in all instances. Equation 2.23 presented by Faiq
(2012) is utilized for the computation of the test's percentage accuracy.

AA% = 100% — MAPE (2.23)
D-Cohen’s kappa

Kappa is an additional metric used to evaluate the performance of
classification models, which quantifies the degree of agreement between the
predicted class labels and the true class labels assigned to instances. The Kappa
statistic is employed to mitigate the influence of chance on the accuracy of
predictions. The kappa statistic is a valuable tool in situations where the
distribution of observations across different categories is imbalanced. It is
important to acknowledge that a higher Kappa value corresponds to superior
performance of the method. The calculation of the Kappa can be determined by
employing the Equation 2.24:

(Po—De)
k=== (2.24)

The variable p, represents the empirical probability of agreement on the label
assigned to any sample, also known as the observed agreement ratio. On the other
hand, p, denotes the expected agreement that would occur if both annotators were
to assign labels randomly. The estimation of p, is conducted by employing a per-
annotator empirical prior based on the class labels, as discussed in the works of De
Raadt et al. (2019) and Hoseinzadeh et al. (2021).

E-Precision

The Precision criterion measures the ability to predict rising behavior accurately
based on the parameter FP, as defined by Equation 2.25. However, it's important to
note that Precision only assesses the accuracy of predicting upward trends and may
not identify instances where increasing behavior is wrongly anticipated as
declining, as pointed out by Han et al. (2011). Therefore, an additional criterion is
considered to address this limitation.

TP
TP+FP

Precision = (2.25)
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F- Recall (True Positive Rate)

The Recall, which measures the True Positive Rate, is employed to identify true
positive predictions linked to the FN parameter. However, the Recall metric falls
short in its ability to differentiate between forecasts that incorrectly predict a
decrease when an increase is expected. This criterion is calculated using Equation
2.26 from the study by Han et al., (2011).

TP
TP+FN

Recall = (2.26)

G- F1 Measure criterion:

Given the statements above, it is feasible to reduce the recall value by elevating
the Precision parameter and vice versa. Since both Recall and Precision hold
significance in algorithm training, a third metric known as the F1-Measure is
utilized. This metric combines the two aforementioned criteria and signifies how
effectively the algorithm predicted growth behavior in terms of Precision. The F1-
Measure is calculated using Equation 2.27, as outlined by Han et al., (2011).

F1-— score = ——" (2.27)
2+TP+FN+FP

H- Accuracy

Accuracy refers to the proportion of accurately classified predictions
(specifically, LOS in this particular dissertation) relative to the ground truth data.
Equation 2.28 provided by Kumar et al. (2019) can be utilized to determine the
accuracy.

Number o f correct predictions _ TP+TN
Total number o f predictions TP+FP+TN+FN

Accuracy = (2.28)

I- Receiver Operator Characteristic and AUC Score

The Receiver Operator Characteristic curve is a widely used evaluation metric in
the context of multiclass classification problems. Receiver Operator Characteristic
curve is a graphical representation of the relationship between the true positive rate
(recall) and the false positive rate (FPR) at different threshold values as shown in
Equation 2.29. Its primary function is to distinguish the relevant information
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(signal) from the irrelevant information (noise). In alternative terms, it
demonstrates the efficacy of a classification model across various thresholds for
classification.

FP
FP+TN

FPR =

(2.29)

The Area Under the Curve (AUC) is a metric utilized to assess the discriminative
capacity of a multiclass classifier in distinguishing between different classes. It
serves as a concise representation of the Receiver Operating Characteristic (ROC)
curve. The area under the receiver operating characteristic (ROC) curve,
commonly referred to as AUC, is a numerical measure that ranges from 0 to 1. A
model that produces predictions with an accuracy of 0% is associated with an Area
Under the Curve (AUC) value of 0.0, while a model that produces predictions with
an accuracy of 100% is associated with an AUC value of 1.0. According to (Nahm
2022; Basak et al., 2019).

J- Out-of-bag (OOB)

After generating all decision trees within the forest, we proceed to select, for
each training sample Z; = (X;,Y;) in the original training set T, all bagged sets T}
that do not include Z;. The provided set comprises bootstrap datasets that lack a
specific training sample from the original training dataset. These sets are
commonly referred to as out-of-bag examples. For every n data samples in the
original training dataset, there exists a corresponding set of n such sets. OOB error
refers to the average error for each Z;, which is computed by utilizing predictions
from the trees that do not include Z; in their respective bootstrap sample. OOB
error serves as a metric for evaluating the generalization error of a random forest
model, quantifying its ability to accurately predict data that it has not been trained
on (Basak et al., 2019).

2.12 Software Implementation Details

This dissertation employs Python 3.9.12! and the Anaconda distribution for
the purpose of research development and experimentation. The selection of Python
as the programming language is based on its widespread usage and its
appropriateness for real-time processing tasks. The dynamic interpretation
capability of the language facilitates efficient and expedited development.
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Moreover, the favorable choice of Python is attributed to its seamless integration
with established C libraries designed for scientific computing and resource-
intensive tasks. The selection of Python is justified by the extensive and growing
community support provided by its contributors.

2.12.1 Data Exploration Library

The python pandas library was utilized for conducting data exploration and
pre-analysis. Pandas facilitates the process of data exploration by transforming the
data into tabular structures and frames that consist of columns. Pandas? is a highly
efficient scientific tool that facilitates the resampling of time series data,
reindexing of data frames, and grouping of data by column headers. These
functionalities enhance the comprehension and visualization of data plots directly
from the data frames.

2.12.2 Machine Learning Implementation Library

The dissertation employs open-source library packages to implement the
model architectures that were previously discussed. The primary machine learning
libraries employed are Keras® and TensorFlow*. Keras, a Python-based high-level
machine learning API, is commonly favored over TensorFlow owing to its
expedited experimentation capabilities and its user-friendly approach to
constructing intricate neural networks from the ground up. Keras provides support
for a wide range of neural network architectures and facilitates the distribution of
computational tasks across multiple CPU or processor cores.

TensorFlow, an API developed by Google, operates on computational
graphs and facilitates the creation of novel architectures using foundational units.
The platform provides functionalities such as streamlined model development and
support for both central processing unit (CPU) and graphics processing unit (GPU)
computations. The utilization of the scikit-learn library® is common for the
purposes of data Preprocessing, as well as the preparation of training and
validation datasets. The tool enables the creation of model flow pipelines and the
identification of optimal parameters through the utilization of the grid search
functionality.
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It is worth noting that the functions of scikit-learn are compatible with the
high-level prediction functions of Keras. The optimal model parameters can be
located in Appendix A.

https://www.anaconda.com/distribution/
https://pandas.pydata.org/
https://keras.io/
https://www.tensorflow.org/
https://scikit-learn.org/
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Chapter Three
The Proposed System
3.1 Overview

This dissertation presents a new system for short-term traffic prediction
utilizing machine learning methodologies to forecast traffic variables across
various traffic scenarios. Furthermore, the proposed model utilizes a level of
service (LOS) indicator to assess traffic congestion and estimate traffic conditions.

3.2 The Proposed System Architecture

As depicted in Figure 3.1, the proposed system comprises four primary
stages. Each stage comprises multiple sub-stages that are determined based on the
necessary tasks to be accomplished within them. Additional information is
necessary to facilitate a comprehensive analysis of the proposed models for
predicting and categorizing traffic congestion.
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Data Data
Preprocessing Cleaning
Data
Smoothing

Data
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Technical Indicators (ATR, SMA, EMA, RSI, ROC, MOM)
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-RF - MLR
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Evaluation
- Accuracy - RMSE
- Kappa -MAPE
- AA%

Figure 3.1: The architecture of the proposed system
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3.2.1 Input Data

Prior research has made predictions regarding the relationship between
speed and flow in order to assess traffic conditions. The present dissertation
integrated various parameters, including speed and flow data, to estimate traffic
density. This estimation was performed by employing Equation 2.1, as outlined in
Section 2.6, utilizing the MIDAS dataset as shown in Table 2.2. The density of the
vehicles that have been calculated is utilized as an input for the computation of
technical analysis indicators. The following sections will provide an elaboration on
each index, namely speed, flow, and density.

- Speed can be defined as the measure of an object's motion, specifically the
amount of distance it covers within a given unit of time.

- Flow is a widely recognized and frequently studied traffic parameter. Flow
refers to the velocity at which vehicles traverse a specific location on the
road, typically quantified as the number of vehicles passing through per
hour.

- Density pertains to the quantity of vehicles that are present within a specific
distance of roadway. Typically, density is expressed in units of vehicles per
Kilometer.

3.2.2 Preprocessing Stage

Preprocessing means preparing data for mining in a proper form. The goal of
this stage is to build a database for MIDAS that is organized, structured and
evaluated as a benchmark. The data is processed and prepared into prediction
(classification or regression) because actual dataset like MIDAS might have some
unsuitable structure. This stage consists of three main steps, including data
cleaning, smoothing and normalization. Algorithm 3.1 illustrates the preprocessing
stage.
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Algorithm 3.1: Preprocessing MIDAS Dataset

Input: An array RD (7), represents the raw MIDAS dataset where r is the historical
data size (vehicle density over time).
Output: Array PD (7): Processed MIDAS dataset.

Data Cleaning (Historical Average Method):

Set k clean < 5, the number of time periods to calculate historical averages.
For each data point t in RD do

If (RD¢tmissing) then

RDt «— historical_avg method(RD, t, kK_clean)

End if

End For

Data Smoothing (Exponential Smoothing Method):
Set alpha < 0.2 (smoothing parameter).

For each data point t in RD do

If (RDt smoothing) then

RDt — exponential_smooth(£D, t, alpha)

End if

End For

Data Normalization (Z-score Method):

Calculate the mean (i) and standard deviation (o) of the smoothed dataset RD.
For each data point t in RD do

If (RDt normalizing) then

RDt — z_score_normalize(RD,t, u, o)

End if

End For

Combine the Preprocessed Features (if necessary):

If you need to store the preprocessed data separately, set PD « RD after cleaning,
smoothing, and normalizing.

Otherwise, PD «— RD.

End.
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According to Algorithm 3.1, the first step is to clean the data from missing
values using the historical mean method. The dataset containing the raw links
showed an approximate missing rate of 0.5% for its values, as the proportion of
these missing values is relatively insignificant compared to the overall data
collected. Data smoothing aims to improve the quality of traffic data by reducing
noise and helping machine learning identify basic traffic patterns. This is done in
(Step 2) by means of exponential smoothing, similar to a low-pass filter, which
works to enhance the importance of recent data while reducing the importance of
previous observations using Equation 2.2. In the final step, the smoothed input
feature records are converted to a specified range using data normalization. In our
thesis, the Z-score function was used to standardize data on vehicular traffic
density using Equation 2.3. These three steps are all explained in more detail in
Section 2.6.

3.2.3 The Technical Indictors Generation Stage

The active stock traders and technical analysts commonly use Tls to analyze
short-term and long-term price movements and to identify entry and exit points.
Technical indicators can be useful while predicting the future density of vehicles
so they can be integrated into traffic management systems. As a result, this stage
aims to enhance the accuracy of prediction by taking the standard features (six
features) as an input for the models. The outputs from this stage are the six Tls
features.

As delineated in Section 2.8, the primary classifications of technical
indicators encompass trend, oscillator, volume, and momentum. The trend
indicators primarily utilize moving averages to assess fluctuations in traffic
density, determining whether it is on the rise or decline. On the other hand, the
oscillator indicators are employed to identify recurring patterns in traffic density.
Lastly, the momentum indicator serves to gauge the strength and anticipated level
of traffic density. Volatility indicators are utilized to assess the rate at which
vehicles move, irrespective of their direction. On the other hand, volume indicators
are employed to gauge the strength of a trend by considering the density of trading
volume.
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The success of individual TIs is contingent upon the specific domain and
time period. Density-based trend-following indicators can be advantageous during
periods characterized by high levels of autocorrelation. We exercise caution in the
process of selecting a list of technical indicators for examination. Consequently,
we opt for Tls that meet the following two criteria.

- The calculation of the Technical Indicator which solely necessitates the
consideration of traffic density.

- The inclusion of Traffic Intensity is expected to enhance the predictive
performance by emphasizing the presence of oscillations or patterns in
traffic densities.

The methodologies employed to derive each technical indicator for the hourly
models are explicated in this section. Calculations involving a moving average are
computed by considering the preceding one-hour time frame, with a window size
of one. Notably, the initial 15-minute value is excluded from the calculation. In the
following section, we present a compilation of selected Technical Indicators and
offer the corresponding mathematical expressions for their computation and the
procedures for its implementation.

Other details of the Tls generating stage are presented in Algorithm 3.2. This
algorithm is constructed using Equations 2.4 to 2.16. Each Equation was modified
according to the input (vehicle density) so that the proposed new Equations are 3.1
to 3.13.
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Algorithm 3.2: The Tls Generation stage for MIDAS Dataset

Input: An array S (7xm2x7), represents MIDAS dataset where n is the number of data points,
m is the number of standard technical features, and r is historical data size.

Output: Array O1 (7% /% 7), where j is the number of Technical Indicator features.

Begin

1. Let k represent the period sliding window.

2. Initialize k « 4.

3. Initialize an empty array O1 of size (7% /% 7) to store the Technical Indicator features.
4. For each data point tin S do

5.Fori<« 0tomdo

6. Execute ATR(Density[t], High[i], Low[i], Density, t, i, k) in parallel and store the result in
ATR().

7. Execute SMA(Density, t, i, r) in parallel and store the result in SMA(i).

8. Execute EMA(Density, t, i, r) in parallel and store the result in EMAC(i).

9. Execute RSI(Density, t, i, r) in parallel and store the result in RSI(i).

10. Execute ROC(Density, t, i, r) in parallel and store the result in ROC(i).
11. Execute MOM(Density, t, i, r) in parallel and store the result in MOM(i).
12. End For

13. End For

14. End For

15. Merge array S of size (nxmxr) with array O1 of size (nxjxr) to create Input2 of size
(nx|S+0O1|xr).

End.
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The input to Algorithm 3.2 is n arrays with size (mxr), which represents
MIDAS dataset where m is the no. of standard technical features, and r is historical
data size. It implements six algorithms (ATR, SMA, EMA, RSI, ROC, MOM),
these are also executed in parallel to find a Tls features.

A- Average True Range (ATR):

The proposed indicator is designed to assess the level of volatility in traffic
density, thereby capturing the prevailing trend. During a one-hour time frame,
three distinct calculations are performed: (a) the difference between the highest and
lowest traffic densities, (b) the difference between the highest traffic density and a
previously recorded traffic density denoted as Density,, and (c) the difference
between the lowest traffic density and a previously recorded traffic density
Density,. The highest value among the three options is chosen for each hour of
traffic, and then averaged over a continuous one-hour period (k=1h). The ATR
indicator can be calculated using the Equations 3.1, 3.2, 3.3, 3.4 and 3.5.

ATR = average (TR, k) (3.1)
Where:
TR = Max{Ay, By, Ci} (3.2)
A, = HighestDensity, — LowestDensity, (3.3)
B, = |HighestDensity, — Density| (3.4)
C, = |LowestDensity, — Density,| (3.5)

To compute TR, take the largest value between A, Band Cj.

The algorithm 3.3 to calculate the ATR indicator as follows:
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Algorithm 3.3: Average True Range (High, Low, Density, i, k)
Input:

High: Array of high values.

Low: Array of low values.

Density: Array of density values.

i: Current index.

k: Period sliding window.

Output:

ATR: Average True Range.

Begin

1. Define array TR with size k to store True Range values.

2. For ¢t < i down to (i - k + 1) do:

a. Calculate True Range (TR[t]):

. Set HighLowDiff = High[t] - Low][t]

. Set HighDensityDiff = abs (High[t] - Density [t - 1])

. Set LowDensityDiff = abs (Low[t] - Density [t - 1])

. TR[t] = max (HighLowDiff, HighDensityDiff, LowDensityDiff)

/[True Range is the greatest of the three terms above, representing the maximum distance between the
current high and low densities, the current high and the previous density, and the current low and the
previous density.//

3. Calculate ATR as the average of the True Range values:
a. Set ATRSum =0
b. Forj« 0to (k-1)do:

i. ATRSum = ATRSum + TRI[j]
c. ATR = ATRSum / k
4. Return ATR
End.
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where:
Density is an array that contains the vehicles density

High is an array that contains the highest densities.
Low is an array that contains the lowest densities.
I is the index of the current data point to calculate the ATR.

k is the chosen period for the ATR.

B- Simple Moving Average (SMA):
This is used to identify trends and reversals, as well as to set up free-flow

and breakdown levels. The SMA indicator can be calculated using the Equation
3.6.

SMA = %2?2—11 Density; (3.6)
To calculate the SMA indicator, Algorithm 3.4 can be used:

Algorithm 3.4: Simple Moving Average (Density, i, n)

Input:

Array Density of vehicle density values.
Integer i representing the current index.
Integer n representing the chosen period.
Output:

Single value representing the SMA.

Begin
Initialize sum to 0.
For t from i down to (i - n + 1) do:

a. Add Density[t] to sum: sum «— sum + Density[t]
Calculate SMA as the sum divided by the chosen period "n":
a. SMA «— sum /n
Return SMA as the result.

End.
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In this algorithm:

Density is an array that contains of the vehicle densities.

I is the index of the current data point for which you want to calculate the SMA.
n is the chosen period for the moving average

C- Exponential Moving Average (EMA):

EMA is a distinct variant of the moving average method that employs an
exponential weighting scheme to calculate the average of historical densities. By
assigning weights, the EMA has the ability to assign higher importance to recent
density trends. The inclusion of weighting in EMA sets it apart from SMA by
enabling the EMA to promptly respond to fluctuations in density. In instances
characterized by heightened volatility, assigning greater significance to recent
density fluctuations can confer a strategic advantage. The EMA indicator can be
calculated using the Equation 3.7:

EMA = (Density,EMA;_;) *k + EMA,_4 (3.7)
where k = the smoothing constant, equal to ﬁ

Let n represent the quantity of periods in a SMA, which can be reasonably
estimated by EMA.

To compute the EMA indicator, Algorithm 3.3 can be used:
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Algorithm 3.5: Exponential Moving Average (Density, i, n)
Input:

Array Density of vehicle density values over time.

Integer i representing the current index.

Integer n representing the period.

Output:

EMA[i]: Exponential Moving Average at the current index.

Begin

1. Ifiisequal to O, then
a. Set EMA[i] = Density[i]. //The first EMA value is the same as the
corresponding Density of vehicle. //

2. Ifiisgreater than 0, then
a. Setk =2/ (n+ 1). (The smoothing constant for the EMA)
b. Set EMA[i] = (Density[i] - EMA[i-1]) * k + EMA[i-1].
/[The EMA at the current index is calculated by taking the difference
between the current Density of vehicle and the previous EMA value, then
multiplying it by the smoothing constant k, and adding it to the previous
EMA value.//

3. Return EMA[I].

End.

where:

e Density is an array that contains the closing prices of the financial
instrument.

e i is the index of the current data point for which you want to calculate the
EMA.

e n isthe chosen period for the EMA.
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D-Relative Strength Index (RSI):
RSI is a metric that evaluates the current strength of traffic, the rate at which
the trend is changing, and the extent of the movement. Equations 3.8, 3.9, 3.10,
and 3.11 utilized to calculate RSI is as follows:

100
RSI =100 — |- (3.8)
1-RS
where:
average up density over n periods

RS = ki il d pere (3.9)

average down density over n periods
average up density _ (previous average up densiti*(n—1)+current up density) (3 10)
average down density — (previous average down density*(n—1)+current down density) (311)

n

To compute the RSI indicator, Algorithm 3.6 can be used:
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Algori

Input:

Outpu

Begin

End.

thm 3.6: Relative Strength Index (Density, i, n)

- An array Density of size n representing vehicle density data.
- Aninteger i representing the current index.
- Aninteger n representing the period for RSI calculation.

t:

- RSI, the Relative Strength Index for the current index i.

. Initialize AvgUpDensity[i] to 0.0 (Initialize the average up density for the

current index to 0).

Initialize AvgDownDensity[i] to 0.0 (Initialize the average down density
for the current index to 0).

Ifi =0, return 0. (RSI is not defined for the first data point).

For t from 1 to i do the following:

a. Calculate the density change: Diff[t] = Density[t] - Density[t-1].

b. If Diff[t] > 0, add Diff[t] to AvgUpDensity[i].

c. If Diff[t] <0, subtract Diff[t] from AvgDownDensity[i].

Calculate the average up density for the current index:

a. Divide AvgUpDensity[i] by n.

Calculate the average down density for the current index:

a. Divide AvgDownDensity[i] by n.

Calculate the relative strength (RS) for the current index:

a. If AvgDownDensity[i] is zero, set RS to a large value (e.g., infinity) to
avoid division by zero.

b. Otherwise, set RS = AvgUpDensity[i] / AvgDownDensity[i].
Calculate the RSI for the current index:

a. Set RSI =100 - (100 / (1 + RS)).

Return RSI as the result of RSI calculation for the current index i.
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E- Rate of Change (ROC):

The ROC indicator serves to highlight the observed increases in volume.
These occurrences typically manifest predominantly at points of high density, low
density, or instances of abrupt change. The ROC indicator can be calculated using
the Equation 3.12:

Current density—densityn_period ago
*

ROC =

100 (3.12)

densityn_periods ago

To compute the ROC indicator, Algorithm 3.7 can be used:

Algorithm 3.7: Rate of Change (Density, i, n)
Input:

Array Density of size r, representing the density of vehicles at different time periods.
Integer i, the current index for which ROC is to be calculated.
Integer n, the number of periods ago to compare with.

Output:

Float ROC, representing the rate of change of density.

Begin

1. Ifi<n, return "Not enough data points to calculate ROC."

//ROC requires at least n data points; if the current index is less than n, there won't be
enough data.//

2. Set CurrentDensity = Density[i] (The density at the current index).

3. Set DensityNPeriodsAgo = Density [i - n] (The density n periods ago).

4. Compute the rate of change (ROC) using the formula:

ROC = ((CurrentDensity - DensityNPeriodsAgo) / DensityNPeriodsAgo) * 100.

5. Return ROC.

End.

62



F- Momentum (MOM):

The MOM is a leading indicator that tracks trends. In further explication,
MOM offers valuable observations regarding density patterns, serving as an
indicator of smooth traffic movement or congestion when surpassing or falling
below the zero threshold. In contrast to SMA, MOM has the ability to reach its
peak or trough prior to the density, thereby offering a proactive (or "leading")
indication of the trend. MOM serves as a prospective indicator, indicating potential
bearish or bullish divergence when it reaches its highest or lowest point and
deviates from the primary density trend. The ATR indicator can be calculated

using Equation 3.13.

MOM = Current density — density,_periods ago (3.13)

To compute the MOM indicator, algorithm 3.8 can be used:

Algorithm 3.8: Momentum (Density, n, 1)

Input:

Density: An array representing the density of vehicles at different time periods.
n: The number of periods ago to compare.

i: The current time period.

Output:

MOM: The calculated momentum value.

Begin

1. Initialize MOM to 0.

2. Calculate MOM as the difference between the current density and the density
"n" periods ago:
a. MOM = Density[i] - Density [i - n].

3. Return MOM.

End.
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3.2.4 The Prediction Stage

The prediction of short-term traffic is a multifaceted and intricate dynamic
problem, necessitating the utilization of machine learning techniques to effectively
address the dynamic nature of the process. Researchers often apply statistical
methods to historical traffic data, which is an exhaustive task and may produce
incorrect predictions. The machine learning coupled with fundamental and / or
technical analysis which can yield satisfactory results for traffic density prediction.
In this work, an effort is made to predict the density and density trend of vehicles
by building a new prediction model. It is implemented by one from two models:
FFNN model to predict the future traffic density in different scenarios and RF
classifier model to know traffic conditions, whether the flow is free or congested.
The approach proposed in this work is capable to identify hidden relationships and
underlying dynamics in the historical traffic data.

A-Feed Forward Neural Network (FFNN)

The main objective of the FFNN model is to predict the future density of
vehicles. This is achieved by building a certified and a perfect regression model for
the traffic density. This model is based on solving the problem completely from the
input until predicting the density. The implementation of the topology of FFNN is
executed. The implementation of neural networks involves two distinct stages:
training and prediction.

Input is the first layer and it is compatible with input variables (ATR, SMA,
EMA, RSI, ROC, MOM) of a problem with a node for each input variable (6
neurons). The hidden layer is the second layer, which is used to capture nonlinear
relationships between variables using the tanh activation function. Three neurons
are determined in hidden layer in addition to bias. The third layer represents the
output layer, which is used to provide the expected values using the linear
activation function. One neuron is selected in output layer, which represents the
desired output (density in continuous form). Equation 3.15 describes the
relationship between the input x,(ATR, EMA, SMA, RSI, ROC and MOM) and
the output Y; (Density):
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Y, = F(wo+ Xty W, * Flwgg + X0y Wpq * X¢]) (3.15)

Where wy, , (a=1, 2, ..., h; b=1, 2, ...,m), W, (a=0,1, 2, ..., h), wy 4,and w,
are the weights of the network, m: input neurons, h: hidden neurons. wy,
represents the weights between input and hidden layer, W, represents the weights
between hidden and output layer, w, , represents the weight of input bias neuron,
w, represents the weight of hidden bias neuron, and finally F() represents
activation function.

In order to attain an optimized network performance, it is necessary to train
neural networks by iteratively adjusting the weight values and minimizing network
bias. Training performance was evaluated using standard mean square error
(MSE). This criterion calculates the average squared error between the network
outputs and the target outputs. The equation that provides the definition of MSE is
expressed as Equation 3.16.

MSE = %Z?(outputi — target;)? (3.16)

Let n represent the sample size, output; denote the predicted results for i,
and target; represent the actual value for i. The training process will be
terminated once the mean squared error (MSE) reaches a threshold value that has
been predetermined. During the prediction phase, the model that has been
developed and trained in the preceding training phase can be employed to compute
the network output for new input data during the testing process. Figure 3.2
illustrates the sequential steps involved in the training and prediction processes
when employing a Feedforward Neural Network (FFNN) methodology.
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Figure 3.2: The methodology employed for prediction problems involves the utilization of a
FFNN based approach.

The research employed a methodology for constructing the artificial neural
network model, which involved the creation of several sub-models. These sub-
models encompassed the Input Model, Output Model, Data Division Model,
Neural Network Architecture Selection Model, Adjusting Weight Model, and
Learning Rate Model as mention in appendix D. The artificial neural network was
constructed using the statistical package for social sciences (SPSS) software. The
utilization of this program has been employed to illustrate the process of
constructing sub-models based on an existing model. The input terminates with the
output model, as depicted in Figure 3.3, illustrating the architecture of the proposed
neural network.
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Figure 3.3: The structure of the proposed FFNN

And by using the weights (Wi) and threshold (6,, 8,) shown in the tables (A.6,
A.7, A.8), the vehicle density can be predicted through the given equations that
were derived below for different traffic conditions:

1- Equation 3.17 provided allows for the prediction of vehicle density on
normal working days.

Scale Density = Linear[(H1 —i*W19) + (H2 —i«W20)+ (H3 —i*W21) +
Bais out] (3.17)
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And by using the weights and the threshold bias (6,) shown in the table
(A.6), Equation 3.18 is as follows:

Scale Density = Linear[(H1*—-1.1)+ (H2+*—1.3)+ (H3%0.6) + 1.1] (3.18)

As for the variables (H1, H2, H3), they can be found through Equations 319,
3.20 and 3.21:

H1 = Tanh[(ATR * N1) + (SMA  N2) + (EMA = N3) + (RSI = N4) + (ROC = N5) +
(MOM * N6) + Bias N1] (319)

H2 = Tanh[(ATR  N7) + (SMA  N8) + (EMA * N9) + (RSI  N10)+) + (ROC *
N11) + (MOM = N12) + Bias N2] (3.20)

H3 = Tanh[(ATR  N13) + (SMA x N14) + (EMA = N15) + (RSI » N16)+) + (ROC *
N17) + (MOM = N182) + Bias N3] (321)

And by using the weights and the threshold (6;) shown in the table (A.6),
the hidden layer Equations 3.22, 3.23 and 3.24 are as follows:

H1 = Tanh[(ATR * 0.0032) + (SMA = —0.01) + (EMA  —.007) + (RSI * —0.00003) +
(ROC % —0.0001) + (MOM x 0009) + 1.4445] (3.22)

H2 = Tanh[(ATR * —0.002) + (SMA = —0.019) + (EMA = 0.0085) + (RSI *
—0.00002) + (ROC % 0.0002) + (MOM = —0.006) + 0.791] (3.23)

H3 = Tanh[(ATR » —0.002) + (SMA * 0.0089) + (EMA = 0.0189) + (RSI *
—0.00004) +) + (ROC * 0.0004) + (MOM * —0.005) — 0.356] (3.24)

It is important to acknowledge that during the training period, all input
features (ATR, SMA, EMA, RSI, ROC and MOM) have been transformed
into standardized values within the range of [-1, +1]. Consequently, the
determination of the measured density using equation (3.18) can be
performed. The values will range from negative one to positive one. To
acquire accurate density values, it is necessary to modify the weights using
equation (3.25) provided below, in order to restore the values to their true
state.
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— (X - Xmin)/
Scaled value = Komax — Xomin) (3.25)

Finally, the final form of the density equation is as follows:

Unscale Density = [Scale Density * D] + A (3.26)
Where:

D = (True output,,,, — True output,,;,)/2 (3.27)
A = True output,,,, — D (3.28)

Regarding the vehicular density during holidays, the same methodology
employed for regular working days, as described above, can be utilized.
However, it is necessary to consider the weights and thresholds specified in
Table (A.7). Thus, Equations for the predictive model can be derived in the
following manner:

Scale Density = Linear[(H1 = W19) + (H2 « W20) + (H3 « W21) + Bais out] (3.29)

And by using the weights and the threshold (8,) shown in the table (A.7),
Equation 3.29 is as follows:

Scale Density = Linear[(H1*—-1.1)+ (H2+0.3) + (H3+*—-1.3) + 0.6] (3.30)

To find the values of the three neurons (H1, H2, H3) in the hidden layer, the
same Equations 3.19, 3.20 and 3.21, above can be used, but using the
weights and thresholds in Table (A.7).

H1 = Tanh[(ATR * 0.003) + (SMA = —0.018) + (EMA  —0.003) + (RSI
—0.00004) + (ROC * —0.0002) + (MOM * 0.0018) + 0.3947] (3.31)

H2 = Tanh[(ATR * 0.0101) + (SMA * —0.004) + (EMA = 0.0166) + (RSI *
—0.00005) +) + (ROC * —0.001) + (MOM * 0.014) — 0.409] (3.32)

H3 = Tanh[(ATR * 0.0006) + (SMA = —0.023) + (EMA * 0.0047) + (RSI *
0.00003) + (ROC % —0.0002) + (MOM * —0.004) + 1.2678] (3.33)

Finally, the predicted density can be found by returning its scale values to
the real values using Equation 3.34.
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Unscale Density = [Scale Density = (27.5)] + 28.2 (3.34)
Where:

D = (True output,,,, — True output,,;,)/2 =27.5

A = True output,,,, — D =28.2

3- Finally, in the predictive model for measuring vehicle density on weekend
days, the same equations derived above can be used in the two previous
models, but the weights and thresholds in Table (A.8) are taken to produce
Equation 3.35.

Scale Density = Linear[(H1*1.4)+ (H2+1.0) + (H3 *x—0.1) + 0.7] (3.35)

The neural nodes in the hidden layer (H1, H2, H3) can be derived through
the three Equations 3.36, 3.37 and 3.38 and based on the information
(weights and thresholds) obtained through experiments conducted on the
models that were explained in the previous steps.

H1 = Tanh[(ATR * —0.0002) + (SMA = 0.0162) + (EMA = —0.001) + (RSI *
0.000007) + (ROC = —0.0004) + (MOM = 0.0021) — 1.027] (3.36)

H2 = Tanh[(ATR * 0.0019) + (SMA % 0.0219) + (EMA * —0.003) + (RSI
0.000006) + (ROC % 0.00009) + (MOM % 0.0031) — 0.571] (3.37)

H3 = Tanh[(ATR % 0.0103) + (SMA  0.0007) + (EMA + —0.02) + (RSI *
—0.000002)+) + (ROC = —0.0007) + (MOM x —0.012) + 0.6861] (3.38)

Finally, the final Equation 3.39 of the vehicle density equation after un-scaling
the data is as follows:

Unscale Density = [Scale Density » 30.7] + 31.5 (3.39)
Where:
D = (True output,,,, — True output,,;,)/2 = 30.7

A = True output,,,, — D =315
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By practical application of the final density equations (3.26, 3.34, 3.39) we can
predict the vehicle density for highways for any day types based on the historical
data provided by the MIDAS system.

B- Multiple Linear Regression (MLR)

In this section, the multiple linear regression model described in section 2.10.3
was employed. It is assumed that there exist p explanatory variables (ATRIl,
SMAI2, EMAI3, RSIi4, ROCi5 and MOMI6) that are to be examined in relation to
a dependent variable y; (Density). The data matrix is hypothesized to be obtained
from a randomly selected sample of n observations (ATRil, SMAIi2, EMAI3,
RSIli4, ROCi5 and MOMI6, Density;), i= 1,2, ..., n., where i ranges from 1 to n as
shown in Equation 3.40. The random variables are postulated to conform to the
linear model as described by Equation (2.1):

Yi=Bo+ B1ATR;; + B,SMA;; + B3EMA;3 + B4RSIiy + BsROCi5s + BeMOM; +
Ui, =12, ..n (3.40)

e The variables u;, where i ranges from 1 to n, represents the values of an
unobserved error term U. These variables are assumed to be mutually
independent and identically distributed. It is also assumed that the expected
value of each u; is 0, and the variance of each u; is E[u;] = 0; V[u;] = oZ.

- Mutually Independent: The values of u; are not related to each other.

- lIdentically Distributed: They follow the same probability distribution.

- Zero Mean: The expected value (average) of each u; is assumed to be 0.

- Constant Variance: The variance of each u; is assumed to be constant and
equal to o2.

e The distribution of the error term U is independent of the joint distribution of
XI1,X 2,...,Xp and hence the regression function
E[Y|ATR,,SMA,, ..., MOM] = B, + B1ATR; + [,SMA, + - + S MOM;
and V[Y|ATR,, SMA,, ..., MOM,] = Jc%ensity.ATRl,SMAz,...,M0M6 = oy.

e The parameters By, B;, B, -.., B, are constant and unknown.

The variables to be utilized in our model are enumerated in section (3.2.3). The
provided data will be utilized to estimate a linear relationship between the
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employed traffic density and the remaining six variables, namely ATR, SMA,
EMA, RSI, ROC and MOM. Three distinct modeling periods were selected to
ensure a precise estimation: normal working days, holidays, and weekend days.
The normal working days for (M25 highway) are determined and represented by
the linear Equation 3.41:

Density; = —0.1+ (—0.008  ATR;;) + (—0.7 * SMA;,) + (1.7 » EMA;3) + (0.003 x RSI;,) +
(—0.003 = ROC;s, + (0.2 * MOM4) +U (3.41)

The vehicle density on holidays is predicted by proposed the linear Equation 3.42:

Density; = —0.2 + (—0.007 * ATR;;) + (—0.7 * SMA;z) + (1.7 * EMA;3) + (0.004 * RSI;4) +
(—0.004 * ROC;5, + (0.19 * MOM6) + U (3.42)

The vehicle density on weekend days is predicted according to the proposed the
linear mathematical equation 3.43:

Density; = —0.1+ (—0.001 * ATR;;) + (—0.7 * SMA;z) + (1.7 * EMA;3) + (0.002 * RSI;4) +
(—0.003 * ROC;s + (0.2 * MOM;¢) + U (3.43)

The multiple linear regression model for the M60 highway is implemented through
Equations 3.44, 3.45 and 3.46 for different conditions:

The normal working days for (M60 highway) are determined and represented by
the linear Equation 3.44:

Density; = —0.08 + (0.001  ATR;;) + (—0.6 * SMA;5) + (1.6 * EMA;3) + (0.001 * RSI;4) +
(—0.0008 * ROC;5) + (0.2 * MOM4) + (0.0002 * CCl;7) + U (3.44)

The vehicle density on holidays is predicted by proposed the linear Equation 3.45:

Density; = —0.09 + (0.002  ATR;;) + (—0.7 * SMA;5) + (1.7 * EMA;3) + (0.001 * RSI;4) +
(—0.000003 * ROC;5, + (0.18 * MOM4) + (0.0002 * CCI;7) + U (3.45)

Finally, the vehicle density on weekend days is predicted according to the proposed
linear mathematical Equation 3.46:

Density; = —0.04 + (—0.006 * ATR;;) + (=0.7 * SMA;, + (1.7 * EMA;3) + (0.0008
RSI;) + (—0.0001 « ROC;5, + (0.1 MOM6) + (0.0001 % CCI;) + U (3.46)
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Each equation represents a specific situation (normal working days,
holidays, or weekend days) and provides coefficients for the predictor variables. In
Equation 3.41 (Normal Working Days) Coefficients (B4, B, ..., B¢) indicate the
Impact of each technical indicator on density. As example a one-unit increase in
ATRIl is associated with a decrease of 0.008 in vehicle density, while a one-unit
increase in EMAI3 is associated with an increase of 1.7 in vehicle density. While,
B, value represents the intercept or constant term in the multiple linear regression
equation. It is the estimated or predicted value of the dependent variable (Density)
when all the predictor variables (ATRil, SMAi2, EMAI3, RSIli4, ROCIi5 and
MOMI6) are set to zero.

The weights (coefficients) of the independent variables (predicted variables)
were calculated using the ordinary least squares (OLS). Minimization of Residuals:
The OLS method seeks to find the values of S, B, ..., B¢ that minimize the sum of
squared residuals (SSE or RSS). The residuals are the differences between the
actual observed values of y; (Density) and the values predicted by the model.
Mathematically, the goal is to minimize as shown in Equation 3.47.

SSE = Z(actual y = predictedy)2 (3.47)

It is important to acknowledge that during the training period, all inputs,
which are technical indicators, were transformed into standardized values within
the range of -1 to +1. Hence, by employing equations (3.41, 3.42, 3.43, 3.44, 3.45
and 3.46) to determine the measured density, the resulting values will fall within
the range of [-1, +1]. To accurately determine the true density values, it is
Imperative to employ the equations (3.26, 3.34, 3.39) previously discussed, which
allow for the correction of the values to their actual magnitude.

3.2.5 The Classification Stage

Historically, the utilization of LOS has been widely adopted as a prominent
indicator for assessing traffic congestion in VANET. The concept of LOS, as it is
defined and utilized in the HCM, encompasses a spectrum of operational
circumstances. LOS of a facility is established through an analysis of traffic flow
characteristics, including 1) vehicle density, 2) average speed, 3) traffic flow, and
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4) intersection delay. These factors vary depending on the type of facility, as
outlined in section 2.9. In order to achieve the dissertation objectives and estimate
the hourly LOS (as a label) using traffic density data as mention in Table 2.2,
machine learning classification methods were employed for the selected highways.
The RF classification method was chosen based on several factors:

- RF mitigate the risk of overfitting.

- RF provides a measure of feature importance.

- Non-linearity Handling

- Handling Imbalanced Data.

- Ensemble nature helps in reducing variance and improving stability in
predictions.

- RF provides an OOB error estimate during training, which serves as a
reliable indicator of model performance.

- RF is relatively easy to implement and tune.

e Random Forest classifier

Decision trees and random forests are widely used machine learning techniques
for tackling a variety of classification problems. Decision trees operate by
recursively partitioning the feature space using a tree structure. In this process,
each child node is divided further until pure nodes are reached, meaning nodes
containing samples of a single class. The division of nodes is guided by a criterion
that aims to maximize the purity of child nodes relative to their parent nodes.
Once pure nodes are achieved, they become leaf nodes, and no further splitting
occurs. When classifying a test sample using a decision tree, the tree is traversed
to a leaf node, and the test sample is assigned the class label associated with the
training samples of that leaf node.

Random forests, on the other hand, employ an ensemble of multiple decision
trees to mitigate the risk of overfitting. In a random forest, each tree is constructed
using a random subset of the feature space. Typically, if a dataset has M features,
m (where m < M) features are randomly selected for growing each tree. Random
forests are favored over individual decision trees because they incorporate a
significant number of voting-based decisions. They implement a bootstrap
aggregation (bagging) technique using a large number of decorrelated decision

74



trees to classify a test sample. This approach is well-suited for handling stock data
classification, as it systematically explores the feature space to make robust class
predictions. To evaluate the quality of a split at each node, Gini impurity is
employed as a measure. The Gini impurity at node N is calculated based on the
proportion of the population with each class label, denoted as P; as shown in
Equation 3.48.

G(N) =1—(P)*— (P-p)* (3.48)

Where P; is the proportion of the population with class label i. The ideal
splitting decision at a node is the one that maximally reduces impurity or,
equivalently, yields the highest information gain and impurity reduction. It's worth
noting that random forests are non-metric classifiers, distinguishing them from
gradient-based and Bayesian methods. This characteristic eliminates the need to
fine-tune learning parameters or make prior distribution assumptions, contributing
to their popularity in various classification tasks. RF classifier training and
classification algorithm routines are 3.9 and 3.10 below respectively.
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Algorithm 3.9: Random Forest Classifier Training
Input:

Training samples (X) with features (ATR, SMA, EMA, RSI, ROC, MOM) and LOS
indicators

Number of trees (n_trees)

Number of features to consider at each split (k)
Maximum number of leaf splits (max_leaf_splits)
Output:

Trained Random Forest Model

Begin

1- Initialize an empty list to store the decision trees: ‘forest =[]’
2- For each tree in the range of ‘n_trees’:
a. Randomly select k features from the set (ATR, SMA, EMA, RSI, ROC, MOM).
b. Create the root node of the decision tree: ‘root = create_node(X,
selected_features, criterion=""Gini"")’
e ‘create_node’ function should find the best split point based on the Gini
criterion for the selected features.
c. Initialize a queue for node expansion: ‘queue = [root]’
d. While the queue is not empty:
I Pop the front node from the queue: ‘current_node = queue.pop(0)’
ii. If the node meets the stopping criteria (e.g., maximum depth or impurity
threshold), mark it as a leaf node.
iii. Otherwise, find the best split for the current node based on the Gini
criterion using the selected features.
iv. Split the node into daughter nodes based on the best split.
V. Add daughter nodes to the queue for further expansion:
‘gqueue.extend(daughter_nodes)’
e. Add the trained decision tree to the forest: ‘forest.append(root)’ Return the
trained Random Forest Model ‘forest’.

End
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Algorithm 3.10: Random Forest Classifier Classification

Input:
Test samples (Y) with features (ATR, SMA, EMA, RSI, ROC, MOM)
Trained Random Forest Model (‘forest’)

Output:

Predicted LOS indicators for the test samples

Begin

1- Initialize an empty list to store the predictions for each tree: ‘tree_predictions =
I/

2- For each tree in the ‘forest’:

a. Initialize an empty list to store predictions for the current tree:
‘current_tree_predictions =[]’

b. For each sample in €Y’

I. Traverse the tree to a leaf node using the features (ATR, SMA, EMA, RSI,
ROC, MOM) of the current sample.

ii. Assign the majority class (LOS indicator) of the training samples in the leaf
node to the current sample:
‘current_tree_predictions.append(majority_class_of leaf node)’

c. Add ‘current_tree_predictions to tree_predictions’.

3- Calculate the final predictions by considering the most voted predicted outcome

or the average of closely related outcomes from all trees in the forest:
a. For each sample inY, calculate the mode (most frequent class) of predictions
from ‘tree_predictions’ or consider the average of closely related outcomes.

4- Return the final predicted LOS indicators for the test samples.

End

3.2.6 The Evaluation Model Stage

In this stage, the proposed system is evaluated based on testing dataset.
RMSE, MAPE and AA% measures are used to evaluate FFNN and MLR models.
On the other hand, Accuracy, Recall, F1-Measure, Precision, Cohen Kappa, OOB,
Receiver Operator Characteristic and AUC are used to evaluate the RF model.
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Chapter four
Results and Discussion

4.1 Overview

The effectiveness of the proposed system illustrated in the previous chapter
has been tested with different parameters values, and the results are presented and
discussed in this chapter. A real global dataset has been applied as an employment
case study to determine the behavior of the proposed system. Furthermore, the
experimental results stages of the proposed system are described and shown in this
chapter.

Before starting to analyze the results of the proposed system, it is important
to present the general characteristics of the proposed system:

1- It deals with real, numeric, complex, and big dataset of MIDAS.

2- It deals with decisions as discrete and continuous (classification, regression).
3- It depends on machine learning principals.

4- It generates TIs to increase the accuracy of the prediction.

4.2 Evaluating the Regression Models

This section provides additional evidence of the efficacy of the proposed
short-term traffic prediction frameworks through the utilization of authentic traffic
data. The examination of the model's robustness involves the application of the
proposed models to traffic conditions on normal work days, holidays, and weekend
days. Reliable evaluation of data mining techniques is performed on test data that
had not been seen before during the training phase. The metrics employed for the
guantitative assessment of accuracy encompass RMSE, MAPE, and AA%.

4.2.1 The Results of Normal working days

This subsection exclusively examines traffic density data obtained from the
MIDAS system under normal work conditions. The dataset contains traffic density
data for the entire month of February 2022, which has been partitioned into two
distinct sets: training data and test data. Given that the primary emphasis is on
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weekdays, the data pertaining to weekends and holidays is excluded. The accuracy
of traffic density prediction is evaluated by comparing the RMSE, MAPE, AA%
metrics, as presented in Tables 4.1 and 4.2.

Table 4.1: The evaluation results of different models under normal work days conditions (M25)

RMSE MAPE (%) AA%
MLR 0.2 0.02 99.98
FFNN 0.2 1.8 98.2
RFR 0.8 0.02 99.98
Markov chain 2.51 0.15 99.95

Table 4.2: The evaluation results of different models under normal work days conditions (M60)

RMSE MAPE (%) AA%
MLR 0.09 0.02 99.98
FFENN 0.96 4.5 95.5
RFR 0.4 0.02 99.98
Markov chain 3.32 0.257 99.75

The section provides an analysis of the results of the effectiveness of
different machine learning methodologies in predicting traffic density. The
excellent accuracy of the machine learning techniques used in prediction can be
attributed to the linear nature of the data and using technical indicators. The
research findings indicate that the utilization of data normalization techniques can
enhance the accuracy of predictions, particularly in the case of the FFNN
technique.

The findings presented in Tables 4.1 and 4.2 indicate that the MLR-based
method exhibits the highest level of prediction accuracy. Nevertheless, owing to
the robust performance exhibited by FFNN in forecasting traffic congestion, it is
recommended as a fundamental proposed framework for predicting traffic density,
as it demonstrates the lowest margin of error and a notable level of precision. The
scatter plots depicted in Figures 4.1 and 4.2 illustrate the comparison between the
predicted and observed traffic density data. Additionally, these figures display the
error auto-correlation plot of the predictions and the histogram representing the
distribution of errors within the proposed FFNN prediction framework. The scatter
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plot reveals that the prediction model exhibited a slight underestimation of the
observed traffic density in cases of high traffic density under highly congested
conditions.

The error distribution histogram reveals that the prediction errors follow an
almost normal distribution, which indicates that the FFNN model shows
satisfactory performance in predicting traffic density. The errors are distributed
around zero, which means that the model generates accurate predictions and any
differences are due to random fluctuation. An autocorrelation plot of prediction
errors indicates a correlation between errors observed at different time points, but it
decays with time and the length of the training period.
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Figure 4.1: Traffic density prediction performance using FFNN framework on the M25 highway
under normal work traffic conditions.
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Figure 4.2: Traffic density prediction performance using FFNN framework on the M60 road
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4.2.2 The Results of Holiday days

The traffic flow data for this subsection has been collected from selected
highways in the vicinity of London and Manchester. The 15-minute traffic data
that has been compiled is sourced from the MIDAS system. For instance, in the
dataset pertaining to M25 highways, a total of 302 records were chosen from a
five-day period encompassing holidays in February 2022. The test data were
chosen from the same month and consisted of 156 records. The dataset for the
month under investigation was subjected to filtering, specifically isolating the data
pertaining to regular weekdays and weekends, while exclusively considering
holidays. This approach was adopted due to the observed variations in vehicle
density, which necessitated a separate analysis. The training and testing datasets
consist of traffic data that exclusively represents normal traffic conditions,
excluding any incidents or other abnormal events.

The accuracy of three traffic prediction frameworks for forecasting traffic
conditions on a selected corridor during normal traffic conditions on holidays is
presented in Tables 4.3 and 4.4. The neural networks model is selected based on
the findings presented in the table, as it demonstrates strong predictive capabilities
for both linear and nonlinear data. Furthermore, it exhibits a notable prediction
accuracy of 92.27% in table 4.2. Consistent with the findings presented in Section
4.2.1, the utilization of the data normalizing leads to enhanced prediction accuracy
under typical traffic conditions.

Table 4.3: The evaluation results of different models under holidays days conditions (M25)

RMSE MAPE (%) AAY
MLR 0.27 0.03 99.97
FFENN 1.02 5.7 94.3
RFR 1.5 0.04 99.96
Markov chain 1.3 0.27 99.73
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Table 4.4: The evaluation results of different models under holiday days conditions (M60)

RMSE MAPE (%) AAY%
MLR 0.07 0.02 99.98
FFNN 0.6 11.7 88.3
RFR 0.68 0.07 99.93
Markov chain 1.32 0.107 99.89

Figures 4.3 and 4.4 present a scatter plot depicting the relationship between
predicted and observed traffic density data, an error auto-correlation plot
illustrating the correlation of predictions, a histogram displaying the distribution of
errors, and a sample time-series plot showcasing the relationship between predicted
and observed traffic density within the FFNN framework. These plots have the

same interpretation as the previous plots in the section 3.2.1.
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Figure 4.4: Traffic density prediction performance using FFNN framework on the M60 highway
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4.2.3 The Results of Weekend days

The dataset comprises 15-minute traffic flow and occupancy data from
selected MIDAS system corridors, subjected to rigorous preprocessing to eliminate
missing values. It focuses on normal, accident-free traffic conditions during
weekends in February 2022. 72% of the data is allocated for training, and 28% for
testing. The study evaluated three traffic prediction models as shown in Tables 4.5
and 4.6, with multiple linear regression outperforming others in terms of MAPE
and RMSE due to the data's linear characteristics. While random forest is effective,
it may be inefficient for large test datasets. Therefore, a neural network-based
model is chosen for its robustness and superior predictive performance, particularly

In time-sensitive applications.

Table 4.5: The evaluation results of different models under weekend days conditions (M25)

RMSE MAPE (%) | AA%
MLR 0.27 0.01 99.99
FFNN 0.5 3.8 96.2
RFR 1.21 0.03 99.97
Markov chain 8.75 0.4 99.96

Table 4.6: The evaluation results of different models under weekend days conditions (M60)

RMSE MAPE (%) AAY%

MLR 0.03 0.03 99.97
FFNN 0.4 4.05 95.95
RFR 0.15 0.06 99.94
Markov chain 2.48 0.24 99.76

87




Figures 4.5 and 4.6 depict the scatter plot illustrating the relationship
between predicted and observed travel time data, as well as the error auto-
correlation plot of predictions. Additionally, the histogram of error distribution and
the sample time-series plot between predicted and observed traffic density are
presented within the FFNN prediction framework.

In the proposed prediction models, the error distribution pertains to the
observed pattern of discrepancies between the actual values and the predicted
values, as visually depicted in Figures 4.5 and 4.6. The presence of a normal
distribution can be inferred from the distribution of errors between the observed
and expected values. The errors exhibit a random distribution centered around a
mean of zero. This implies that the proposed model is generating precise forecasts,
and any discrepancies are attributable to stochastic variability.

To summarize, the performance measures for short-term prediction can be
found in the Tables 4.1 to 4.16. It is evident that the majority of machine learning
techniques exhibit relatively similar performance outcomes in terms of both MAPE
and RMSE. In each case, it is typically observed that MAPE exhibits a lower value
compared to its counterpart, RMSE. The reason for this is that MAPE calculates
the absolute percentage error rates and then computes their average across the
ensemble results space. In contrast, RMSE is a relative error measure that takes
into account the relative error deviation between the results ensemble space. It is
evident that all models exhibit satisfactory performance in learning the data, which
can be attributed to the linear characteristics of the data.
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Figure 4.5: Traffic density prediction performance using FFNN framework on the M25 highway
in weekend days
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4.2.4 Sensitivity Analysis

A sensitivity analysis was conducted on the proposed FFNN models in order
to investigate the importance of each technical indicator. Sensitivity analysis is a
method used to assess the resilience and effectiveness of a model by identifying the
input parameters that exert the greatest influence. The analysis consisted of
systematically eliminating individual technical indicators from the model inputs

and assessing the model's performance using the three-summary metrics.

The technique employed in this dissertation is referred to as parametric
bootstrap, wherein the factors are systematically removed and the model is
subsequently reevaluated following each replacement. The summary results
pertaining to the removal of each technical indicator can be observed in Tables 4.7

and 4.8.
Table 4.7: FFNN models sensitivity analysis for M25 highway.

Week days Indicators RMSE MAPE AA%
None 0.2 1.8 98.2

ATR 0.4 2.6 97.4

Normal working SMA 0.78 3.1 96.9
days EMA 0.97 5.4 94.6

RSI 1.58 6.6 93.4

ROC 0.36 2.07 97.93

MOM 0.49 3.5 96.5

None 1.02 5.7 94.3

ATR 1.2 4.6 95.4

Holiday days SMA 1.2 3.5 96.5
EMA 1.91 11.7 88.3

RSI 0.9 3.7 96.3

ROC 0.98 5.05 94.95

MOM 0.99 6.2 93.8

None 0.5 3.9 96.1

ATR 1.2 5.2 96.8

SMA 1.3 14.2 85.8

Weekend days EMA 1.4 8 92
RSI 15 11.6 88.4

ROC 0.54 2.5 97.5

MOM 0.93 2.7 97.3
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Table 4.8: FFNN models sensitivity analysis for M60 highway.

Week days Indicators RMSE MAPE AA%
None 0.96 4.5 95.5
ATR 0.96 2.6 97.4
Normal working SMA 0.68 5 95
days EMA 0.6 6.5 93.5
RSI 0.21 55 94.5
ROC 0.26 2.6 97.4
MOM 0.54 4.9 95.1
None 0.6 11.7 88.3
ATR 0.6 10.3 89.7
Holiday days SMA 0.4 62.2 37.8
EMA 0.62 23.9 76.1
RSI 0.6 9.9 91.1
ROC 0.7 8.03 91.97
MOM 0.6 48.8 51.2
None 0.4 4.05 95.95
ATR 0.15 12.19 87.91
SMA 0.13 24.2 75.8
Weekend days EMA 0.21 5.3 94.7
RSI 0.17 7.5 92.5
ROC 1.16 15.01 84.99
MOM 0.5 55.2 44.8

Based on the findings presented in Tables 4.7 and 4.8, it is evident that SMA
and EMA emerged as the most influential technical indicators in the Table 4.7.
This is substantiated by the notable decrease in model accuracy observed when the
SMA and EMA was excluded. The removal of the ATR parameter had a minimal
impact on the model accuracy, with the resulting values being comparable to the
original model's accuracy. This observation was specifically noted during holiday
days. Also, the deletion of the ROC and MOM indicators had an impact on the
prediction ability in the case of the M60 road, as shown in the Table 4.8. Despite
an improvement in RMSE, the overall outcome of the analysis does not match the
level of excellence achieved when incorporating all the technical indicators. The
results of this dissertation indicate that SMA, MOM, ROC, and EMA exhibit a
robust predictive capability for forecasting vehicle density.
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4.3 Evaluating the Classification Model

The density of vehicles in the dataset is represented as a continuous value.
Class labeling is used as a method to more easily illustrate LOS. The classification
process is improved using this representation. Thus, before evaluating the
classification models, class feature should be created with six values (LOS A, LOS
B, ..., LOS F) based on Table 2.2 for all data points in dataset. It is important to
acknowledge that the Python programming language, specifically version 3.9.12,
was utilized for all data analyses and visualizations presented within this section. It
Is important to acknowledge that the datasets contained missing values, which
accounted for less than 1% of the overall population. Consequently, these missing
values were estimated. The evaluation of the robustness of a multiclass classifier
involves the utilization of various performance measures. These measures include
the accuracy, precision, recall (also referred to as sensitivity), f-score, Cohen kappa
score, OOB and AUC of ROC curve.

4.3.1 Correlation Between Attributes

Tables 4.9 and 4.10 display the correlation among attributes for the input
data. Correlation pertains to the association between two variables and the extent to
which they exhibit concurrent changes or lack thereof. Pearson's Correlation
Coefficient is the prevailing approach for computing correlation, which assumes a
normal distribution of the variables under consideration. A correlation coefficient
of -1 or 1 indicates a complete negative or positive correlation, respectively. In
contrast, a value of O indicates a complete absence of correlation.

The matrices presented in Tables 4.9 and 4.10 display a comprehensive
arrangement of attributes both horizontally and vertically. These matrices provide a
correlation analysis for all possible pairs of attributes, accounting for the
symmetrical nature of the matrix. The presence of a diagonal line in the matrix,
extending from the top left to the bottom right corners, indicates a state of perfect
correlation between each attribute and itself.
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Table 4.9: Correlation Between Attributes of week-days data (M25 highway).

Normal Holiday Weekend

working

Density Density Density
ATR 0.60 0.61 0.52
RSI 0.29 0.34 0.12
SMA 0.99 0.98 0.99
EMA 0.99 0.99 0.99
ROC 0.16 0.16 0.13
MOM 0.20 0.21 0.16

Table 4.10: Correlation Between Attributes of weekdays data (M60 highway).

Normal Holiday Weekend
working
Density Density Density
ATR 0.63 0.51 0.69
RSI 0.21 0.19 0.13
SMA 0.99 0.99 0.99
EMA 0.99 0.99 0.99
ROC 0.11 -0.08 -0.04
MOM 0.22 0.19 0.11

Based on the aforementioned Tables 4.9 and 4.10, a notable correlation is
observed between vehicle density and indicators (ATR, SMA, EMA) during
weekday hours. This finding implies that the data can be utilized to formulate
effective strategies for traffic management during peak periods. Potential
approaches may involve promoting remote work arrangements, expanding public
transportation alternatives, or fostering the adoption of carpooling services.
Additionally, it is worth mentioning that the remaining three indicators exhibit a
limited correlation with traffic density, thereby rendering them unreliable for the
purpose of formulating efficient traffic management strategies.
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4.3.2 The results of estimating the level of service in normal working
days

As previously stated, a one-month dataset from the year 2022 was gathered
for the purpose of testing the methodology. The month of February was chosen due
to a partial recovery in traffic congestion, with approximately 95% of normal
traffic levels being observed. The RF model and KNN model were assessed by
utilizing the test data. Tables 4.11 and 4.12 demonstrate that the test outcomes
closely align with the training datasets for both of the models proposed.

Table 4.11: Summary of testing the proposed classification methods in normal working days
(M25 highway).

Model LOS | Precision Recall F- Support | Accuracy | kappa
Score
A 1.00 0.99 1.00 130
B 0.95 0.99 0.97 91
RF C 0.93 0.87 0.90 30 0.97 0.95
D 1.00 0.77 0.87 13
E 0.88 1.00 0.93 14
F 1.00 1.00 1.00 10
A 0.99 0.98 0.99 133
B 0.89 0.98 0.93 88
KNN C 0.79 0.66 0.72 29 0.92 0.88
D 0.67 0.40 0.50 10
E 0.83 0.83 0.83 12
F 0.94 1.00 0.97 16

Table 4.12. Summary of testing the proposed classification methods in normal working days
(M60 highway).

Model LOS | Precision Recall F- Support | Accuracy | kappa
Score

A 0.98 1.00 0.99 224

B 0.96 0.90 0.93 50 0.97 0.91
RF C 0.82 0.82 0.82 11

D 0.67 0.67 0.67 3

A 0.97 0.99 0.98 224

B 0.89 0.84 0.87 50 0.95 0.85
KNN C 0.69 0.82 0.75 11

D 1.00 0.33 0.50 3
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The assessment of the proposed models typically involves the consideration
of accuracy. When the accuracy of our model is high, it indicates that the
classification of items is done correctly. The random forest model outperforms the
KNN model in terms of accuracy. For instance, in the M25 highway test data
presented in table 4.11, the random forest model achieved an accuracy of 97%.
Additionally, the random forest model demonstrated high precision and recall,
which is evident from the F-score values. The lowest F-score value obtained was
87%. The utilization of the Harmonic Mean as a substitute for the Arithmetic Mean
entails a greater penalization of extreme values. An additional noteworthy
observation is that the F-score exhibits a positive correlation with the increase in
support value. The findings pertaining to classification outcomes, as well as the
observed patterns in the fluctuation of classification accuracy and other metrics in
relation to the augmentation of the support value in KNN, exhibit similarities to the
patterns observed in random forests. Nevertheless, the results obtained are
comparatively inferior when compared to the random forest model.

Tables 4.11 and 4.12 present the kappa values, which demonstrate a high
level of agreement between the observed and predicted values for the random
forest model. This indicates a strong performance of the model. Simultaneously,
KNN model also attained a highly favorable outcome. Hence, based on the Kappa
statistic obtained from the proposed models, it can be concluded that these models
exhibit reliability in terms of classification.

4.3.3 The results of estimating the level of service in holiday days

The density data for the compounds utilized in the trials consists of quarter-
hourly records spanning from 1 February 2022 to 28 February 2022. These records
were obtained from the MIDAS system, which specifically focused on normal
working days as discussed in the preceding section. This section will examine the
vehicle density during holidays occurring within the same month. The technical
indicators that have been proposed, as described in Section 3.2.3, are employed as
inputs for the classification algorithms in order to estimate the level of service
(LOS).
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The proposed models undergo training using 80% of the available data,
while the evaluation is conducted on the remaining 20% of the data using technical
indicators. In order to assess the efficacy of the technical indicators in enhancing
the proposed rating models, a training/testing split is employed over a period of 5
days. Tables 4.13 and 4.14 demonstrate that the test outcome closely aligns with
the training datasets. The method under consideration was implemented during
regular business days using the same selected approach, and the outcome
demonstrated comparable levels of accuracy. The proposed method demonstrates
potential applicability across various time periods.

Table 4.13. Summary of testing the proposed classification methods in holidays days (M25

highway).
Model | LOS | Precision Recall F- Support | Accuracy | kappa
Score
A 0.98 1.00 0.99 40
B 0.96 0.92 0.94 24
RF C 0.77 0.91 0.83 11 0.92 0.88
D 1.00 0.40 0.57 5
E 0.86 0.75 0.80 8
F 0.80 1.00 0.89 8
A 0.98 1.00 0.99 40
B 0.88 0.88 0.88 24
KNN C 0.58 0.64 0.61 11 0.85 0.80
D 0.50 0.20 0.29 5
E 0.83 0.62 0.71 8
F 0.73 1.00 0.84 8

Table 4.14. Summary of testing proposed classification methods in holidays days (M60

highway).
Model LOS | Precision Recall F- Support | Accuracy | kappa
Score
A 0.97 0.97 0.97 67
B 0.92 0.92 0.92 25 0.95 0.88
RF C 0.67 1.00 0.80 2
D 1.00 0.50 0.67 2
A 0.96 0.96 0.96 67
B 0.88 0.88 0.88 25 0.93 0.83
KNN C 0.67 1.00 0.80 2
D 1.00 0.50 0.67 2
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The findings displayed in Tables 4.13 and 4.14 indicate that the RF-based
approach exhibits the highest level of precision in its predictions. The confirmation
of accuracy and kappa values indicates that the model exhibits a high level of
classification quality and demonstrates strong reliability.

4.3.4 The results of estimating the level of service in weekend days

The 15-minute traffic data that has been compiled is sourced from the
MIDAS system. A total of 614 records from the weekends in February 2022 were
chosen for the training dataset. The testing dataset which consists of 153 records
was selected from the weekend period in February 2022. The training and testing
datasets consist of traffic data that exclusively represents normal traffic conditions,
excluding any incidents or other abnormal events. The tables 4.15 and 4.16 present
the outcomes that demonstrate the precision of two traffic classification
frameworks when subjected to regular traffic conditions. This augmentation of
explanatory power in the input features contributes to the improved accuracy under
normal traffic conditions.

Table 4.15: Summary of testing the proposed classification methods in weekend days (M25

highway).
Model | LOS | Precision Recall F- Support | Accuracy | kappa
Score
A 1.00 0.96 0.98 91
B 0.88 1.00 0.93 35
RF C 1.00 0.33 0.50 3 0.95 0.91
D 0.50 1.00 0.67 3
E 1.00 0.67 0.80 6
F 1.00 1.00 1.00 16
A 0.98 0.95 0.96 91
B 0.82 0.94 0.88 35
KNN | C 0.00 0.00 0.00 3 0.90 0.82
D 0.38 1.00 0.55 3
E 0.50 0.17 0.25 6
F 0.94 0.94 0.94 16
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Table 4.16: Summary of testing the proposed classification methods in weekend days (M60

highway).
Model | LOS | Precision Recall F- Support | Accuracy | kappa
Score
A 0.98 1.00 0.99 167 0.98 0.92
RF B 1.00 0.88 0.94 25
A 0.94 1.00 0.97 135
KNN B 0.83 0.42 0.73 12 0.94 0.64
F 0.80 0.57 0.67 7

The findings displayed in Tables 4.15 and 4.16 indicate that the RF-based
approach exhibits the highest level of precision in prediction. The confirmation of
accuracy and kappa values indicates that the model exhibits a high level of
classification quality and demonstrates strong reliability.

4.3.5 Out-of-bag (OOB)

As stated in section 2.11, OOB score is computed using a portion of data
that remains unused during the model's analysis, while the validation set is a subset
of data that is deliberately chosen for evaluation purposes. The OOB sample
exhibits a slightly higher degree of randomness compared to the validation set.
Hence, it is possible that OOB sample, which serves as the basis for calculating the
OOB score, may exhibit a higher level of difficulty compared to the validation set.
OOB score may exhibit a relatively lower accuracy score as a result. The OOB
error rate was calculated for the random forest classifier using the MIDAS dataset.

Tables 4.17 and 4.18 reveal an interesting pattern: when the number of
estimators (trees) in a random forest model increases, each tree trains on a different
subset of the data. This distinction arises due to the utilization of bootstrap
sampling, a method where training data is randomly sampled with replacement.
This implies that each tree in the model is exposed to a slightly distinct set of
samples. As the number of estimators increases, the probability of each tree
encountering a greater diversity of training samples also increases. Consequently,
there is a reduction in the correlation between the trees, resulting in increased
diversity in terms of the patterns they extract from the data.
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The enhanced variety of tree species contributes to the enhancement of the
model's capacity for generalization. While individual trees may exhibit overfitting
to a certain degree, the ensemble technique employed by random forests allows for
their combination, resulting in improved predictive accuracy. As a result, the
augmentation of the number of estimators in a random forest model is associated
with a decrease in OOB error of the model. This phenomenon occurs due to the
ensemble's ability to leverage enhanced diversity, thereby enabling it to generate
more resilient predictions when confronted with previously unseen data. This
finding also provides an explanation for the lack of overfitting in random forests as
the ensemble size increases. The decision-making process typically involves a
trade-off between the allocation of computational resources and the resulting
performance of the model.

Table 4.17: OOB error rate vs Number of estimators (M25 highway).

50- 100- 250- 500- 1000-
estimators. | estimators. | estimators. | estimators. | estimators.
OOB error rate for
normal working days 0.955 0.957 0.958 0.96 0.962
OOB error rate for
holiday days 0.905 0.903 0.905 0.905 0.908
OOB error rate for 0.973 0.967 0.972 0.97 0.972
weekend days
Table 4.18: OOB error rate vs Number of estimators (M60 highway).
50- 100- 250- 500- 1000-
estimators. | estimators. | estimators. | estimators. | estimators.
OOB error rate for 0.971 0.973 0.973 0.973 0.973
normal working days
OOB error rate for 0.968 0.968 0.96 0.965 0.971
holiday days
OOB error rate for 0.993 0.994 0.994 0.994 0.994
weekend days
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4.3.6 Receiver operating characteristic curves (ROC)

As stated in section 2.11, ROC is a graphical technique used to assess the
effectiveness of a multiclass classifier. A graphical representation is created by
plotting the True Positive Rate (also known as sensitivity) against the False
Positive Rate (specificity subtracted from one) at different threshold values. The
ROC curve illustrates the balance between sensitivity and specificity. When the
curve approaches the leftmost and uppermost boundaries of ROC space, it signifies
a higher level of accuracy for the test.

The test's accuracy increases as the curve approaches the upper and left
boundaries. When the curve ROC space closely approximates the 45-degree
diagonal line, it indicates that the test's accuracy is low. ROC curves are a valuable
tool in the process of model selection, as they enable the identification and
elimination of suboptimal models, ultimately leading to the selection of the most
optimal model. The ROC of our model is depicted in Figures 4.7 and 4.8.
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Multiclass ROC curve for Normal work days
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Figure. 4.7: ROC curves plotted for random forests (M25 highway).
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Multiclass ROC curve for normal working days

B I e =
[ PR
':I prag
H -
1! -
0.8 1! -
) =|' ,”
I ”’
o i -
i \ -
o 0.6 1 prag
= I g
i -
S 0.4 -~
= i -
-
”’
L ——- A (LOS) (AUC=0.99)
0-21 e B (LOS) (AUC=0.97)
e ——- C (LOS) (AUC=0.99)
7 ——- D (LOS) (AUC=0.99)
0.0 . . . .
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
Multiclass ROC curve for Holiday days
1.0 ,—
-
_-
I”
0.8 4 -
. -
”’
2 -
= -
» 0.6 _-
= -~
E=] -
g o
L 0.4 -
= s
I”
-7 ——- A ({LOS) (AUC=1.00)
0.2 7 - B (LOS) (AUC=1.00)
e ——- C (LOS) (AUC=1.00)
L7 ——- D (LOS) (AUC=1.00)
0.0 . . . .
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
Multiclass ROC curve for weekend days
1.0 =——= 7
td
#*
Cd
ra
rs
4
-~
-
’/
0.8 A ~
rd
L4
Cd
e
W d
= e
2 0.6 -
2O g
= e
= rd
= L
o rd
o .
w 4 -
v 04 .
= -
’/
F
rd
~
rd
Ed
0.2 - o
d
,-’
e === A(AUC = 1.00)
-
e B {AUC = 1.00)
d
0-0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure. 4.8: ROC curves plotted for random forests (M60 highway).
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One rationale behind the enhancement of accuracy in our proposed models
with an increment in the value of t is that the technical indicators have the capacity
to capture a greater amount of information pertaining to the fluctuations in
densities over an extended temporal span. This implies that the densities of
vehicles may not necessarily exhibit a consistent trend of increase or decrease, but
rather that a reliable prediction can be made with sufficient information. This
observation is further supported by the notable AUC values, which serve as an
indicator of the multiclass classifier's capacity to differentiate between various
classes.

4.3.7 Feature’s importance

In the field of machine learning, features refer to the variables or attributes
employed to characterize the data upon which the algorithm is being trained. The
careful consideration and significance of features play a pivotal role in determining
the efficacy and triumph of a machine learning model. The enhancement of
prediction accuracy in the model is achieved through the careful selection of
pertinent and informative features. By employing a process of feature selection, it
Is possible to streamline the model by reducing the number of variables and
enhancing the model's interpretability. The training duration of the model increases
proportionally with the number of features incorporated. By employing a strategy
of feature selection, it is possible to decrease the duration of the training process by
focusing solely on the most significant features. The significance of features may
vary in accordance with alterations in the dataset's size.

By strategically choosing the most significant features, the model can be
enhanced in its ability to withstand variations in the size of the dataset. This
dissertation posits that the utilization of technical indicators data has the potential
to enhance the accuracy of LOS classification. Consequently, a variable
Importance analysis was conducted using the selected random forest model. The
calculation of the average reduction in the Gini index was performed using the
Random Forest (RF) model. A greater magnitude of this index signifies a greater
significance of the variable, as stated in tables 4.19 and 4.20.
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Table 4.19: Feature’s importance: of M25 highway sample dataset.

Week days Indicators Importance of Features (in %)

SMA 40.3

EMA 40.6

ATR 6.6

Normal working days MOM 4.7
RSI 2.9

ROC 4.5

SMA 36.3

EMA 36.4

ATR 10.3

Holiday days MOM 5.6
RSI 5.7

ROC 5.4

EMA 36.8

SMA 40.5

Weekend days ATR 12
MOM 4.4

ROC 3.5

RSI 2.5

Table 4.20: Feature’s importance: of M60 highway sample dataset.

Week days Indicators Importance of Features (in %)
EMA 44.6
SMA 34.9
ATR 7.5
Normal working days MOM 6.5
ROC 4.09
RSI 2.3
EMA 43.5
SMA 37.5
Holiday days ATR 7.2
ROC 3.6
MOM 6.04
RSI 1.9
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EMA 42.8

SMA 42.7

Weekend days ATR 3.4
ROC 2.5

MOM 6.1

RSI 2.3

Based on the findings presented in Tables 4.19 and 4.22, it is evident that the
SMA, EMA, ATR exhibit significant influence in the determination of the LOS
variable, in their respective order of importance. It was observed across all
weekdays examined in our experiments.

4.4 Discussion

In the context of regression models, it's noteworthy that the test data
displayed consistent validation performance across various models, indicating the
comparability of their results. However, when incorporating technical analysis
indicators, which involve the application of statistical and computational methods,
distinct outcomes emerged for each model. Among these models, MLR
demonstrated the most effective performance in predicting short-term traffic
density. This superiority can be attributed to MLR's suitability for traffic density
data, given its assumption of a linear association between predictors and the
response variable. The simplicity of MLR methodology played a significant role in
its enhanced performance, enabling a deeper understanding of the relationship
between predictors, such as historical traffic data and time of day, and traffic
density.

On the other hand, FFNNs showcased promising predictive capabilities
compared to Random Forests and Markov chain models when forecasting vehicle
density in VANET networks. FFNNs excelled in capturing non-linear
relationships, engaging in representation learning, accommodating complex data,
and effectively handling temporal dependencies.
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When evaluating LOS of specific highways, the proposed classification
models exhibited exceptional and closely correlated results. This phenomenon can
be attributed to the high explanatory capacity of technical analysis indicators used
as input features for classification models. Notably, the Random Forest model
outperformed KNN model due to several reasons. Random Forests excelled in
capturing intricate non-linear associations between input features and the target
variable, especially regarding traffic volume, speed, and occupancy, which are
associated with the LOS indicator. In contrast, KNN assumed linear relationships
within local neighborhoods. Moreover, Random Forests provided feature
Importance measures, shedding light on the relative significance of input features
in vehicle density classification. The ensemble nature of Random Forests also
helped mitigate the influence of outliers and noisy data points, bolstering the
accuracy of classification.

Furthermore, when comparing the proposed machine learning methods to
previous research findings, we observed significant improvements. Under typical
traffic conditions during regular working days, the three machine learning methods
showcased an average RMSE score improvement of 86.63% for the MG60
motorway data compared to the findings of Sun et al. (2020) using the same
MIDAS dataset. Similarly, for the M25 highway data, the proposed models
demonstrated a mean RMSE score improvement of 68.2% across the three
machine learning methods when compared to the results obtained by Chen &
Chaudhari (2021) for the same dataset. These enhancements can be attributed to
the utilization of technical analysis indicators that prioritize the examination of
data and its patterns within relatively brief time periods. Additionally, the Markov
chain model vyielded favorable outcomes for the designated highways and
corresponding datasets. Overall, the three machine learning methods and the
Markov chain exhibited a comparable level of accuracy in prediction. However,
the MLR-based approach displayed superior predictive capabilities for traffic
variables due to the inherent linearity of the data.

In summary, historical data on traffic flow and speed proved instrumental in
forecasting vehicle concentration, facilitating traffic condition evaluation,
congestion anticipation, and LOS severity assessment.
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4.5 Summary

In this chapter, experiments conducted to predict traffic density are
discussed. With the initial correlation analysis of the input data and the breakdown
of the dataset, it is discussed in detail. Finally, experimental results for different
scenarios were presented.
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Chapter Five
Conclusions and Future Works

5.1 Conclusions

The objective of this dissertation was to devise techniques for the short-term
forecasting of traffic state variables on urban highway roads across various
scenarios, while also identifying the optimal model that can yield the most accurate
outcomes. Thus, it expands upon existing scholarly works pertaining to machine
learning-based traffic prediction. The proposed topology incorporates machine
learning techniques in two distinct phases. The initial phase involves the prediction
of traffic density, while the subsequent phase focuses on the determination of level
of services (LOSs). The feature values in the initial layer are standardized within a
specific range to ensure that the outcomes remain consistent across different
features. In the second stage, the data underwent a smoothing process in order to
mitigate variance. The subsequent two stages were employed to generate vehicular
traffic and estimate LOS. The models proposed in this dissertation, utilizing the
MIDAS dataset, demonstrated notable levels of prediction accuracy, as assessed
through the MAPE, RMSE, and Accuracy metrics.

The primary findings of this dissertation, derived from the development and
execution of the suggested system, are as follows:

The experimental findings suggest that the proposed framewaorks have the potential
to be applied in various geographical contexts. The proposed frameworks were
subsequently evaluated by utilizing traffic data from the M60 motorway as a
secondary case study, requiring only minimal calibration.

The results obtained from the dissertation demonstrate that the proposed models
exhibit a high level of effectiveness in comparison to the previous models in
situations where there are variations in traffic patterns during holidays and
weekends.

Classification machine learning estimate LOS hourly using data from stationary
MIDAS sensors. By analyzing traffic density and applying HCM density
thresholds, the study successfully estimated real-world conditions. Incorporating
technical analysis indicators as input improved model accuracy by approximately
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6.52%, especially for the M60 highway. The method's applicability was confirmed
when tested on data from a different highway (M25).

The findings indicate that the accuracy of LOS estimation remained relatively
consistent across various times of day and LOS categories in this particular
method. The results of the sensitivity analysis provide confirmation that the
accuracy of this methodology remains consistent regardless of whether it is applied
during peak or non-peak hours. The findings further suggest that the indicators,
namely ATR, SMA, and EMA, play a crucial role in determining the LOS.

The proposed models offer a versatile way to assess highway traffic conditions,
free from reliance on fixed sensors, specific timeframes, or particular days of the
week. This approach has broad applicability across freeway segments, reducing
Implementation and maintenance costs. Transportation agencies and DOTSs can use
it for traffic operations, even in non-urban areas lacking stationary sensors. Density
data can be employed across different time intervals, including hourly, daily, and
peak traffic hours.

5.2 Limitations

Although the dissertation’s outcomes are promising, it is important to
acknowledge its limitations, which invite further investigation.

1- Methods for reducing model complexity:

The evaluation of model complexity often involves an assessment of two
key factors: structural complexity and computational complexity. Typically, as the
complexity of the model structure increases, there is a corresponding increase in
computational complexity. In contrast to statistics-based models, machine
learning-based models typically exhibit a more intricate model structure. This is
primarily attributed to the presence of numerous hyperparameters within the
model, such as the connection weights between different pairs of neurons and the
threshold value of each functional neuron in FFNN, among others. Similarly, the
computational expense of the machine learning model is also elevated. Hence, the
challenge of effectively reducing model complexity is a significant consideration
when employing machine learning-based models in practical applications.
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2- The restriction of the data source:

Machine Learning-based models face a significant obstacle in the form of a
restricted pool of accessible data sources. As is widely recognized, the training
procedure of machine learning models necessitates a substantial dataset, and the
efficacy of these datasets can significantly impact the training outcome. Therefore,
the deployment of machine learning prediction methods in real-world scenarios is
hindered by the insufficient availability of datasets that accurately represent the
complex traffic conditions in actual traffic networks. At present, the available data
sources primarily consist of traffic data collected on highways. These sources
include Highways England (UK government data, 2023), Caltrans Performance
Measurement System (PeMs) (Caltrans, 2023), Maryland 511 (MD) (Maryland
Department of Transportation, 2023), and Waze (Waze, 2023). The features of the
subject in question are enumerated as follows:

e Highway England provides datasets on the speed and volume of traffic for a
15-minute interval. These datasets pertain to a significant portion,
approximately one-third, of the total motor vehicle traffic in England (UK
government data, 2023).

e The PeMs system offers real-time traffic volume information as well as a
comprehensive dataset spanning over ten years. This dataset covers a 5-
minute interval and includes data from more than 39,000 probers located in
both urban and suburban areas of California. Additionally, the system
provides supplementary information on road conditions, including incidents
and lane closures (Caltrans, 2023).

e Maryland 511 (MD) offers real-time road condition images and provides
traffic flow data at 15-minute intervals. In addition, this system also provides
information on weather conditions (Maryland Department of Transportation,
2023).

e The company Waze utilizes user location data within its application to
generate analyses on speed and travel time. In addition to its primary
navigation services, Waze also offers various event reports encompassing
congestion, incidents, severe weather, and road construction (Waze, 2023).

Nevertheless, there remains a deficiency in the available dataset pertaining to
traffic flow in urban areas. In order to enhance the efficacy of Intelligent

111



Transportation Systems (ITS), it is imperative for traffic flow prediction models
developed in recent years to encompass not only suburban areas but also urban
environments. However, the limited availability of data sources poses a significant
constraint on the enhancement of model adaptability. In addition, it should be
noted that the temporal resolution of the data sources mentioned is typically
limited to 15-minute intervals. This temporal constraint poses a limitation for
studies requiring shorter intervals of analysis.

5.3 Future Works

Below are several potential future works that can be considered:

1- Studying external indicators (special events (e.g., sports games), weather
conditions, road construction, public transportation, etc.) is crucial in
evaluating their impact on forecast accuracy.

2- Implementing the proposed model on additional datasets, such as PeMS and
Waze, to further evaluate its effectiveness and generalizability.

3- Taking into account potential fluctuations and the sensitivity of the
methodology with regard to meteorological factors.

4- The methodology used in this dissertation as based on density data as a
means of estimating LOS. However, spatial variation can serve as an input
parameter for LOS evaluation. LOS estimation can also take into account the
variation in velocity between upstream and downstream sectors.
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Appendix A: Hyperparameters Tuning

Table Al displays a compilation of carefully chosen model hyperparameters
that have been identified as optimal. It should be noted that scikit-learn (Pedregosa
et al., 2011) is utilized for executing linear and ensemble models, while Keras
(Chollet, 2015) is employed for running deep models. Consequently, unless
explicitly indicated in Table Al, the default model hyperparameters of either scikit
or Keras are employed.

Table Al: Presents the hyperparameters that have been selected for the model. The
optimization of benchmark model performance is focused on selecting these
variables. Interested readers are referred to (Pedregosa, et al., 2011), (Chollet,

2015) for a comprehensive specification and description of the hyperparameters of

the models.
Model Hyperparameters
MLR -
RFR n_estimators: 100, criterion: squared error
FFNN neuronl: 6, neuron2: 3, learning rate: 0.001, loss:MSE,
optimizer: SGD, metrics: ['mae’, 'mse’, 'mape'], Hidden
layer activation function: tanh, Output activation function:
linear, EPOCHS : 300, batch size = 32,
RF n_estimators: 100, max_depth: None, oob_score: True,
Classifier criterion: gini, random_state: 42
KNN n_neighbors: 5, metric: 'minkowski', p: 2
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Absiraes—The ability to accurately predict freeway traffic
conditions in the near foture has recently zained prominence as
it plays a crocial role in the fandamental traffic management
function: and irip decision making processes. This stody
proposes a stochastic approach, the Markov chain Model, for
short-term freeway traffic predicion during 24 houors, taling
into acconnt the dynamic and stochastic natore of traffic flow by
means of the Markev chain proces's transition matriz. The
research miilized data collected by real-time fraffic momitoring
devices on the cloclovise M25 hizhway in the United Kingdom
berween junction 13 and junction 14 for a foll 24 bours. For the
first method. a first order Markov chain transition probability
matriz it wied to characterize the snbsequent fraffic flow valoe
based on the correst and previons wvalwes. To estimate the
unknown transifion probabiliies from the sbserved fransiion
counts in A time series of the vehicles' flow over time, & Discrete
Time Markov Afode]l was calibrated wsing the mazrimom
Ekelihood estimate method The method"s ability to preserve the
expected flow’s stafistical propertes is evaluated by :nnp.'mlg
the two sets of data. Mean, standard deviatiom,
minimum, percentils, amd antocorrelations of traffic flow
walues are the most popular statistical properties nsed for this
purpese. The modeled amtocorrelation coefficients for a first
order Markev chaim are very close fo the measmred
antocorrelations, with a roof mean square error (BMSE) of
(0.0065) for the first five awtocorrelations’ coefficients. When
actmal fraffic levels are compared to expects, if it clear that
statistical characteristics have been maintaimed satisfactordly.
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ABSTRACT

The primary goals of mmansportstion apencies  amd
researchers smdying traffic operations are to ease raffic and
increase road safety through the wse of vehicolsr ad hoc
networks. Agencies can't achieve their goals without relisble
and consistent data on the ourrent traffic simation. The Level-
of-Service (LOS) mdex is 3 helpful measure of freeway raffic
operations. Conventional fived-location cameras and sensors
are mpracical and expensive for gathening relisble traffic
density data on every road in large networks. Flow data is a
new, low-cost option that has the potentiz] to booest safety and
operations. This study proposes an algorithm for hourly LOS
assessment by incorporasting flow data provided by the
MIDAS (Motorwsy Incident Detection and Aufomatic
Signaling) system The proposed alzonthm uses machine
learming techmiques to classify LOS data based on the flow of
traffic. The mpmt fextures that are subject to prediction are a
proup of techmical indicators. The resl-world LOS was
determined by analyzing data from stationary sensors. The
outcomes demonstrate that technical indicators can be ntilized
to enhance the acouracy of LOS estimation (Fandom Forest=
©3.1, k-pearest neighbors = 925 and Support Vector
Machine = 91.4). The cmrent werk introduces a mowvel
spproach to the selection of technical mdicators and their nse
a5 festures, which allows for highly acourate short-ferm
prediction of LOS esimation.
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Appendix C: Technical Indicators

As a case study, one day data is collected and represented by the technical
indicator’s equations in Section 3.2.3 to show their utility and their implementation
graphically.

- Average True Range (ATR):
The trend indicator is utilized to quantify the level of volatility within
a given density. Figure Al illustrates those densities with high volatility
exhibit a corresponding increase in the ATR, while the opposite holds true
for the time period under consideration (one day).
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Figure Al: ATR for one day period

- Simple Moving Average (SMA):

This method is employed to ascertain the direction of vehicle density,
whether it is increasing or decreasing. When the SMA exhibits an ascending
trend, it signifies that the density is moving in an upward direction, and
conversely, when the SMA is in a descending state, it suggests that the
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density is moving in a downward direction. The occurrence of a bullish
signal is observed when the density of compounds surpasses the SMA, and
conversely, a bearish signal is identified when the density falls below the
SMA. SMA offers valuable insights into the fluctuations of traffic density,
particularly in the short term. This is due to its heightened responsiveness to
short-term changes, as depicted in Figure A2.
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Figure A2: SMA for one day period

- Exponential Moving Average (EMA):

The EMA technique is employed to enhance the smoothness of
density measurements by mitigating the impact of random density
fluctuations. This is achieved by calculating the average density over a
specific time interval. This approach bears resemblance to the SMA, yet
places greater emphasis on more recent observations. The response time to
changes in density is observed to be faster in the present dissertation, as
depicted in Figure A3, when compared to SMA.
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Figure A3: EMA for one day period

- Relative Strength Index (RSI):

The RSI is a widely utilized momentum oscillator within the field of
technical analysis, employed to assess the velocity and magnitude of price
fluctuations. Differences between the RSI and the density action can also
indicate potential changes in momentum, as depicted in Figure A4.
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Figure A4: RSI for one day period

- Rate of change (ROC):

The ROC is an oscillator, comparable to the MOM indicator, that
expresses change as a percentage instead of an absolute value. It is opposite
to the zero line that distinguishes positive and negative values. Positive
values indicate an upward trend for the vehicle’s density. Zero-line
intersections can be used to signal changes in the trend of density up or
down as shown in figure A5.
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Figure A5: ROC for one day period

Momentum (MOM):

The instrument was employed to quantify the rate of variation in
vehicle density within a brief timeframe. This analysis offers valuable
insights into the fluctuations in vehicle density, whether it is on the rise or
decline. The momentum line exhibits an upward trajectory above the zero
line, signifying an increase in intensity, and conversely, a downward trend is
observed, as depicted in Figure A6.

8:00:00 4:48:00 : 14:24:00 19:12:00 0:00:00 4:48:00
-10
-15

Density = MOM

Figure A6: MOM for one day period
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Appendix D: Sub-models of FFNN

The construction of the artificial neural network model developed in this thesis
includes the development of a set of sub models:

e Model Inputs and Outputs

The selection of variables in the input and output models holds significant
significance as it plays a crucial role in enhancing the performance of neural
networks. The inclusion of additional input and output variables substantially
impacts the size of the neural network, resulting in a slower learning process and
reduced efficiency of the network. The selection of the number of variables in the
input and output models was determined using the Method of Priori Knowledge, as
employed in this dissertation. The utilization of this approach is prevalent in
scholarly investigations and empirical inquiries. It is particularly applicable in
situations where there is a lack of prior knowledge regarding the input variables
and their influence on the output variables. Consequently, the input model
incorporates independent variables such as ATR, SMA, EMA, RSI, ROC and
MOM while the output model encompasses the dependent variable, Density. These
two models serve as mechanisms for the storage and documentation of data
pertaining to prior studies, with the added capability of being regularly updated.

e Data Division Model

The data in a neural network can be categorized as either continuous variables
or discrete variables, and it is further classified into three primary groups:

1- A dataset utilized for constructing a neural network model.

2- The evaluation dataset for the neural network model.

3- A validation set, which is independent, is used to estimate the performance
of the model in the relevant environment.

The training set is utilized for establishing the interconnected weights within the
neural network. The utilization of a test group is employed to assess the efficacy of
the network across different educational stages, with the cessation of training
occurring upon the observation of an increase in error within the test group. The
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purpose of the validation set is to assess the model's performance after it has
undergone the training process for the neural network. Hence, the process of
categorizing the data into the aforementioned three groups holds significant
Importance in the context of neural network modeling. The present dissertation
employed the Statistically Consistent Method to partition the data into three
distinct groups, namely the training set, the test set, and the validation set. This
approach guarantees a statistical alignment of the data for each group, thereby
eliminating any potential bias in stratifying the data within each set through the
utilization of the T-test. Through The utilization of statistical measures, namely the
arithmetic mean, standard deviation, and range. One of the advantages of this
approach is its utilization of the Trial-and-Error Method in order to achieve
optimal data partitioning.

Upon examination of Tables A.2, A.3, and A.4, which pertain to normal
working days, weekends, and holidays, respectively, it becomes evident that the
data division percentages for the training, examination, and investigation groups
were determined through the utilization of the trial-and-error method. The
researcher employed varying proportions of data allocation for these groups in an
endeavor to achieve optimal performance of the neural network, as indicated by
attaining the highest coefficient correlation. This correlation serves as an indicator
of the strength of the association between the neural network's output (predicted
density) and the measured density (ground truth). Simultaneously, the researcher
aimed to minimize the testing error rate. The selection of the optimal data partition
is based on the utilization of these two criteria in the present dissertation.

Based on the findings presented in Table A.2, it is evident that the optimal
allocation of data for regular working days entails assigning 76% to the training
set, 15% to the test set, and 9% to the validation set. This allocation is determined
based on the criteria of minimizing the test error rate (1%) and maximizing the
correlation coefficient (80%). Regarding the weekend days, the optimal data
allocation can be observed in Table A.3, wherein the training set comprises 72%,
the test set comprises 13%, and the validation group comprises 15% of the total
data. This allocation is determined based on the criteria of minimizing the test error
rate (1%) and maximizing the correlation coefficient (90%). The distribution (68%,
15%, 17%) of the data was not selected as the optimal distribution, despite the fact
that the correlation coefficient is higher and stands at (81%). Nevertheless, the
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disparity in the correlation coefficients' values is deemed negligible or
inconspicuous. Conversely, the test error rate for the division (68%, 15%, 17%)
pertaining to a data volume of (7%) is regarded as higher when compared to the
division selected as the optimal division for the data. Finally, during holiday
periods, the optimal data division can be observed in Table A.4, wherein the
training set comprises 62% of the data, the test set comprises 21%, and the
validation set comprises 17%. This division is determined based on the criteria of
achieving the lowest test error percentage (1%) and the highest correlation
coefficient (91%). The chosen division of the data, which accounts for 71%, 17%,
and 11% respectively, was not deemed optimal despite a higher correlation
coefficient of 97%. However, the disparity between the correlation coefficient
values is relatively minor. Conversely, the test error percentage for the chosen
division, amounting to 12% of the data, is significantly lower compared to the
alternative division.

Table A.2: The impact of data partitioning on the efficacy of neural network models during
normal working days.

Data Division % Coefficient Testing
Training % Testing % Validation % | correlation(r)% | error %

80 5 15 70 3

75 10 15 75 2

72 14 14 73 2

68 15 17 68 1

64 22 14 71.2 2

60 23 17 60 2

60 20 20 66 1

68 12 20 76 1

68 20 12 63 2

71 11 17 73 2

71 17 11 71 1

76 15 9 80 1
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Table A.3: The impact of data partitioning on the efficacy of neural network models during
weekend days.

Data Division % Coefficient Testing
Training % Testing % Validation % | correlation(r)% | error %

80 5 15 67 1

75 10 15 77 7

72 14 14 84 1

68 15 17 81 7

64 22 14 74 2

60 23 17 70 1

60 20 20 85 1

68 12 20 66 1

68 20 12 60 4

72 11 15 90 1

71 17 11 83 2

76 15 9 87 1

Table A.4: The impact of data partitioning on the efficacy of neural network models during

holiday days.

Data Division % Coefficient Testing

Training % Testing % Validation % | correlation(r)% | error %
80 5 15 77 16
75 10 15 66 13
72 14 14 79 6
68 15 17 64 3
64 22 14 78 4
62 21 17 91 1
60 20 20 77 1
68 12 20 78 3
68 20 12 68 1
71 11 17 80 3
71 17 11 97 12
76 15 9 72 1
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e FFNN Architecture Model

The architecture of artificial neural networks refers to the arrangement and
connectivity patterns of neurons, which collectively form a network. The selection
of an optimal number of neural nodes in the intermediate layer of a neural network
Is widely acknowledged as a crucial determinant of the network's efficacy. It is
worth noting that the number of nodes in the input layer corresponds to the number
of factors influencing the density calculation, specifically indicators: ATR, SMA,
EMA, RSI, ROC and MOM. The final layer in a neural network, known as the
output layer, is responsible for producing the desired output or prediction based on
the structure consists of a single neuron node, specifically representing the
measured density. There exist numerous techniques for determining the ideal
number of neural nodes in neural networks. The most effective approach involves
employing equation (A.1), which entails initially selecting a single node in the
middle layer and subsequently incrementally increasing the number of nodes until
optimal network performance is attained. The maximum number of nodes was
determined to be (1 + 21) as stated in Equation A.1.

Max.no.of node =1+ 2 * Input factors (A1)

The default parameters employed in this dissertation's program include a
learning rate set at 0.4. The transfer function for the output layer is linear, while the
hidden middle layer utilizes the hyperbolic tangent (tanh) function. The activation
functions under consideration in this dissertation are presented in Equations A.2
and A.3, as shown below.

d(x)=x (A.2)

1_e—zx

2 d(x) € [-1, +1] (A.3)

X7 14e-2x’

Based on the analysis of figures A.8, A.9, and A.10, it is evident that there
exists a distinct variation in the error rate observed in the test set. Notably, the
optimal performance of the neural network is consistently achieved when the
number of nodes in the hidden layer is set to three across all models. This is
attributed to its possession of the highest correlation coefficient (90%) and the
lowest test error rate (0.1%) during regular business days. During holiday
periods, the observed correlation coefficient reaches a maximum value of 83%,
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while the corresponding test error rate is as low as 0.1%. These results are
obtained when the neural network model consists of three nodes in the hidden
layer. During the weekend model, the three nodes exhibited the highest
correlation coefficient of 85% and the lowest test error rate of 0.1%. The
network architecture developed in this dissertation consists of three neural
layers, namely the input layer, hidden layer, and output layer. The process
involves the transmission of information from the input layer to the hidden
layer, followed by the transmission from the hidden layer to the output layer.

The primary locations for data processing are the hidden layer and the output
layer.
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Figure A.7: The performance of neural network model was evaluated by varying the
number of nodes (neurons) in the hidden layer specifically for normal working days.
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Figure A.8: The performance of neural network model was evaluated by varying the
number of nodes (neurons) in the hidden layer specifically for holiday days.
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Figure A.9: The performance of neural network model was evaluated by varying the
number of nodes (neurons) in the hidden layer specifically for weekend days.

e Learning Rate Model

During the training phase, the neural network has the ability to optimize the
bias and link values for each direction in order to compute a more precise output,
utilizing the learning rate. Increasing the learning rate can lead to network
instability, such as oscillatory behavior. The learning rate parameter is commonly
assigned a small positive value that is less than 1. In order to assess the impact of
the learning rate on the model's performance. A series of experiments were
conducted to validate the impact of the learning rate. The figures A.11, A.12 and
A.13 demonstrate that the optimal learning rate, determined to be 0.001, exhibits
the lowest error rates for the test set (0.1%, 0.1%, 0.1%) and the highest correlation
coefficients (80%, 82%, 70%) for regular working days, holidays, and weekend
days, respectively. These findings indicate that the network's performance
improves as the learning rate approaches its minimum value of 0.001.
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Figure A.10: The effect of variation in learning rate on the performance of the neural network

model during normal working days.
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Figure A.11: The effect of variation in learning rate on the performance of the neural network
model during holiday days.
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Figure A.12: The effect of variation in learning rate on the performance of the neural network
model during weekend days.

Six tests were conducted to examine the effect of the transfer function, as
shown in Table (A.5) below. (0.3%, 0.2%, 0.5%), and as a result, we conclude that
the best performance of the network model was obtained by using the functional
function (tanh) for the hidden layer, whereas the best performance of the output
layer was obtained by using the activation function (Linear), due to the linear
nature of the data, so distinct results were obtained.
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Table A.5: The impact of the transfer function, also known as the activation function, on the
efficacy of neural network models.

neural network Normal work days Holidays Weekend days
Layers
Hidden | Output | Testing | Correlatio | Testing | Correlatio | Testing | Correlatio
layer layer error n error% n error% n
% coefficient coefficient coefficient
(r) % (r) % (r) %
Sigmoid | Sigmoid 0.4 21 0.6 26 4.6 27
Sigmoid Tanh. 1 50.8 1.4 44 5.2 31
Sigmoid | Linear 24 39.2 0.7 30 3.2 43
Tanh. Sigmoid 2 27.2 2.7 35 1.7 28
Tanh. Tanh. 0.5 30 1.5 45 5.2 35
Tanh. Linear 0.3 80 0.2 82 0.5 85

e Weight adjustment Model

In neural networks, the relationship between individual neurons is defined by a
parameter known as weight. This weight signifies the significance of the
connection between two neurons. When a neuron receives input values from
neurons in the preceding layer, it multiplies each input value by the corresponding
weight associated with the connection. The neuron then accumulates the products
of these multiplications and applies a transfer function, also known as an activation
function, to the resulting sum. The output of the transfer function is contingent
upon the specific type of neuron, and it represents the output of said neuron that is
subsequently transmitted to the neurons situated in the subsequent layer.

Following the optimization of hyperparameters in the previous models, the
network was trained. This resulted in the determination of weight values for the
connections between the input layer (first layer) and the middle or hidden layer
(second layer), as well as the weights between the second layer and the output
layer (third layer). These weight values are presented in Tables A.6, A.7, and A.8
below.
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Table A.6: Modifying the interlayer weights within the neural network pertaining to the
model designed for normal working days.

Predicted
Predictor Hidden Layer Output Layer
H(1:1) H (1:2) H (1:3) Density

Bias (6,) 1.4445 0.791 -0.356

ATR 0.0032 -0.002 -0.002

SMA -0.01 -0.019 0.0089

Input Layer EMA -.007 0.0085 0.0189

RSI -0.00003 | -0.00002 | -0.00004

ROC -0.0001 0.0002 0.0004

MOM 0. 0009 -0.006 -0.005
Bias (6,) 1.1
Hidden H(1:1) -1.1
Layer 1 H (1:2) -1.3
H (1:3) 0.6

Table A.7: Modifying the interlayer weights within the neural network pertaining to the
model designed for holiday days.

Predicted
Predictor Hidden Layer Output Layer
H (1:1) H(1:2) | H(1:3) Density
Bias 0.3947 | -0.409 | 1.2678
(61)
ATR 0.003 0.0101 | 0.0006
SMA -0.018 -0.004 | -0.023
el Ly T -0.003 | 0.0166 | 0.0047
RSI -0.00004 | -0.00005 | 0.00003
ROC -0.0002 | -0.001 | -0.0002
MOM 0.0018 0.014 | -0.004
Bias 0.6
4d (62)
"'L' en H (1:1) 1.1
ayer H (1:2) 0.3
H (1:3) 1.3
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Table A.8: Modifying the interlayer weights within the neural network pertaining to the
model designed for weekend days.

Predicted
Predictor Hidden Layer Output Layer
H (1:1) H (1:2) H (1:3) Density
Bias
1) -1.027 -0.571 0.6861
ATR -0.0002 0.0019 0.0103
SMA 0.0162 0.0219 0.0007
Input Layer EMA -0.001 -0.003 -0.02
RSI 0.000007 | 0.000006 | -0.000002
ROC -0.0004 0.00009 -0.0007
MOM 0.0021 0.0031 —0.012
Bias
6,) 0.7
Hidden Layer | H(1:1) 14
H (1:2) 1.0
H (1:3) -0.1

The ultimate configuration is achieved for the three artificial neural networks
corresponding to different types of days (normal work days, holidays, and weekend
days). These networks consist of three layers, as depicted in Figure 3.3, and are
characterized by distinct weights and hyperparameters across the various models.
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