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Resumen

Esta tesis explora el diseño e implementación de pipelines de datos modernos
en la plataforma Google Cloud, con un enfoque en la identificación de compo-
nentes esenciales, metodologías y mejores prácticas para mejorar su eficiencia,
confiabilidad y escalabilidad. Realizado en colaboración con Astrafy, este tra-
bajo de investigación proporciona conocimientos críticos para la construcción
de pipelines de datos automatizados. El estudio aborda específicamente las
complejidades de integrar diversas herramientas de código abierto y microservi-
cios, con el objetivo de simplificar el proceso de desarrollo mediante la propuesta
de una metodología estructurada para la selección y combinación de estas tec-
nologías. Una contribución clave de este trabajo es la creación de un sistema
de despliegue automatizado de un solo clic, que optimiza la configuración y
gestión de pipelines de datos para el procesamiento de datos de facturación en
Google Cloud. El sistema es evaluado a través de una serie de experimentos
que comparan diversas tecnologías basadas en métricas de rendimiento como el
costo, el tiempo de despliegue y la facilidad de uso. Los resultados ofrecen pau-
tas valiosas y modelos replicables para organizaciones que buscan implementar
pipelines de datos escalables y confiables en plataformas en la nube.
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Abstract

This thesis explores the design and implementation of modern data pipelines
within the Google Cloud Platform, with a focus on identifying essential compo-
nents, methodologies, and best practices to enhance their efficiency, reliability,
and scalability. Conducted in collaboration with Astrafy, this research provides
critical insights into the construction of automated data pipelines. The study
specifically addresses the complexities of integrating various open source tools
and microservices, aiming to simplify the development process by proposing a
structured methodology for selecting and combining these technologies. A key
contribution of this work is the creation of an automated one-click deployment
system, which streamlines the setup and management of data pipelines for pro-
cessing Google Cloud billing data. The system is evaluated through a series
of experiments, comparing various technologies based on performance metrics
such as cost, deployment time, and ease of use. The results offer valuable guide-
lines and replicable models for organizations seeking to implement scalable and
reliable data pipelines on cloud platforms.
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Introduction

1.1 Background

A data pipeline is a series of processes designed for the efficient movement,
transformation, and management of data from its source to its destination, such
as a data warehouse. In the context of data pipelines, the technical architecture
refers to the underlying framework and components that support the entire life-
cycle of data as it moves through the pipeline. The key components of this
architecture typically include data ingestion tools, data storage systems, data
transformation and analysis engines, and often, an orchestration layer, see Fig-
ure 5.2.

There are many types of data pipelines, each serving different purposes such
as data collection, real-time analytics, batch processing, etc. In this thesis, we
will focus on pipelines designed for data ingestion, transformation, and com-
munication within a cloud-based infrastructure. Specifically, we will explore
pipelines that handle organizational cost or billing data, transforming it into ac-
tionable insights delivered through BI dashboards and automated notifications.

The current problem with data pipelines lies in their complexity and the chal-
lenge of integrating multiple tools and methodologies effectively. This project
aims to address the complexity and challenges of integrating various open-
source tools and microservices available for each step of the pipeline (Ingestion,
transformation etc).

The project aligns with the core expertise and objectives of Astrafy, a company
with a primary focus on Data Engineering through the use of a modern data
stack. Astrafy’s commitment to staying at the forefront of technological inno-
vation, and specialization on developing custom data pipelines tailored to meet
specific organizational needs makes this research particularly relevant.

1.2 Problem Statement

There exist a large amount of open source tools and methodologies that can be
used for each step of a pipeline.

The goal of this thesis is to give is to provide a structured methodology for
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Chapter 1 - Introduction

automatically choosing and combining such tools to obtain a data pipeline for
processing Google Cloud billing data. Therefore, our main question is: How
can we automatically choose the right combination of tools (from a given set of
possibilities) based on a given set of quality metrics to obtain and deploy data
pipelines?

Figure 1.1: Different stages of a data pipeline.

1.3 Objectives

1. Identify and choose metrics to use in order to evaluate pipeline perfor-
mance, this performance is related mainly to how much it costs compared
to how hard it is to set up.

2. Identify and document the key components and methodologies for inte-
grating open source tools and microservices to design and implement data
pipelines.

3. Automate a one click deployment for data pipelines of the type mentioned
in the research question.

4. Build and compare data pipelines on GCP that ingests, transforms, and
communicates data, providing detailed billing information via Slack mes-
sages and BI dashboards while establishing a set of best practices.

1.4 Significance of the Study

This thesis will provide valuable guidelines on integrating microservices to build
robust data pipelines, offering a framework for using and integrating each tool
efficiently. It will present concrete examples of fully integrated, automatically
deployed data pipelines that deliver actionable insights on organizational costs,
serving as replicable models for other organizations. Additionally, the thesis will
address common integration challenges, providing strategies to overcome these
obstacles and ensure efficient, scalable, and reliable data pipelines on Google
Cloud Platform.

1.5 Thesis Structure

This thesis is organized into several chapters, each covering different aspects of
the research.

2



Chapter 1 - Introduction

• Chapter 1: Introduction - This chapter provides an overview of the re-
search topic, including the background, problem statement, research ques-
tions, objectives, significance of the study, and an outline of the thesis
structure.

• Chapter 2: Literature Review - This chapter reviews the existing literature
on data pipeline architecture, data ingestion, data storage, orchestration,
analysis, and related technologies. It identifies gaps in the current knowl-
edge that this research aims to fill.

• Chapter 3: Methodology - This chapter details the research design, data
collection methods, data analysis techniques, ethical considerations, and
limitations. It explains the approach used to address the research ques-
tions.

• Chapter 4: Case Study Analysis - This chapter presents detailed analyses
of selected case studies, describing the data pipelines used by Astrafy and
other organizations. It highlights the key components, methodologies, and
best practices identified.

• Chapter 5: Experimental Design and Results - This chapter describes the
experimental setup, including the design and implementation of prototype
data pipelines. It presents the results of these experiments and discusses
their implications.

• Chapter 6: Discussion - This chapter synthesizes the findings from the
literature review, case studies, and experiments. It discusses the impli-
cations for theory and practice, outlines best practices for data pipeline
design, and provides practical recommendations.

• Chapter 7: Conclusion - This chapter summarizes the key findings, high-
lights the contributions of the research, suggests areas for future work,
and concludes the thesis.

• References - This section lists all the sources cited in the thesis, formatted
according to the chosen citation style.
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Literature Review and existing research

2.1 Introduction

The purpose of this literature review is to provide a comprehensive overview of
existing research and developments in the field of data pipelines, with a partic-
ular focus on their integration within Google Cloud Platform (GCP). This review
will explore the key components, methodologies, and best practices that con-
tribute to the design and implementation of efficient and scalable data pipelines.

2.2 Theoretical Background

Present the key theories and concepts related to data pipelines. This might
include definitions, frameworks, and foundational principles.

2.2.1 Data pipelines

Data pipelines consist of sequences of activities that process data, where the
output from one component serves as the input to the next, enabling a seam-
less, automated flow of data from its source to its destination [1]. There are
many types of data pipelines, each serving different purposes such as data col-
lection, real-time analytics, batch processing, etc [2].

These pipelines are necessary in today’s data-driven contexts, where software
as a service (SaaS) and cloud computing have expanded the volume of data
sources and data in general. Behind every dashboard and predictive model, a
complex system of data pipelines operates unseen, driving the transformation
and flow of data that makes these insights possible [3].

2.2.2 Microservices Architecture

Microservices architecture is an architectural style that structures an applica-
tion as a collection of small, independent services, each responsible for a spe-
cific function within the larger system [4]. In the context of data pipelines, this
architecture allows for the modularization of different stages, such as data in-
gestion, transformation, storage, and analysis, into distinct services that can be
developed, deployed, and scaled independently. This modularity enhances the
flexibility and scalability of data pipelines, allowing organizations to choose and
integrate the best tools and technologies for each stage of the pipeline. Given

4



Chapter 2 - Literature Review and existing research

that there is freedom to choose the technology for each stage, open source tools
are often used as they provide cheap and customizable solutions that can be
tailored to meet the specific needs of each service [5], while also benefiting from
continuous updates and innovations contributed by a broad developer base.

2.2.3 Metrics in the context of pipeline architecture

In the context of data pipeline architecture, metrics are used for assessing the
overall performance and efficiency of the system. They offer a clear view of the
pipeline’s operational health, helping to ensure reliability, scalability, and op-
timal resource utilization. By regularly monitoring and refining these metrics,
organizations can maintain and improve the effectiveness of their data process-
ing workflows.

There exist a large amount of metrics that can be used to evaluate how good
a pipeline is. Most of them can be easily measured such as cost and resource
utilization, but a good pipeline evaluation also considers non objective and hard
to measure metrics such as the complexity and ease of use [6].

2.2.4 Terraform

Terraform is an open-source Infrastructure as Code tool developed by HashiCorp
that enables the automation of infrastructure provisioning. By using declarative
configuration files, Terraform allows users to define and manage infrastructure
in a consistent, repeatable manner. In the context of data pipelines, Terraform
is often used to automate the setup and management of cloud resources, such
as servers, databases, and storage, which are integral parts of the pipeline [7].
Its modularity and provider ecosystem allow it to interact with various cloud
platforms and services, ensuring infrastructure scalability and efficient resource
management throughout the data pipeline lifecycle.

2.2.5 ArgoCD

ArgoCD is a declarative, GitOps continuous delivery tool specifically designed for
Kubernetes. It allows organizations to automate the deployment and manage-
ment of applications in Kubernetes clusters by synchronizing the desired appli-
cation state, as defined in Git repositories, with the actual state of the Kuber-
netes cluster [8]. In the context of data pipelines, ArgoCD is often used to ensure
that infrastructure and pipeline configurations remain consistent across envi-
ronments. By leveraging GitOps principles, ArgoCD enhances version control,
automation, and reproducibility in the deployment and management of pipeline
components.

2.2.6 Helm Charts

Helm is a Kubernetes package manager that simplifies the deployment and man-
agement of applications in Kubernetes clusters by using templates called Helm
Charts. These charts define, install, and upgrade even the most complex Kuber-
netes applications, encapsulating resources such as services, deployments, and

5
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configurations into reusable packages [9]. For data pipelines, Helm Charts offer
a convenient way to manage complex deployments by bundling multiple services
and their dependencies. This streamlines the process of deploying and scaling
pipeline components while ensuring that all necessary resources are provisioned
in a consistent and reproducible manner.

2.3 Pipeline Deployment Automation

Despite the advancements in CI/CD automation and data pipeline deployment
within cloud environments, several key aspects remain underexplored in current
research. One of the most significant gaps is the automation of infrastructure
provisioning in conjunction with CI/CD processes, particularly through the use
of Infrastructure-as-Code (IaC) tools such as Terraform [10]–[12]. While existing
studies address various elements of pipeline automation, they often focus on the
deployment of applications and fail to fully integrate the automated management
of the underlying infrastructure. The automation of both layers application and
infrastructure through a cloud, one-click deployment solution which would re-
duce manual intervention, has not been thoroughly examined.

Additionally, another area that lacks sufficient attention is the choice of met-
rics used to evaluate pipeline performance. Current research rarely discusses in
depth which metrics should be applied to assess the effectiveness of a pipeline,
making it challenging to determine the quality and efficiency of different pipeline
setups. Metrics such as cost, scalability, resource utilization, and ease of use
are often mentioned, but there is little consensus or structured approach in the
literature on how these should be used systematically to compare and optimize
pipelines. This research aims to address this gap by proposing a set of metrics
tailored specifically for evaluating modern cloud pipelines.

2.4 Microservice Selection for Data Pipelines

Another gap in literature concerns the evaluation and selection of microservices
for different stages of a data pipeline. While microservices architectures are
widely acknowledged for their flexibility and scalability, current research does
not provide a structured framework for determining which microservice is best
suited for each stage of a pipeline. This issue is particularly pressing given the
large number of available open source tools and services that can be integrated
into pipeline architectures. As noted in [13], the abundance of microservices
complicates the decision making process, with little guidance on how to com-
pare these technologies based on key metrics.

The existing literature also does not the practical challenge of integrating these
microservices into fully automated pipeline deployments. Many studies focus
on isolated components or technologies, rather than offering a comprehensive
solution that evaluates and selects microservices in the context of end-to-end
pipeline automation. This thesis fills this gap by providing a comparative anal-
ysis of microservices for each stage of the pipeline—ingestion, transformation,

6
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orchestration, and storage based on a defined set of operational metrics.
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Methodology

3.1 Research method

In this section we will discuss literature review, case studies, and developing
custom data pipelines using microservices. By reviewing existing literature and
case studies from Astrafy, the study identifies best practices and open source
tools for pipeline architecture. Multiple data pipelines are built and compared
using metrics to determine the best tool combinations. Given that multiple data
pipelines will be compared, this thesis also focuses on developing an automatic
pipeline deployment system which will be used to ease the creation and com-
parison of the multiple pipelines. The main focus is to automate a one click de-
ployment process for pipelines handling billing data, providing insights via Slack
messages and BI dashboards. This aims to establish a methodology for choosing
and integrating tools to build efficient, scalable, and reliable data pipelines.

3.2 Ethics and sustainability

The project does not raise significant ethical or sustainability concerns as it
primarily focuses on technical aspects of data pipeline development. However,
ethical considerations regarding data privacy and security will be taken into
account during the collection and handling of data.

3.3 Limitations

• We will focus only on data pipelines for processing billing data with the goal
to provide a dashboard.

• We will focus on a subset of possible metrics to evaluate our data pipelines
for the use case provided by Astrafy.

3.4 Risks

Potential risks and solutions associated with this project include:

• Technical challenges in designing and implementing experimental data pipelines.

8



Case Study Analysis

4.1 Introduction

This section delves into the analysis of data pipelines implemented at Astrafy,
a company specializing in data engineering with a focus on designing and de-
ploying data pipelines within the Google Cloud Platform. Astrafy’s expertise in
modern data engineering practices makes it a compelling subject for this study,
providing real world insights into the challenges and best practices associated
with building and maintaining complex data infrastructures.

4.2 Description of Case Studies

Astrafy employs a variety of data pipelines designed to handle different aspects
of data management, from ingestion to transformation, storage, and analysis.
While the company uses numerous pipelines, this analysis focuses on a select
few that exemplify the core principles of scalability and automation.

1. GKE Cluster:
The principal component of Astrafy’s data infrastructure is a Google Ku-
bernetes Engine cluster, which serves as the primary platform for running
applications and managing workloads. The GKE cluster provides a man-
aged Kubernetes service that simplifies the operational aspects of running
a cluster, such as scaling, updates, and maintenance, allowing Astrafy’s
engineers to focus on the development and optimization of data pipelines
rather than the intricacies of cluster management.

2. ArgoCD for Continuous Delivery:
ArgoCD is used in the continuous delivery and deployment processes at As-
trafy. As an open source GitOps tool, ArgoCD automates the deployment of
applications and infrastructure components by synchronizing Kubernetes
resources with configurations stored in Git repositories. This approach
ensures that the state of the infrastructure is always consistent with the
desired configurations defined in code.

3. Airflow for Workflow Orchestration:
Apache Airflow is used to orchestrate the various tasks involved in data pro-
cessing. This includes scheduling and managing complex workflows that
involve multiple dependencies across different services. Airflow’s flexibility

9



Chapter 4 - Case Study Analysis

allows it to integrate itself with other components in the pipeline, ensur-
ing that data flows smoothly from ingestion to final analysis. The use of
Airflow also enables Astrafy to handle both batch and real time processing
workloads effectively.

4. Istio Service Mesh:
To manage the communication between microservices within the GKE clus-
ter, Astrafy utilizes Istio, a powerful service mesh technology. Istio provides
enhanced security, observability, and traffic management, which are crit-
ical in a distributed microservices architecture. It also supports secure
service-to-service communication, load balancing, and sophisticated rout-
ing rules, which allow for access through an external endpoint such as a
url to the applications it hosts.

5. Cloud SQL for Persistent Storage:
Cloud SQL is deployed as the primary relational database service, sup-
porting the persistent storage needs of various applications within the data
pipeline. By leveraging Cloud SQL, Astrafy benefits from a managed database
solution that integrates seamlessly with other GCP services, providing reli-
able and scalable storage with minimal management overhead.

Each of these components plays a critical role in ensuring that Astrafy’s data
pipelines are not only functional but also scalable and maintainable. The inte-
gration of these tools and technologies into a cohesive system exemplifies best
practices in modern data engineering.

4.3 Analysis

The analysis of Astrafy’s data pipelines reveals several key insights into the de-
sign and operation of modern data infrastructure. By dissecting the roles and
interactions of the various components, we can better understand the strategies
that contribute to the success of these pipelines.

1. GKE Cluster - Foundation of Scalability:
The decision to use GKE as the backbone of Astrafy’s infrastructure high-
lights the importance of scalability in modern data pipelines. GKE’s man-
aged services allow Astrafy to dynamically scale their applications and re-
sources in response to varying workloads, ensuring that performance re-
mains consistent even under heavy demand. This scalability is crucial for
maintaining the reliability of data pipelines as data volumes grow.

2. ArgoCD and GitOps - Ensuring Consistency and Reliability:
ArgoCD’s integration into the deployment pipeline demonstrates the effec-
tiveness of GitOps practices in maintaining the consistency and reliability
of infrastructure. By automating deployments and continuously synchro-
nizing the live environment with the configurations stored in Git, ArgoCD
minimizes the risks associated with manual deployments and configura-
tion drift. This automation not only improves operational efficiency but
also enhances the overall stability of the data pipelines.
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3. Airflow - Orchestrating Complex Data Workflows:
Airflow’s role as the orchestration engine within Astrafy’s pipelines is a
testament to its flexibility and power in managing complex data workflows.
Whether dealing with batch processing or real-time data streams, Airflow
provides the necessary tools to schedule, monitor, and manage the tasks
that make up a data pipeline. Its integration with other services, such as
Cloud SQL and GKE, ensures that data flows are handled efficiently, with
tasks being executed in the right order and at the right time.

4. Istio - Enhancing Security and Observability:
Istio’s deployment as a service mesh adds a critical layer of security and
observability to Astrafy’s microservices architecture. By managing traffic
within the cluster, Istio ensures that only authorized services can commu-
nicate with each other, reducing the attack surface and improving overall
security. Additionally, Istio’s observability features provide deep insights
into the performance and behavior of services, enabling proactive monitor-
ing and troubleshooting of the data pipelines.

4.4 Findings

The case study analysis of Astrafy’s data pipelines underscores the effectiveness
of a Kubernetes-based architecture for managing complex data workflows. The
integration of open-source tools like ArgoCD, Airflow, and Istio within this ar-
chitecture demonstrates the power of automation and microservices in achieving
scalability, reliability, and security.

Key findings:

Common Architecture: The use of a Kubernetes (GKE) cluster as the core plat-
form allows for the seamless integration of various microservices and tools, cre-
ating a flexible and scalable environment for data processing. Open Source
Technologies: Tools like ArgoCD, Airflow, and Istio are instrumental in automat-
ing deployments, managing workflows, and securing communications within the
pipeline. Their open-source nature provides flexibility and customization, which
are essential for meeting the specific needs of different clients. Automation re-
duces complexity and ensuring consistent deployments. This approach not only
accelerates product deployment but also minimizes the risk of errors, making
it a best practice in modern data pipeline management. These findings pro-
vide a foundation for the subsequent sections of this thesis, where the selected
technologies and methodologies will be further evaluated and compared. The in-
sights gained from Astrafy’s pipelines will inform the development of best prac-
tices for building and managing data pipelines in other contexts.
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5.1 Introduction

The purpose of this experimental design is to evaluate various open source tech-
nologies across different stages of a data pipeline. This evaluation is essential to
address the research question: how can we automatically choose and integrate
the right combination of tools to construct effective and scalable data pipelines?
The experiments are divided into two distinct phases, each focusing on an as-
pect of the pipeline development process.

Phase 1: One Click Deployment Development The first phase focuses on cre-
ating a one click deployment system, an innovation developed at Astrafy, which
allows for the rapid and seamless creation of data pipelines. Given the need to
compare multiple pipelines, this tool is designed to minimize the complexity and
time involved in building and deploying various pipeline configurations. The one
click deployment system integrates multiple common components, such as GKE
clusters, ArgoCD, and Istio, ensuring that pipelines can be set up with minimal
manual intervention. This phase is foundational, as it establishes the infras-
tructure needed to quickly iterate on and test different pipeline setups.

Phase 2: Building and Comparing Data Pipelines Once the one click deploy-
ment system is in place, the second phase involves using this tool to create
multiple pipelines. These pipelines will ingest, transform, and communicate
data, particularly focusing on providing detailed billing information via Slack
messages and BI dashboards. This phase aims to evaluate the selected open
source technologies across various metrics, such as cost, scalability, complexity
amongst others and to identify best practices for building modern data pipelines
on GCP.

5.2 Experimental Setup

The experimental setup in this thesis is built to mirror the kind of environments
uses by businesses, where data pipelines are deployed on cloud platforms like
Google Cloud Platform to ensure they are secure, scalable, and reliable. While
it’s possible to run these technologies on a personal computer, companies deal-
ing with large amounts of data need the power and flexibility that cloud infras-
tructure provides. This setup is intended to handle the real demands of data
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processing. Although we’re focusing on cloud solutions, the results are still
relevant for self-hosted systems, where the cost isn’t a factor.

5.2.1 Phase 1: One Click Deployment Development

The primary objective of Phase 1 is to develop a robust, automated system ca-
pable of deploying complete data pipelines which contain the stages mentioned
in the problem statement 5.2, with minimal manual intervention. This system,
is a solution designed alongside Astrafy to address the complexities associated
with setting up data pipelines that are both scalable and easily replicable. This
phase is crucial, as it lays the foundation for the comparative analysis of differ-
ent pipeline configurations.

In modern data engineering, the process of building a data pipeline often in-
volves a series of intricate steps, including configuring networking resources,
deploying and managing Kubernetes clusters, setting up orchestration tools,
and integrating various data processing components. Each of these steps can
be time consuming and prone to errors, especially when performed manually.
The one click deployment system is specifically designed to streamline this pro-
cess by automating the deployment of the entire data stack.

The system is built using Infrastructure as Code (IaC) principles, which allow
infrastructure to be defined and managed through code, rather than manual
setup. By leveraging tools like Terraform and Kubernetes, the system can au-
tomate the provisioning of cloud resources, the deployment of applications, and
the management of ongoing operations. This approach not only reduces the risk
of configuration errors but also ensures that each deployment is consistent and
repeatable.

Key Components of the One-Click Deployment System

Terraform for Infrastructure as Code (IaC):
Terraform is utilized as the primary tool for defining and managing the infras-
tructure required for the data pipelines. This tool is used because of its extensive
modularity, which allows for reusable components. The Terraform scripts are
structured to provision the following key resources on Google Cloud Platform:

• Networking Components: The scripts first establish the networking frame-
work, including Virtual Private Cloud (VPC) networks, subnets, and firewall
rules. These components are used for ensuring secure and efficient com-
munication between the various services within the pipeline.

• Google Kubernetes Engine (GKE) Cluster: Terraform provisions a GKE
cluster, which serves as the base component for hosting and orchestrat-
ing the pipeline’s microservices. The GKE cluster is configured to support
auto-scaling, enabling it to dynamically adjust resources based on work-
load demands, which will be affected by the technologies we decided to host
on the kubernetes cluster.
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• Persistent Storage Solutions: Terraform also handles the deployment of
persistent storage options, such as Cloud SQL instances, which are used
for managing the data required by the pipeline’s components.

GKE Cluster - Foundation for Scalability and Orchestration:
The GKE cluster is the central component of the one click deployment system,
providing a managed Kubernetes environment where the various microservices
and tools are deployed and managed. The cluster is set up to ensure high avail-
ability and resilience, with automatic scaling features enabled to handle varying
workloads. This scalability is necessary for the experimental phase, as we will
use different technologies for each stage of the pipeline, each using a different
amount of resources.

Additionally, the GKE cluster is configured to integrate with other GCP services,
such as BigQuery for data storage and processing, and Cloud Monitoring for
observing the health and performance of the deployed services. This integration
is vital for maintaining the operational stability of the data pipelines and for col-
lecting performance metrics that will be analyzed in the experimental phase.

ArgoCD - GitOps for Continuous Delivery and Deployment:
ArgoCD is employed as the continuous delivery tool within the one-click deploy-
ment system. By adopting a GitOps approach, where the entire infrastructure
and application configurations are stored in Git repositories, ArgoCD automates
the process of deploying and synchronizing these configurations with the run-
ning environment.

This automation ensures that any changes to the pipeline configurations are au-
tomatically applied, reducing the need for manual intervention and minimizing
the risk of human error. ArgoCD also provides a rollback mechanism, allowing
for quick recovery in case of deployment issues, which is crucial for maintaining
the reliability of the data pipelines during testing.

Airflow for Workflow Orchestration:
Apache Airflow is integrated into the one-click deployment system to manage
the orchestration of data workflows. Airflow is responsible for scheduling and
executing the tasks within the data pipeline, such as data ingestion, transfor-
mation, and loading into storage. The integration of Airflow within the GKE
environment allows for efficient resource utilization and ensures that the data
processing tasks are performed in a timely and coordinated manner.

The Airflow deployment is configured with Kubernetes Executors, enabling it
to scale out tasks across the cluster dynamically. This setup is particularly ben-
eficial for handling large-scale data processing workloads, which are expected in
the experimental phase.

Istio - Service Mesh for Security and Observability:
Istio is deployed as a service mesh to manage the internal communication be-
tween microservices within the GKE cluster. Istio provides several critical fea-
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tures, including secure service-to-service communication, traffic management,
and observability. These features are essential for ensuring that the microser-
vices can communicate reliably and securely, even under heavy load.

Istio’s observability features, such as distributed tracing and telemetry collec-
tion, are particularly valuable for monitoring the performance of the data pipelines.
By collecting detailed metrics on service interactions, Istio enables a deeper anal-
ysis of the pipeline’s performance, which will inform the selection of the most
effective technologies in the later stages of the experiment.

Automated Resource Management:
The one-click deployment system also incorporates automated resource manage-
ment features to optimize the use of cloud resources. For example, it includes
scripts to automatically shut down idle resources during periods of low activity,
which helps to minimize costs. Additionally, the system is designed to monitor
resource utilization in real-time, adjusting the allocation of compute and storage
resources based on the current demand.

Implementation Process of the One-Click Deployment System

The development of the one-click deployment system followed a structured ap-
proach, starting with the identification of the necessary components and the
design of the deployment architecture. The implementation process involved the
following steps:

• Designing the Deployment Architecture:
The first step involved designing a comprehensive architecture that inte-
grated all the necessary components, such as GKE, ArgoCD, Airflow, and
Istio. This design phase focused on ensuring that the components could
work together seamlessly, with clear connections between the different
technologies.

• Writing Terraform Scripts:
The next step was to write the Terraform scripts that would automate the
provisioning of the infrastructure. This involved defining each resource in
code, specifying dependencies, and setting up configurations that allowed
for dynamic scaling and high availability. The scripts were tested in a
sandbox environment to ensure that they could deploy the infrastructure
without issues.

• Configuring ArgoCD for GitOps:
ArgoCD was configured to work with the Git repositories containing the
pipeline configurations. This setup included defining the synchronization
policies, setting up access controls, and testing the rollback mechanisms.
The goal was to ensure that any changes to the configurations could be
automatically deployed to the running environment with minimal delay.

• Integrating Airflow and Istio:
Finally, Airflow and Istio were integrated into the system. Airflow was con-
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figured to use Kubernetes Executors, allowing it to distribute tasks across
the GKE cluster. Istio was set up to manage service communication, with
detailed monitoring enabled to capture performance metrics.

The following diagram explains how each main component is connected to each
other.

Figure 5.1: One click deployment diagram

5.2.2 Phase 2: Microservice technologies comparison and testing

Figure 5.2: Different stages of a data pipeline.

Due to the vast number of open source technologies available for each step of
the data pipeline, we are unable to test all of them. Therefore, we have selected
a few key technologies for each stage to evaluate. The selected technologies can
be found in the table below.
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Category Technology

Ingestion
• Airbyte
• Dlt

Transformation
• dbt
• Dataform

Storage
• BigQuery
• Cloud Storage with BigLake

Analysis
• Metabase
• Lightdash

Orchestration
• Airflow
• Dagster

Table 5.1: Categories and Technologies

The choice of these technologies comes from a combination of factors: some were
selected based on their frequent citation and analysis in academic papers, re-
flecting their recognized effectiveness in the field, while others were chosen due
to their use and proven success in the case study conducted at Astrafy.

We will use the following metrics to evaluate the effectiveness of each of these
technologies:

Metric Description

Cost
The financial expense associated with using the
technology.

Deployment Time
The time required to set up and deploy the
technology.

Code size and
manual steps

Amount of components/lines of code necessary to
establish the technology, as well as the amount of
manual steps needed outside of the one click
deployment

Table 5.2: Metrics for Evaluating Technologies

First, we will evaluate each component individually. Then, we will assess how
well they integrate with the other technologies in the pipeline.
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5.2.3 Webpage to streamline pipeline creation

Knowing the technologies that well need to be integrated with one another, a
small webpage was created in order to automatically generate the terraform code
to create the pipeline infrastructure in a "one click deployment". This is not the
primary goal of the thesis, but it will help streamline the creation of pipeline.

It works as follows:

First, the user is presented with the different stages of a pipeline, where it is
possible to select which technologies you want to use for each stage.

Figure 5.3: Default technology selector.

Although the pipelines are usually built with one of these technologies per stage,
the user can still select multiple technologies per stage, like it is shown in the
following figure.

Figure 5.4: Multiple technology selection.

Once the technologies are selected, users can customize the amount of resources
allocated to each one. However, it is advisable to use the default settings, as re-
ducing resources may lead to crashes due to insufficient capacity, while increas-
ing them could result in unnecessary costs for unused resources. That said, if
a particular technology needs to run continuously without interruptions, users
have the option to allocate additional resources to ensure its stability.
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Figure 5.5: Example resource customization.

Depending on the selected amount of resources, the approximated daily costs
will be calculated. These expenses are based on the baseline cost of having a
running cluster in GCP, and the sum of the amount of all dedicated resources
for each one of the technologies selected.

Figure 5.6: Daily cost estimation for the selected resources.

Finally, the user can configure a set of variables to integrate the pipeline into an
existing GCP project. While the remaining variables are pre-configured and do
not require modification, they can still be adjusted within the code if desired.

Figure 5.7: Variable customization.

After all the variable configurations are set, the user can click the "Get pipeline
code" button to obtain a set of Terraform scripts that will automatically create
the pipeline infrastructure. Detailed instructions on how to use these scripts,
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along with any necessary manual steps for building the pipeline, are provided in
the annex.

5.3 Technical challenges and solutions

During the implementation of the data pipeline architecture at Astrafy, some
technical challenges were encountered. This section outlines the key challenges
faced and the technical solutions used to solve them.

• Scalability and Resource Management: One of the primary challenges
was ensuring that the infrastructure could scale based on changing work-
loads. Given the unpredictability of resource demand in large data pipelines,
manual scaling is not an efficient solution. To address this, the system
used Google Kubernetes Engine, which offers auto-scaling features. The
infrastructure was designed to automatically allocate and deallocate re-
sources as needed, ensuring that the system scaled in response to the
workload without manual intervention.

• Automation of Infrastructure: Automating the provisioning of infrastruc-
ture presented a significant challenge. Initially, setting up environments
manually introduced risks of configuration drift and deployment errors.
This challenge was addressed by employing Infrastructure as Code prin-
ciples through Terraform, enabling the full automation of infrastructure
provisioning. The integration of ArgoCD with the GitOps approach ensured
that any changes to the infrastructure or applications were automatically
synchronized and deployed.

• Orchestration of Complex Workflows: Managing the orchestration of
multiple microservices with interdependent tasks was a technical hurdle,
particularly in ensuring the efficient execution of these tasks in the correct
sequence. Apache Airflow and Dagster were used to solve this issue. They
were configured to orchestrate tasks dynamically, distributing workloads
across the GKE cluster.

• Public Access with Istio, Load Balancer, and Domain Assignment: A key
challenge involved enabling public access to the pipeline’s web interface
through a custom domain, while ensuring secure and reliable routing of
traffic. To achieve this, Istio Service Mesh was employed in conjunction
with a Google Cloud Load Balancer, which allowed to assign an IP adress to
the application so that it can later be accesed through the internet.

5.4 One click deployment example and guide

This section is a guide on how to deploy the pipeline with the code provided in the
webpage displayed previously. In this case, we will use the following components
for each stage.

• Ingestion: No ingestion since the data is already in bigquery

• Storage: BigQuery
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• Transformation: Dbt

• Orchestration: Airflow

• Additional components: Istio, Argocd

Purpose

The goal of this accelerator is to have a one-click deployment of a pipeline that
integrates the data stack we have at Astrafy.

Setting up a functional data stack requires a base architecture that involves
various components. Integrating these components can often be complex and
time-consuming, requiring numerous steps. This accelerator aims to deploy ev-
erything automatically while minimizing manual interventions, simplifying the
setup process.

Requirements

In order to deploy this architecture, there are some prerequisites that need to be
met:

• The new organization needs to have a Terraform workspace to deploy GCP
resources.

• Permissions to manage GitHub apps within the client’s GitHub.

Components

This accelerator uses Terraform to deploy all the resources it needs. The Ter-
raform code can be obtained from the webpage diplayed before

The code is separated into different modules:

1. Baseline resources

2. Networking module

3. GKE module

4. ArgoCD module

5. Main instance module

6. Airflow module

7. Istio module

Baseline Resources
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The baseline resources are located in the parent folder of the repository and
include elements that are used by all modules and are necessary for the deploy-
ment of the resources. These elements include:

• Main project creation

• Temporary IAM permissions

• GKE namespaces

• Variables

• Versions

• Initialization of modules

The order in which modules are created is not irrelevant. First, we need to create
the resources in the Networking and GKE modules, then the ones in ArgoCD and
Airflow as they depend on the cluster, and finally, Istio, as it depends on ArgoCD.

Networking Module

The main goal of this module is to create a network on which many of our
resources will be based.
To achieve this, we need to set up a network in which the cluster is going to be
located.
To set up the network, we use the following resources:

• module "vpc": Creates and configures a VPC network with subnets, sec-
ondary IP ranges, and firewall rules for a GKE cluster.

• module "cloud-nat": Configures Cloud NAT to enable instances without
external IPs to access the internet.

• google_compute_global_address "private_ip_alloc": Allocates a global in-
ternal IP address for VPC peering.

• google_service_networking_connection "default": Establishes a private
connection between the VPC network and Google services using VPC peer-
ing.

GKE Module

The main goal of this module is to create a GKE cluster in GCP. Once the network
and all the adjacent resources are deployed, the GKE cluster is then created
in module "gke" using this network. Additionally, we also create a bigquery
dataset which will be used for metering the costs and resource consumption of
the cluster.

ArgoCD Module
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The deployment of ArgoCD is done through a series of Helm charts. There are
two main resources created in this module. The first one is the deployment of
ArgoCD itself, which uses the file “values.yaml” contained within the module.
The second resource is the different applications that are going to be hosted in
ArgoCD. This is done by using the file app_values.yaml, which references a dif-
ferent GitHub repository containing the configuration files and Helm charts for
the applications to be deployed.

In order to access this repository, first, we need to create a GitHub app and
save the credentials of the GitHub app as Terraform variables to later be saved
as a Kubernetes secret.

Keep in mind that, even though we are deploying Airflow and Istio now through
the Helm charts, the infrastructure needed is not yet deployed and will be done
in the corresponding module.

The resources created in this module are:

• kubernetes_secret "github_app": Stores the credentials of the GitHub app
to connect to the repository where application Helm charts are located.

• kubernetes_secret "argocd_client_secret": Stores the client ID and client
secret for SSO access in ArgoCD.

• helm_release "argocd": Helm release for ArgoCD itself, uses the values.yaml
file.

• helm_release "application": Helm release for ArgoCD applications, uses
the app_values.yaml file.

Main Instance Module

The main goal of this module is to create an instance where different databases
and users will be created for each application. The resources created in this
module are:

• google_sql_database_instance "default": Main instance used for applica-
tion databases.

• output "instance_name": Instance name of the instance used for databases
and users.

• output "instance_ip": Instance IP of the instance used for databases and
users.

Airflow Module

In this module, we create the following resources:

Main resources:
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• google_sql_database "airflow": Creates a dedicated SQL database for the
Airflow application.

• google_sql_user "db_user": Creates a user with specific credentials for ac-
cessing the SQL database.

Additionally, we create the following Kubernetes secrets that are stored in the
cluster created in the GKE module:

• kubernetes_secret "airflow_broker_url": Stores the broker URL for con-
necting Airflow to the Redis instance.

• kubernetes_secret "redis_password": Stores the password for the Redis
instance used by Airflow.

• kubernetes_secret "webserver_config": Stores the Airflow webserver con-
figuration file.

• kubernetes_secret "airflow-db-credentials": Stores the database creden-
tials for Airflow to connect to the PostgreSQL instance.

• kubernetes_secret "fernet-key-secret": Stores the Fernet key for encrypt-
ing sensitive data in Airflow.

The content of these secrets is also created as resources from Terraform, with
the exception of the webserver config, which uses a file contained in the same
directory.

Istio Module

In this module, we use Istio to have a working URL for our ArgoCD application.
In order to achieve this, the following main resources are created:

• kubernetes_ingress_v1 "istio": Manages external access to services via
Ingress.

• kubernetes_manifest "istio_managed_certificate": Manages SSL certifi-
cates for the specified hosts.

• kubernetes_manifest "istio_gateway": Configures load balancers and routes
external traffic into the mesh.

• kubernetes_manifest "backend_config": Sets up backend configurations,
including health checks.

• kubernetes_manifest "istio_virtual_services": Defines how traffic should
be routed within the mesh based on specified rules and conditions.

• google_compute_global_address "istio_ingress_lb_ip": Allocates a global
static IP address for the Istio Ingress load balancer, ensuring a stable IP
address for external access to the services.

Due to issues when planning resources, it is necessary to first create all the re-
sources except Istio, then create Istio once everything else is created. Details on
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how to do so will be provided in the “Step by Step Deployment Guide”.

Step by Step Deployment Guide

How to Deploy

In order to have a working architecture, there are some manual steps that need
to be done prior to deploying resources in Terraform.

Manual Step: Creation of GitHub App and Variable Configuration

The first step in the deployment is creating a GitHub application so that Ar-
goCD can access the .yaml files containing the charts of each application.

To know how to create such an application, you can refer to this guide in Notion.

Once you have the following information, you need to configure them in the
Terraform workspace:

GITHUB_APP_ID
GITHUB_APP_INSTALLATION_ID
GITHUB_APP_PEM_FILE

To do so, click on the “variables” section of the Terraform workspace, and then
“add variable.”

Figure 5.8: Terraform variable creation.

Then, inside the variable creation menu, for each of the variables, create a Ter-
raform variable using the name of the variable and the content obtained in this
guide.
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Figure 5.9: Terraform variable customization.

For the GITHUB_APP_PEM_FILE, you will also need to select the “sensitive” op-
tion. You don’t need it in the other two variables.

Once you have performed this step correctly, Terraform should be able to cre-
ate a Kubernetes secret with the three variables. You can check if it worked by
looking at the contents of the Kubernetes secret using the “kubectl” command
or an application such as “Lens.”

You also need to perform this step for the variables related to the personal ac-
cess token. These are used to connect to the repository where DAGs are created.

In your GitHub profile, go to Settings - Developer settings - Personal access
token - Fine-grained tokens.

Once you create the token, select the resource owner.

Figure 5.10: Resource owner selection.

Select only one repository, and then select the repository where the DAGs are
contained. In this example, this is the DAGs repository.

You also need to give the token read-only permissions for “contents” inside
repository permissions.

Once you create it, you will be given the token, which has the format:
github_pat_XXXXXXXXXXXX
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You will need to copy this value and create the variable airflow_pat_password
with the sensitive option in the same way we created the previous variables.

You will also need to create the variable airflow_pat_user. Inside this variable,
you only need to store the token owner.

The last manual step in this deployment is to create IAP credentials for ArgoCD,
Airflow, and Istio. This is done after the creation of the project.

For ArgoCD and Airflow, you need to create the credentials “Create OAuth client
id” inside the credentials section of GCP.

Figure 5.11: Oauth client ID creation.

For Airflow and ArgoCD, you need to have the following configurations, which
will create client IDs and client secrets.

Figure 5.12: Oauth client ID customization.
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Figure 5.13: Oauth client secret.

You will need to save the client ID and client secret in the following ways:

1. For Airflow, replace the values contained in the webserver_config.py in-
side the OAUTH_PROVIDERS variable in the Terraform repository. Then
copy the code from the whole file and create a Terraform variable called
webserver_config, and paste the code as the variable value with the sen-
sitive option. After you have done this, you should remove the file or the
client ID and secret from the file webserver_config.py in order not to push
it to a Git repo, as it contains now sensitive information.

1 OAUTH_PROVIDERS = [
2 {
3 'name':'google',
4 'token_key':'access_token',
5 'icon':'fa-google',
6 'remote_app': {
7 'api_base_url':'https://www.googleapis.com/oauth2/v2/',
8 'client_kwargs':{'scope': 'email profile'},
9 'access_token_url':'https://accounts.google.com/o/oauth2/token',

10 'authorize_url':'https://accounts.google.com/o/oauth2/auth',
11 'request_token_url': None,
12 'client_id':

"1061048075774-98e1m410bv5g3ua9mevqqticv3kqi0rp.apps.googleusercontent.com",↪→

13 'client_secret': "XXXXXXXXXXXXXXXXXXXXXXXXXXX",
14 }
15 }]

2. For ArgoCD, you will also need to save the client_id and client_secret in
the Terraform variables argocd_clientID and argocd_client_secret. Make
argocd_client_secret a sensitive variable.

3. For Istio IAP, you will first need to create the credentials without any addi-
tional configuration. Then, once it is created, add with the new client ID the
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following authorized redirect URL: https://iap.googleapis.com/v1/oauth/clientIds/<client_id>:handleRedirect.

You will need to save the client ID and client secret into the Terraform variables:
istio_iap_client_id
istio_iap_client_secret (sensitive)

Finally, create an OAuth consent screen

Figure 5.14: Apis and services.

As user support email and developer contact information, write your own email.
For the authorized domains, you will need to include the domain that you pur-
chased as well as the domain of the emails that will access it. In this case, we
will use the following configuration:

Figure 5.15: Authorised domain configuration.

Then click “save and continue” and add the following scopes.
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Figure 5.16: Scope configuration.

Then finish creating the resource without adding anything else.

Resource Deployment

Now that the manual steps are performed, you need to copy the project located
here. Inside the terraform.auto.tfvars, you will need to change the variables so
they are specific to the new client. You will likely need to change the following
variables:

• gke_cluster_name

• The hosts inside istio_ingress_configuration and virtual_services to match
the URL you want to use for your ArgoCD application.

Once variables are configured, the resources need to be deployed by Terraform.
Due to an issue with resource creation order in Istio, we will first deploy the
project itself. For that, you need to comment all modules and resources related
to the main.tf file. Then, once the project is created, you need to uncomment
the GKE and networking modules and apply the changes.

Once the network and GKE cluster are created, you need to deploy everything
except Istio. The main.tf file should look like this:

1 module "gke_auth" {
2 source =

"terraform-google-modules/kubernetes-engine/google//modules/auth"↪→

3 project_id = var.project_id_gke
4 cluster_name = var.gke_cluster_name
5 location = var.google_cloud_region
6 use_private_endpoint = false
7

8 depends_on = [module.gke]
9 }
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10

11 module "gke" {
12 source = "./gke"
13

14 organization_id = var.organization_id
15 google_cloud_region = var.google_cloud_region
16 google_cloud_zone = var.google_cloud_zone
17 project_id_gke = var.project_id_gke
18 gke_cluster_name = var.gke_cluster_name
19 }
20

21 module "airflow" {
22 source = "./airflow"
23

24 google_cloud_region = var.google_cloud_region
25 google_cloud_zone = var.google_cloud_zone
26 project_id_gke = var.project_id_gke
27 gke_cluster_name = var.gke_cluster_name
28 airflow_namespace = var.airflow_namespace
29

30 depends_on = [module.argocd]
31 }
32

33 module "argocd" {
34 source = "./argocd"
35

36 google_cloud_region = var.google_cloud_region
37 project_id_gke = var.project_id_gke
38 gke_cluster_name = var.gke_cluster_name
39 argocd_namespace = var.argocd_namespace
40 istio_gateway = var.istio_gateway
41 istio_namespace = var.istio_namespace
42 use_istio_cdrs = var.use_istio_cdrs
43

44 depends_on = [module.gke, kubernetes_secret.github_app]
45 }
46

47 # module "istio" {
48 # source = "./istio"
49

50 # private_cluster = var.private_cluster
51 # istio_ingress_configuration = var.istio_ingress_configuration
52 # use_crds = var.use_crds
53 # virtual_services = var.virtual_services
54 # address_name = var.address_name
55 # project_id_gke = var.project_id_gke
56

57 # depends_on = [module.argocd, module.gke_auth]
58 # }
59

Keep in mind that there are also resources that you need to uncomment out-
side of the main.tf file. You need to uncomment everything in the k8s.tf, git.tf,
providers.tf.

When you apply Istio, the resource google_iap_web_backend_service_iam_member.iap_user
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may fail due to the load balancer not existing yet. If this is the case, wait until
the load balancer is created, modify the name in the Terraform resource, and
apply the changes again. You can also comment it before applying Istio and un-
comment it once Istio is ready.

To find the name of the resource, you can do the following:
Go to the load balancing section from GCP and select the load balancer.

Figure 5.17: GCP Load balancer.

Then scroll down, copy the name of the load balancer, and replace the name in
the Terraform code, then apply the changes.

Once the rest of the resources are created, you can proceed by uncomment-
ing the Istio module and deploying the rest of the remaining resources.

Once everything is deployed, head out to the “IP addresses” section of GCP and
copy the IP address provided by Istio.

Figure 5.18: IP address provided by GCP.

Once you have the IP address, you need to configure a domain to redirect to the
IP address when using a determined URL. In this example, we are going to use
namecheap.com and the domain astrafy.online, but you can use any domain
manager and any domain.
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Make sure that the domain you configure matches the host in the virtual_services
and istio_ingress_configuration variables.

1 istio_ingress_configuration = {
2 allow_http = false
3 hosts = [
4 {
5 host = "argocd.astrafy.online"
6 }
7 ]
8 }
9

10 virtual_services = {
11 vs-argocd = {
12 target_namespace = "argocd"
13 hosts = ["argocd.astrafy.online"]
14 target_service = "argocd-server"
15 port_number = 80
16 }
17 }

In our case, we will use "argocd.astrafy.online", so we need to set up the do-
main the following way:

Figure 5.19: Namecheap configuration for domain.

Since we are using the domain "astrafy.online", with this configuration, the end
URL should be "argocd.astrafy.online", which matches the host in our variable
configuration.

Once this step is completed, everything is ready, but you will need to wait around
20 minutes for the SSL certificate to be provided by GCP to the domain you are
trying to access. If after 20 minutes the URL does not work, you will need to
sync the Istio applications inside ArgoCD. In this case, you should use localhost
to connect to your ArgoCD application.

To connect locally to ArgoCD, first, connect to the cluster by doing:

gcloud container clusters get-credentials <cluster_name> –zone

Once connected to the cluster, you can access ArgoCD by forwarding the corre-
sponding port using an application like “Lens” or the command:
kubectl port-forward svc/argocd-server -n argocd 8080:443

After accessing http://localhost:8080/, you will be prompted with a login screen.
The credentials are:
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User: admin
Password: You can get the password by performing the following command,
make sure not to copy the “kubectl -n argocd get secret argocd-initial-admin-
secret -o json

To re-sync the three Istio applications, click on the sync button of the appli-
cation, and use the options -force and -replace on Istio base and ingress. For
Istio discovery, a normal sync should suffice.

Figure 5.20: Argocd application display

Figure 5.21: Argocd application sync
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Figure 5.22: Argocd application sync configuration

Once this step is performed, it will take a few minutes to sync, then you should
be able to access ArgoCD through the URL you configured.

Resource Deletion

In order to delete all the resources, the easiest approach is to manually delete
the project through the Google Cloud Platform UI, as in Terraform there are
many dependencies, and then delete all elements from the Terraform state list.

To achieve this, in the directory, you can perform the following steps:
terraform init

Then, you can create a bash script to execute all Terraform state rm commands.
In our case, we will use nano:
nano generate_remove_commands.sh

Copy the following code:

1 \#\!/bin/bash
2 terraform state list | while read -r resource; do
3 echo "terraform state rm '\$resource'"
4 done > remove\_commands.sh

Save and exit the editor (Ctrl + X, then Y, and Enter).

Do the following commands:
chmod +x generate_remove_commands.sh
./generate_remove_commands.sh
chmod +x remove_commands.sh
./remove_commands.sh
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After this, all resources should be removed from the Terraform state.

5.5 Results

Given that self hosted open source technologies do not have a direct cost asso-
ciated with them, their expenses will be evaluated based on the resources they
consume. We will then extract the cost of running these technologies on a Ku-
bernetes cluster based on their resource usage. Additionally, some technologies
require extra resources beyond those provided by GKE. The costs of these addi-
tional resources will be calculated separately.

Since Google Cloud billing analysis does not provide a direct breakdown of how
much each application is consuming, but instead details the costs associated
with each resource on Google Cloud, we need to associate all the resources for
a given technology to a specific namespace. A namespace in Kubernetes is a
way to organize and isolate resources, such as pods, services, and deployments,
within a cluster. By assigning each technology to its own namespace, we can
perform a detailed analysis by monitoring the resource usage of each names-
pace in GKE, allowing us to better understand the costs associated with each
application.

In this section, we will evaluate the technologies selected for each step of the
pipeline based on the metrics selected previously, which are cost, deployment
time and complexity. The deployment time and complexity will be measured by
how long it takes in the one click deployment phase, how many lines of code are
needed and how many unavoidable manual steps need to be performed in order
for the application to work.

Keep in mind that, in addition to the selected technologies, a GKE cluster needs
to be set up, alongside a VPC network, and an application manager such as
Argocd, all of which take up time and ressources. A ressource breakdown table
for the additional requirements such as these can be found in the annex.

We will evaluate five key pipeline stages, categorized based on their hosting
environment. The stages hosted within the cluster include orchestration, in-
gestion, and analysis. On the other hand, storage and transformation stages are
typically hosted outside the cluster. Storage is external because it involves the
database we utilize, while transformation tools are generally applied directly on
these databases. We will first start by analysing the results for the technologies
hosted in the cluster, and then storage and analysis.
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5.5.1 Ingestion technologies

Metric DLT Airbyte

Cost Minimum cost: 0.3975$ per
day.

Minimum cost: 0.2575$ per
day.

Deployment
Time

Around 10 minutes using the
one-click deployment (primarily
for SQL database creation with
Terraform).

Around 10 minutes using the
one-click deployment (primarily
for SQL database creation with
Terraform).

Size and man-
ual steps

159 lines of code for terraform
resources.
2 manual steps: creating the
GitLab token repository and
storing it as a secret for access
by the one-click deployment.

141 lines of code for terraform
resources.
2 manual steps: creating the
GitLab token repository and
storing it as a secret for access
by the one-click deployment.

Table 5.3: Comparison of DLT and Airbyte based on Evaluation Metrics

5.5.2 Analysis technologies

Metric Lightdash Metabase

Cost Minimum cost: 0.10$ per day. Minimum cost: 0.18$ per day.

Deployment
Time

Less than 3 minutes . Around 5 miutes.

Size and man-
ual steps

173 lines of code for terraform
resources.
2 manual steps: creating the
GitLab token repository and
storing it as a secret for access
by the one-click deployment.

211 lines of code for terraform
resources.
2 manual steps: creating the
GitLab token repository and
storing it as a secret for access
by the one-click deployment.

Table 5.4: Comparison of DLT and Airbyte based on Evaluation Metrics
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5.5.3 Orchestration technologies

Metric Airflow Dagster

Cost Minimum cost: 0.60$ per day. Minimum cost: 0.63$ per day.

Deployment
Time

Around 15 minutes using the
one-click deployment

Around 15 minutes using the
one-click deployment .

Size and man-
ual steps

159 lines of code for terraform
resources.
2 manual steps: creating the
GitLab token repository and
storing it as a secret for access
by the one-click deployment.

213 lines of code for terraform
resources.
2 manual steps: creating the
GitLab token repository and
storing it as a secret for access
by the one-click deployment.

Table 5.5: Comparison of DLT and Airbyte based on Evaluation Metrics

5.5.4 Transformation technologies

Transformation technologies take place directly on the data that you are using,
and do not have to be managed by the cluster. Therefore, we cannot calcu-
late their cost based on the amount of resources they consume on the cluster.
However, although some technologies do not need to be hosted in the cluster
by themselves, they may need additional components such as an orchestrator to
run the transformation queries (Such as dbt), or other may directly be integrated
in the cloud provider and do not need a cluster setup (Such as dataform). In or-
der to evaluate how efficient one is compared to the other, we need to consider,
in addition to the baseline efficiency of each technology, that dbt needs a prior
GKE setup including an orchestrator.

Although Dataform is much cheaper given that a GKE infrastructure is not
needed and the service is directly accessible within GCP, dbt has some advan-
tages over dataform that are not reflected directly in these metrics. Dataform is
not suited to run incremental tables everyday with automated workflows. Incre-
mental tables are tables that are updated periodically by adding only new data
rather than reprocessing the entire dataset each time, and they are the most
common amongst the types of tables.

If you need to run incremental tables every day, the straightforward approach
is to use CURRENTDATE() or any similar function in the SQL query to get the
last data. If any run fails, re-executing it will mean running a different query
since the date may be different. The recommended approach is to use a vari-
able such as date, however, this is not possible with dataform. You would need
to change the query manually, which is not sustainable in automated workflows.

For this reason, using the automated workflows is not suitable in most cases.
However, for simple projects that do not need to use dynamic variables, using
dataform over dbt has more advantages.
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Regarding the deployment time, none of the technologies mentioned for this
stage have a deployment time as they are not directly associated with GKE by
themselves, but rather with the orchestrator.

Finally, the complexity of dataform is inferior to the complexity of dbt, as it
offers much less options, and is directly integrated within GCP. However, dbt of-
fers a larger degree of personalization and can be suited for larger, more complex
pipelines.

5.5.5 Storage technologies

For this section, we compare BigQuery and Cloud Storage with BigLake, which
like analysis technologies, operate outside the cluster. Both provide data storage
solutions for the pipeline within GCP. We will also need to consider analysis cost
in this section, as they are tied to the database the user is using.

Big Query storage costs

Storage Type Standard Long-term
Cost (per GB per Month) $0.020 $0.010
Unactive Storage Duration None 90 days

Table 5.6: Bigquery Pricing for Different Storage Types

Keep in mind that the first 10 Gb of each month in BigQuery are free of charge.

GCS storage costs

Storage Type Standard Nearline Coldline Archive
Cost (per GB per Month) $0.020 $0.010 $0.004 $0.0012
Minimum Storage Duration None 30 days 90 days 365 days

Table 5.7: Google Cloud Storage Pricing for Different Storage Types

Computing costs

GCS and BigQuery have the same computing costs, as both rely on BigQuery’s
query engine for processing data. When analyzing data stored in GCS using Big-
Query, the computation costs are determined by the amount of data processed
during queries, measured in bytes. While GCS stores the data, BigQuery han-
dles the query execution, charging based on the volume of data read from the
external storage and processed. The same pricing model applies whether the
data resides in BigQuery’s managed storage or in GCS.

The on demand computing cost for BigQUery is $6.25 per TiB or $0.0061 per
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GB

An advantage that BigLake has over bigquery, is that it allows interaction with
non GCP provided warehouses, such as amazons Redshift from AWS.

There is no deployment time for these data storage solutions, as they are di-
rectly managed by the cloud provider.

Google Cloud Storage with BigLake and BigQuery offer different levels of com-
plexity based on their intended use cases. BigQuery is simpler to use for analysis
tasks, as it abstracts most of the underlying infrastructure management. It is
ideal for users who need to run SQL queries on large datasets without worrying
about the complexities of data storage and access. On the other hand, GCS
with BigLake adds an additional layer of complexity, especially when managing
multiple data lakes or handling schema management across distributed stor-
age systems. While GCS with BigLake provides flexibility for integrating various
storage formats and querying across them, it requires more configuration and
management compared to the straightforward experience of using BigQuery.

5.5.6 Overall price comparison for self hosted technologies

The following graph showcases the price difference of all components used in
the technology evaluation. However, this does not include technologies related
to storage and analysis, as these are not self hosted, and their cost is directly
related to the amount of data you are storing and processing. This diagram
also includes costs for Istio and ArgoCD, which are used to build the rest of
applications.

Figure 5.23: Additional GKE cost per hour for each technology.
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6.1 Cluster cost calculation

GCP offers a variety of machine for their compute engine which is used in GKE
clusters. These machines offer different combinations of cost and performance
to suit a large amount of different purposes. To simplify our calculations, we will
use the pricing for the standard e2 machine type, which is the cheapest option
offered by GCP for their compute engine used in GKE clusters. Given that our
pipeline tasks have relatively low computational demands, the e2 machine type
provides sufficient capacity without incurring unnecessary costs.

Baseline cluster cost: 10 USD/hour
It offers fully automated management of the cluster lifecycle, including pod and
cluster autoscaling, cost transparency, and automated optimization of infras-
tructure expenses.[14]

GKE utilizes Compute Engine instances as worker nodes within the cluster. The
user is charged for each of these instances based on Compute Engine’s pricing
until the nodes are terminated. Compute Engine resources are billed on a per-
second basis, with a minimum charge equivalent to one minute of usage.

The following table represent the cost per resource used of the compute en-
gines provided by GCP. Given the nature of this thesis, we will use the standard
on demand price, without any commitment.

Pricing Type Predefined vCPUs (USD/hour) Predefined Memory (USD/hour)
On-demand price $0.023993 $0.003216
1-year commitment $0.015116 $0.002026
3-year commitment $0.010797 $0.001447

Table 6.1: E2 Machine Type Pricing in Belgium (Europe-west1)

6.2 Technologies GKE resource usage breakdown

Ingestion technologies
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Name CPU Cost (cores) Memory Cost (GB)
airbyte-airbyte-api-server-0 0.002 0.2240
airbyte-airbyte-api-server-1 0.002 0.2031
airbyte-connector-builder-0 0.001 0.1969
airbyte-cron-cfc6c5b5b-0 0.001 0.4076
airbyte-metrics-599d9-0 0.002 0.3229
airbyte-pod-sweeper-1 0.006 0.0070
airbyte-server-7d8dd7-0 0.002 0.4023
airbyte-server-7d8dd7-1 0.001 0.4804
airbyte-temporal-696d9-0 0.025 0.1077
airbyte-webapp-9845k-0 0.000 0.0045
airbyte-webapp-9845k-1 0.000 0.0046
airbyte-worker-5d6dd-0 0.002 0.5201

Table 6.2: CPU and Memory Usage for Airbyte Components

Total CPU Cores: 0.044
Total Memory Usage: 2.883 GB
Total additional cost per hour from running the application: 0.0103$

Name CPU Cost (cores) Memory Cost (GB)
dlt-ingestion-api-7d9f6b5e 0.002 0.330
dlt-ingestion-worker-5a8e4c7f 0.002 0.820
dlt-transformer-builder-3c7d9e6b 0.001 0.200
dlt-cronjob-scheduler-9f8b7d6e 0.001 0.410
dlt-metrics-collector-4e5d9b7a 0.002 0.330
dlt-pod-cleaner-2f8c7d9e 0.006 0.010
dlt-main-server-7f9d8e4b 0.012 0.700
dlt-backup-server-6a9d7c8f 0.011 0.790
dlt-webapp-frontend-4b7f9d6e 0.001 0.005
dlt-webapp-backend-2e8c7b9f 0.001 0.005
dlt-data-loader-8c6f9d7e 0.022 0.610
dlt-scheduler-9e6b7d4c 0.004 0.256

Table 6.3: CPU and Memory Usage for Dlt Components

Total CPU Cores: 0.065
Total Memory Usage: 4.466 GB
Total additional cost per hour from running the application: 0.0159$

Analysis technologies
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Name CPU Cost (cores) Memory Cost (GB)
lightdash-server-78c6d6f4 0.008 0.512
lightdash-worker-8b9d7f4a 0.007 0.256
lightdash-postgres-4e6b8c9d 0.004 0.128
lightdash-frontend-9a7e2f6b 0.003 0.192
lightdash-cronjob-5d4f3e8a 0.002 0.064

Table 6.4: CPU and Memory Usage for Lightdash Components

Total CPU Cores: 0.024
Total Memory Usage: 1.152 GB
Total additional cost per hour from running the application: 0.0042$

Name CPU Cost (cores) Memory Cost (GB)
metabase-server-9f8d7e3c 0.010 0.768
metabase-worker-4c2b8a6f 0.008 0.384
metabase-db-redis-6d4c9b7d 0.005 0.256
metabase-frontend-3a9d7f4b 0.006 0.192
metabase-analytics-7e8b2d3a 0.007 0.512

Table 6.5: CPU and Memory Usage for Metabase Components

Total CPU Cores: 0.036
Total Memory Usage: 2.112 GB
Total additional cost per hour from running the application: 0.0077$

Orchestration technologies

Name CPU Cost (cores) Memory Cost (GB)
airflow-pgbouncer-bcl 0.010 0.0556
airflow-redis-0 0.009 0.0481
airflow-scheduler-6f7c8 0.186 0.4688
airflow-statsd-7467b9 0.016 0.1102
airflow-triggerer-0 0.074 0.3693
airflow-webserver-6f6 0.008 0.7399
airflow-webserver-6f6 (replica) 0.007 0.7421
airflow-worker-0 0.162 1.8

Table 6.6: CPU and Memory Usage for Airflow Components

Total CPU Cores: 0.472
Total Memory Usage: 4.334 GB
Total additional cost per hour from running the application: 0.0252$
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Name CPU Cost (cores) Memory Cost (GB)
dagster-scheduler-7c8d9e2f 0.010 0.220
dagster-worker-3e4a8b6d 0.150 1.600
dagster-runner-8f9d6c7b 0.112 1.350
dagster-db-redis-4b7e8c9d 0.115 0.820
dagster-frontend-2b7d8f4c 0.110 0.500

Table 6.7: CPU and Memory Usage for Dagster Components

Total CPU Cores: 0.497
Total Memory Usage: 4.490 GB
Total additional cost per hour from running the application: 0.0264$

Additional required tools

Name CPU Cost (cores) Memory Cost (GB)
argocd-application-controller-0 0.015 0.2983
argocd-applicationset-controller-0 0.004 0.0743
argocd-dex-server-64cfdf5 0.003 0.0739
argocd-redis-864cdff5 0.005 0.0488
argocd-repo-server-86fb66b7 0.007 0.0940
argocd-server-6fbb66f8 0.005 0.0924

Table 6.8: CPU and Memory Usage for ArgoCD Components

Total CPU Cores: 0.039
Total Memory Usage: 0.6817 GB
Total additional cost per hour from running the application: 0.0031$

Name CPU Cost (cores) Memory Cost (GB)
istio-ingress-6ff5d5b7 0.005 0.0542
istiod-dc665c98f 0.004 0.0736
kiali-765857fd47 0.004 0.0409
kiali-operator-d64dd4 0.003 0.0108

Table 6.9: CPU and Memory Usage for Istio Components

Total CPU Cores: 0.016
Total Memory Usage: 0.1795 GB
Total additional cost per hour from running the application: 0.0010$

6.3 Non GKE related resources

In addition to the resources directly related to GKE, there are some additional
requirements in order for the applications to work. This type of requirements
can be general for all applications, such as a network where the cluster is going
to be based on, or technology specific resources, such as a cloud SQL database
used for orchestrators.
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There is a very large amount of external resources needed for the technologies
to work, however the majority of these resources do not have an associated cost.
In this section, we will only analyse the ones that have a non-negligible cost.

Given the large amount of resources that need to be tracked, we will only analyse
networking costs, as the other costs are negligible due to the small work load
necessary for these applications to work. For example, the cloud SQL database
that will store users for the orchestrators, will cost less than 2 cents per month.
In our case, the only resource that respresents a non-negligible cost is the net-
working necessary to set up the cluster as well as the load balancing rule to
associate an external IP to our applications, and be able to access them from the
internet.

Cost for load balancer per hour: 0.025$
Cost for vpc network per hour: 0.04$

6.4 Additional measurements

Technology Terraform Resources
Airbyte 141
DLT 159
Airflow 158
Dagster 213
Lightdash 181
Metabase 240

Table 6.10: Number of lines of code for terraform Resources by Technology
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Discussion

7.1 Synthesis of Findings

The pipelines built in this thesis do not aim to process a large amount of data,
therefore their costs will not be significantly different from each other. However,
this small difference in cost can be much more significant in real progress and
needs to be taken into account.

The purpose of these pipelines was to store, transform and analyse billing data
from GCP in small quantities (Less than 10Gb of data), evaluating the results we
can observe that the best technologies in terms of pipeline architecture for each
step would be the following:

• Ingestion: No data was ingested in this case since it was already provided
by GCP, but in case it was necessary, Airbyte proved to be a bit cheaper,
and more or less equal in terms of complexity and deployment time.

• Storage: For our example, BigQuery would be the superior alternative, as
Google cloud storage only starts to shine above BigQuery if we want to store
old data in large quantities which is not the case of this study. Also, since
we have less than 10Gb of data, the storage in BigQuery is free.

• Transformation: Regarding transformation technologies, a lot of good points
can be made for dataform, which would not need an orchestrator, and
would therefore be much cheaper than owning a GKE cluster to host it.
However, in this case dbt would be superior to dataform given the con-
straints dataform has, even though its more expensive.

• Analysis: Costwise, Lightdash has proven to be cheaper to host than metabase
in the GCP cluster. Although the choice of these types of technologies can
be heavily biased by the features each one provides, and depends a lot on
personal preference. Still, for the purpose of this pipeline we will select
lightdash as the better choice.

• Orchestration: Both orchestration tools prove to be more or less equal in
terms of complexity and cost. Airflow has a more established platform with
a larger community and ecosystem. On the other hand, if integration with
machine learning frameworks is your priority, Dagster could be the better
choice. Given that we want a simple orchestrator for this task, Airflow is
the better option.
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7.2 Implications

The findings of this study have significant implications for both theory and prac-
tice. Theoretically, it validates the effectiveness of microservice architectures in
data engineering, reinforcing the benefits of using cloud tools to handle scalabil-
ity and complexity. From a practical standpoint, this research provides action-
able insights for organizations looking to implement data pipelines efficiently.
It underscores the necessity of automation and modularity, making these best
practices applicable to a broad range of industries.

This study has also produced a webpage that could be expanded to be used
by users or companies that want to build their own hosted pipelines.
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Conclusion

8.1 Summary of Findings

This research explored the construction and evaluation of modern data pipelines
on Google Cloud Platform, focusing on small scale workloads like GCP billing
data. The pipelines developed were evaluated across key stages: ingestion, stor-
age, transformation, analysis, and orchestration. The findings demonstrate that
technologies like Airbyte, BigQuery, dbt, Lightdash, and Airflow are optimal
choices for specific pipeline stages in terms of cost efficiency and complexity.
While the differences in cost are small due to the limited data used in this study,
these variations can have a significant impact when pipelines are scaled for real
world applications with larger datasets.

8.2 Contributions

The primary contribution of this research is a comprehensive framework for
automating and managing data pipelines using cloud-native, open-source tech-
nologies. By employing Infrastructure as Code tools like Terraform, the study
significantly reduces the complexity associated with setting up and maintain-
ing these pipelines. It also highlights the strengths and limitations of various
technologies in the context of small scale data, offering insights that can guide
practitioners in choosing appropriate tools based on their specific use cases.
Furthermore, the creation of a one-click deployment solution provides a practi-
cal, reusable tool that can be adopted by companies seeking to streamline their
own pipeline setup processes.

8.3 Future Work

This study opens up several avenues for further research. Exploring how the
pipelines perform under heavier workloads would provide valuable insights into
their scalability and long term operational costs. Another potential area of re-
search is to adapt the existing one click deployment tool for multi cloud envi-
ronments, allowing organizations to build resilient and cost-efficient pipelines
across different cloud providers. Additionally, the one click deployment tools
could be expanded by asking the user a series of questions regarding the pur-
pose of the desired pipeline and the environment it will be set in to provide a
tailored selection of technologies.
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