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1 Introduction

The urban landscape is constantly evolving and cities face increasing challenges
in managing their transport systems. As urban populations grow, the demand for
efficient, reliable and sustainable mobility solutions becomes paramount. In this
context, data-driven forecasting systems have emerged as a powerful tool to address
these challenges and optimize urban transport.

The aim of this thesis is to develop a comprehensive predictive system for urban
mobility, focusing on key aspects such as urban traffic, parking occupancy and tram
delays. By accurately predicting these variables, I can provide valuable insights and
support decision-making processes for commuters, urban planners, transportation
authorities, and others.

Advances in machine learning techniques have revolutionized the field of urban
mobility forecasting. By leveraging diverse and large datasets, I can capture complex
patterns and correlations within urban transport systems. This allows us to develop
predictive models that can produce accurate forecasts and improve the overall
efficiency of urban mobility.

The main goals of this thesis are to develop robust pipelines for data collection
and preprocessing: 1 will collect data from a variety of sources, including traffic
sensors, parking sensors, and tram monitoring systems. This data will undergo
thorough preprocessing to ensure its quality and suitability for training predictive
models.

Furthermore, the implementation of state-of-the-art machine learning models:
LSTM-based models, known for their ability to capture time dependencies, will be
used to predict urban traffic, parking occupancy and tram delays. These models will
be trained and evaluated on the collected data to optimize their performance.

Integration of external factors: I will incorporate external factors such as
weather data to increase the accuracy of the prediction and capture other influences
on urban mobility variables. By incorporating these factors, our models can provide

more comprehensive and reliable forecasts.
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Finally, Develop a user-friendly web application: a web application will be
developed to facilitate the exploration and analysis of forecast data. This application
will provide an intuitive interface for users to interact with forecasts, visualize raw
data, and make informed decisions based on the insights provided.

Throughout this thesis I will explore the complex relationships between different
urban mobility variables and demonstrate the potential of data-driven forecasting
systems in improving transport efficiency. The developed forecasting system will
enable commuters to plan their trips more efficiently, assist urban planners in making
informed decisions, and contribute to the overall goal of creating sustainable and
optimized urban transportation networks.

At the end of this thesis, I want to provide the public with a comprehensive
solution that addresses multiple aspects of urban mobility forecasting. I hope
that this research will contribute to the ongoing efforts to develop intelligent

transportation systems and pave the way for future innovations in urban mobility.
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Theoretical part



2 Related work

This chapter provides a comprehensive overview of existing research and studies
that are relevant to the topic of this diploma. In this chapter, we explore and analyze
previous works conducted by researchers and experts in the field, shedding light
on their methodologies, findings, and contributions. By examining these related
works, we aim to establish a strong foundation for our research, identify gaps
in the existing knowledge, and build upon the advancements made by previous
researchers. Through this exploration of related work, we strive to gain valuable
insights, understand the current state of the field, and position our research within
the broader academic context. By critically reviewing and synthesizing prior studies,
we can effectively contribute to the existing body of knowledge and advance the field
further.

The paper '"Traffic Flow Forecasting using Multivariate Time-Series Deep
Learning and Distributed Computing" [1] by Ngoc-Phap Trinh, Anh-Khoa N. Tran,
and Trong-Hop Do addresses the problem of traffic flow prediction. The paper
proposes several univariate and multivariate time series models, including LSTM,
TCN, Seq2Seq, NBeats, ARIMA, and Prophet, using distributed deep learning to
deal with the traffic flow prediction problem. The models are implemented and
evaluated on a dataset of traffic flows in Ireland. The proposed multivariate models
take the combination of traffic flow data, weather in the local area, and graph data
of connections between traffic positions to produce the prediction of the traffic flow.

This paper highlights that the proposed multivariate deep learning models
achieved better prediction accuracy compared to the univariate models and machine
learning models. The authors conducted several experiments to examine the
performances of these models in different scenarios to help understand more about
the performance of these models. The paper also discusses the contributions of
the study, which include building a dataset that combines traffic data, weather,
and graph data showing the relationship between traffic locations and routes.
The authors proposed multivariate deep learning time series models to predict

traffic flow and conducted several experiments with various deep learning and
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machine learning univariate and multivariable time series models and compared
their performances. The proposed multivariate deep learning model that utilizes
weather and graph data achieved the best performance. The paper explains that the
most representative data-driven approach is the neural network and deep learning,
which can automatically extract the relevant high-level features of traffic flow data.

The next article "Short-Term Traffic Flow Prediction with Weather Conditions:
Based on Deep Learning Algorithms and Data Fusion' [2] by Yue Hou, Zhiyuan
Deng, and Hanke Cui discusses the challenges of short-term traffic flow prediction
and proposes a novel combined framework of stacked autoencoder (SAE) and radial
basis function (RBF) neural network to predict traffic flow. The authors argue that
traffic flow data with temporal features and periodic characteristics are vulnerable
to weather effects, making short-term traffic flow prediction a challenging issue.
The existing models do not consider the influence of weather changes on traffic
flow, leading to poor performance under some extreme conditions. Therefore, it is
necessary to conduct research studies on traffic flow prediction driven by both traffic
data and weather data.

The proposed model incorporates SAE and RBF to capture the features of
traffic flow and weather conditions. SAE is used to learn the temporal correlation
in traffic flow, RBF to learn the periodic evolution under weather disturbance, and
another RBF to realize the decision-level data fusion of the former models. This
combined framework can effectively learn the periodicity and temporal correlation
of traffic flow and the disturbance of weather conditions to improve the accuracy
and robustness of the prediction model. The authors also discuss the limitations of
existing methods, such as single models having limitations in processing complex
data. To integrate the advantages of single models to achieve more accurate traffic
flow forecasting, a variety of combined models have emerged.

In summary, the article proposes a novel combined framework of SAE and
RBF to predict traffic flow, driven by both traffic data and weather data. The
authors argue that this approach can effectively learn the periodicity and temporal
correlation of traffic flow and the disturbance of weather conditions to improve
the accuracy and robustness of the prediction model. The article also discusses the
limitations of existing methods and the different categories of short-term traffic flow
prediction models, including statistical models, traditional machine learning models,
and deep learning models.

The article titled "Neural Network-based Model for Traffic Prediction in the
City of Valencia" [3] discusses the development of a model that can predict traffic

flow in the city of Valencia, Spain, based on data collected by electromagnetic loops
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distributed throughout the city. The aim of the study is to design a model that can
predict traffic flow in different streets of Valencia at different hours of the day, which
can be useful for administration authorities and researchers attempting to improve
the living conditions of citizens. With a good traffic prediction, it will be possible
to foresee possible traffic jams and trigger countermeasures to mitigate them.

The study uses two models based on two recurrent neural networks of Long
Short-Term Memory (LSTM) type to predict traffic flow. The authors also study
the influence of the specific characteristics used on the accuracy of the model. The
results of the experiments show that, despite the high heterogeneity in terms of
per-street traffic behavior, it is possible to reach useful prediction models with low
erTors.

The study is significant because it provides a model that can predict traffic
flow in the city of Valencia, which can be useful for administration authorities
and researchers attempting to improve the living conditions of citizens. The model
uses electromagnetic loops distributed throughout the city to collect data, which
is then used to predict traffic low. The use of LSTM neural networks is also
significant because they are capable of processing sequential data, which is essential
for predicting traffic flow.

The study also highlights the importance of accurate traffic prediction in
mitigating traffic jams and improving the living conditions of citizens. The authors
suggest that the model can be used to trigger countermeasures to mitigate traffic
jams, which can improve the flow of traffic and reduce the time spent by citizens in
traffic.

In conclusion, the study provides a useful model for predicting traffic flow in the
city of Valencia, which can be useful for administration authorities and researchers
attempting to improve the living conditions of citizens. The use of LSTM neural
networks and electromagnetic loops distributed throughout the city to collect data
is significant because it allows for the processing of sequential data, which is essential
for predicting traffic flow. The study also highlights the importance of accurate traffic
prediction in mitigating traffic jams and improving the living conditions of citizens.

Another document called "City traffic prediction based on real-time traffic
information for Intelligent Transport Systems" [4] discusses the use of Intelligent
Transportation Systems (ITS) technology to mitigate traffic congestion on city
roads. The paper highlights the importance of accurate traffic prediction in the
efficient operation of ITS. The authors propose two distinct modeling approaches

for predicting traffic volume on city roads.
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The first model is based on the propagation of traffic flow along successive road
links on a route, while the second model is based on time-varied spare flow capacity
on the concerned links. The validity of the models is ensured by incorporating
real-time traffic information, which reflects the up-to-date traffic situation in the
network. Hence, the proposed models are adaptive to the dynamic change of traffic
flow pattern.

The paper notes that the features of a city traffic network include short road
links and a large number of links, making the prediction of traffic situations on
all links potentially computationally costly. Additionally, traffic flow is frequently
split up due to the prevalent existence of intersections, and traffic management
at intersections, such as traffic signal control, has a strong impact on traffic flow
patterns. The occurrence of traffic congestion is more accurately indicated by traffic
volume on road links rather than travel speed.

The authors highlight that most of the existing highway traffic prediction
models cannot be effectively applied to city roads due to the intrinsic differences
between a city traffic network and a highway system. Therefore, the proposed
models seek to predict traffic volume on city roads by adopting two distinct modeling
approaches.

The proposed models are implemented to predict the traffic volume in Cologne,
Germany, and the real data are collected through simulations in the traffic simulator
SUMO. The results show that both of the proposed models reduce the prediction
error up to 52% and 30% in the best cases compared to the existing Shift Model. In
addition, the authors found that Model-1 is suitable for short prediction intervals
that are in the same magnitude as the link travel time, while Model-2 demonstrates

superiority when the prediction interval is larger than one minute.
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3 Theoretical part

3.1 Data

Data is a fundamental building block for any predictive model, and it plays a
critical role in the success of machine learning algorithms [5]. Without high-quality
data, machine learning models cannot accurately forecast future outcomes. The
quality and quantity of data that is fed into a machine learning model directly
impact the accuracy of the model’s predictions.

Data for forecasting problems should be comprehensive, reliable, and timely [6].
Historical data is often used to train machine learning models to make predictions
about future events [7]. The data should include relevant variables that impact the
outcome of interest, such as weather patterns, traffic volume, and road conditions
in the case of city traffic forecasting.

It is also important to ensure that the data is properly cleaned and pre-processed
to remove any inconsistencies, errors, or missing values [8]. The accuracy of the
model’s predictions will be compromised if the data contains inaccuracies or
inconsistencies. Furthermore, the size of the data set is also an important factor to
consider. The more data that is available, the more accurate the model’s predictions
are likely to be. However, having a large amount of data also requires powerful
computing resources, which can pose a challenge for some applications.

In summary, data is the backbone of any predictive model, and its quality and
quantity directly impact the accuracy of the model’s predictions [5]. It is therefore
essential to ensure that the data is, as already mentioned, comprehensive, reliable,
timely and therefore also properly cleaned and pre-processed.

For the city traffic forecasting project, the data that will be used is obtained
from the Prague Public API [9]. This API provides access to a wide range of data,
including city traffic information, availability of parking spaces, and other relevant
variables for city traffic forecasting. The API also provides historical data, which

can be used to train the forecasting models accurately.
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In addition to the traffic-related data, weather data will also be included in the
analysis. Weather patterns are a significant variable that can impact traffic volumes
and road conditions. Therefore, it is vital to consider this variable when forecasting
city traffic patterns accurately. Weather data will be extracted from the publicly
available API provided by Open Meteo [10] , which provides access to global weather
data with hourly resolution. By including this data in the analysis, the model can
account for the impact of weather on traffic patterns and provide more accurate
predictions.

The data for the city traffic forecasting project will be obtained from multiple
sources, including the Prague Public API and the Open Meteo API. The Prague
Public API provides reliable and up-to-date traffic-related data, while the Open
Meteo API provides weather data. By combining these two sources of data, it
is possible to create accurate forecasting models that can help city officials make
informed decisions to manage traffic more efficiently. The use of this comprehensive
and reliable data will enable the creation of accurate forecasting models that can

help optimize traffic management in the city.

3.1.1 Golemio API

The Golemio API is part of the larger Golemio platform [9], which is dedicated
to providing open and accessible data for the city of Prague. Golemio is a civic tech
project that seeks to make public data more easily accessible and understandable to
citizens, businesses, and organizations. The Golemio platform includes a variety of
datasets, such as transportation data, environmental data, and cultural data.

It is a key component of the Golemio platform, providing real-time data
on various aspects of city traffic. This data can be used to analyze traffic
patterns, identify areas of congestion, and make predictions about future traffic
flow. By making this data available to the public, the Golemio platform promotes
transparency and encourages citizen involvement in the management of urban
infrastructure.

In this diploma, I will be using the Golemio API to download traffic data about
Prague. Specifically, the parking data and information on public transport to develop
a predictive model for city traffic. The Golemio platform’s commitment to open and
accessible data makes it an ideal resource for this type of research. By leveraging
the power of the Golemio API, we can gain insights into the complex nature of
city traffic and work towards developing solutions for more efficient and sustainable

transportation systems.
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3.1.1.1 Parking

I will be utilizing parking data to predict city traffic patterns using machine
learning techniques. Parking data provides information on the availability of parking
spaces in P+R facilities, which are large parking lots located on the outskirts of the
city designed to encourage commuters to use public transport for the remainder
of their journey. The availability of parking spaces in P+R facilities can provide
valuable insights into the level of demand for public transport and suggest the
potential for increased city traffic and congestion.

By analyzing and applying parking data, we can create a predictive model for
city traffic forecasting that considers the availability of parking spaces in different
areas of the city. This model can provide valuable insights into traffic flow patterns
and help city planners and transportation agencies better manage traffic and reduce
congestion. The analysis of parking data is a crucial step in developing an accurate
predictive model for city traffic, and this data can be a valuable source of information

for addressing traffic-related issues in urban areas.

3.1.1.2 Vehicle positions

Public transportation data is another key entity that I will be leveraging in our
effort to predict city traffic patterns. This data includes real-time information on
the positions and delays of buses, trams and trains, as well as information on routes
and the sequence of vehicles. By analyzing this data, we can gain valuable insights
into how public transportation affects traffic low and congestion in the city.

By implementing machine learning techniques, we can analyze public
transportation data to identify patterns and trends that can be used to make
predictions about future traffic flow. For example, we can use historical data to
identify which routes experience the most congestion at specific times of day and
use this information to predict when and where traffic jams are likely to occur. We
can also use this data to identify areas of the city where public transportation
is underutilized and develop strategies to encourage more people to use public
transportation, which can help to reduce traffic congestion.

Overall, by applying public transportation data in conjunction with other
sources of data, such as parking data, we can develop more accurate predictive
models for city traffic patterns. This research has the potential to make a significant
impact on the management of traffic flow and congestion in the city, ultimately

leading to more efficient and sustainable transportation systems.
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3.1.1.3 General Transit Feed Specification

Another valuable source of data that I will be utilizing in our effort to predict
city traffic patterns is GTFS data. GTFS, or General Transit Feed Specification,
data provides information on the routes of vehicles, including where they will ride,
the services offered, the stops of the vehicles, and which vehicles will be operating
on specific trips.

By analyzing this data, we can gain further insights into how public
transportation affects traffic low and congestion in the city. For example, we can
use GTFS data to identify the most popular routes and stops, which can help us
predict where congestion is likely to occur. We can also use this data to identify
areas of the city where public transportation is underutilized and develop strategies
to encourage more people to use public transportation, which can help to reduce

traffic congestion.

3.1.2 Weather API

In addition to parking data, public transportation data and GTFS data, I will
also be utilizing weather data to enhance the accuracy of our predictive models
for city traffic patterns. Weather conditions, such as rain, snow, and temperature,
can have a significant impact on traffic flow and congestion [11]. By incorporating
weather data into our models, we can account for these external factors and make
more accurate predictions about future traffic density.

For example, weather can have a significant impact on public transportation, as
heavy rain or snow can lead to delays or cancellations of buses and trams. This can
result in overcrowding and longer wait times for passengers, which can ultimately
lead to increased congestion and traffic on the roads. By analyzing historical weather
data in conjunction with public transportation data, we can identify correlations and
trends that can be used to make predictions about how future weather conditions
are likely to impact public transportation and subsequently affect traffic flow in the
city.

I will be using a public weather API to download weather data for the city
of Prague, which will include information such as temperature, precipitation, and
snowfall. By utilizing weather data into our predictive models, we can develop a
more comprehensive understanding of the factors that contribute to traffic flow and
congestion in the city, and develop more effective strategies for managing traffic and

reducing congestion.
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3.2 Python

Python is an essential component in this diploma, as it will be used for virtually
every aspect of the project. Python is a popular programming language [12] that has
become the standard in the data science community due to its simplicity, readability,
and versatility. I will use Python for extracting data from public APIs, building data
pipelines using Apache Airflow, and creating and training predictive models.

Python will be used to build downloaders for extracting data from API
endpoints, which will then be used to develop the predictive model. Additionally,
I will use Python to build an Airflow workflow for automating the data collection
and model training process. Finally, I will use Python for the creation and training
of the predictive model itself.

Python is an essential tool for project like this, as it provides a flexible and
powerful platform for developing and implementing predictive models. By leveraging
the power of Python, we can create an efficient and scalable workflow for data
processing and machine learning, ultimately leading to more accurate and effective

predictive models for city traffic patterns.

3.3 Google Cloud Platform

Google Cloud Platform (GCP) [13] is a comprehensive suite of cloud computing
services designed to help businesses and organizations manage their data and
workloads in a secure and scalable environment. In this project, I will be utilizing
several components of GCP to help us collect, process, and analyze data, build
predictive models, and monitor our progress.

One of the most critical components of GCP that I will be using is the virtual
machine (VM). Specifically, I will be leveraging a Debian VM instance to host data
processing workflows and run predictive models. The Python-based extractors that I
have written will run on this VM instance, and there will be a MySQL database that
will store the extracted data. Additionally, I will be implementing Apache Airflow
to build and manage our data pipelines, which will be hosted on the VM instance.

Moreover, I will take advantage of GCP’s monitoring features to keep track of
resource utilization, such as CPU usage and disk usage, to ensure that our workflows
are running smoothly and to optimize performance as needed. These monitoring
features will enable me to proactively identify and address any issues that may
arise, allowing me to maintain the efficiency and accuracy of my data processing

and modeling workflows.
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By utilizing GCP’s powerful tools and features in conjunction with Python, I
can leverage the full potential of cloud computing to build accurate and effective
predictive models for traffic patterns, with the ultimate goal of improving traffic
management and reducing congestion in the city. There were several reasons why I
chose Google Cloud Platform (GCP) over other options. One of the main factors was
the availability of a free trial, which allowed me to test and evaluate the platform’s
services and capabilities without any financial commitment. Additionally, GCP’s
reputation for reliability, scalability, and a wide range of advanced features played
a significant role in my decision. The extensive documentation, strong community
support, and seamless integration with other Google services were also compelling

factors that contributed to my choice of GCP for my project.

3.4 Apache Airflow

Apache Airflow [14] is an open-source platform designed to help users schedule,
and monitor workflows. In this project, I will be implementing Airflow to manage
data extracting workflows, data processing workflows and machine learning models.

With Airflow, I can easily create and manage complex workflows, including
tasks that depend on the output of other tasks. This makes it easy to manage the
various data processing tasks involved in our project, such as the extraction of data
from public APIs, the transformation of data using SQL scripts, and the training
and prediction of machine learning models.

Furthermore, Airflow provides a user-friendly web interface that allows us to
easily monitor the status of our workflows and quickly identify and address any
issues that may arise. With its powerful features and flexibility, Airflow provides
an ideal platform for managing the complex workflows involved in our city traffic
prediction project.

I chose Apache Airflow for my project due to its powerful workflow management
capabilities and extensive library of pre-built operators. Its scalable and flexible
architecture, along with its rich ecosystem and active community, made it the ideal

choice for orchestrating complex data workflows and automating data pipelines.

3.4.1 DAG

In graph theory, a Directed Acyclic Graph (DAG) can be mathematically
defined as a finite directed graph G = (V, E), where V is a set of vertices or
nodes, and E is a set of directed edges. The edges in the DAG represent the

Chapter 3. Theoretical part 13



kmrﬂaw DAGs  Datasets  Security  Browse  Admin Docs 0s31UTC - WM

DAGs

Actve @D | Paused @ Attoretiesn | G
DAG I Owner Runs Schedule Last Run NextRun Recent Tasks. Actions Links

@ backup_tables sieiow O @ 00se 2023-05-12, 00:30:00 O » T

© e ot 1os COC === 2025051120095 o SE
e rom_snapois e e O = 2025.05.1,030000 0] SE

© o rouss = o 2025.05.1,040000 0) Sk

@ otts_services airow. @ @ o 2023-05-12, 04:00:00 ® ]

@ otfs stops airtow ® o 2023-05-12, 04:00:00 ® > g

@ otrs_trips o) @ @ o0 2023-05-12, 04:00:00 O » T
e o 20250512, 050000 0} SE

@ output stage aitiow O] None O > G

@ parking_measurements St @ @ o 2023-05-12, 04:00:00 ® > T

oL T ——— - ® @ w o) NE

e — - O == 2025.05.12,040000 0] Ok

@ veniciepositions aieiow @ @ s 2023-05-12, 04:50:00 O » T

ol O @ w o} SE

© vesier oreeas e OO = 2025.05.1,040000 0] SE

Figure 1: Airflow User Interface

directed connections between the nodes [15]. Formally, a DAG satisfies the following
properties:

Acyclicity: There are no directed cycles in the graph. This means that it is not
possible to traverse through a sequence of directed edges and return to the starting
node. Directionality: The edges have a direction associated with them, indicating
the flow or dependency between the nodes. The directed edges can only be traversed
in the specified direction. For any pair of nodes u and v in the DAG, there exists a
directed path from u to v if and only if there is a directed edge connecting u to v.
This property ensures that the graph remains acyclic and allows for the modeling
of dependencies and relationships between different elements.

DAG in Airflow represents a collection of tasks and their dependencies, allowing
users to define and visualize the workflow logic in a structured and intuitive manner.
Each task within a DAG represents a distinct unit of work, such as executing a
script, running a SQL query, or transferring data between systems. By defining
the dependencies between tasks, Airflow enables the automation and execution of

workflows with a high level of control and reliability.

3.4.2 Ul

The Airflow user interface (UI), which can be seen in Figure 1, provides a
user-friendly web interface. interface for interacting with and monitoring workflows.
The UI allows users to view and manage DAGs, track the status and progress of

individual tasks, and access logs and task history. With its intuitive design and
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real-time updates, the UI facilitates easy navigation and management of workflows,

empowering users to monitor and troubleshoot their workflows effectively.

3.4.3 Scheduler

The Scheduler is a critical component of Apache Airflow that is responsible
for triggering and executing tasks based on the defined schedule and dependencies.
The Scheduler continuously scans the DAGs and their associated tasks, determining
which tasks need to be executed based on their dependencies and the schedule
configuration. It ensures that tasks are executed in the correct order and according
to the specified schedule, orchestrating the flow of data and processing within the
workflow. The Scheduler plays a pivotal role in automating the execution of tasks,

enabling the timely and efficient completion of complex workflows.

3.5 SQL

Structured Query Language (SQL) is a standard language for managing and
manipulating data in a relational database management system (RDBMS) [16]. SQL
provides a set of commands for creating, modifying, and querying data in a relational
database. SQL is used to define the structure of a database, manipulate data within
the database, and control access to the data [17].

SQL is a critical tool for data manipulation and management in the context
of machine learning and predictive modeling. In this project, I will use SQL to
transform data obtained from the Prague Public API into a format that is suitable
for use in predictive models. Each entity will have its own SQL script, which will
convert the data from the JSON format returned by the API into a relational
database schema with appropriate columns and rows.

SQL is also used to define and create the database schema using Data
Definition Language (DDL) statements. DDL statements are used to define the
tables, columns, data types, constraints, and other database objects in a structured
and organized manner [18]. This ensures that the data is organized, consistent, and
easily manageable. Additionally, the data dictionary is also maintained by SQL,
which provides a unified view of the database schema. The data dictionary helps
in maintaining the consistency and accuracy of the data, which is crucial for the
success of the predictive models.

In summary, SQL is a powerful tool for managing and manipulating data in

a relational database management system. In my diploma, SQL will be used to
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transform data from the Prague Public API into a format that is suitable for use in

predictive models and ensuring the accuracy and consistency of the data over time.

3.5.1 MySQL

MySQL is a popular open-source relational database management system used
for managing large amounts of structured data. In this diploma, MySQL will be
used to store and manage the data obtained from the Prague Public API, including
traffic-related variables, parking space availability, and weather data. MySQL is an
efficient and reliable database management system that can handle large amounts
of data and ensure data consistency [19].

One of the primary advantages of using MySQL is its flexibility in handling
data from different sources. As mentioned earlier, the data obtained from the Prague
Public API is in JSON format. To make this data compatible with the relational
database schema, we will use SQL scripts to transform the data into columns and
rows. This allows us to create a structured and organized database that is easy to
manage and query.

MySQL is also scalable, making it suitable for projects that involve large
amounts of data. As we collect more data over time, MySQL can handle the increase
in data size without affecting performance. Additionally, MySQL provides various
security features to ensure that the data is protected from unauthorized access and
manipulation [20].

In summary, MySQL is a powerful database management system that is
well-suited for handling large amounts of structured data, such as the data used
in the city traffic forecasting project. With MySQL, we can easily store, manage,
and query the data obtained from the Prague Public API, and use SQL scripts to
transform the data into a relational database schema. The flexibility, scalability, and
security features of MySQL make it an excellent choice for this project.

I chose MySQL as the database management system for my project because
of its reliability, robustness, and widespread adoption in the industry. MySQL
offers excellent performance, scalability, and support for large datasets, making
it suitable for handling diverse data requirements. Additionally, its ease of use,
extensive documentation, and compatibility with various programming languages

made it a convenient choice for my project’s database needs.
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3.6 Predictive models

Predictive modeling has become an essential tool for organizations seeking to
make data-driven decisions. As Hastie et al. [5] describe, predictive models are
mathematical representations of real-world phenomena that enable us to forecast
future events or behavior based on past observations. These models can take various
forms, including classical statistical models, modern machine learning models, and
neural networks. Predictive modeling involves using historical data to create a
model that can then be used to make predictions about future outcomes. This can
help businesses and organizations to identify patterns and trends, make informed
decisions, and optimize their operations.

Classical statistical models, such as autoregressive (AR), moving average (MA),
autoregressive moving average (ARMA), and autoregressive integrated moving
average (ARIMA), have been widely used for time series forecasting [21]. These
models rely on a set of assumptions about the underlying process and use statistical
methods to estimate the model parameters. While classical models are often simple
and interpretable, they may not capture the full complexity of the data.

Modern machine learning models, such as random forest, support vector
machines, and gradient boosting machines, are also commonly used for prediction
[22]. These models are designed to automatically learn complex relationships
between the input features and the target variable using a large amount of data.
Machine learning models can capture more complex patterns in the data than
classical models, but they may be more difficult to interpret.

Neural networks, such as recurrent neural networks (RNNs) and long short-term
memory (LSTM) networks, are a type of machine learning model that are
particularly well-suited for time series forecasting [23]. These models are designed
to learn sequential patterns in the data and can capture long-term dependencies.
Neural networks are highly flexible and can learn complex relationships between
the input features and the target variable. However, they can be computationally
expensive and may require a large amount of data to train effectively.

In summary, different types of models have their own strengths and weaknesses,
and the choice of model depends on the problem at hand and the available data. In
this city traffic forecasting project, the focus will be on using neural network models,

particularly RNN-LSTM, to forecast traffic patterns over time.
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3.6.1 Classical statistical

Classical statistical models are a popular category of predictive models that
have been widely used for time series forecasting. These models are based on a
set of assumptions about the underlying process and use statistical methods to
estimate the model parameters. The autoregressive (AR), moving average (MA),
autoregressive moving average (ARMA), and autoregressive integrated moving
average (ARIMA) are some examples of classical statistical models [21]. Classical
models are often simple and interpretable, making them popular for forecasting tasks
in various fields. However, they may not capture the full complexity of the data
and require a careful selection of the model parameters. Despite their limitations,
classical statistical models continue to be used in practice, either on their own or as

part of more complex models [24].

3.6.1.1 AR

Autoregressive (AR) models are another type of classical statistical model that
has been widely used for time series forecasting. These models assume that the
current value of a time series is a linear combination of its past values, with an
error term that represents the deviation from the predicted value [21]. The order of
the AR model specifies how many past values to include in the linear combination.
Estimation of the AR model parameters can be done using methods such as the
maximum likelihood estimation or the method of moments [24]. AR models are
simple and interpretable, making them suitable for forecasting tasks in various
domains. However, they are limited in their ability to capture more complex patterns

in the data, such as seasonality or long-term trends.

3.6.1.2 MA

Moving average (MA) models are a type of classical statistical models that
are commonly used for time series analysis and forecasting. These models assume
that the value of a variable at a given time is a linear combination of the errors
at that time and the preceding time periods [25]. The MA model is based on the
moving average operator, which is a weighted average of the past error terms. The
order of an MA model is determined by the number of past error terms that are
included in the model. MA models are useful for modeling and forecasting time
series data that exhibit a constant level but with random fluctuations around that

level [24]. Although MA models have been largely replaced by more complex models
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such as ARMA and ARIMA, they continue to be used as building blocks for more
sophisticated models [21].

3.6.1.3 ARMA

Autoregressive moving average (ARMA) models are another class of classical
statistical models that have been widely used for time series analysis and forecasting.
ARMA models combine the autoregressive (AR) and moving average (MA) models,
with the aim of capturing both the auto-correlation and the moving average
patterns in the data [21]. These models rely on a set of assumptions about the
underlying process, such as stationarity, and use statistical methods to estimate the
model parameters. ARMA models have been successfully applied in various fields,
including finance, economics, and engineering, to name a few [25]. However, like other
classical models, ARMA models have their limitations, including the assumption of
stationarity and the need for a careful selection of the model parameters. Despite
their limitations, ARMA models continue to be widely used in practice, either on

their own or as part of more complex models [24].

3.6.1.4 ARIMA

ARIMA (Autoregressive Integrated Moving Average) models are a type of
classical statistical model widely used in time series analysis and forecasting. ARIMA
models are particularly useful for non-stationary time series, where the statistical
properties of the series change over time. The model consists of autoregressive (AR)
and moving average (MA) terms, as well as a differencing operation that is used
to remove the trend and make the series stationary. The order of the AR and MA
terms, as well as the order of differencing, are determined based on the properties
of the time series. ARIMA models have been used in various fields, including
finance, economics, and meteorology, to name a few [21]. Despite being a classical
statistical model, ARIMA has been found to outperform more advanced models in
some cases, particularly in situations where the time series exhibits a high degree
of autocorrelation, non-linearity, or seasonality [26]. However, the effectiveness of
ARIMA compared to other models depends on the specific characteristics of the

time series and the forecasting problem at hand.

3.6.2 Machine Learning

Machine learning models have gained popularity in recent years for their ability

to handle complex time series data and make accurate predictions. These models are
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trained on historical data to learn the patterns and relationships between the input
features and the target variable. They can capture more complex patterns in the
data than classical statistical models, but may be more difficult to interpret. Random
forest, support vector machines, and gradient boosting machines are some examples
of machine learning models that are commonly used for time series forecasting [5,
27]. However, the choice of model depends on the specific problem at hand and
the available data. In practice, machine learning models are often combined with

classical statistical models to improve forecasting accuracy and interpretability [24].

3.6.2.1 Decision trees

Decision trees are a type of machine learning model used for prediction and
classification tasks. They are constructed by recursively partitioning the feature
space into smaller regions based on a set of binary decisions about the input
features. The resulting tree structure can be used to make predictions for new
data points by following a path down the tree to a leaf node and returning the
predicted value associated with that node. Decision trees are often used in fields
such as finance, healthcare, and marketing due to their interpretability and ability
to handle complex data structures. Various methods have been developed to improve
the performance and interpretability of decision trees, including pruning techniques,
ensemble methods, and tree-based models like random forests [28]. Despite their
effectiveness, decision trees can suffer from overfitting and instability in the presence

of noise and outliers, and care must be taken in their construction and validation
[29, 28].

3.6.2.2 Random forests

Random forest is a popular ensemble learning technique used in machine
learning for classification and regression tasks. It combines multiple decision trees
by aggregating their predictions to improve the accuracy and reduce overfitting.
The method was first introduced by Leo Breiman in 2001 [30]. In random forest,
each decision tree is built on a randomly selected subset of the training data and a
randomly selected subset of the features. This introduces randomness and diversity
in the trees, making them less correlated and therefore more effective in reducing
overfitting. The final prediction is obtained by averaging or taking a majority vote
of the predictions from individual trees. Random forest has been shown to perform
well in a wide range of applications, including healthcare, finance, and marketing
[31].
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3.6.2.3 Support vector machines

Support vector machines (SVMs) are a class of machine learning models
that have been used in various fields, including time series forecasting. SVMs are
particularly effective when dealing with high-dimensional data and can be used for
both classification and regression tasks. In the context of time series forecasting,
SVMs can be used to predict future values based on historical observations. SVMs
work by finding a hyperplane that maximally separates the data into different classes
or predicts the target variable in the case of regression. The hyperplane is chosen to
maximize the margin between the two classes or the distance between the hyperplane
and the closest data points. SVMs can be further improved by using kernel functions
that map the original feature space to a higher-dimensional space, allowing the
model to capture more complex relationships between the input features and the
target variable. Despite their effectiveness, SVMs can be sensitive to the choice of
kernel function and may require careful tuning of the model parameters [32].

In terms of forecasting performance, SVMs have been found to perform well in
certain scenarios. For example, SVMs have been successfully used to forecast the
price of oil and other commodities [33]. However, like all machine learning models,
SVMs may not perform well in all scenarios. Therefore, it is important to carefully
evaluate the performance of the model on the specific forecasting task at hand and

to compare it with other models to determine the best approach.

3.6.2.4 Gradient boosting machines

Gradient boosting machines (GBMs) are a powerful class of machine learning
models that have been widely used in time series forecasting. GBMs are a type
of ensemble model that combines multiple weak learners, such as decision trees
or linear models, to create a more accurate and robust predictor. GBMs work by
iteratively adding new models to the ensemble, with each new model attempting
to correct the errors made by the previous models. This process continues until a
stopping criterion is met, such as a maximum number of models or a minimum
improvement in performance. GBMs are particularly effective in capturing complex
nonlinear relationships between the input features and the target variable, making
them well-suited for time series forecasting problems with complex and noisy data.

GBMs have been found to perform well in various time series forecasting tasks.
For example, GBMs have been used to accurately forecast electricity demand [34]
or stock prices [35]. However, GBMs can be computationally expensive and require

careful tuning of hyperparameters to achieve optimal performance.
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In summary, GBMs are a powerful class of machine learning models that
have been successfully applied in time series forecasting. GBMs are able to
capture complex relationships between the input features and the target variable,
making them well-suited for forecasting problems with noisy and complex data.
However, they can be computationally expensive and require careful tuning of

hyperparameters.

3.6.3 Neural Networks

Neural networks are a powerful class of machine learning models that have been
increasingly used in time series forecasting due to their ability to capture complex
patterns and nonlinear relationships in the data. Neural networks consist of layers of
interconnected nodes, or neurons, that are designed to mimic the behavior of neurons
in the human brain. Each neuron receives inputs from other neurons, performs a
nonlinear transformation on the input, and produces an output. The output of one
layer is then used as the input for the next layer, and so on, until the final layer
produces the predicted output.

There are several types of neural networks that can be used for time series
forecasting, including feedforward neural networks (FFNNs), recurrent neural
networks (RNNs), and long short-term memory (LSTM) networks. FFNNs are a type
of neural network that consist of one or more layers of neurons, with each neuron in a
given layer connected to every neuron in the previous layer. FFNNs are particularly
well-suited for time series forecasting problems with a fixed set of input features.
RNNs, on the other hand, are designed to handle time-varying input and output
sequences. RNNs use a feedback loop to feed the output of the previous time step
back into the network as an input for the current time step. This allows the network
to capture temporal dependencies in the data and is particularly useful for time
series forecasting. LSTM networks are a type of RNN that are specifically designed
to handle long-term dependencies in the data. LSTM networks use a special type
of memory cell that can selectively remember or forget information from previous
time steps, allowing the network to maintain a longer memory of past inputs and
outputs.

Neural networks have been shown to be effective in a wide range of time series
forecasting tasks. For example, neural networks have been used to forecast stock
prices [36], and electricity demand [37]. Neural networks have also been found
to outperform traditional time series forecasting methods, such as ARIMA and
exponential smoothing, in certain scenarios [26]. However, neural networks can be

computationally expensive and require a large amount of data to train effectively.
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Furthermore, neural networks can be difficult to interpret, making it challenging to
understand how the model arrived at its predictions.

In summary, neural networks are a powerful class of machine learning models
that have been increasingly used in time series forecasting due to their ability to
capture complex patterns and nonlinear relationships in the data. There are several
types of neural networks that can be used for time series forecasting, including
FFNNs, RNNs, and LSTM networks. Neural networks have been shown to be
effective in a wide range of forecasting tasks, but they can be computationally
expensive and difficult to interpret. As with any predictive modeling approach, it
is important to carefully evaluate the performance of neural network models on
the specific forecasting task at hand and to compare them with other models to

determine the best approach.

3.6.3.1 FFNNs

Feedforward neural networks (FFNNs) are a type of neural network that consists
of one or more layers of interconnected neurons, with each neuron in a given layer
connected to every neuron in the previous layer. The input is fed into the first layer,
and the output of each layer is then fed into the next layer until the final layer
produces the predicted output. FFNNs are particularly well-suited for time series
forecasting problems with a fixed set of input features. In the context of time series
forecasting, the input features might include lagged values of the time series, as well
as exogenous variables that are known to influence the time series.

FFNNs have been shown to be effective in a wide range of time series forecasting
tasks. For example, FFNNs have been used to forecast electricity demand [38] or
air quality [39]. However, FFNNs can be sensitive to the choice of hyperparameters,
such as the number of layers and the number of neurons in each layer. Furthermore,
FFNNs may not perform as well as other types of neural networks, such as RNNs
and LSTM networks, when dealing with time-varying input and output sequences
or long-term dependencies in the data.

Despite their limitations, FFNNs are still a useful tool for time series forecasting,
particularly in situations where the input features are fixed and known in advance.
As with any predictive modeling approach, it is important to carefully evaluate the
performance of FFNNs on the specific forecasting task at hand and to compare them
with other models to determine the best approach.

FFNNs are a type of neural network that can be used for time series forecasting
problems with a fixed set of input features. FFNNs have been shown to be effective

in a wide range of forecasting tasks, but they can be sensitive to the choice of
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hyperparameters and may not perform as well as other types of neural networks in

certain scenarios.

3.6.3.2 CNN

Convolutional neural networks (CNNs) are a type of neural network that
have been widely used in image and signal processing tasks, including time series
forecasting. CNNs are particularly well-suited for problems with high-dimensional
input data, such as images or time series data with multiple channels. In CNNs, each
neuron in a given layer is connected only to a small region of the previous layer,
rather than every neuron in the previous layer. This local connectivity reduces the
number of parameters in the model and allows the network to effectively learn spatial
and temporal patterns in the data.

In the context of time series forecasting, CNNs can be used to extract features
from the time series data by convolving the input data with a set of learnable filters.
The output of each convolutional layer is then fed into a fully connected layer to
produce the final predicted output. CNNs have been used to forecast various time
series, such as solar power [40] and financial markets [41]. CNNs have also been found
to outperform other traditional time series forecasting methods, such as ARIMA and
LSTM, in certain scenarios.

However, CNNs can be computationally expensive and require a large amount
of data to train effectively. Additionally, interpreting the learned filters in a CNN
can be challenging, making it difficult to understand how the model is making
predictions. Despite these limitations, CNNs are a useful tool for time series
forecasting, particularly in situations where the input data has a high-dimensional
structure.

In summary, CNNs are a powerful class of neural networks that have been
increasingly used in time series forecasting. CNNs are particularly well-suited for
problems with high-dimensional input data and can be used to effectively learn
spatial and temporal patterns in the data. Although CNNs can be computationally
expensive and difficult to interpret, they have been shown to outperform traditional
time series forecasting methods in certain scenarios. As with any predictive modeling
approach, it is important to carefully evaluate the performance of CNNs on the
specific forecasting task at hand and to compare them with other models to

determine the best approach.
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3.6.3.3 RNN

Recurrent neural networks (RNNs) are a type of neural network that are
designed to handle time-varying input and output sequences. Unlike FFNNs, which
treat each input as independent of the others, RNNs are able to maintain a memory
of past inputs and use that information to make predictions about the future. This
is achieved through the use of a feedback loop in the network, which allows the
output of one time step to be fed back into the network as an input for the next
time step. In this way, RNNs can capture temporal dependencies in the data and

are particularly useful for time series forecasting.
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Figure 2: Recurrent neural network [42]

However, standard RNNs suffer from the problem of vanishing gradients, which
can cause the network to have difficulty learning long-term dependencies in the data.
This problem arises because the gradients used to update the weights of the network
can become very small over time, leading to very slow learning or even no learning
at all. To overcome this problem, long short-term memory (LSTM) networks were
introduced as a variant of RNNs that are specifically designed to handle long-term

dependencies.

3.6.3.4 LSTM

LSTM networks, a special type of RNN, use a special type of memory cell that
can selectively remember or forget information from previous time steps, allowing
the network to maintain a longer memory of past inputs and outputs. The memory
cell is controlled by three gates: an input gate, which controls the amount of new
information that is allowed into the memory cell; a forget gate, which controls the
amount of old information that is allowed out of the memory cell; and an output
gate, which controls the amount of information that is passed on to the next layer of

the network. By selectively updating and forgetting information in the memory cell,
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LSTM networks are able to maintain a longer memory of past inputs and outputs
than standard RNNs, making them particularly useful for time series forecasting

tasks that involve long-term dependencies.
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Figure 3: Long short-term memory unit [43]

LSTM networks have been shown to be effective in a wide range of time series
forecasting tasks, such as traffic flow prediction [44], energy consumption forecasting
[45], and cloud datacenters workload [46]. In certain scenarios, LSTM networks
have been found to outperform other types of neural networks, such as FFNNs and
standard RNNs, in terms of forecasting accuracy. However, like all neural networks,
LSTMs can be computationally expensive and require a large amount of data to
train effectively. Furthermore, interpreting the learned parameters in an LSTM
network can be challenging, making it difficult to understand how the model is

making predictions.
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The LSTM equations 3.1 describe the inner workings of the memory cell. The
input vector to the LSTM unit is denoted as z; € R?%. The forget gate’s activation
vector is f; € (0,1)", the input/update gate’s activation vector is i, € (0,1)", and the
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output gate’s activation vector is o; € (0,1)". The hidden state vector, also known
as the output vector of the LSTM unit, is h; € (—1,1)", the cell input activation
vector is & € (—1,1)", and the cell state vector is ¢; € R". The weight matrices are
denoted as W € R"*? and U € R"", while the bias vector parameters are b € R".
The superscripts d and h refer to the number of input features and number of hidden

units, respectively.

z, € R? : input vector to the LSTM unit
fi € (0,1)" : forget gate’s activation vector
i, € (0,1)" : input/update gate’s activation vector
0, € (0,1)" : output gate’s activation vector
h; € (—1,1)" : hidden state vector, output vector of the LSTM unit
& € (=1,1)" : cell input activation vector
¢ € R" : cell state vector
W e R U € R : weight matrices

b € R" : bias vector parameters, learned during training

The activation functions used in the LSTM equations are the sigmoid function
o, for the forget, input/update, and output gates, and the hyperbolic tangent
function o, for the cell input activation vector and o, for the hidden state vector.

The peephole LSTM paper [47] suggests using o, (z) = .

—0, : sigmoid function.
—o, : hyperbolic tangent function.

—oy, : hyperbolic tangent function oro,(x) = .

In summary, RNNs and LSTM networks are powerful classes of neural networks
that are designed to handle time-varying input and output sequences. RNNs use a
feedback loop to maintain a memory of past inputs, while LSTMs use a special type
of memory cell to selectively remember or forget information from previous time
steps, allowing them to handle long-term dependencies. Both RNNs and LSTMs
have been shown to be effective in a wide range of time series forecasting tasks,
but they can be computationally expensive and difficult to interpret. As with any

predictive modeling approach, it is important to carefully evaluate the performance
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of these models on the specific forecasting task at hand and to compare them with

other models to determine the best approach.
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4 Introduction

The practical part of this thesis involves implementing a time series forecasting
system for city traffic data. The system will be developed using Apache Airflow
for data ingestion and ETL processing, with data being sourced from an external
API. The processed data will be loaded into a MySQL relational database for
use in model training and evaluation. The predictive models will be implemented
using various machine learning techniques, including classical model ARIMA, as
well as deep learning models such as CNNs and RNNs. The primary model used
will be an RNN LSTM, a type of neural network that is well-suited for capturing
long-term dependencies in sequential data. The performance of each model will be
evaluated using a variety of metrics. Finally, a web application will be developed
to display the model’s predictions in real-time, providing valuable insights into
city traffic patterns and helping to inform decision-making for urban planning and

transportation management.
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5 Environment

In this chapter, we will discuss the environment and tools used for the
implementation of the time series forecasting system. The system will be deployed
on Google Cloud Platform (GCP), which provides a scalable and cost-effective
infrastructure for hosting web applications and data processing. The workflow
management platform used in this project is Apache Airflow, which provides a
flexible and scalable way to manage ETL workflows. The data storage component
will be implemented using MySQL, an open-source relational database management
system that is widely used for storing structured data. We will also describe the
process of setting up and configuring each of these tools in detail. This will include
the steps required to create a GCP instance, install and configure Airflow, and set

up a MySQL database for data storage.

5.1 Google Cloud Platform

Google Cloud Platform (GCP) is a cloud computing platform that offers a wide
range of services and tools for building and deploying applications, including virtual
machines (VMs), databases, and machine learning services. GCP allows users to run
applications in a scalable and cost-effective manner, with the ability to easily adjust
resources as needed. This makes it an ideal platform for running data-intensive
applications such as time series forecasting.

To begin using GCP, I first created an account on the platform and set up
billing information. I then created a VM instance on GCP using the Debian operating
system. The VM instance is used to run data extractions continuously, which cannot
be done on my laptop due to its limited resources. The VM instance provides a
scalable and flexible environment for running my time series forecasting system.

In addition to the VM instance, I also set up monitoring on GCP to track
resource usage and ensure that the system is running smoothly. This includes
monitoring CPU and disk usage to prevent resource bottlenecks and optimize

performance. Additionally, I configured the network settings on GCP to ensure that
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the data is securely transferred between the VM instance and other components of
the system.

Using GCP as the platform for my time series forecasting system provides many
benefits, including scalability, cost-effectiveness, and flexibility. With GCP, I am able
to run my system in a reliable and secure environment, while also being able to easily
adjust resources as needed. This allows me to focus on developing and improving my

forecasting models, without the need to worry about the underlying infrastructure.

5.1.1 Virtual Machine Instance

The virtual machine instance or VM runs the Debian operating system and was
created to enable the continuous data extraction necessary for this project. The VM
instance can be viewed on the GCP console, where its details, including the instance
name, status, creation time, machine configuration, and networking settings, can be
accessed. The machine type selected for the VM instance is e2-custom-4-6912, with
Intel Broadwell as the CPU platform. The architecture of the instance is x86/64,
and it features 4 vCPUs with 6.91 GB of memory. The boot disk of the instance
is a balanced persistent disk with a size of 100 GB, and its interface type is SCSI.
The machine has a default network interface, and its primary internal IP address
is 10.132.0.4. The VM instance can be scaled up or down depending on the specific
requirements of the project. For example, the disk can be scaled to a larger size to
accommodate more data or to improve the performance of the instance.

Initially, I started with a disk size of 30 GB for my VM instance on GCP, but
soon realized that it was not sufficient for my needs. I had to scale up the disk size
twice, first to 50 GB and then to 100 GB, to accommodate my data extractions
and other processes. This flexibility to scale up the resources as needed is one of the
great advantages of cloud computing instances, allowing users to easily adjust their

resource allocation to match their changing needs.

5.1.1.1 SSH connection

To connect to the VM instance on GCP, SSH protocol is used. SSH provides
a secure, encrypted connection to the VM instance, allowing remote access to
its command-line interface. The SSH connection requires authentication using a
public/private key pair, with the public key stored on the VM instance and the
private key stored locally on the user’s computer. Once authenticated, the user can
access the command-line interface of the VM instance and perform various tasks such

as installing software, managing files, and monitoring system performance. SSH also
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provides the ability to securely transfer files between the local computer and the

VM instance using the SCP protocol.

) Google Cloud Platform

SSH -

Instance

Alerting

Alert
e Menitoring

Figure 4: Google Cloud Platform schema

5.1.2 Monitoring

In addition to providing a reliable and scalable infrastructure, Google Cloud
Platform (GCP) also offers powerful monitoring capabilities. In my project, I have
set up monitoring to track the CPU usage and disk size of my VM instance. By
monitoring these metrics, I can keep track of the resources being used by my system
and ensure that I have enough capacity to support my workloads. To facilitate this
monitoring, I have set up alerts in GCP that notify me if the CPU usage or disk size
exceeds certain thresholds. This allows me to take proactive steps to address any
issues before they become critical, such as deleting unnecessary files or increasing
the boot disk size or CPU of my VM instance. Overall, monitoring is a crucial
component of any cloud-based system, and GCP provides powerful and flexible

tools for monitoring resource utilization and ensuring the reliability of my system.
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Figure 5: CPU monitoring console
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5.2 Airflow

To set up Airflow on my GCP Debian VM, I followed the official Apache Airflow
documentation. First, I ensured that my VM was set up with the necessary resources,
including 4 CPUs and 16GB of RAM. Then, I accessed the VM using SSH and
installed Python 3 and pip3, the package installer for Python 3.

Next, I installed virtualenv, which allows me to create an isolated environment
for installing Python packages. I then created a new virtual environment called venv
using the command virtualenv -p python venv and activated it using source
venv/bin/activate. With my virtual environment set up, I then installed Airflow
using the pip3 command and the appropriate constraints file for my Python version.

After successfully installing Airflow, I created a new directory called diploma
and set the AIRFLOW_HOME environment variable to point to that directory. I then
initialized the Airflow metadata database using the airflow db init command,
and started the Airflow scheduler using airflow scheduler in one terminal window.

In another terminal window, I activated my virtual environment and set
the AIRFLOW_HOME variable once again. I then created a new Airflow user with
administrator privileges using the airflow users create command, providing a
username, first name, last name, role, and email. I set the password to admin for
simplicity.

Finally, I listed the Airflow users to confirm that the new user had been
created successfully, and started the Airflow web server using airflow webserver
-p 8080. With Airflow up and running, I was able to begin developing my time

series forecasting system for city traffic data.

5.2.1 Systemd

After installing and configuring Airflow on my GCP VM, I wanted to ensure
that the webserver and scheduler would run continuously without the need for me
to manually start them up. To achieve this, I used systemd to create a service that
would start up the webserver and scheduler on boot and keep them running in the
background.

I created a script file called airflow_webserver.sh in the scripts folder that
contained the necessary commands to start up the webserver. I then created a
systemd service file called airflow-webserver.service that specified the location
of the script file and other relevant settings. Since I didn’t have sufficient permissions

to create a system-wide service file in the /etc/systemd/system directory, I created
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the service file in my user directory and then copied it to the system directory using
the command sudo cp airflow-webserver.service /etc/systemd/system/.
After copying the service file, I reloaded the systemd daemon, enabled the

service to start up on boot, and started the service using the following commands:

Listing 5.1: Starting the Airflow webserver service using systemd

sudo systemctl daemon-reload
sudo systemctl enable airflow-webserver.service
sudo systemctl start airflow-webserver.service

sudo systemctl status airflow-webserver.service

With this setup, the webserver and scheduler will start up automatically on

boot and will continue running in the background even if I log out of the VM.

5.2.2 Directed Acyclic Graphs (DAGs)

To create a DAG in Airflow, you need to define the various tasks that will
make up the DAG, set their dependencies, and schedule the DAG to run at
regular intervals. Each task in the DAG is defined as an operator, which can be
a PythonOperator, BashOperator, or one of several other types.

In the DAG parking measurements, a small sample of which is available below,
we start by defining some variables that will be used throughout the DAG, including
the entity name, API endpoint, query parameters, and database connection ID. We
then define a DAG object with a unique ID, start date, and schedule interval. In
this case, we set the DAG to run hourly.

Next, we define two Python functions that will be used as tasks in the DAG.
The first function checks if the API endpoint is available and raises an exception if
it is not. The second function downloads data from the API and saves it to a CSV
file.

We then define four MySQLOperator tasks that create a new table in the
database, insert the downloaded data into the table, and transform the data as
necessary. Fach task corresponds to a SQL file in a specific directory, which allows
for easy organization and management of the SQL scripts.

Finally, we set the dependencies between the tasks by using the "»" operator to
specify which task should run after which. As seen in Figure 6, the check endpoint
task is set to run before the download file task in order to ensure the necessary data
is available before it is downloaded and processed and so on.

It’s important to note that this is just one example DAG and that each DAG

will have its own unique set of tasks, dependencies, and parameters. However, by
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Auto-refresh +=

check_endpoint SESESNEEEESSEEEEEEEEEEEEDR
download_file SESESSEEEESEEEEEEEEEEEREER
create_table_parking_measurements S @S SIS S S EEEEEEEEEESR
insert_values_parking_measurements B @ SIS EEEEEEEEEEESE
src_table_parking_measurements S SEESESESESNEEEESEEEEEESESE
stg_table_parking_measurements SESESSEEEESEEEEEEEEEEEEEDR

Figure 6: Airflow tasks detail view

following the general structure outlined above, you can create a wide variety of

DAGs to meet your specific needs.

Listing 5.2: DAG for parking data

# Define the DAG

dag = DAG(
dag_id=def_entity,
start_date=datetime (2023, 3, 12),
schedule_interval=’0 * * x %’
catchup=False,

template_searchpath=["/home/diploma/sql"]

# Define a task to download the file
download_file_task = PythonOperator(
task _id=’download file’,
python_callable=download_file,
op_kwargs={
’headers’: headers,
’endpoint’: def_endpoint,
’query’: def_query,
’filename’: def_entity

+s
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dag=dag,

# Set task dependencies
check_endpoint_task >> download_file_task >> create_table >>

insert_values >> src_table >> stg table

In addition to the configurations, all DAGs that I have developed for my time
series forecasting system are also available on my Git repository or in the attachment

of my diploma.

5.3 MySQL

To install MySQL on my VM, I followed the instructions provided by the official
Google Cloud Platform documentation [48]. After installing MySQL, I made sure
to improve the installation security by removing anonymous users, disabling remote
root login, and removing test databases.

Next, I needed to ensure that MySQL was configured to allow remote access.
By default, MySQL is configured to only listen to connections from localhost. To
modify this setting, I added the following lines to the MySQL configuration file
located at /etc/mysql/mysql.conf.d/mysqld.cnf:

Listing 5.3: MySQL configuration file

port = 3306
bind-address = 0.0.0.0

These lines specify that MySQL should listen on all available IP addresses and
not just the localhost IP address.
After modifying the MySQL configuration file, I restarted the MySQL service

to ensure that the changes took effect by running the following command:

Listing 5.4: Restart MySQL service

sudo service mysql restart

To create a new MySQL user with remote access privileges, I logged into the

MySQL server as the root user:

Listing 5.5: Log in to MySQL as root user

mysql -u root -p
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I then created a new user with remote access privileges and granted them access

to the database I wanted to access:

Listing 5.6: Create new user with remote access privileges

CREATE USER ’new_user’@’7’ IDENTIFIED BY ’password’;
GRANT ALL PRIVILEGES ON mydatabase.* TO ’new_user’Q’%’;

The above SQL commands create a new user named "nmew_ user' with the
password "password" and grant them all privileges on the "mydatabase" database.
The "%" wildcard character specifies that the user should be able to connect from
any [P address.

Finally, I used the MySQL client in the MySQL Workbench to connect to the
database, specifying the IP address of my Debian VM as the hostname and using
the new username and password to log in. With this setup, I was able to efficiently
collect and transform data from an API and store it in a MySQL database using
Airflow.

5.3.1 Backup files

MySQL binary log files, also known as binlogs, are used for data recovery and
replication. However, if not managed properly, they can accumulate and take up a
significant amount of disk space. To prevent this from happening, I configured a
cron job to delete binlog files older than one week every Sunday. This ensured that
my VM had enough disk space for new data and prevented any potential issues that
could arise from running out of disk space. Proper management of binlog files is

crucial to maintaining a healthy and efficient MySQL database.
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6 Data

This chapter provides an overview of the data used in the time series forecasting
system for city traffic data implemented in this thesis. This chapter is divided into
three sections: Data Sources, Data Extraction, and Data Preprocessing.

In the Data Sources section, we discuss the various data sources used in the
system and how they were tested for reliability and accuracy. We focus on three main
data sources: parking data, vehicle data, and weather data. We provide an overview
of each data source and discuss how they were integrated into the forecasting system.

In the Data Extraction section, we describe the process of extracting data from
the various sources using Python and the Apache Airflow platform. We discuss the
importance of data orchestration and how we used Airflow to schedule and automate
the extraction process. We also provide an overview of the data loading process into
the MySQL database.

Finally, in the Data Preprocessing section, we discuss the various SQL
transformation techniques used to preprocess the data for model training. We discuss
the importance of data quality and how we cleaned, transformed, and prepared the
data to be used in the forecasting models.

Overall, this chapter provides a comprehensive overview of the data used in
the forecasting system and how it was extracted, processed, and prepared for model

training.

6.1 Data Sources

The Data Sources section of this chapter focuses on the three main data sources
used in the time series forecasting system for city traffic data implemented in this
thesis. The data is sourced from external APIs and is collected and processed to
provide valuable insights into city traffic patterns. The first data source is parking
data, which provides information about parking availability in the P+R spots, large
parking lots around the city. The second data source is vehicle data, which provides

information about public transport vehicles, including their location, speed, and
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delay. This data is the most important data source for the system, as it forms
the basis for the time series forecasting models. The third data source is weather
data, which provides information about temperature, humidity, snow, and other
weather-related variables. All three data sources are integrated into the time series

forecasting system to provide a comprehensive picture of city traffic patterns.

6.1.1 Golemio

For this thesis, I investigated several APIs to identify a data source for city
traffic forecasting. Among them, the Golemio API appeared to be a valuable
resource for acquiring public transport data in Prague. The API provides access
to various datasets related to public transportation in Prague, including data on
vehicle locations, routes, schedules, and occupancy rates. Golemio’s REST-based
interface is user-friendly and allows developers to quickly and easily obtain the data
they require. The API is an essential data source for the time series forecasting
system implemented in this thesis as it provides important information about the
flow of public transport in the city at different times of the day.

To gain authorization for accessing the Golemio API, I created an account
using my Gmail address and obtained an API key. The key is used to authenticate
each request to the API and track usage. To ensure that my API requests were
authenticated, I added the API key to the headers of each request. Using Python
scripts, I performed extensive testing to ensure that the API provided the necessary
data and excluded irrelevant or redundant information. Moreover, I performed
various statistical analyses on the data to verify its accuracy and suitability for

use in forecasting models.

6.1.1.1 Data exploration

The code snippet below is a Python script that extracts data from the Golemio
API. It begins by importing the necessary libraries, requests, and json. The headers

variable contains the authorization token, which is necessary to access the Golemio

APL

Listing 6.1: Example of Python script for extracting data from Golemio API

import requests

import json

headers = {"Content-Type": "application/json; charset=utf-8",

"x-access-token": X’}
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def get_parking data(headers, endpoint, query):
url = f’https://api.golemio.cz/v2/{endpoint}{query}’
print (url)
response=requests.get(url, headers=headers)
data = response. json()
with open(’test_parking.json’, ’w’) as f:
f.write(json.dumps(data, sort_keys=True, indent=4))

return data

data = get_parking data(headers, ’parking/measurements’,
’?source=TSK&sourceId=534017")

The get_parking_data() function is defined with parameters for headers,
endpoint, and query. This function constructs the API request URL using the
endpoint and query parameters and sends a GET request to the URL using the
headers parameter to authenticate. The response is then converted to JSON format
and saved to a local file called test_parking. json for further analysis.

The final line of the code calls the get_parking data() function with the
headers, endpoint, and query parameters to retrieve data from the Golemio API
related to parking measurements for a specific source and source ID. In this example,
[ analyzed the data of 1 parking house with ID = 534017. It is a P4-R parking house
Chodov. This data can then be used for further analysis or processing as necessary

for use in the time series forecasting system.
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Figure 7: Visualization of parking occupancy
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Figure 7 shows a visualization of parking data from evening 5th May to morning
6th May. The plot reveals a clear trend of fewer cars in the parking lot in the evening
as people start leaving the P4+R, resulting in a decrease in the number of occupied
spots. On the other hand, there is an increasing trend in the morning as people
start arriving, leading to a rise in the number of occupied spots. This information
can be valuable for parking lot management as it helps in planning resources and

improving the user experience.

6.1.1.2 Summary

The testing process ensured that the data extracted from the Golemio API
was of high quality and suitable for use in the time series forecasting system. The
Golemio API proved to be a robust and reliable source of public transportation
data in Prague. Its accessibility as a public API made it easy to access and use,
and the documentation and community resources provided by Golemio made it

straightforward to work with.

6.1.2 Weather

In order to obtain weather data for the city traffic forecasting system, I explored
various weather APIs that were available. After careful consideration, I chose to
use the Open Meteo API (https://open-meteo.com/) for several reasons. First
and foremost, the API provides all of the weather data that is needed for the
forecasting system, including temperature, humidity, snow, and rain. Additionally,
the API provides historical weather data, allowing for the retrieval of past weather
information to use in the forecasting models. Finally, the API offers a forecast API
that provides weather predictions for up to 7 days in advance, which is crucial for
accurate traffic forecasting.

To ensure the data obtained from the API was of high quality and met the
needs of the forecasting system, extensive testing was performed using Python
scripts to extract, clean, and analyze the data. This testing confirmed that the Open
Meteo API provided the necessary data and excluded any irrelevant or redundant
information. Furthermore, various statistical analyses were performed on the data

to verify its accuracy and suitability for use in the forecasting models.

6.1.2.1 Data exploration

The script below demonstrates the use of the Open-Meteo weather API to

retrieve historical weather data for a specific location. The get_weather_data
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function takes an endpoint and a query string as parameters, which are then used
to construct the API URL. The query string specifies the latitude and longitude
of the location, the start and end dates for the data, and the hourly and daily
data parameters that are requested. In the example, we are testing historical data
from 1/1/2021 to 1/5/2023, i.e., Prague data, which is determined by longitude and
latitude values. I have chosen the time zone Europe/Berlin, which corresponds to

the time zone of Prague.

Listing 6.2: Example of Python script for extracting data from Golemio API

import requests

import json

def get_weather_data(endpoint, query):
url = f’https://archive-api.open-meteo.com/{endpoint}{queryl}’
print (url)
response=requests.get (url)
data = response. json()
with open(’test_weather.json’, ’w’) as f:
f.write(json.dumps(data, sort_keys=True, indent=4))

return data

data = get_weather_data(’vl/archive’,’?latitude=50.09&longitude=14.42
&start_date=2021-01-01&end_date=2023-05-01&
hourly=temperature_2m,rain,snowfall&daily=sunrise

&timezone=Europe/2FBerlin’)

The API returns the requested data in JSON format, which is then stored in a
file called "test_weather. json" using the json module. The data contains hourly
temperature, rain and snowfall data and daily sunrise data. This script allows easy
access to historical weather data for any location by editing query parameters, which
can be useful for analyzing correlations between weather and other variables.

The time series plots of temperature, snow, and rain from January 2021 to
May 2023 provide valuable insights into the seasonal patterns and trends of weather
conditions in the city. The temperature plot 8 shows a clear seasonal trend, with
warmer temperatures occurring in the summer months and colder temperatures in
the winter months. This is reflected in the periodic peaks and valleys in the plot,
with the highest temperatures occurring in the summer and the lowest temperatures

in the winter.
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Figure 9: Visualization of rain
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The snow plot 10 shows a much more erratic pattern, with snowfall occurring
sporadically throughout the time period. However, it is possible to observe that
snowfall mostly occurs during the winter months. Finally, the rain plot 9 also exhibits
a seasonal pattern, with higher amounts of rainfall occurring in the spring and
summer months, and lower amounts in the fall and winter. Overall, these plots
provide valuable information about the seasonal patterns of weather conditions
in the city, which can be used to inform decisions related to urban planning and

transportation management.
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Figure 10: Visualization of snowfall

6.1.2.2 Summary

In summary, the Open Meteo API proved to be a reliable and comprehensive
source of weather data for the city traffic forecasting system. Its simplicity and
availability of historical data made it a clear choice for the project. The forecast
API also proved to be a crucial component, providing important predictions for
future weather conditions. The thorough testing and analysis of the data obtained
from the API ensured that the data was of high quality and suitable for use in the

time series forecasting system.

6.2 Data extraction

The data extraction process is a crucial step in the implementation of any

data-driven system. In the context of the city traffic forecasting system, data
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extraction involves retrieving traffic and weather data from external APIs and
storing it in a format suitable for use in forecasting models.

One of the challenges in obtaining data for the time series forecasting system
is that the public transport data that is needed for the system does not have
historical data readily available. This means that simply downloading data from
the API at a single point in time is not sufficient for the forecasting system, as it
requires historical data to train the models. As a result, a process was needed to
automatically extract the data from the API at regular intervals to create a historical
database of public transport information. While it is possible to download historical
weather data directly from APIs like the Open Meteo API, this is not possible
for public transport data, which makes the use of Airflow necessary for creating a
comprehensive historical database.

Two tasks in the Airflow DAGs are dedicated to data extraction: the Check
Endpoint task and the Download File task. The Check Endpoint task is responsible
for ensuring that the API endpoint is functioning correctly before attempting to
download any data. The Download File task, on the other hand, is responsible for
using Python scripts to extract the necessary data from the APIs and save it in a
Jjson file format. Both tasks are discussed in more detail in the following chapters,
where I will describe everything on the example of parking data, as the mechanisms

used for all data sources are the same.

6.2.1 Endpoint check

The first task in the DAG is the endpoint check. This task is designed to ensure
that the API endpoint is accessible before proceeding with the data download. If
the endpoint is unavailable or returns an error message, the task will fail, and the
data download task will not execute. The Python function that performs this task
uses the requests library to send an HT'TP GET request to the endpoint and checks
the response code to determine if the endpoint is available. If the response code is
not 200, indicating that the endpoint is not available, a ValueError is raised, which
results in the task failure. The endpoint check is crucial because if the endpoint is
down, or the data is not available, it is pointless to proceed with the data download.
Therefore, this task helps ensure the integrity of the data and the efficiency of the
entire DAG. In the following chapter, the data download task is described in more
detail.

Listing 6.3: Definition of Airflow task Check Endpoint

# Define a Python function to check if the endpoint is available
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def check_endpoint(headers, endpoint, query):
url = f’https://api.golemio.cz/v2/{endpoint}{query}’
response = requests.get(url,headers=headers)
if response.status_code != 200:

raise ValueError (’Endpoint not available’)

# Define a task to check if the endpoint is available
check_endpoint_task = PythonOperator (
task_id=’check_endpoint’,
python_callable=check_endpoint,
op_kwargs={
’headers’: headers,
’endpoint’: def_endpoint,
’query’: def_query,
’filename’: def_entity
3,
dag=dag,

6.2.2 Python extraction

The second task in the DAG is the download file task, which executes the
download file Python function. This function uses the requests library to send
an HTTP GET request to the API endpoint and stream the response content
to a local file on the server. The task is defined as a PythonOperator with
the download file function specified as the callable. The function takes the
same arguments as the check_endpoint function (headers, endpoint, query) in
addition to a filename argument to specify the local file to save the data to. The
file is saved to the /tmp directory with the same name as the entity (in this
case, parking measurements.csv). The download_file_task is dependent on the
successful execution of the check_endpoint_task, and must be completed before

the subsequent tasks can run.

Listing 6.4: Definition of Airflow task Download File

# Define a Python function to download the file
def download_file(headers, endpoint, query, filename):
url = f’https://api.golemio.cz/v2/{endpoint}{query}’

response = requests.get(url, headers=headers, stream=True)
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with open(f’/tmp/{filename}.csv’, ’wb’) as f:
for chunk in response.iter_content(chunk _size=1024):
if chunk:
f.write(chunk)

# Define a task to download the file
download_file_task = PythonOperator(
task_id=’download_file’,
python_callable=download_file,
op_kwargs={
’headers’: headers,
’endpoint’: def_endpoint,
’query’: def_query,
’filename’: def_entity
I
dag=dag,

The output of the downloaded file you see below in listing 6.5 is a list of
dictionaries.. Each dictionary in the list represents a parking measurement and
contains the following keys: "available_spot_number", "closed_spot_number",
"date modified", "occupied_spot_number", "parking id", "source",
"source_id", and "total_spot_number". The values associated with these
keys provide information about the parking spot availability, the time when the
measurement was taken, and other details about the parking location. The data is
in JSON format and will be transformed into tables in MySQL format in the Data

Preprocessing section.

Listing 6.5: Example of extracted parking data

"available_spot_number": 604,
"closed_spot_number": null,

"date_modified": "2023-05-06T05:19:00.000Z",
"occupied_spot_number": 29,

"parking id": "tsk-534016",

"source": "tsk",

"source_id": "534016",
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"total_spot_number": 633

"available_spot_number": 604,
"closed_spot_number": null,

"date_modified": "2023-05-06T05:12:58.000Z",
"occupied_spot_number": 29,

"parking id": "tsk-534016",

"source": "tsk",

"source_id": "534016",

"total_spot_number": 633

6.3 Data Preprocessing

In the previous chapter, I downloaded the required data in JSON format. In this
section, I will load the data into the MySQL database and transform it from JSON
to tables. The first step is to create the necessary tables according to the schema of
my diploma project. I will have three tables in my data flow: pre_, src_, and stg_.
The pre_ table will store the data from the downloaded file, which will contain
multiple records in a single list. I will need to parse these records into separate rows.
The src_ table will be the source table, which will contain the parsed data from the
pre_ table. Finally, the stg_ table will be the stage table, where the parsed JSON
data will be transformed into typical table format. Once the data is processed and

transformed, I will create output views for further analysis.

6.3.1 Create tables

In the context of parking data, the first step in data preprocessing
is to create tables in the MySQL database to hold the downloaded data.
The create table task in the DAG executes a SQL script that creates
three tables: pre_parking measurements, src_parking measurements, and
stg_parking measurements. These tables are designed to store the parking data

in different stages of transformation.

Listing 6.6: Create table task

create_table = MySqlOperator(
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sql=f’/{def_endpoint}/create_table.sql’,
task_id=f"create_table_{def_entity}",

mysql_conn_id=def_conn_id,

The pre_parking measurements table is the initial destination of the data
downloaded from the Golemio API. It has a single column called jdoc that
stores the data in JSON format. The table also has several metadata columns
(_sys_record_id, _sys_load_id, _sys_load_at, and _sys_is_deleted) to keep
track of the source and loading details.

The src_parking measurements table is used to parse the data in the jdoc
column of the pre_parking measurements table into individual records. It has two
additional columns compared to the pre_parking measurements table: i and jdoc.
The i column represents the index of a particular parking measurement in the
original JSON array, and the jdoc column stores the parsed JSON data for that
particular measurement. The table also has the same metadata columns as the

pre_parking measurements table.

Listing 6.7: Create table SQL scripts

CREATE TABLE IF NOT EXISTS pre_parking measurements (

_sys_record_id INT NOT NULL AUTO_INCREMENT,

jdoc JSON,

_sys_load_id INT,

_sys_load_at TIMESTAMP,

_sys_is_deleted BOOLEAN,

CONSTRAINT id PRIMARY KEY (_sys_record_id, _sys_load_at)
)

CREATE TABLE IF NOT EXISTS src_parking measurements (
_sys_record_id INT,
_sys_load_id INT,
_sys_load_at TIMESTAMP,
_sys_is_deleted BOOLEAN,
i INT,
jdoc JSON,
CONSTRAINT id PRIMARY KEY (_sys_record_id,i,_sys_load_at)

);
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CREATE TABLE IF NOT EXISTS stg_parking measurements (
parking measurement_id VARCHAR(255) NOT NULL,
source VARCHAR(255),
source_id VARCHAR(255),
parking id VARCHAR(255),
date modified TIMESTAMP,
total_spot_number VARCHAR(255),
closed_spot_number VARCHAR(255),
occupied_spot_number VARCHAR(255),
available_spot_number VARCHAR(255),
_sys_record_id INT,

_sys_load_id INT,

_sys_load_at TIMESTAMP,

_sys_is_deleted VARCHAR(255),

i INT,

PRIMARY KEY (parking measurement_id)
)

CREATE TABLE IF NOT EXISTS stg_parking measurements_backup
parking measurement_id VARCHAR(255) NOT NULL,
source VARCHAR(255),
source_id VARCHAR(255),
parking id VARCHAR(255),
date_modified TIMESTAMP,
total_spot_number VARCHAR(255),
closed_spot_number VARCHAR(255),
occupied_spot_number VARCHAR(255),
available_spot_number VARCHAR(255),
_sys_record_id INT,

_sys_load_id INT,

_sys_load_at TIMESTAMP,
_sys_is_deleted VARCHAR(255),

i INT,

PRIMARY KEY (parking measurement_id)
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The stg_parking measurements table is the final destination of the parsed
parking data. It has columns for all the relevant fields in the parking data
(parking measurement_id, source, source_id, parking_id, date_modified,
total_spot_number, closed_spot_number, occupied_spot_number, and
available_spot_number), as well as the same metadata columns as
the pre_parking measurements and src_parking measurements tables.
The stg_parking measurements_backup table is a backup copy of the
stg_parking measurements table.

These tables are designed to hold the parking data at different stages of the data
transformation process. The pre_parking measurements table stores the raw data
downloaded from the Golemio API, while the src_parking measurements table
parses the data into individual records. The stg_parking measurements table is
the final destination of the parsed data, with all the relevant fields in separate
columns. The stg_parking measurements_backup table is a backup copy of the
stg_parking measurements table, ensuring that the data is not lost in case of any
issues during the transformation process. The backup process will be described in

more detail a few sections below.

6.3.2 Insert into MySQL

In the next step of data preprocessing, the downloaded data in JSON format
is loaded into the pre_ table using the insert_values task in the DAG. The
task executes a SQL script that inserts the JSON data into the pre_ table with
the corresponding metadata columns. The jsondata variable is used to pass the
downloaded data to the SQL script, and the current timestamp is used for the

_sys_load_at column.

Listing 6.8: Insert values task

insert_values = MySqlOperator(
sql=f"INSERT INTO pre_{def_entity} VALUES (\’0\’,\’{jsondata}
\,\ 0 \’,\""+str(datetime.now())+"\’,\’0\’);",
task_id=f"insert_values_{def_entityl}",

mysql_conn_id=def_conn_id,
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6.3.3 Source tables

In the context of parking data, the next step in data preprocessing is to insert
data into source tables. The src_table task in the DAG executes a SQL script that
parses the data from the pre_parking measurements table into individual records
and inserts them into the src_parking measurements table. The SQL script uses
the JSON__TABLE function to extract the individual records from the jdoc column
of the pre_parking measurements table and stores them in the jdoc column of
the src_parking measurements table. The i column represents the index of a

particular parking measurement in the original JSON array.

Listing 6.9: Source table task

src_table = MySqlOperator(
sql=f’/{def_endpoint}/010_src.sql’,
task_id=f"src_table_{def entityl}",

mysql_conn_id=def_conn_id,

The table has the same metadata columns as the pre_parking measurements
table, in addition to the i column and the jdoc column. The i column is used to
associate the individual records with their respective positions in the original JSON

array, while the jdoc column stores the individual records in JSON format.

Listing 6.10: Source table SQL scripts

INSERT IGNORE INTO src_parking measurements

(

SELECT
_sys_record_id,
_sys_load_id,
_sys_load_at,
_sys_is_deleted,
r.*

FROM

pre_parking measurements,
JSON_TABLE(
jdoc,
$[x]”
COLUMNS (
i FOR ORDINALITY,
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jdoc JSON PATH ’$[0]°
)
) AS r

);

TRUNCATE pre_parking measurements

The creation of the src_parking measurements table is an important step in
the data preprocessing process, as it allows for more efficient and effective querying
and analysis of the parking data. Finally, the pre_parking measurements table is
truncated to remove the raw data that has already been parsed and inserted into
the src_parking measurementss table. This ensures that the data is not duplicated

during the subsequent stages of transformation.

6.3.4 Stage tables

In the data preprocessing workflow, the final stage is to transform the data from
the source table into the stage table, where it will be in a format suitable for further
analysis and modeling. The stg_table task in the DAG executes a SQL script that
takes the data from the src_parking measurements table and transforms it into

the stg_parking measurements table.

Listing 6.11: Stage table task

stg_table = MySqlOperator(
sql=f’/{def_endpoint}/020_stg.sql’,
task_id=f'"stg table {def entityl}",

mysql_conn_id=def_conn_id,

The SQL script parses the JSON data in the jdoc column of
the src_parking_measurements table and extracts the relevant fields, such
as source, source_id, parking id, date_modified, total_spot_number,
closed_spot_number, occupied_spot_number, and available_spot_number. It
then concatenates these fields to create a unique parking measurement_id and
inserts the data into the stg_parking measurements table.

The stg_parking measurements table has columns for all the relevant fields
extracted from the JSON data, as well as the same metadata columns as the

pre_parking measurements and src_parking measurements tables. It also has
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a primary key on the parking measurement_id column, which ensures that each

record is unique and can be easily joined with other tables in the database.

Listing 6.12: Stage table SQL scripts

INSERT IGNORE INTO stg_parking measurements
(
SELECT

CONCAT(‘source_id‘, ’_’, ‘parking_id‘, ’_’, ‘date_modified‘)

AS ‘parking measurement_id°,

‘source‘,

‘source_id°,

‘parking_id‘,

‘date_modified‘,

‘total_spot_number‘,

‘closed_spot_number‘,

‘occupied_spot_number‘,

‘available_spot_number‘,

‘ _sys_record_id°‘,

4

_sys_load_id*,

‘_sys_load_at‘,

4

_sys_is_deleted,
¢
FROM (
SELECT
TRIM(BOTH ’"’ FROM JSON_EXTRACT(‘jdoc‘, ’$.source’))
AS ‘source‘,
TRIM(BOTH ’"’ FROM JSON_EXTRACT(‘jdoc‘, ’$.source_id’))
AS ‘source_id°‘,
TRIM(BOTH ’"’ FROM JSON_EXTRACT(‘jdoc‘, ’$.parking id’))
AS ‘parking id°‘,
TRIM(BOTH ’"’ FROM JSON_EXTRACT(‘jdoc‘, ’$.date_modified’))
AS ‘date_modified‘,
TRIM(BOTH ’"’ FROM JSON_EXTRACT(‘jdoc‘, ’$.total_spot_number’))
AS ‘total_spot_number‘,
TRIM(BOTH ’"’ FROM JSON_EXTRACT(‘jdoc‘, ’$.closed_spot_number’))
AS ‘closed_spot_number‘,
TRIM(BOTH ’"’ FROM JSON_EXTRACT(‘jdoc‘, ’$.occupied_spot_number’))

AS ‘occupied_spot_number‘,
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TRIM(BOTH ’"’ FROM JSON_EXTRACT(‘jdoc‘, ’$.available_spot_number’))

AS ‘available_spot_number‘,

[4

_sys_record_id*,
¢ sys_load_id‘,
¢ sys_load_at‘,
¢ _sys_is_deleted®,

[4 1 4
FROM src_parking measurements

) a
);

TRUNCATE src_parking measurements;

The creation of the stg_parking measurements table marks the end of the
data preprocessing stage for the parking data. The table contains the data in a
format suitable for further analysis and modeling, and can be used for various
applications, such as predicting parking spot availability or analyzing parking

demand.

6.3.5 Output views

The final step in the data processing workflow is to create views that present the
transformed data in a format that is convenient for further analysis and modeling.
These views are created based on the tables generated in the previous stages of the
workflow.

The SQL script executed by the create_output_stage task in the DAG defines
three views that contain the required columns for model training. The out_weather
view, shown in listing 6.13 below, combines the stg_weather_forecast view and
stg_weather_archive tables to include all weather data for the relevant time
period. It also adds an _sys_source_table column to indicate the source table

for each record.

Listing 6.13: Output stage view for weather data

CREATE OR REPLACE VIEW ‘out weather‘ AS

select
‘stg_weather forecast‘.‘weather_forecast_id‘ AS ‘weather_id‘,
‘stg_weather_forecast‘.‘time_ts‘ AS ‘time_ts‘,
‘stg_weather_forecast‘.‘time‘ AS ‘time‘,

‘stg_weather_forecast‘. ‘precipitation‘ AS ‘precipitation®,
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‘stg_weather_forecast‘. ‘temperature‘ AS ‘temperature’,
‘stg_weather_forecast‘. ‘snowfall‘ AS ‘snowfall‘,
‘stg_weather_forecast‘.‘rain‘ AS ‘rain‘,
’stg_forecast’ AS ‘_sys_source_table®

from
‘stg_weather_forecast

where
(

‘stg_weather forecast‘.‘time_ts‘ > ’2023-04-30’

)

union

select
‘stg_weather_archive‘. ‘weather_archive_id‘ AS ‘weather_id°,
‘stg_weather_archive‘. ‘time_ts‘ AS ‘time_ts°,
‘stg_weather_archive‘. ‘time‘ AS ‘time‘,
‘stg_weather_archive‘. ‘precipitation‘ AS ‘precipitation®,
‘stg_weather_archive‘. ‘temperature‘ AS ‘temperature°,
‘stg_weather_archive‘. ‘snowfall‘ AS ‘snowfall‘,
‘stg_weather_archive‘. ‘rain‘ AS ‘rain‘,
’stg_archive’ AS ‘_sys_source_table

from

‘stg_weather_archive®

where
(
‘stg_weather_archive‘. ‘time_ts‘ <= ’2023-04-30’
)

ORDER BY time ts DESC;

The remaining views out_vehiclepositions and out_parking measurements
were created in a similar way. The creation of these views marks the end of the
data processing workflow. The transformed and aggregated data can now be used
for various applications, such as predicting parking spot availability or analyzing
parking demand.

The table in figure 11 is an example of the out_weather view created in the data
processing workflow. It contains weather data for a specific time period, including the
weather forecast ID, the timestamp, the time in ISO 8601 format, the precipitation,

temperature, snowfall, and rain measurements, and the source table for each record
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weather_id
2023-05-06T06:00_0.9_8.2
2023-05-06T05:00_0.6_8.7
2023-05-06T04:00_1.2_ 9.6
2023-05-06T03:00_5.1_9.9
2023-05-06T02:00_1.5_10.7
2023-05-06T01:00_1.0_11.7
2023-05-06T00:00_0.1_12.7
2023-05-05T23:00_0.2_13.6
2023-05-05T22:00_0.0_14,3
2023-05-05721:00_0.0_15.3

time_ts

2023-05-06 06:00:00
2023-05-06 05:00:00
2023-05-06 04:00:00
2023-05-06 03:00:00
2023-05-06 02:00:00
2023-05-06 01:00:00
2023-05-06 00:00:00
2023-05-05 23:00:00
2023-05-05 22:00:00
2023-05-05 21:00:00

time
2023-05-06T06:00
2023-05-06T05:00
2023-05-06T04:00
2023-05-06T03:00
2023-05-06T02:00
2023-05-06T01:00
2023-05-06T00:00
2023-05-05T23:00
2023-05-05T22:00
2023-05-05T21:00

precipitation
1.0
0.6
1.2
5.1
1.5
1.0
0.1
0.2
0.0
0.0

temperature
8.2
8.7
9.6
9.9
10.7
1.7
127
13.6
14.3
15.3

Figure 11: Weather output view

snowfall
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

rain
0.9
0.6
1.2
5.1
1.5
1.0
0.1
0.2
0.0
0.0

_sys_source_table

stg_forecast
stg_forecast
stg_forecast
stg_forecast
stg_forecast
stg_forecast
stg_forecast
stg_forecast
stg_forecast
stg_forecast

indicated by the _sys_source_table column. The table has a clear and organized

format with borders separating each column and rows, making it easy to read and

analyze the weather data. It can be used for further analysis and modeling, such as

predicting parking demand based on weather conditions.
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7 Model

In this chapter, I will develop a prediction model for city traffic time series
forecasting, with a particular focus on the Recurrent Neural Network with Long
Short-Term Memory (RNN LSTM). This model has shown exceptional performance
in capturing temporal dependencies and retaining long-term memory in time series
data. By leveraging the power of RNN LSTM, I aim to accurately forecast city traffic
patterns and contribute to effective traffic management strategies. Additionally, I
will include two other models, namely the ARIMA model and Convolutional Neural
Networks (CNN), for testing and comparison purposes. However, the RNN LSTM
model holds significant importance due to its ability to handle sequential data and
capture complex patterns inherent in city traffic dynamics. Each model will be
explored in separate chapters, providing a comprehensive understanding of their
underlying principles and methodologies. Through this research, I strive to develop
an advanced prediction model that can significantly enhance city traffic forecasting

capabilities and contribute to the optimization of transportation systems.

7.1 ARIMA

In this section, we explore the implementation and analysis of the ARIMA
(Autoregressive Integrated Moving Average) model for city traffic time series
forecasting. The ARIMA model combines autoregressive (AR), differencing (I), and
moving average (MA) components to capture temporal patterns and dependencies
in the data.

We delve into the stages of the ARIMA modeling process, starting with "Model
Creation." Here, we outline the steps of setting up the ARIMA model, including data
preprocessing, determining the model order, and configuring parameters. Next, we
move to "Model Training," where we fit the ARIMA model to the training data and
estimate the model parameters. Finally, we address "Model Evaluation," assessing
the performance and accuracy of the trained ARIMA model using appropriate

evaluation metrics.
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The ARIMA model offers the advantage of incorporating historical values and
previous observations, capturing the influence of past values and accounting for
trend, seasonality, and errors. By leveraging these capabilities, we aim to generate
reliable predictions for city traffic time series, enabling informed decision-making
and effective traffic management strategies. Through this exploration, we gain
valuable insights into the characteristics of city traffic data, empowering us to make

meaningful forecasts and improve urban transportation systems.

7.1.1 Model creation, training and evaluation

In this subsection, we focus on the ARIMA (Autoregressive Integrated Moving
Average) model for city traffic time series forecasting. The ARIMA model combines
autoregressive (AR), differencing (I), and moving average (MA) components to
capture temporal patterns and dependencies in the data.

The model creation phase involves developing the specific predictive models
using the ARIMA approach. We utilize the Python programming language and
the statsmodels library for implementation. The necessary libraries and packages,
including statsmodels.tsa.arima_model, are imported. The city traffic data is
retrieved from a MySQL database and preprocessed by converting it to a suitable
format, setting appropriate indexes, and handling missing values.

Next, the ARIMA model is created by specifying the model order, which
includes the autoregressive (AR) order, differencing (I) order, and moving average
(MA) order. These parameters are determined based on the characteristics of the
time series data, typically through analysis and experimentation.

The model training phase involves obtaining the input data from the database,
preprocessing it by calculating rolling mean and standard deviation values, and
resampling it to an hourly frequency. The dataset is split into standard weeks, with
approximately 75% used for training and the remaining 25% for testing. The ARIMA
model is implemented using the ARIMA class from the statsmodels.tsa.arima.model
module. It is fit to the training data using the fit() function, which estimates the
model parameters. Once trained, the model is ready for making predictions on new
data. One of the predictions can be seen on Figure 12.

The model evaluation phase reveals suboptimal performance in predicting city
traffic time series data. The limitations arise from the model’s reliance on a limited
set of input features. ARIMA models are more suitable for univariate time series
forecasting, while the dataset incorporates multiple input features such as parking
occupancy and weather data. This mismatch between the model’s assumptions and

data characteristics contributes to the poor predictive performance.
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Figure 12: ARIMA Model prediction

Despite these challenges, the evaluation of the ARIMA model provides valuable
insights into its limitations in city traffic time series forecasting. It highlights the
need for more advanced models, such as neural networks or hybrid approaches, that
can leverage the available input features and capture the inherent complexities of
urban traffic dynamics. The limitations and findings emphasize the potential for
further improvement and exploration in developing accurate and robust forecasting

models for city traffic.

7.2 CNN

In the practical part of this study, we focus on the implementation of
Convolutional Neural Networks (CNNs) for city traffic time series forecasting. The
objective is to leverage the power of CNNs in capturing spatial and temporal
patterns in the data and utilizing them for accurate predictions. The CNN
model will be trained and evaluated using the city traffic dataset, with the
goal of achieving improved forecasting performance compared to other models.
The implementation process will involve data preprocessing, model configuration,
training, and prediction. By applying CNNs to the city traffic forecasting problem,
we aim to demonstrate the practical application and potential benefits of this deep

learning approach.
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7.2.1 Model creation, training and evaluation

The model training process for the Convolutional Neural Network (CNN) begins
with the preparation of the dataset, including both parking and weather data.
The parking data is preprocessed by applying rolling mean and standard deviation
calculations to remove outliers. The data is then resampled to an hourly frequency
and adjusted to set values from 10 PM to 5 AM to 0. The weather data is also
resampled to an hourly frequency. The two datasets are combined based on their
timestamps.

To train the CNN model, the dataset is split into training and testing sets.
The training data is further divided into input-output pairs using a sliding window
approach. The model architecture consists of multiple convolutional layers followed
by max-pooling layers. The flattened outputs from each variable’s channel are
concatenated, and dense layers are added for interpretation. The model is compiled

using the mean squared error (MSE) loss function and the Adam optimizer.

Model loss
— Train
0.008
0.006 1
Wl
W
3
0.004
0.002 1
T T T T T T
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Epoch

Figure 13: Loss function of CNN model

The model is trained using the training data, and the process is repeated for a

specified number of epochs. The training loss and validation loss are monitored to
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assess the model’s performance during training. Once trained, the model is ready
for predictions. The predictions made by the trained Convolutional Neural Network
(CNN) model show improved performance compared to the ARIMA model. However,
the predictions are not yet optimal. A Figure 14 depicting the predicted values
for the parking occupancy over a specific time period can be observed. The figure
highlights the model’s ability to capture certain patterns and trends in the data but
also illustrates the need for further refinement to achieve more accurate predictions.
This indicates that there is room for improvement in the model’s ability to capture

the complexities of the city traffic time series data.
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Figure 14: CNN Model prediction

For evaluation, the model is utilized to make predictions on the test data.
The predictions are compared to the actual values, and the root mean squared
error (RMSE) is calculated for each day. Additionally, an overall RMSE score is
computed by considering all the days. The model’s predictions are visualized by
plotting the forecasted values against the corresponding hours. The RMSE scores
provide a measure of the model’s accuracy in predicting city traffic time series.

The training and evaluation process for the CNN model enables us to assess its
performance in capturing the complex temporal patterns and dependencies in the
city traffic data. The trained model can be further utilized for forecasting future city

traffic patterns and aiding in traffic management decision-making.
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7.3 RNN LSTM

In this section, I focus on the implementation and analysis of Recurrent Neural
Networks (RNN) with Long Short-Term Memory (LSTM) units for city traffic time
series forecasting. RNNs with LSTM units are a powerful class of deep learning
models specifically designed for sequential data analysis and prediction. They excel
at capturing complex temporal dependencies and have shown promising results in
various time series forecasting tasks.

The use of LSTM units in RNNs addresses the vanishing gradient problem
commonly encountered in traditional RNNs, allowing them to effectively capture
long-term dependencies in time series data. By incorporating memory cells and gated
mechanisms, LSTM units can selectively retain and update information, making
them well-suited for modeling and predicting dynamic traffic patterns.

Within this section, we delve into the different stages of implementing and
evaluating RNN LSTM models for city traffic forecasting. We begin with "Data
preparation', continue with "Model Creation," where we outline the steps involved
in setting up the RNN LSTM model architecture, including defining the number
of LSTM layers, the number of units in each layer, and other architectural choices.
Subsequently, we move on to "Model Training," which focuses on training the RNN
LSTM model using the prepared dataset and optimizing its parameters through
backpropagation and gradient descent. Lastly, we address "Model Evaluation," which
involves assessing the performance and accuracy of the trained RNN LSTM model
using appropriate evaluation metrics.

By leveraging the capabilities of RNN LSTM models, we aim to generate
accurate and reliable predictions for city traffic time series, enabling better
decision-making and more efficient traffic management strategies. Through this
practical exploration, we gain valuable insights into the behavior and capabilities
of RNN LSTM models in capturing the dynamics of city traffic, paving the way for

improved urban transportation systems and traffic forecasting methodologies.

7.3.1 Data preprocessing

In the data preparation phase, we focus on preparing the city traffic and weather
data for training the RNN LSTM model. The data is obtained from a MySQL
database. We establish a connection to the database and retrieve the relevant data

using SQL queries.
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Figure 15: Visibly corrupted data on 2023-02-10

For the city traffic data, we perform several preprocessing steps to handle
outliers and missing values. We calculate the rolling mean and standard deviation
using a window size of 15, which helps identify and smooth out anomalies in the
data. Any values that deviate significantly from the rolling mean are considered
outliers and are removed from the dataset.

Next, we resample the city traffic data to an hourly frequency using linear
interpolation. This ensures that the data is consistently represented at regular time
intervals, facilitating analysis and modeling. Additionally, we set the occupied spot
numbers to zero during the nighttime hours (from 10 PM to 5 AM) when the parking
lots are closed or the traffic is minimal. To incorporate weather data into the analysis,
we preprocess the weather data by resampling it also to an hourly frequency and
performing linear interpolation to fill in any missing values.

Then I join the city traffic and weather data based on their timestamps, creating
a combined dataset that includes both sets of information. This dataset will be used
for training the RNN LSTM model to predict city traffic time series. I am performing
these operations in this step using python because similar calculations directly in
the database using SQL would be very difficult.

Finally I applied the MinMaxScaler function to normalize the selected columns
of the parking and weather data before training the LSTM model. By normalizing
the data, I ensured that the features were brought to a consistent range and placed
on a similar scale. This preprocessing step was crucial for the LSTM model to learn
effectively, as it prevented features with larger values from overshadowing those

with smaller values during the training process. Normalization also improved the
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convergence and overall performance of the model by creating a more balanced
representation of the data. The MinMaxScaler function from the Scikit-learn library
played a pivotal role in achieving this normalization, as it computed the minimum
and maximum values of the selected columns and transformed the data to fall within
the range of 0 to 1.

By performing these data preparation steps, we ensure that the input data is in
a suitable format for training the RNN LSTM model. The prepared dataset captures
the temporal dynamics of city traffic and incorporates relevant weather information,

setting the foundation for accurate and informative predictions.

7.3.2 Model training

The to_supervised function converts the input data into a supervised learning
format. It takes the training data, the number of input steps, and the number of
output steps as parameters. The function flattens the training data and iterates over
it, defining the input and output sequences based on the specified input and output
lengths. It ensures that there is enough data for each instance by checking if the end
index falls within the data range. The input and output sequences are appended to
separate lists, and the function returns the input and output arrays. This conversion
is necessary for training the LSTM model, as it requires input-output pairs to learn

the temporal dependencies in the data.

Listing 7.1: to_ supervised function

def to_supervised(train, n_input, n_out=24):
# flatten data
data = train.reshape((train.shape[0]*train.shape[1],
train.shape[2]))
X, y = 1list(), 1list()
in_start = 0
# step over the entire history one time step at a time
for _ in range(len(data)):
# define the end of the input sequence
in_end = in_start + n_input
out_end = in_end + n_out
# ensure we have enough data for this instance
if out_end < len(data):
x_input = datal[in_start:in_end, O]

x_input = x_input.reshape((len(x_input), 1))

Chapter 7. Model 66




X.append(datalin_start:in_end, :])
y.append(data[in_end:out_end, 0])
# move along one time step
in_start += 1

return array(X), array(y)

The build _model, see code 7.2, function is responsible for constructing and
training the LSTM model. It takes the training data and the number of input steps
as parameters. First, the function prepares the data by splitting it into training and
validation sets. It then calls the to_supervised function to convert the training
data into input-output pairs suitable for LSTM training. The function defines the
model architecture, including the LSTM layer with 200 units and a tanh activation
function. Additional layers such as a dense layer with 100 units are added to capture
complex patterns in the data. The model is compiled with the mean squared error
(MSE) loss function and the Adam optimizer. The model is trained using the training
data, with validation performed using the validation data. The training history is

stored, and the trained model is saved for future use.

Listing 7.2: build__model function

def build_model(train, n_input):
# prepare data

train_size = int(len(train) * 0.8)

train data = train[:train_size]

val data = train[train size:]

train_x, train_y = to_supervised(train_data, n_input)

val_x, val_y = to_supervised(val_data, n_input)

# define parameters

verbose, epochs, batch_size = 1, 100, 24

n_timesteps, n_features, n_outputs = train_x.shape[1],
train_x.shape[2], train_y.shape[1]

# reshape output into [samples, timesteps, features]

train_y = train_y.reshape((train_y.shape[0], train_y.shape[1], 1))

optimizer = Adam(learning rate=0.001)

# define model

model = Sequential()

model.add (LSTM(200, activation=’tanh’,

input_shape=(n_timesteps, n_features)))

model .add (Dense (100, activation=’relu’))
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model.add(Dense(n_outputs))

model.compile(loss=’mse’, optimizer=optimizer)

# fit network

history = model.fit(train_x, train_y, validation_data=
(val_x, val_y), epochs=epochs,
batch_size=batch size, verbose=verbose)

# Save the model

model.save(f’model {table} {parking id}.h5’)

return model

The plot of the loss function and validation loss function, see figure 16, provides
valuable insights into the training process and model performance. When examining
the plot, it is desirable to see both the loss and validation loss decreasing steadily over
the epochs. This indicates that the model is effectively learning from the training
data and generalizing well to unseen data. Ideally, the loss and validation loss
should converge and reach a plateau, suggesting that the model has achieved a
good balance between underfitting and overfitting. A smooth and gradual decrease
in both curves indicates a successful training process, while a significant gap between
the two curves may indicate overfitting. By monitoring the loss plot, it is possible to
assess the model’s learning progress and make adjustments if necessary to optimize
its performance.

Once the build model function completes training, the model is ready to
be used for predictions. The trained LSTM model has learned the patterns and
relationships within the training data, enabling it to make predictions based on
new input sequences. With the model saved, it can be loaded and used to generate
forecasts for future time steps.

The script is designed to run every Friday evening as part of a Directed Acyclic
Graph (DAG) in Apache Airflow. This ensures regular and automated execution
of the model training workflow. The script utilizes data from the previous week
along with the entire historical dataset to train the model. By incorporating both
recent and past data, the model can capture temporal patterns and make accurate

predictions.

7.3.2.1 Grid Search

Grid search is a technique used to systematically explore different combinations

of hyperparameters in order to identify the best set of hyperparameters for a

Chapter 7. Model 68




Model loss

— Train
0.012 A

0.010

0.008 -

Loss

0.006 -

0.004

0.002 -

0.000 -

T
0 20 40 60 80 100
Epoch

Figure 16: Loss and Validation Loss functions

machine learning model. It involves creating a grid of possible parameter values
and evaluating the model’s performance for each combination of values.

In the context of model training, grid search is beneficial because it allows us
to tune the hyperparameters of the model to find the optimal configuration that
yields the best performance. By systematically trying out different combinations
of hyperparameters, we can identify the set of values that results in the highest
accuracy or lowest error for our specific problem.

I implemented grid search to optimize the hyperparameters of the LSTM
recurrent network model for time series forecasting. The hyperparameters that were
explored include the number of LSTM units, the number of dense units, the number
of epochs, and the batch size. I used the GridSearchCV class from scikit-learn to
perform the grid search, which exhaustively searches through the specified parameter

grid and evaluates the model’s performance using cross-validation.

Listing 7.3: Model creation using Grid Search

# define the model

def create _model(n_timesteps, n_features, n_outputs, lstm_units=200,

Chapter 7. Model 69



dense_units=100):
model = Sequential()
model .add (LSTM(1stm_units, activation=’tanh’,
input_shape=(n_timesteps, n_features)))
model .add (Dense(dense units, activation=’relu’))
model .add (Dense (n_outputs))
model.compile(loss=’mse’, optimizer=’adam’)

return model

# train the model
def build_model(train, n_input):

# prepare data

train_x, train_y = to_supervised(train, n_input)

n_timesteps, n_features, n_outputs = train_x.shape[1],
train_x.shape[2], train_y.shape[1]

# define parameters

verbose = 1

# create KerasRegressor

model = KerasRegressor(build_fn=create_model,
n_timesteps=n_timesteps, n_features=n_features,
n_outputs=n_outputs, verbose=verbose)

# define grid search parameters

param_grid = {’lstm_units’: [200,400], ’dense_units’:

[50,100,200], ’epochs’: [100,150],
’batch_size’: [12, 24, 48,96]}
# create grid search
grid = GridSearchCV(estimator=model, param_grid=param_grid,
n_jobs=-1, cv=3)

# fit grid search

grid_result = grid.fit(train_x, train_y)

# get best model

best_model = grid_result.best_estimator_.model

# fit network

history = best_model.fit(train_x, train_y,
epochs=grid_result.best_params_[’epochs’],
batch_size=grid_result.best_params_[’batch_size’],

verbose=1)
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return best_model

After running the grid search, I obtained the best combination of
hyperparameters that resulted in the highest accuracy. The best model was then
trained using these optimal hyperparameters. To visualize the training process, I
plotted the training and validation loss values at each epoch.

By employing grid search, I was able to fine-tune the LSTM model and improve
its performance for time series forecasting tasks. This approach allowed me to
systematically explore different hyperparameter combinations and select the optimal

configuration, leading to more accurate predictions.

7.3.3 Model prediction

To begin the prediction process, I utilize a pre-trained LSTM model that has
been trained on historical parking data and weather conditions. The model has
learned patterns and relationships from past data, enabling it to make reliable
predictions.

For each prediction, I gather the necessary data, including the parking
occupancy information from the previous seven days for a specific parking lot. This
data is retrieved from a MySQL database using a query that fetches the relevant
information based on the parking ID. Additionally, I collect weather data for the next
seven days, including factors such as temperature and precipitation. Once the data
is obtained, I preprocess it the same way as training dat is. After preprocessing, I
merge the parking occupancy data with the weather data based on their timestamps.
This creates a unified dataset that includes features such as occupancy, temperature,

precipitation, and day-of-week indicators.

Listing 7.4: forecast function

# make a forecast
def forecast(model, history, n_input_day):
# flatten data
data = array(history)
data = data.reshape((data.shape[0]*data.shape[1], data.shape[2]))
input_x = datal:n_input_day, :]
# reshape into [1, n_<input, nJ/
input_x = input_x.reshape((1, input_x.shape[0], input_x.shape[1]))
# forecast the next week
yhat = model.predict(input_x, verbose=0)

# we only want the vector forecast
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yhat = yhat[0]

return yhat

Using the loaded LSTM model, I make predictions by feeding the input data
into the model. The model considers the historical parking occupancy and weather
conditions to forecast the occupancy for the next time step. By iteratively predicting
each time step, I generate a sequence of future occupancy values. To ensure the
predictions are meaningful, I perform inverse normalization on the predicted values
using a MinMaxScaler. This step restores the predictions to their original scale,
allowing for easy interpretation.

To visualize the predicted occupancy patterns on figure 17, I generate plots
showing the predicted occupancy values for each hour of the day. These plots provide

a clear understanding of the forecasted occupancy trends.
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Figure 17: 7 days prediction of occupied parking spots

Finally, I save the predictions to a CSV file, including the table name, parking
ID, and current date. This file serves as a record of the predicted occupancy values
and will be used by web application in the next chapter. Through the use of
the LSTM model and the incorporation of historical parking data and weather
conditions, the Model Prediction subsection enables accurate forecasting of parking
occupancy, facilitating effective management and planning of parking resources.
Although I have focused on forecasting parking data in this chapter, it is important

to note that the same principles and methodologies have been applied to the
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prediction of tram delays. The parking data was only used to describe and explain

the principles.
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8 Web Application

In the Web Application chapter I focus on visualizing the predicted traffic
data on a web page. This interactive web application allows users to explore and

understand the forecasted traffic patterns in the city.

8.1 Pages

The web application is built using Streamlit, a Python library designed for
creating data-driven web applications. The page layout is configured to provide an
optimal user experience, with a wide layout, a captivating title, and an appropriate
description. The web application is divided into four distinct pages, each serving a
specific purpose and providing valuable insights into the predicted traffic patterns.
In the following subsections, I will explain the functionality and features of each

page in detail.

8.1.1 Overview

The main feature of the web application is the visualization of percentile
predictions for the city’s traffic density over the next seven days, see figure 18. The
data used for visualization is loaded from a CSV file containing the predicted traffic
values. To optimize data loading and improve performance, caching techniques are
applied to store the data in memory.

Upon loading the data, it undergoes preprocessing steps. The timestamp column
is converted to the appropriate data type, and the data is indexed by the timestamp
for easier manipulation. The data is then grouped by date, and the maximum traffic
value for each date is determined.

The visualization consists of two components. First, a set of metric cards
is displayed, representing the maximum traffic values for each day. The traffic
values are transformed into percentile values, indicating the level of traffic density.

Descriptive labels are assigned to each percentile range, such as "Very light traffic,"
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Figure 18: 7 days forecasting of traffic density

'Light traffic," "Regular traffic," "Heavy traffic," and "Very heavy traffic." This allows
users to quickly interpret the predicted traffic conditions for each day.

In addition to the metric cards, a bar chart is presented, visualizing the
predicted traffic values over time. The height of the bars represents the traffic

intensity, providing a visual comparison of traffic patterns across different days.
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Figure 19: Description of the different levels of traffic intensity

To further assist users in understanding the different levels of traffic intensity, a
help section is included in figure 19. This section displays five metrics, ranging from
"0% - 20%" to "80% - 100%," each accompanied by a corresponding description of

traffic intensity.

8.1.2 Parking Predictions

The next page of the web application focuses on forecasting the number of

available parking spaces in P+R parking houses. It provides valuable insights into
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the future availability of parking spots. The page consists of an interactive map
powered by PyDeck, allowing users to visualize the occupancy levels in real-time,
figure 20.

P+R Forecast
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Figure 20: Map with parking occupancy level forecasts

Using the available data, the application generates predictions for the occupancy
levels at different timestamps. Users can adjust the timestamp using a slider to
explore the forecasts for specific time intervals. The map displays the parking houses
as individual columns, with the height representing the predicted occupancy level. A
tooltip, on figure 21, provides detailed information about each P4+R parking house,
including the number of occupied spots.

By providing visual representations of parking availability, this page offers users
a comprehensive view of the predicted parking conditions. They can make informed

decisions based on these forecasts, ensuring a hassle-free parking experience.
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8.1.3 Parking Predictions Details

The next page of the web application focuses on providing detailed forecasts for
the number of available parking spaces in various P+R parking houses. The page
consists of separate sections for each parking house, allowing users to explore the
forecasts and raw data for each location.

For each P4-R parking house, the application displays a bar chart showing the
forecasted occupancy levels for the next 7 days, figure 22. Users can gain insights
into the expected availability of parking spaces and plan their trips accordingly.
Additionally, a checkbox is provided to view the raw data associated with each
parking house, providing transparency and allowing users to verify the accuracy of

the forecasts.
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By providing specific forecasts for multiple P4+R parking houses, this page
enables users to make informed decisions about their parking choices based
on the predicted occupancy levels. It enhances the user experience by offering
comprehensive and detailed information about parking availability at various

locations.

8.1.4 Public Transport Predictions

The following and last page of the web application focuses on providing detailed
forecasts for tram delays for specific tram numbers. Users can select a tram number
from the available options and view the forecasted delays in seconds for the next 7

days, figure 23.

Tram no. 11
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Figure 23: 7 day forecast of tram 11 delay

The page is divided into separate sections for each tram number, allowing
users to easily navigate and explore the forecasts for different trams. For each tram
number, a bar chart is displayed, illustrating the forecasted delays over time. Users
can gain insights into the expected delays and plan their journeys accordingly.

Additionally, the application provides a checkbox to display the raw data
associated with each tram number. This allows users to verify the accuracy of the

forecasts and gain a deeper understanding of the underlying data.
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9 Conclusion

In conclusion, the aim of this thesis was to develop a comprehensive urban
mobility prediction system that incorporates various aspects such as urban traffic
and parking occupancy and tram delays. The aim was also to provide the most
accurate and timely forecasts that would support the decision making of both the
key people who manage the operation of urban transport and the ordinary people
who flow into the city every day.

Several key findings and achievements were made during the research and
development process. Firstly, a robust data collection and pre-processing system has
been developed that uses data from a variety of sources including public transport
vehicle locations and information, parking sensors and weather data. This provided
a rich and diverse data set for training and evaluating forecasting models.

Second, state-of-the-art machine learning models, specifically LSTM-based
models, were implemented to predict urban traffic, parking occupancy and tram
delays. These models have proven their effectiveness in capturing temporal
dependencies and generating accurate forecasts. The integration of external factors
such as weather data further improved the accuracy of the forecasts and provided
valuable insights into the relationships between different urban mobility variables.

I would describe the results of the models as successful, as clear patterning can
be observed in the models, where for example it is possible to tell from the parking
occupancy prediction whether it is a weekday or a weekend. The prediction also
shows a clear trend that occurs during the day, where the car park is less occupied
in the morning and evening hours and, conversely, peaks during midday. Another
conclusion is that, as predicted, the recurrent LSTM neural network achieved better
results than the classical ARIMA statistical model and the convolutional neural
network.

Furthermore, a web application was developed to visualise the forecast data
and facilitate interaction with users. The application provides an intuitive interface
for exploring and analyzing the predictions, allowing users to make informed

decisions and plan their journeys accordingly. The inclusion of raw data display and
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visualisation capabilities increased the transparency and credibility of the forecast
system.

This thesis has contributed to the field of urban mobility forecasting by
providing a comprehensive solution that addresses multiple aspects of urban
transport, offering a new way of forecasting by aggregating multiple data sources.
The developed forecasting system offers valuable information on urban traffic
patterns, parking availability and tram delays, allowing commuters and city planners
to make informed decisions and optimize their mobility.

There is still a lot of room for further improvements and advancements.
Forecasting models can be improved and fine-tuned to capture even more complex
patterns and increase the accuracy of predictions. With the ever-increasing
capabilities in the industry, it can also be expected that more powerful and
appropriate predictive models will emerge within a few years. In addition, the
incorporation of real-time data and integration with smart city infrastructure can
increase the speed of response and reliability of the system.

In conclusion, this thesis lays the foundation for a data-driven intelligent
urban mobility forecasting system and contributes to the ongoing efforts to create
sustainable and efficient transportation networks. The research and development
carried out in this thesis opens the door for future innovations and advances in
urban mobility forecasting, ultimately leading to a more seamless and optimised

urban transport experience for all.
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