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Resumo

Este projeto consiste sobre o desenvolvimento de uma solução de Business Intelligence
aplicada ao contexto de um sistema de aquaponia numa instituição de ensino supe-
rior, com o objetivo de facilitar a recolha, integração, análise e visualização de dados
operacionais e ambientais. A fragmentação e a falta de padronização dos dados, quer
dos ficheiros, convenções de nomenclatura ou estruturas das tabelas, dificultavam a
consolidação eficiente da informação e a tomada de decisão. O objetivo principal foi
desenvolver uma arquitetura baseada numData Lakehouse para automatizar a recolha,
integração, análise e visualização desses dados, favorecendo a monitorização contínua
dos parâmetros e a partilha de resultados com a comunidade científica.

Para isso, concebeu-se uma arquitetura de dados baseada em paradigmas de Data
Lakehouse, que integra Apache Spark para processamento distribuído e Power BI para
criação de ummodelo semântico e dashboards interativos. O trabalho inclui a conceção
de ummodelo dimensional, a implementação de um pipeline de ETL (Extração, Trans-
formação e Carregamento) para limpeza e unificação de arquivos heterogéneos (com
formatos, convenções de nomenclatura e estruturas de tabelas inconsistentes) e o de-
senvolvimento de relatórios visuais orientados ao desempenho do sistema aquapónico.

A principal contribuição consiste na demonstração do potencial das tecnologias
analíticas e de visualização de dados na gestão sustentável de sistemas de aquaponia,
mostrando comopráticas de engenharia de dados aliadas a ferramentas de BI permitem
superar desafios de qualidade, volumetria e escalabilidade dos dados.

Por fim, a usabilidade da solução Power BI foi avaliada, recorrendo à aplicação de
um questionário, através da Escala de Usabilidade do Sistema, obtendo-se a classificação
de Aceitável. Destacaram-se como pontos fortes a clareza do conteúdo e a facilidade
de navegação, enquanto a estética do design e o desempenho foram apontados como
oportunidades de aperfeiçoamento em desenvolvimentos futuros.

Palavras-Chave: Aquaponia, Business Intelligence, Data Lakehouse
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Abstract

This project focuses on the development of a Business Intelligence solution applied to
the context of an aquaponics systemwithin a higher education institution. Its objective
is to facilitate the collection, integration, analysis, and visualization of operational and
environmental data. The fragmentation and lack of standardization of data, including
files, naming conventions, and table structures, hindered the efficient consolidation of
information and the decision-making process. The main goal was to develop a Data
Lakehouse, based architecture to automate the collection, integration, analysis, and
visualization of this data, enabling continuous monitoring of key parameters and the
sharing of results with the scientific community.

To achieve this, a data architecture based on Data Lakehouse paradigms was de-
signed, integrating Apache Spark for distributed processing and Power BI for the cre-
ation of a semantic model and interactive dashboards. The work includes the design
of a dimensional model, the implementation of an ETL (Extract, Transform, Load)
pipeline for cleaning andunifying heterogeneous files (with inconsistent formats, nam-
ing conventions, and table structures), and the development of visual reports focused
on the performance of the aquaponic system.

The main contribution lies in demonstrating the potential of analytical and data vi-
sualization technologies in the sustainable management of aquaponics systems, show-
ing how data engineering practices combined with BI tools can overcome challenges
related to data quality, volume, and scalability.

Finally, the usability of the Power BI solution was evaluated using a questionnaire
based on the System Usability Scale, resulting in a rating of Acceptable. Strengths in-
cluded content clarity and ease of navigation, while areas for improvement identified
in future developments were the visual aesthetics and performance.

Palavras-Chave: Aquaponics, Business Intelligence, Data Lakehouse
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1
Introduction

At the Polytechnic Institute of Leiria (IPLeiria), specifically at the School of Technology
and Management (ESTG), there is a greenhouse equipped with aquaponics systems,
located within the Laboratory of Integrated Multitrophic Systems (LSMI). This labo-
ratory is part of the Laboratory of Separation and Reaction Engineering & Laboratory
of Catalysis andMaterials (LSRE-LCM) resarch group and integrates aquaculture and
hydroponics in a closed-loop environment. As part of this initiative, IPLeiria is con-
ducting a research line focused on this aquaponics greenhouse, which connects fish
and plant cultivation in a sustainable and interdependent cycle [1].

Aquaponics aims to develop sustainable food production systems that combines two
techniques:(i) aquaculture which is the farming of aquatic animals like fish in tanks
and (ii) hydroponics which is the cultivation of plants in water without soil, using
nutrient-rich solutions [1] [2].

To further enhance the aquaponics system, it is essential to systematically monitor key
environmental and operational parameters — such as temperature, humidity, pH and
nutrient levels [1] — and integrate this data in order to generate actionable insights
that supports the system’s continuous improvement.

The system aims to promote a sustainable, ecological ecosystem where, for instance,
water use is efficient and no chemical products are used. Furthermore, the closed-
loop nature of aquaponics minimizes waste by reusing fish effluents as nutrients for
plants, while the plants, in turn, help purify the water for the fish. This natural syn-
ergy reduces the need for external inputs, lowers operational costs, and decreases envi-
ronmental impact. Additionally, aquaponics systems can be implemented in urban or
resource-limited areas, contributing to local food production, reducing transportation
emissions, and enhancing food security. By integrating technological monitoring and
data analysis, the system’s performance and efficiency can be further optimized [1].

1
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In the context of the LSMI, this thesis aims to overcome the main challenges in data
management, including the lack of standardized procedures, which has led to issues
in data collection and processing.

1.1 Context

As the global population continues to expand and urbanization accelerates, the de-
mand for efficient and sustainable food production systems has become increasingly
urgent. Conventional agricultural practices often involves a substantial utilization of
land, water, and chemical inputs, resulting in environmental degradation and resource
depletion. In response to these challenges, integrated systems such as aquaponics, have
emerged as promising alternatives due to their low environmental impact and resource
efficiency [2].

Aquaponics, though promising, faces key challenges. Maintaining optimal conditions
for both fish and plants highlights the continuous monitoring of environmental vari-
ables, including temperature, pH, and nutrient concentrations. Moreover, the absence
of a systematic approach to data management frequently impedes the extraction of
insights and the enhancement of the aquaponics system.

To address these limitations, the development of a data-driven approach can play a
pivotal role. The aim of this project is the design and development of a comprehensive
Business Intelligence (BI) solution enabling scalable data management and analytics
to support the aquaponics project. The platforms intends to streamline data storage
and enhance decision-making, allowing aquaponics systems to operate with greater
intelligence and efficiency. This thesis explores the design and implementation of this
approach within the context of IPLeiria’s greenhouse aquaponics project.

1.2 Problem Description

The development of an analytical system is important to facilitate the acquisition of
insights and promote continuous enhancement of the greenhouse ecosystem’s perfor-
mance and sustainability. For instance, the greenhouse currently lacks a decision sup-
port system that enables integrated and effective data exploration and visualization for
each project that has been completed, is ongoing, or is planned for the future. Having
a system or platform like this could be really valuable. It could help find ways to im-
prove specific environmental factors, which would make the ecosystem more efficient
overall. Also, there’s no platform to present the results of the various projects devel-
oped, which limits how the data and knowledge generated within the greenhouse can
be shared and accessed.

During the problem contextualization meetings with stakeholders and the analysis of
reports used to register greenhouse environmental variables, several data-related chal-
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lenges were identified. These issues primarily stem from the methods by which data
is collected, stored, and maintained. At that time, the greenhouse staff and researchers
utilized Excel files as the primary data storage system.

1.3 Objectives

In the context of the LSMI, this thesis proposes the design and implementation of a
decision support system, which has the potential to significantly enhance the effective-
ness of ecosystem management.

To achieve this, the first step is to overcome themain challenges outlined in Section 1.2,
in order to prevent and eliminate inconsistencies in data collection and processing.
Next, a set of strategic actions is presented to help overcome the challenges and align
with the project’s overall objectives:

• Design an integrated data architecture tailored to the needs of LSMI, enabling
efficient and scalable data management.

• Establish standardized procedures for data collection, processing, and organiza-
tion to ensure consistency and reliability.

• Develop a unified data model that consolidates heterogeneous datasets into a
coherent structure, supporting cross-analysis.

• Enable systematic data analysis by transforming raw data into structured formats
suitable for scientific insight and decision-making.

• Support research and monitoring activities by providing accurate, timely, and
accessible information that improves operational and scientific outcomes.

• Ensure that the platform supports future developments, namely through the inte-
gration of Internet of Things (IoT) systems for the automated collection of certain
parameter values, which may involve a Big Data environment.

1.4 Methodology

For this work, an adapted version of the Cross-Industry Standard Process for Data
Mining (CRISP-DM) methodology was adopted. Developed in 1996 by an industry
consortium, this methodology was created to be neutral in terms of industry, tools,
and application domains [3]. CRISP-DM is a structured, cyclic approach for carrying
out data mining and analytical projects. It is composed of six phases: Business Under-
standing, Data Understanding, Data Preparation, modelling, Evaluation, and Deployment,
Figure 1.1. This framework provides flexibility and guidance throughout the project
lifecycle, making it suitable for a wide range of data-driven initiatives [3].

The evolution of the CRISP-DM, as analyzed by [5], highlights the model’s flexibility
and adaptability to different business and technical contexts. In this article, published
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Figure 1.1: Schema of a CRISP-DM model in [4].

in 2024, various adaptations of the CRISP-DM methodology to various business do-
mains were also examined, demonstrating its capacity to be tailored to specific indus-
try needs and data-driven objectives. The authors analyzed 16 CRISP-DM derivatives,
identifying common adaptation patterns such as phase addition or modification, in-
clusion of new features and tools, and integration with other methodologies [5]. As a
result, the study proposes a theoretical guide to support the customization of CRISP-
DM, reinforcing its relevance as a robust and versatile framework [5].

The CRISP-DM methodology has already been adapted in the context of BI projects.
In 2020, a master’s thesis from the University of Aveiro applied a CRISP-DM - based
approach to the development of a Power BI solution [6]. Similarly, in 2022, a project
also employed a tailored version of the CRISP-DM methodology to support the design
of a Power BI solution [7].

Considering the flexibility of the CRISP-DM framework and its demonstrated effec-
tiveness in BI projects, this thesis adopts a version of the methodology adapted to the
specific requirements of the aquaponics research context at LSMI. While preserving
the core structure of the original CRISP-DM model, this adaptation introduces refine-
ments to better address the characteristics of environmental data and to support the
iterative development of dashboards using Power BI desktop. This approach ensures
methodological coherence with previous CRISP-DM applications, while meeting the
analytical and operational demands of this particular project.

CRISP-DM Methodology Adapted to BI Solutions

Below, each phase of the adapted CRISP-DMmethodology is presented in detail, high-
lighting how it was implemented and tailored to the context of this work.
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• Business Understanding: Define the project’s objectives in the context of the
LSMI aquaponics system, identifying the need for data integration, monitoring,
and analysis to support research activities.

• DataUnderstanding: Examine the structure, content, and quality of the available
datasets. This phase involves identifying missing values, detecting inconsistent
formats and analyzing data distributions. It also includes understanding the ori-
gin, granularity, frequency, and reliability of each data source.

• Data Preparation: Standardize, clean, and transform the raw data collected from
various Excel files into a consistent and structured format suitable for analysis.
This phase includes handlingmissing values, normalizing data types, and ensur-
ing referential integrity across datasets. It also involves the implementation of an
ETL process to automate the integration of data from heterogeneous sources into
a unified datamodel. Business rules are defined and applied during this phase to
ensure the accuracy and relevance of the transformed data, which is then loaded
into the analytical environment to support subsequent modelling and visualiza-
tion tasks.

• Modelling: Design a dimensional data model (star or constellation schema) tai-
lored to the project’s analytical needs. Although this phase does not involve pre-
dictive modelling, it provides the structural foundation for analysis and report-
ing.

• Evaluation: Validate the quality and completeness of the integrated data and
assess whether the BI model meets the intended analytical goals. This includes
reviewing dashboards, verifying key metrics, and confirming that the visualiza-
tions accurately reflect the collected responses. At this stage, the Power BI report
was made available to the users involved in the project so they could validate
the presented values and ensure the accuracy of the transformations and visual
output. Additionally, a group of participants was involved in a survey to gather
feedback regarding the usability and overall user experience of the Power BI so-
lution.

• Deployment: Once the dashboards were finalized, the solution was published
to the LSMI Project workspace. During this phase, access permissions were con-
figured to ensure that stakeholders had appropriate visibility according to their
roles, and automatic data refresh schedules were defined to keep the reports up
to date. Additionally, documentation was prepared to describe the main results,
outline the implemented features, and register lessons learned that may inform
future projects and improvements.

Just like the original CRISP-DM model, the adapted methodology presented in this
work also follows a bidirectional flow between certain phases, allowing for iteration
and refinement throughout the process, Figure 1.1.

To ensure an organized and efficient development process throughout the project, the
work was managed using Notion, a digital workspace tool. The thesis chapters and
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subchapters were outlined and structured within the platform, thereby providing a
dynamic overview of the project’s progression. The classification of tasks and com-
ponents was facilitated by status labels such as Not Started, In Progress, Review, Done,
For Validation and Waiting, which enabled progress tracking and prioritization, Ap-
pendix A. Furthermore, a calendar, was developed to align deliverables with estab-
lished milestones, thereby facilitating enhanced time management and iterative pro-
cesses. This structured approach facilitated enhanced visibility regarding the work-
flow, thereby fostering a more agile and methodical execution of each phase of the
thesis.

1.5 Structure of the Document

This document is structured to provide a comprehensive overview of the development
of a data architecture to support scientific research and monitoring activities in the
context of an aquaponics system. Each chapter contributes to building a clear under-
standing of the technical, methodological, and practical components of the project:

• Chapter 1: Introduction - Provides an introduction to the project, including the
context, the problem being addressed, the main objectives, the methodological
approach adopted, and an overview of the document structure.

• Chapter 2: Aquaponics System Overview: Design and Challenges - Describes
the physical and operational structure of the aquaponics system and identifies
the main challenges in data collection and management.

• Chapter 3: Cloud Ecosystems for Business Intelligence and Big Data: A Tech-
nical Review - Provides the theoretical and technological foundations for the
project. It reviews key concepts related to big data, cloud computing, distributed
processing, and modern data architectures, with a special focus on Lakehouse
and Microsoft Fabric.

• Chapter 4: Solution Overview and BI Arquitecture - Details a comprehensive
overview of the proposed solution and the Business Intelligence architecture de-
signed to support it. The text explains the strategies employed to address the
identified challenges, as well as the methods applied during the development of
the solution.

• Chapter 5: The Aquaponics System Design - Details the process of locating
and analyzing data sources relevant to the aquaponics system. It includes an
overview of how data is collected, recorded, and governed through business
rules. Describes the dimensional model used to organize the data for analytical
purposes. It includes the definition of dimensions, fact tables, hierarchies, and a
bus matrix, as well as a visual representation of the model. Presents the matrix
that maps the fields from the original data sources to the dimensional schema,
distinguishing between dimensions and fact tables.

• Chapter 6: Lakehouse Implementation and Data Integration Project – ETL -
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Explains the architecture and implementation of the data integration pipeline,
including the extraction, transformation, and loading ETL phases, as well as the
orchestration strategy used to manage the process.

• Chapter 7: Building the Visual Aquaponic Project - Describes the practical im-
plementation of the visual aquaponics project using Power BI. It covers the config-
uration of the Power BI Desktop environment, secure data connection, semantic
data modelling, including table relationships, hierarchies, and DAX measures,
and the design of the final reports and dashboards.

• Chapter 8: Usability Evaluation of theVisualAquaponicsDashboard - Presents
the usability evaluation of the developed Power BI dashboard through the appli-
cation of the System Usability Scale (SUS). The chapter also includes the analy-
sis of the results and a brief discussion of the conclusions drawn from the users’
feedback.

• Chapter 9: Conclusion - Summarizes the main contributions and results of the
thesis, reflects on its limitations, and suggests directions for future work.



2
Aquaponics SystemOverview:

Design and Challenges

This chapter presents an overview of the aquaponics system developed at IPLeiria. It
first describes the system’s design and functionality, emphasizing its integration of
aquaculture and hydroponics in a closed-loop environment. Next, key operational
challenges, such as data acquisition, environmental monitoring, and scalability, are
identified.

2.1 Introduction to Aquaponics

Aquaponics have historical roots dating back to ancient civilizations. The Aztecs de-
veloped chinampas, floating agricultural islands in shallow lakes in central Mexico,
often regarded as the first aquaponics system. Similarly, in ancient China, rice paddies
were integrated with aquatic organisms like fish, which entered through floodwaters
[8], creating a synergistic farming system. Other aquaponics systems, such as mono-
culture and polyculture, also emerged, with shrimp and fish co-cultivation enhancing
nutrient cycling and sustainability [8].

Aquaponics is a farmingmethod that promises to be a good alternative against the food
and environmental problem the world is facing. It is a combination between aquacul-
ture (fish farmimg) and hydroponics (growing plants without soil), being a technique
to growplants using the aquaculture effluent [9]. Thismethod is based on the principle
of symbiosis: the metabolic waste produced by the fish, rich in nutrients, is converted
into compounds usable by the plants through the action of nitrifying bacteria. In turn,
the plants filter the water, returning it clean to the fish farming system. Both terrestrial
plant production systems and aquatic animal production systems share a common re-
source: water. Plants generally consume water through transpiration, releasing it into
the surrounding gaseous environment, whereas fish consume less water but, when

8
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raised in confined environments, generate substantial wastewater flows due to the ac-
cumulation of metabolic waste [2]. This technique demonstrates high water efficiency,
minimizes pesticide use, and reduces fertilizers, making it both green and sustainable.
The growing interest in aquaponics highlights the challenge of ensuring its feasibility
and reliability on a commercial scale [9].

Aquaponics systems can be implemented at different scales, ranging from small house-
hold units to large commercial facilities, and can be adapted to a wide variety of cli-
mates and conditions. In “On the sustainability of aquaponics,” a study, show that
this technology demonstrates high efficiency in the production of vegetables and fish,
making it viable in both urban and rural areas [10].

The symbiotic cycle of an aquaponics system is represented in Figure 2.1, illustrating
the interaction between fish, plants, and bacteria to establish a sustainable ecosystem.
In this system, fish release waste in the form of ammonia (𝑁𝐻3), which is toxic in high
concentrations. Nitrosomonas bacteria convert the ammonia into nitrites (𝑁𝑂−

2 ), which
are still harmful to fish. Subsequently, Nitrobacter bacteria transform these nitrites into
nitrates (𝑁𝑂−

3 ), a less harmful compound that serves as a vital nutrient for plants. The
plants then absorb the nitrates as fertilizer, facilitating their growthwhile purifying the
water. Finally, the purifiedwater is returned to the fish tank, completing the cycle. This
process exemplifies the efficient use of resources in aquaponics, fostering a balanced
and mutually beneficial environment for both plant and fish production [11].

Figure 2.1: Scheme of an aquaponics system in [11].

2.2 The Greenhouse Aquaponics System Design

In the context of the LSMI at IPLeiria and according to the presentation document on
LSMI Projects, an aquaponics system is housed in a greenhouse built in 2018. This fa-
cility, covering approximately 150m², is located on Campus 2 of the ESTG. The primary
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focus is on sustainable production systems that integrate aquaculture and hydropon-
ics, Figure 2.2 [1].

Figure 2.2: aquaponics system is housed in a greenhouse built in 2018 in [1].

At the moment the LSMI operates five independent aquaponics systems (Lines 1, 2,
and 3, as well as the Corner System and Door System). The Lines, three independents
integrated aquaponics systems, each equipped with essential components, including
a 3400 L aquaculture tank, a mechanical filter, a sedimentation tank, a biofilter, a hy-
droponic bed, and a sump tank. These systems operate within a closed-loop water
and nutrient circulation framework, ensuring continuous aeration in key components
tomaintain optimal performance [1], as illustrated in, Figure 2.3. The Door and Corner
Systems contain the same components as the line systems, except for the Mechanical
Filter and the Sump, and they also feature a different layout. The components are:

• Aquaculture Tank (3400 L) – Used for fish farming, where fish waste is collected
and processed for plant nutrition.

• Mechanical Filter – Removes solid waste particles from the water before it pro-
ceeds to the biofiltration stage.

• Sedimentation Tank (90 L) – Separates heavier particles from thewater, improv-
ing its quality.

• Biofilter (300 L) – Contains bioballs that promote bacterial growth, converting
harmful ammonia into nitrates, which are beneficial for plant growth.

• Hydroponic Bed (2250 L) – Supports plant cultivation in water enriched with
nutrients from the aquaculture system.

• Sump (500 L) – Acts as a reservoir to collect and recirculate water back into the
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Figure 2.3: Components of the LSMI at IPLeiria in [1].

system, ensuring continuous operation.

The system operates as a closed loop, with green arrows illustrating the continuous
flow of water and nutrients between the components. This setup highlights the sym-
biotic relationship between fish and plants, demonstrating a sustainable and efficient
approach to integrated aquaponics. The figure is labeled as Figure 2.4.

Figure 2.4: Integrated Water Recirculation System.

The aquaponics systems support different fish species. The greenhouse allocates some
projects over time. At present, Line 1 is dedicated to a culture of Cyprinus rubrofuscus,
typically measures between 25 and 70 cm in length, weighs between 1 and 5 kg, and
thrives in water with a pH range of 6.8–8.2 and an optimal temperature between 15–
25°C. Lines 2 and 3 are home to Clarias gariepinus (African catfish), which grow to over
100 cm in length, exceed 4 kg in weight [1].
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Figure 2.5: Plants cultivated at the LSMI in [1].

In addition to fish, the LSMI cultivates a variety of plants, Figure 2.5, including mint
(Mentha spicata), chili (Capsicum frutescens), lettuce (Lactuca sativa), basil (Ocimum
basilicum), tomatoes (Solanum lycopersicum), and many others. This diversity under-
scores the adaptability and efficiency of the aquaponics system in producing both plant
and fish crops sustainably [1].

System maintenance is a critical aspect of the LSMI’s operations. It involves monitor-
ing physical-chemical water parameters such as pH, temperature, Dissolved Oxygen
(DO), and Total Dissolved Solids (TDS) using multiparametric probes. Laboratory
analyses are also conducted to assess water quality indicators, including ammonia, ni-
trates, nitrites, and phosphates. Furthermore, the feeding and behavioral observation
of the fish, as well as the evaluation of plant growth and quality, are essential compo-
nents of the system’s maintenance strategy. This comprehensive approach ensures the
effective functioning and sustainability of the aquaponics systems at LSMI [1].

2.3 Identification of Measured Aquaponics Parameters

Aquaponics systems require a delicate balance to support optimal species develop-
ment. Achieving this balance necessitates foundational knowledge and experience in
several areas, including environmental conditions (e.g., air temperature, humidity, wa-
ter temperature, pH, and DO), water quality (e.g., ammonia, nitrites, nitrates, alkalin-
ity, heavy metal pollution, and microbial contamination), the quantity and frequency
of fish feeding, and the extent of fish waste mineralization. Environmental factors such
as temperature, humidity, pH, and mineral concentrations should be maintained as
close as possible to the ideal conditions for species growth [11].

To document the development of work conducted in the aquaponics system at LSMI, a
variety of parametersweremeasured. Below, all the collected parameters are presented
in detail, along with relevant information.

There are parameters that are measured daily across the various tanks within the dif-
ferent existing systems. When a specific project is underway, measurements are taken
both in the morning and afternoon. Otherwise, only one reading is performed per day,
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either in the morning or in the afternoon. Throughout this study, these data will be
referred to as Daily System Records, Table 2.1.

Parameters (Units) Description Reference

DO mg/L Concentration of dissolved oxygen in wa-
ter; essential for aquatic respiration

[11]

Temperature °C Water temperature; influences water
quality and biochemical processes

[11]

pH Measures acidity/alkalinity (0–14 scale;
<7 acidic, 7 neutral, >7 alkaline)

[12]

Electrical conductivity (𝜎)
µS/cm

Water’s ability to conduct electricity; re-
lated to dissolved ion concentration

[12]

TDS mg/L Total dissolved substances in water [12]
Oxidation-Reduction-
Potential (ORP) mV

Oxidation-reduction potential; indicates
ability to oxidize/reduce substances

[12]

Table 2.1: Parameters of the daily system records, units, descriptions and literature references

The Table 2.2 presents the products added to the different tanks of the existing systems.
It is worth noting that fish feed is administered on a daily basis, while the addition of
other products occurs sporadically.

Products (Units) Description

Fish feed (g) The amount of food provided to the fish
Potassium carbonate (K2CO3) (g) The amount of potassium carbonate used for pH or

alkalinity adjustment [12] and provide potassium,
an essential macronutrient for plant growth [13]

Potassium hydroxide (KOH) (g) The amount of potassium hydroxide used for pH or
alkalinity adjustment [12] and provide potassium,
an essential macronutrient for plant growth [13]

Calcium hydroxide (Ca(OH)2) (g) Used for pH or alkalinity adjustment [12]
Calcium carbonate (CaCO3) (g) Used to adjust water hardness and alkalinity [12]

Table 2.2: Chemical and nutritional parameters used in the aquaponics system

The air temperature and humidity were recorded daily using sensors located in Lines
1, 2, and 3. Throughout this study, these data will be referred to as Temperature and
Humidity.

The water consumption in the various tanks was also recorded. This data will be re-
ferred to as Water Consumption.

The parameters assessed on a weekly basis are referred to as Weekly Laboratory Anal-
ysis. A brief description of each is provided in Table 2.3. The metals were controlled
monthly, as shown in Table 2.4.
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Nutrients Description Reference

NH+
4 (Ammonium) Ion derived from ammonia (NH3), formed under

acidic conditions. Essential for plants, but toxic to
aquatic organisms at high concentrations.

[12]

PO3
4− (Phosphate) Phosphorus-containing compound commonly used

as fertilizer. Promotes plant and algae growth; ex-
cessive amounts may cause eutrophication.

[12]

NO−
3 (Nitrate – UV-C

Method)
Measurement of nitrate levels using UV spec-
troscopy. Nutrient for plants, but harmful at high
levels for health and the environment.

[12]

NO−
2 (Nitrite) Intermediate in nitrification/denitrification. Highly

toxic to fish and aquatic organisms even at low con-
centrations.

[12]

Table 2.3: Description of nutrients relevant to aquaponics

Metals Description Reference

Na590 (Sodium – 590
nm)

Refers to the spectral line at 590 nm associated with
sodium’s emission/absorption. Sodium is essential
in biological systems and present in various aquatic
solutions.

[12]

K676 (Potassium – 676
nm)

Potassium is a vital macronutrient for both plant
growth and animal health. The value 676 refers to
its characteristic spectral line.

[12]

Ca423 (Calcium – 423
nm)

Calcium plays a key role in biological processes
such as bone formation and cellular regulation. The
423 nm value corresponds to its spectral analysis.

[12]

Mg285 (Magnesium– 285
nm)

Magnesium is essential for plants and organisms,
particularly as a central component of chlorophyll.
The 285 nm wavelength is used in its spectrophoto-
metric measurement.

[12]

Table 2.4: Description of metals relevant to aquaponics analysis

The number and type of fish introduced into the various tanks were documented.
These data are referred to as Fish. Information regarding the plants and fruits pro-
duced in the various systems was also recorded. Since 2019, three main projects have
been carried out, the details of which are described in the Table 2.5.

Project Number Project Name Start Date Project End Date Project

Project1 Arugula & Lamb’s Lettuce 20191023 20191211
Project2 Mealworms 20210427 20210608
Project3 Papaya Trees 20220502 20230504

Table 2.5: LSMI projects at IPLeiria
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2.4 Greenhouse Data: A Closer Look at the Challenges

The main objective of the project is the development of a BI solutions using the param-
eters collected at the greenhouse to monitor them regarding several projects. Addi-
tionally, to visualize and explore the parameters thought dashboards sharing results
efficiently with the scientific community.

However, this process faces a series of technical challenges related to data quality [14].
In the data records of the LSMI greenhouse several challenges were identified. One of
the primary issues was related to data structure, particularly the fragmentation of data
acrossmultiple fileswithout clear criteria, requiring significant effort for consolidation.
Additionally, some datasets were dispersed across different files, as seen in the case of
the fish records, necessitating a unification process to ensure consistency.

Another major challenge was the lack of standardization in file naming conventions,
which hindered proper data organization and mapping. The improper use of merged
cells further complicated the process, making it difficult for programmatic recognition
of headers or specific values. Furthermore, inconsistent table placement across differ-
ent files introduced additional complexity in data extraction. The column order varied
from file to file, even when representing the same fields, leading to inconsistencies in
data analysis. Moreover, some files contained a different number of columns, deviating
from the established standard and further complicating integration.

To address these challenges, it was necessary to reorganize the data. In metting with
stakeholders standardized templates were created, defining clear formatting rules to
ensure uniform data entry. The greenhouse researchers were invited to use these tem-
plates when filling in the data and saving the files in the corresponding folders. This
structured approach ensured that the files could later be ingested efficiently and re-
ducing inconsistencies the data processing workflow.

One of the main challenges was the absence of data on certain dates, as seen, for exam-
ple, in the Weekly Laboratory Analysis entries where some weeks had no records. In
addition, duplicate values and discrepancies were found, resulting from human errors,
which compromised the integrity of the database.

Another relevant issue was the presence of different data types within the same col-
umn, for example, textual and numerical data which adversely affected both the anal-
ysis and automated processing. Numerical data containing symbols, such as the per-
centage sign (%) or an asterisk (*), were also identified in certain cells, making it diffi-
cult to convert these values into a usable numerical format. The inconsistent use of dec-
imal separators further complicatedmatters, as themixed use of comma (,) and period
(.) as decimal separators led to confusion and incorrect interpretations of numerical
values. For instance, “1,000” could be interpreted as one thousand or one, depending
on the context. Finally, another challenge was the use of inconsistent date formats, as
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dates were represented in different ways, such as DD/MM/YYYY andMM/DD/YYYY,
which hindered the unification and temporal analysis of the data.

Challenges related to the volume and scalability of the data were also an important
concern. The continuous growth of the files over time, as new data is added, demands
constant updates to the database. Moreover, periodic updates to existing data are car-
ried out, especially when errors are identified in previously entered records, which
increases the complexity of version management.



3
Cloud Ecosystems for BI and
Big Data: A Technical Review

This chapter presents and develops a technical overview of cloud ecosystems in the
context of BI and Big Data, along with essential definitions and concepts that support
the foundation of this work.

Given the wide range of technologies currently available in this domain, a particular
emphasis will be placed on the utilization of Microsoft Fabric as the designated plat-
form for the implementation of the ETL process. Therefore, a more in-depth analysis
of Fabric will be conducted. This analysis will explore the key features, and integration
within modern business workflows.

3.1 Introduction to BI

As stated by [15], BI refers to a set of processes, technologies, and tools that enable
organizations to collect, integrate, analyze, and present data to support strategic and
operational decisionmaking [15]. In their conventionalmanifestation, BI systemswere
generally centralized and constructed upon structured data warehouses devised using
dimensional modelling methodologies, such as the star and snowflake schemas put
forth by Kimball [14]. These environments were characterized by a significant reliance
on rigid Information Technology (IT) processes and were predominantly managed by
IT departments, exhibiting minimal flexibility for end-users. However, over the past
decade, the field has undergone a significant transformation driven by advancements
in cloud computing, data democratization, and real-time analytics. The contempo-
rary paradigm of BI places significant emphasis on the capabilities of self-service, the
utilization of interactive data visualizations, and the integration of a diverse array of
data sources, which are often characterized by a lack of structure. This assertion is
supported by the seminal work of [16] in What is modern BI? How is it different from tra-
ditional BI?. The objective is to empower business users to autonomously explore data

17
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and extract insights with minimal reliance on technical teams.

The rapid growth in the volume and granularity of data generated by organizations,
driven by sources such as social media, the Internet of Things (IoT), and multimedia
content, has resulted in an unprecedented influx of both structured and unstructured
data. This accelerated pace of data generation, commonly referred to as Big Data, has
become a prominent and widely acknowledged trend [17].

3.2 An Introduction to Cloud Business Intelligencee

Big Data refers to extremely large and complex datasets that traditional data process-
ing systems are not equipped to handle efficiently. The concept is often characterized
by five key dimensions, commonly known as the 5 Vs: Volume, the massive scale of
data generated continuously by users, systems, and devices; Velocity, the high speed at
which data is produced and needs to be processed in real-time or near real-time; Vari-
ety, the wide range of data formats—structured, semi-structured, and unstructured—
originating from diverse sources such as sensors, social media, and transactional sys-
tems; Veracity, the degree of accuracy and reliability of data, which can be affected by
inconsistencies and noise; and Value, the potential insights and business impact that
can be extracted from data through proper analysis. These dimensions highlight the
challenges and opportunities that BigData presents, particularly in the context of cloud
computing andBI,where scalable infrastructure and advanced analytics techniques are
essential to extract meaningful insights [18] [19].

Cloud computing has emerged as a transformative technology in recent years, signifi-
cantly reshaping the landscape of IT service delivery [20]. It has transformed the way
organizations manage, process, and analyze data, offering scalable, on-demand access
to computational resources, enhanced security, parallel processing capabilities, and
elastic data storage. In the context of BI, cloud platforms provide flexible environments
that support data-driven decision-making at scale [17], [20].

The convergence of BI and cloud computing arises from the increasing volume, veloc-
ity, and variety of data, characteristics typically associated with Big Data, that demand
more dynamic and scalable infrastructure. Traditional on-premises BI solutions often
face limitations in terms of scalability, maintenance overhead, and cost efficiency [20].
Cloud-based BI platforms address these challenges by leveraging distributed comput-
ing, elastic resources, and service-oriented architectures [17], [21].

Moreover, the adoption of cloud services supports a variety of deployment and service
models, such as Infrastructure as a Service (IaaS), Platform as a Service (PaaS), and
Software as a Service (SaaS), each offering different levels of abstraction and control
over the computing environment [22]. These models are particularly relevant for BI
applications, as they enable organizations to tailor their analytics pipelines to specific
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business needs and technical capabilities.

In the SaaS model, providers deliver business applications over the internet, eliminat-
ing the need for companies to host and manage these solutions internally [20]. This
shift enables quicker implementation cycles, easier access to updates, and greater focus
on data analysis rather than infrastructure management.

Recent advancements in cloud-native storage architectures have also introduced new
paradigms, such as Data Lakes and Lakehouses, that are increasingly relevant formod-
ern BI initiatives. Data lakes allow for the centralized storage of vast amounts of raw,
heterogeneous data at a relatively low cost, accommodating both structured and un-
structured formats [23]. However, the lack of structure and governance in data lakes
can lead to challenges related to data quality and consistency [23]. To address these
issues, the Lakehouse architecture has emerged as a hybrid solution that combines the
scalability and flexibility of data lakes with the reliability and schema enforcement of
traditional datawarehouses [24]. This architecture supports robust, high-performance
analytics while maintaining the agility required for modern cloud BI systems [24]. The
paradigms will be more deeply analyzed in Section 3.4.

In the evolving landscape of BI, three prominent trends have emerged: cloud-native BI,
self-service analytics, and embedded BI [16], [25]. Cloud-native BI leverages the scala-
bility and flexibility of cloud platforms, enabling organizations to process and analyze
vast datasets efficiently, a necessity highlighted by the increasing demand for real-time
insights [16]. Self-service analytics empowers non-technical users to access and inter-
pret data independently, fostering a data-driven culture and reducing reliance on IT
departments [16]. Embedded BI integrates analytical capabilities directly into business
applications, allowing users to access insights within their regular workflows, thereby
enhancing decision-making processes [25]. Collectively, these trends are transforming
BI into a more accessible, integrated, and agile tool for modern enterprises [25].

3.3 Big Data Processing Paradigms

3.3.1 Difference Between Traditional Processing vs Distributed Processing

According to [26], the term Big Data first appeared in 1997 when NASA scientists re-
ported challenges in visualizing large data sets. Later, the consultancy firm McKinsey
formalized the broader concept, emphasizing its growing importance. The process-
ing life cycle of big data includes acquisition, preprocessing, storage, security, analysis
and visualization. These challenges and processes have become central tomodern data
science [26].

According to International Data Corporation (IDC), it is expected that the world data
will grow at a compound annual rate of 61% that is from 33 Zettabytes in 2018 to 175
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Zettabytes by 2025 (Figure 3.1) [19].

Figure 3.1: Evolution of Big Data in [27]

Traditional relational databases and data warehouses were designed for structured
data with fixed schemas [28]. Relational Database Management Systems (RDBMS)
were widely used for data storage but began facing limitations with the rise of big data.
Themassive growth in data volume, often reaching terabytes and petabytes, surpassed
the capacity of traditional systems. Upgrades in hardware to cope with this growth led
to higher costs. Additionally, RDBMS struggled with handling semi-structured and
unstructured data, which now make up most of data types. They also proved inef-
ficient in processing high-velocity data streams, prompting the shift toward big data
technologies [27]. In response, Yahoo developed Hadoop in 2006 as an open-source
Apache project to support distributed processing of big data across clusters [28].

IDC categorizes the evolution of data usage into three main platforms, Figure 3.2. The
1st Platform (before 1980) centralized data and processing within mainframes located
in dedicated datacenters, primarily for business purposes. The 2nd Platform (1980–
2000) introduced personal computers and digital entertainment, with datacenters dis-
tributing data across emerging networks to personal devices. The 3rd Platform (2000
to present) is defined by high-speed networks and cloud computing, enabling data
access from any device, such as smartphones, wearables, and gaming consoles, reduc-
ing the need for local storage and transforming data usage across business and social
environments [27].

3.3.2 Scalable Distributed Computing with Hadoop and Spark

Distributed data processing relies on dividing large, data-intensive tasks into smaller
subtasks that are executed in parallel across cloud-based infrastructures. These infras-
tructures consist of containerized systems, virtual machines, or serverless computing
platforms provided by major cloud vendors like Amazon Web Services (AWS), Azure,
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Figure 3.2: Evolution of Computing in [27]

and Google Cloud Platform (GCP). This distributed architecture enhances processing
speed, resource efficiency, and fault tolerance. Core components such as data par-
titioning, parallel computing, and dynamic service allocation allow for scalable and
cost-effective analytics. Frameworks like Apache Spark further support the design and
execution of distributed workflows, empowering organizations to harness the full po-
tential of cloud computing for large-scale data processing [29].

One of the foundational technologies in this domain is Apache Hadoop, which intro-
duced the MapReduce programming paradigm [30]. MapReduce structures compu-
tations into two main phases: the Map phase processes input data in parallel across
nodes, while the Reduce phase aggregates intermediate results. This model provides
fault tolerance and scalability through distributed storage via Hadoop Distributed File
System (HDFS) and computation. Despite its robustness, Hadoop’s disk-based inter-
mediate steps can be inefficient for iterative or real-time tasks [30].

To overcome these limitations, Apache Spark emerged as a high-performance alterna-
tive designed for in-memory processing. At its core, Spark uses Resilient Distributed
Datasets (RDDs), which are immutable, distributed collections of objects that sup-
port parallel operations. Computations on RDDs are represented as Directed Acyclic
Graphs (DAGs), enabling the system to optimize execution plans and reduce unneces-
sary data shuffling. Additionally, Spark employs lazy evaluation, meaning transforma-
tions are not immediately executed but are only triggered when an action is invoked.
This allows Spark to group operations for more efficient execution [31], [32].

Cloud integration has significantly enhanced the accessibility and scalability of these
frameworks. Apache Spark on Microsoft and Google Cloud allow users to provision
and manage Spark clusters in a cloud-native environment. Databricks, a unified ana-
lytics platform founded by the creators of Spark, offers managed Spark clusters with
collaborative notebooks, optimized performance, and seamless integration with cloud
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storage, making it a popular choice for enterprise-scale data analytics [24], [32].

Overall, frameworks like Hadoop and Spark, especially when integrated with cloud-
native tools, form the backbone of scalable, efficient, and resilient data analytics infras-
tructures.

3.4 Modern Data Architectures for Analytics

In the contemporary landscape of analytics, there is an increasing demand for data ar-
chitectures that exhibit flexibility, scalability, and efficiency. These architectures must
evolve beyond the conventional Data Warehouse (DW) model. Over the past decade,
there has been a significant evolution from rigid, schema-on-write DW to more adapt-
able, schema-on-read Data Lakes, and more recently, to the hybrid model of Lake-
houses. These architectures are designed to manage the increasing volume, velocity,
and variety of data generated by modern applications [24].

3.4.1 From Data Warehouse to Data Lake and Lakehouse

Recent studies suggest that the traditional DW architecture is expected to decline in
relevance over the coming years, being gradually replaced by a more modern and flex-
ible architectural paradigm known as the Lakehouse. This emerging model is distin-
guished by its utilization of open, direct-access file formats, including Apache Parquet
[24].

As illustrated in Figure 3.3, the evolution of data platform architectures has undergone
three distinct transitions over time. The first model, which represents first-generation
platforms, is predicated on a conventional centralizedDW. In this architecture, the data
is extracted, transformed, and loaded into a centralized warehouse optimized for ana-
lytical queries. The utilization of data warehouses is predominantly oriented towards
the facilitation of tools and reporting systems that are of a more immediate nature.
While this model is characterized by its robustness and reliability, it is important to
note its limitations in processing unstructured data. Furthermore, as data volumes
increase, this model faces scalability and cost challenges [24] [33].

As data became increasingly diverse andunstructured, a two-tier architecture emerged,
as illustrated in the second model. In this model, raw data is first ingested into a data
lake, which can store structured, semi-structured, and unstructured data formats, in-
cluding images, videos, and documents. The Data Lake has the capacity to process and
transfer information to a DW via ETL for traditional BI consumption. This approach
offers increased flexibility and lower storage costs; however, it introduces architectural
complexity and often leads to data duplication across systems and pipelines [24] [33].

The third model represents the most recent development: the Lakehouse architecture.
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Figure 3.3: Adapted illustration of the evolution of data platform architectures in [34], based on the
original figure from article:“Lakehouse: A new generation of open platforms that unify data warehousing
and advanced analytics” [24].

The objective of Lakehouse platforms is to integrate the governance, reliability, and per-
formance characteristics of data warehouses with the scalability and flexibility of data
lakes within a cohesive architecture [24] [35]. The data persists in the data lake, aug-
mented by layers that facilitate metadata management, indexing, and caching, thereby
enabling high-performance analytical queries [35]. This architecture facilitates the con-
current execution of big data, reporting, data science, andmachine learning workloads
on the same data, eliminating the necessity for replication. Consequently, the Lake-
house model has been shown to simplify data infrastructure, reduce operational over-
head, and enhance consistency and accessibility across analytical environments [24].

Before presenting the comparison between DW, Data Lake, and Lakehouse architec-
tures, it is important to clarify the concept of ACID. This acronym stands for Atomicity,
Consistency, Isolation, and Durability, four fundamental properties that ensure data
integrity within transactional systems [36].

• Atomicity guarantees that each transaction is executed fully or not at all, prevent-
ing partial updates and data corruption in case of failure.

• Consistency ensures that transactions transition the database fromone valid state
to another, preserving data integrity.

• Isolation protects concurrent transactions from interfering with each other, al-
lowing them to behave as if executed sequentially.

• Durability ensures that once a transaction is successfully committed, its changes
persist permanently, even after system failures.

OLTP systems prioritize fast, frequent transactions, while OLAP systems handle com-
plex analytical queries over large datasets. Traditionally, OLAP emphasized query per-
formance over transactional integrity [37]. However, with the addition of data inges-
tion (batch and streaming) and concurrent querying, ACID compliance has become
crucial to ensure data reliability and correctness in modern OLAP systems [24].
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As mentioned earlier, the data lake presents several issues, particularly the lack of es-
sential management capabilities, such as ACID transaction and efficient access mecha-
nisms like indexing, which are necessary to match the performance of traditional data
warehouses [24].

ACID transactions are essential for data reliability, consistency, and integrity in data
systems. Traditional data lakes lacked these guarantees, prompting the evolution of
the Lakehouse architecture. By adding transactional capabilities over scalable storage
using open table formats, Lakehouses unify the flexibility of data lakes with the reli-
ability of databases, enabling consistent analytics, real-time ingestion, and concurrent
operations [24].

To support a clear understanding of the distinctions between traditional Data Ware-
houses, Data Lakes, and the Lakehouse paradigm, Table 3.1 presents a comparative
overview of their key characteristics. Given the flexibility, scalability, analytical capa-
bilities, and BI potential of both Data Lakes and Data Warehouses, Lakehouse data
management is rapidly emerging as an industry standard particularly appealing to
growing, cost-conscious organizations [33]. The table highlights the unique strengths
of each architecture across several relevant criteria, including supported data types, ac-
cess mechanisms, performance, governance, scalability, cost, and quality. It also con-
siders compliance with ACID properties to ensure transactional reliability, customiza-
tion flexibility for developers, and the usability of currently compatible tools and stor-
age systems. This comparison offers a comprehensive foundation for selecting themost
appropriate solution based on specific analytical and operational requirements [33].

3.4.2 The Medallion Architecture: Bronze, Silver, and Gold Layers

TheMedallion Architecture is a contemporary data design pattern that has gained sig-
nificant traction on platforms such as Databricks, where it has been shown to enhance
the efficiency of data transformation pipelines. The architecture is structured into three
distinct layers: Bronze, Silver, and Gold. This structural design promotes clarity, trace-
ability, and scalability in data processing [40] [41]. The system under consideration
has been demonstrated to offer support for bothOnline Transaction Processing (OLTP)
and Online Analytical Processing (OLAP) systems [40].

Although Databricks popularized the Medallion Architecture [40], the foundational
idea of organizing data into layers had already been explored by experts such as Ralph
Kimball and Bill Inmon in The Data Warehouse Toolkit: The Definitive Guide to Dimen-
sional Modeling in the year 2013 [14]. Kimball also introduced dimensional modelling
via a bottom-up approach based on star schemas with fact and dimension tables effec-
tively embodying the progressive refinement of raw data for analysis, long before the
“bronze,” “silver,” and “gold” terminology emerged [42].
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Criteria | Source Data Warehouse Data Lake Lakehouse

Importance [33] Data analytics and busi-
ness intelligence

Machine Learning
(ML) and artificial in-
telligence

Both data analytics and
machine learning

Data [24] Relational data from
transactional systems,
operational databases,
and business applica-
tions

All data including struc-
tured, semi-structured,
and unstructured

Query all kinds of data,
including image, audio,
video, and others

Data type [33]
[38]

Structured Semi-structured and un-
structured

Structured, semi-
structured, and unstruc-
tured

Usability [33] Users can easily access
and report data

Analyzing vast amounts
of raw data without
tools that classify and
catalog the data can be
arduous

Combines the structure
and simplicity of a DW

Data Access [33] SQL only Open API*, SQL,
Python

Open API, SQL, Python

ACID Confor-
mity [33]

Guarantees the greatest
levels of integrity; data
is recorded in an ACID-
compliant way

Updates and deletes are
difficult procedures that
need non-ACID compli-
ance

ACID-compliant to en-
sure consistency when
several parties read or
write data simultane-
ously

Cost [33] [38] Expensive and time-
consuming

Inexpensive, quick, and
adaptable

Inexpensive, quick, and
adaptable

Usability [33] Users can easily access
and report data

Complex to analyze vast
amounts of raw data
without classification
and cataloging tools

Combines the structure
and simplicity of a DW
with the broader use
cases of aDeep Learning
(DL)

Quality [33] High Low High
Scaling [33] Vertical scaling Horizontally scalable Horizontally scalable
Data Governance
[38]

Built-in governance fea-
tures for data quality
and integrity

Requires additional
tools for effective gover-
nance

Hybrid approach, lever-
ages data warehouse
features for better gov-
ernance

Use Cases BI, regulatory reporting,
performance dash-
boards, structured
trend analysis [39]

AI, ML and data science
[39]

Combines the structure
and simplicity of a DW
with the broader use
cases of a DL [38]

Table 3.1: Comparison of Data Warehouse, Data Lake, and Lakehouse Architectures
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Conversely, Inmon proposed a top-down strategy focused on a centralized, normalized
enterprise DW [43]. Despite their structural differences, both approaches introduced
key ideas such as data staging, transformation, and presentation layers. These concepts
closely align with the tiered design of the Medallion Architecture.

Considering the aforementioned advantages, the Medallion Architecture is a preva-
lent choice within the Lakehouse paradigm. It functions as a logical design pattern
intended to incrementally enhance the structure and quality of data as it progresses
through successive layers (Figure 3.4), which organizes data into incrementally refined
layers to support data quality, reusability, and traceability [41].

Figure 3.4: Medallion Architecture in [41]

Below are the descriptions of the core layers (Bronze, Silver, andGold) commonly used
in data Lakehouse architectures. Each layer plays a distinct role in transforming raw
data into structured, analytics-ready information [41].

• Bronze Layer: Contains raw, ingested data in its original format, directly from
source systems. This layer ensures full data lineage and auditability [41].

• Silver Layer: Holds cleaned, filtered, and structured data, often integrating data
from multiple sources. It is optimized for standard reporting and business logic
[41].

• Gold Layer: Provides curated, aggregated, and analytics-ready data tailored for
consumption by business intelligence tools or data science workflows [41].

The Lakehouse architecture offers several key benefits, including a simple and intu-
itive data model that is easy to implement, support for incremental ETL processes, the
ability to recreate tables from raw data at any time, and robust data management ca-
pabilities such as ACID transactions and time travel [41].
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3.4.3 Key Technologies and Benefits

In the context of a Lakehouse architecture, a table format is the layer that organizes raw
data from the data lake into table-like formats, making it easy to find what you’re look-
ing for. It adds features such as ACID transactions, schema evolution, and time travel,
allowing the Lakehouse to combine the flexibility of a data lake with the performance
and governance of a DW [44].

The three leading Lakehouse table formats are: Delta Lake, Apache Hudi, and Apache
Iceberg [35].

• Delta Lake is an open-source storage format that enhances Parquet files with a
transaction log, providing reliability and robustness to data lakes. ProvidesACID
transactions, scalable metadata handling, and unifies batch and streaming data
processing on top of existing Data Lake storage [45].

• Apache Iceberg is an open-source table format that treats metadata as first-class
data, storing file listings, schema versions, and snapshots in immutable mani-
fests. This design enables fastmetadata queries, incremental streaming ingestion,
zero-downtime schema evolution, and rapid partition pruning—even at multi-
billion–object scale—dramatically improving performance and manageability in
large data lakes. [46].

• Apache Hudi is a framework designed to facilitate fast updates and deletes as
well as incremental processing on top of data file systems, just like Delta Lake
and Apache Iceberg [47].

The Figure 3.5 represents a key feature comparison between Delta Lake, Apache Ice-
berg and Apache Hudi. Among the platforms that leverage modern table formats to
deliver robust Lakehouse solutions, Databricks stands out as a clear industry leader.
This is evidenced by its recognition in the Forrester Wave report.

Databricks named a Leader in the 2024 ForresterWave for Data Lakehouses in Q2 2024,
Figure 3.6. Databricks is the top platform in the Lakehouse ecosystem. The Forrester
Wave chart looks at different vendors in two ways: how good their current services are
and how strong their plans are. Databricks is the best in the Leaders quadrant, with
the most functionality and strategic vision [49].

Other platforms, such as Google with BigQuery, and Snowflake, are also considered
leaders in the field, but they seem to trail Databricks in at least one of the two areas.
Microsoft and AWS are classified as Strong Performers. This means they have solid
capabilities and are widely used, but they are less specialized in Lakehouse-specific
functionalities. Vendors like Oracle, Teradata, and Salesforce are considered strong
competitors, while platforms such as IBM, SAP, and Alibaba Cloud are seen as chal-
lengers, offering a more limited range of strategies and features in this area.

This evaluation shows that Databricks is a key player in the Lakehouse paradigm, es-
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Figure 3.5: Key feature comparison in article Data lake Table formats: Apache Iceberg vs Apache
Hudi vs Delta lake [48]

Figure 3.6: Results of Forrester Wave for Data Lakehouses in Q2 2024 in [49]
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pecially because it supports Delta Lake, uses the Medallion Architecture, and works
well with AI andML. Its leadership position shows its commitment to innovation, per-
formance, and scalability in modern data platforms.

Based on the information above, we will now look at the main differences between
Databricks, Microsoft Fabric, Snowflake, and Google Cloud BigQuery. We will fo-
cus on what they can do and how they work together in the modern data ecosystem.
Microsoft Fabric didn’t take part in the official review of the Forrester Wave for Data
Lakehouses report, and it’s considered less specialized in Lakehouse-specific features.
However, it’s still considered in this analysis Figure 3.6 because it’s a major player in
the market. The size of its representation in the report’s visual (even though it wasn’t
assessed in detail) seems about the same as that of Google and Databricks. This sug-
gests that it has a similar level of industry relevance Figure 3.6.

The Table 3.2, provides a comparative analysis of four leading data platforms (Google
Cloud BigQuery, Databricks, Snowflake and Microsoft Fabric) focusing on their archi-
tectural and operational characteristics. Key aspects such as billing models, scalabil-
ity, data sharing, integration capabilities, and governance mechanisms are explored to
highlight each platform’s strengths and positioning within the Lakehouse ecosystem.

Modern data architectures bring numerous benefits, including:

• Data Reliability and Consistency: Technologies like Delta Lake and Apache Ice-
berg implement ACID transactions, ensuring data consistency across operations.
This provides a solid foundation for building trustworthy analytics pipelines [24],
[45].

• Time Travel and Data Versioning: Delta Lake and Iceberg enable time travel
capabilities, allowing users to access historical versions of data. This is particu-
larly useful for debugging, auditing, and reproducibility inmachine learning and
reporting tasks [45].

• Scalability and Engine Interoperability: Modern data lake technologies are de-
signed to scale efficiently with increasing data volumes and support distributed
processing across awide range of execution engines. This allows organizations to
decouple storage from compute, choose the best processing engine for each use
case, and adopt a modular architecture that grows with evolving business and
analytical needs [24].

• Schema Evolution and Flexibility: All three technologies support schema evo-
lution, enabling changes to data structure over time without compromising data
integrity or requiring costly migrations [24].

These capabilities are essential for building enterprise-scale analytics systems that are
both agile and resilient in the face of rapidly evolving data landscapes.
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Feature Databricks Snowflake Microsoft Fabric Google Cloud: Big-
Query

Billing Model Consumption-
based pricing using
Databricks Units for
compute resources;
separate charges for
storage; offers re-
served capacity for
cost savings. [50]

Compute credits (vir-
tual warehouses) and
storage usage; options
for pre-purchasing
credits are offered at
discounted rates. [50]

Capacity-based (pay-
as-you-go) model.
[51]

Pay-as-you-go model;
billed by usage and
resource consump-
tion. [52], [53]

Primary Users Data scientists, data
engineers, and an-
alysts proficient in
Python, Scala, or R.
[50]

Data analysts, BI pro-
fessionals, engineers
familiar with SQL.
[50]

Data scientists, data
engineers, and an-
alysts are proficient
in Python, Scala, or
R; BI professionals;
includes BI profes-
sionals. [51]

Data scientists, data
engineers, and ana-
lysts are proficient in
Python, Scala. [54],
[55]

Scalability Auto-scaling clusters
for distributed work-
loads with Spark. [50]

Automatic scaling by
resizing virtual ware-
houses (scale up) and
adding clusters (scale
out) for concurrency;
designed for effortless
scalability. [50]

Elastic scalingwith ca-
pacity pricing. [56]

Scales without man-
aging infrastructure;
integrated BI. [54]

Data Structure
Support

Structured, semi-
structured, unstruc-
tured; Lakehouse
optimized. [50]

Structured and semi-
structured, some un-
structured via exter-
nal stages. [50]

Supports structured
and unstructured
data. [56]

Blended pipelines
with structured/un-
structured data. [53],
[54]

Data Sharing Delta Sharing, an
open protocol for
secure data sharing
across platforms, and
provides Databricks
Marketplace for data
exchange and collabo-
ration. [50]

Secure Data Sharing
to share live data be-
tween Snowflake ac-
counts without copy-
ing; offers Snowflake
Data Marketplace
for third-party data
access. [50]

Centralized data dis-
covery that simplifies
governance, sharing,
and access. [51]

Secure data sharing
without copying or
moving the under-
lying data, allowing
partners to collaborate
directly within the
platform. [54]

Governance & Se-
curity

Role-based access,
strong encryption.
[56]

Advanced security
and compliance fea-
tures. [56]

Built-in Purview for
governance. [56]

Access Management,
Cloud Security Com-
mand Center and
Cloud Key Manage-
ment Service. [53]

Integration Open-source and 3rd-
party integration. [56]

Native connectors,
supports Kafka, NiFi,
Fivetran. [53]

Automated data
workflows with Data
Pipelines. [51]

Data Fusion visual in-
terface for pipelines.
[53]

BI & Reporting Requires external BI
tools. [56]

Supports third-party
BI. [56]

Native Power BI inte-
gration. [56]

Supports third-party
BI. [54]

Table Format Delta Lake and
Apache Iceberg [57]
[58]

Apache Iceberg. [59] Delta Lake and
Apache Iceberg (pre-
view). [60] [61]

Delta Lake, Apache
Hudi and Apache Ice-
berg. [54]

Table 3.2: Comparison between Databricks, Snowflake, Microsoft Fabric, and Google Cloud BigQuery
based on architectural and operational features
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Microsoft Fabric was selected to implement the ETL process for the aquaponics system.
The following section provides a detailed overview of this platform, and the selection
rationale is discussed in Chapter 6.

3.5 Microsoft Fabric as an Analytical Platform

Microsoft Fabric is an analytics platform made for businesses offering end-to-end ca-
pabilities such as data ingestion, processing, transformation, and reporting. It brings
together services like Data Engineering, Real-Time Intelligence, and Data Science in a
unified SaaS environment. By centralizing storage with OneLake and embedding AI
features, Fabric simplifies the data lifecycle, from raw data to insights, without requir-
ing complex integration efforts [51].

3.5.1 OneLake: The Unification of Lakehouses

Microsoft Fabric is built on a unified architecture that integrates the Lakehouse model
with OneLake, its centralized data lake. OneLake serves as the foundation for all Fab-
ric workloads, providing a single, tenant-wide storage system based on Azure Data
Lake Storage Gen2. It simplifies data access and governance by removing the com-
plexity of traditional cloud infrastructure and eliminating the need for an Azure ac-
count. Designed to prevent data silos, OneLake ensures consistent policy enforcement
and facilitates easy data discovery and sharing. Its hierarchical structure allows data
to be organized across tenants, workspaces, and containers, supporting efficient and
scalable management across users, regions, and environments [51].

3.5.2 Items of Microsoft Fabric

Microsoft Fabric includes a range of items, each designed to support specific user roles
and address distinct tasks. These items are functionally grouped based on the main
stages of the data engineering lifecycle within Microsoft Fabric. Specifically, they are
organized into 8 categories, Table 3.3 [62]. Since this thesis involves the implementa-
tion of an ETL process, the following subsection will focus specifically on the relevant
items of Microsoft Fabric.

3.5.3 Key Microsoft Fabric Items for the Scope of this Thesis

Get data: Dataflows Gen2

The Get Data function includes the item Dataflows Gen2, which are used to ingest and
transform data from multiple sources.

The cleansed data is then loaded into a target destination. These dataflows can be
integrated into data pipelines for more complex orchestration and can also serve as
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Name Description

Get Data Ingest batch and real-time data into a single location within your Fabric
workspace.

Store Data Organize, query, and store your ingested data in an easily retrievable format.
Prepare Data Clean, transform, extract, and load your data for analysis andmodelling tasks.
Analyze and Train Data Propose hypotheses, train models, and explore your data to make decisions

and predictions.
Track Data Monitor your streaming or nearly real-time operational data, and make deci-

sions based on gained insights.
Data Engineering Based on Apache Spark, it supports the creation, management, and optimiza-

tion of data pipelines. Integrates with Data Factory to schedule notebooks
and Spark jobs.

Visualize Data Present your data as rich visualizations and insights that can be shared with
others.

Develop Data Create and build your software, applications, and data solutions.
Others Find unique or third-party provided functionality that builds on Fabric’s core

capabilities.

Table 3.3: Fabric Capabilities and Their Descriptions

data sources in Power BI. Dataflows Gen2 are cloud-based ETL tools that enable users
to extract, transform, and load data using a visual interface like Power Query Online
[63].

Store Data: Warehouse

Warehouse in Microsoft Fabric, is a modern lake-centric solution rather than a tradi-
tional DW. It includes two key components: the FabricWarehouse and the SQLAnalyt-
ics Endpoint, both designed to offer high performance with lower costs and simplified
management. The Fabric Warehouse specifically provides full transactional capabili-
ties (supporting Data Definition Language (DDL) and Data Manipulation Language
(DML)) and is identified by the ”Warehouse” label in the workspace [64].

Store Data: Lakehouse

Microsoft Fabric Lakehouse, is a unified platform that combines the scalability of a data
lake with the structure and performance of a DW. It enables the storage, management,
and analysis of both structured and unstructured data in a single location, integrat-
ing with data engineering and analytics tools to deliver a comprehensive and scalable
solution [65].

To guide the selection between Lakehouse and Warehouse functionalities within Mi-
crosoft Fabric, a decision-making algorithm, Figure 3.7, is provided based on three
main criteria: development approach, warehousing requirements, and data complex-
ity [66].

Firstly, the choice depends on the preferred development method. Users who opt for
Spark-based development are better served by the Lakehouse model, which is opti-
mized for this environment. Conversely, those who prefer to use T-SQL for querying
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Figure 3.7: Guidelines for Choosing Between Lakehouse and Warehouse in Microsoft Fabric in [66]

and development should choose the Warehouse option, which provides full SQL sup-
port and transactional capabilities [66]. Secondly, the need for multi-table transactions
if the use case requires transactions across multiple tables, theWarehouse is the appro-
priate choice. If this requirement does not exist, the Lakehouse offers a more flexible
alternative for data processing [66]. Finally, if data includes unstructured formats or is
not clearly defined, Lakehouse is recommended for its flexibility. For strictly structured
data, Warehouse is preferred due to its performance and advanced SQL capabilities
[66].

The Table 3.4, compares theWarehouse to the SQL analytics endpoint of the Lakehouse.

Feature Warehouse SQL Analytics Endpoint - Lakehouse

Primary Capabilities ACID compliant, full T-SQL transaction
support.

Read-only endpoint for T-SQL querying
over Lakehouse.

Developer Profile SQL Developers or citizen developers. Data Engineers or SQL Developers.
Data Loading SQL, pipelines, dataflows. Spark, pipelines, dataflows, shortcuts.
Delta Table Support Reads and writes Delta tables. Reads Delta tables.
Storage Layer Open Data Format - Delta. Open Data Format - Delta.
Recommended Use
Case

Enterprise data warehousing and ad-
vanced BI scenarios.

Departmental/self-service warehousing,
medallion architecture support.

Development Experi-
ence

Full T-SQL ingestion, modelling, develop-
ment, querying. Full tool support.

UI for modelling/querying. Limited tool
support.

T-SQL Capabilities Full DML, and DDL with full transaction
support.

Full no DML, limited DDL (views).

Table 3.4: Comparison of Microsoft Fabric Warehouse and SQL Analytics Endpoint

Prepare data: Notebook

The Microsoft Fabric notebook, is a central tool for developing Apache Spark jobs and
machine learning solutions.

It provides a web-based, interactive environment designed for data engineers and sci-
entists to perform data ingestion, transformation, and analysis. Notebooks support
multiple languages, including T-SQL, PySpark, Spark SQL, Spark R and Scala. En-
abling flexibility in data processing and analytics tasks. With no setup required, users
benefit from built-in data visualizations, enterprise-level security, and support for var-
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ious file formats such as CSV, JavaScript Object Notation (JSON), Parquet, and Delta
Lake. This makes notebooks an efficient and versatile environment for both data engi-
neering and data science workloads [67].

Prepare data: Data Pipeline

Data pipelines, in Microsoft Fabric provide robust workflow capabilities at cloud scale,
enabling the construction of complex ETL and data factory workflows.

These pipelines can orchestrate various tasks, such as refreshing dataflows, moving
petabyte-scale data, and executing logic using built-in control flow features like loops
and conditionals. They support both low-code and code-first approaches, allowing
users to combine configuration-driven copy activities with dataflow refreshes, and to
integrate Spark notebooks, SQL scripts, and stored procedures within a single, end-to-
end ETL process, Figure 3.8 [68].

Figure 3.8: Data Pipeline Interface in [62]

3.6 Real-World Impact: Business Applications

The Lakehouse architecture is transforming how industries harness data by enabling
scalable analytics, real-time insights, and AI-driven decision-making across diverse
sectors. The following applications will now be presented:

• Healthcare and Life Sciences
• Finance and Banking
• Public Sector and Smart Cities
• Education and Research
• Retail and E-commerce
• Environmental Sciences, Biology, and Aquaponics
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In the healthcare sector, the Lakehouse architecture is used for genomic data analysis,
patient monitoring, and predictive diagnostics. Databricks introduced the Lakehouse
for Healthcare and Life Sciences, aiming to improve health outcomes through data
collaboration and AI - driven insights [69].

Financial institutions are adopting the Lakehouse architecture for fraud detection, risk
management, and regulatory compliance. Databricks launched the Lakehouse for Fi-
nancial Services to accelerate data-driven innovation across the industry [70].

Governments andmunicipalities use data platforms for trafficmonitoring, public safety,
and opendata initiatives. Opendatasoft discusses howopendata can help build smarter
and more connected communities [71].

In education and research, Data Lakes store large academic datasets, enabling repro-
ducible experiments and interdisciplinary collaboration. Nature presents SciSciNet, a
large-scale open data lake designed for science of science research [72].

Retailers and e-commerce platforms are leveraging Lakehouse architectures to unify
customer, sales, inventory, and marketing data in a single platform. This enables ad-
vanced customer analytics, real-time personalized recommendations, dynamic pric-
ing, and accurate demand forecasting. For example, companies like H&M have used
Lakehouse solutions to improve customer engagement, optimize inventory levels, and
streamline supply chain operations through AI-powered insights and predictive mod-
els [73].

In the field of scientific research, leveraging Lakehouse architectures offers a powerful
solution to the growing need for scalable, integrated data management. Natural sci-
ences, such as environmental monitoring, biology, and aquaponics, routinely generate
vast volumes of heterogeneous data, including experimental results, sensor outputs
(e.g., temperature, humidity, water quality), genomic sequences, and unstructured
field notes. The ability to store, manage, and analyze all of this information within
a unified platform is critical for accelerating research, improving reproducibility, and
enabling interdisciplinary collaboration.

Lakehouse architectures provide a framework for real-time data collection, long-term
ecological data storage, and advanced analytics aimed at optimizing biological sys-
tems, such as plant and fish growth in aquaponic environments. By eliminating tra-
ditional data silos and supporting both structured and unstructured data, Lakehouses
empower researchers to derive insights more efficiently and make data-driven deci-
sions that enhance scientific reasoning and discovery.
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Solution Overview and BI

Arquitecture

4.1 Solution Overview and BI Architecture

Based on the challenges outlined in Section 2.4 the following solutions have been pro-
posed to address these issues and ensure data integrity, consistency, and scalability
within a BI environment. First it is necessary to develop and implement a robust pro-
cess for consolidating data scattered across multiple Excel files into a unified, struc-
tured format. This process will involve establishing clear criteria for file organization,
enforcing standardized naming conventions, and ensuring consistent table structures
and column orders throughout all files, as well as establishing validation and gover-
nance rules to guarantee data quality and consistency.

In addition, a comprehensive data cleansing strategy will be designed and executed to
tackle issues such as missing records, duplicate entries, discrepancies, and the coexis-
tence ofmixed data typeswithin the same column. Specific actions under this objective
include converting numerical data containing extraneous symbols (e.g., %, *) into an
usable format, standardizing decimal separators, and unifying date formats to facilitate
accurate temporal analysis.

Performance optimization and scalability are also critical. Accordingly, an efficient ETL
process will be developed to manage large volumes of data while minimizing perfor-
mance bottlenecks and memory consumption. This objective further includes devel-
oping mechanisms for regular updates and effective version management as new data
are added or existing records corrected. To streamline the overall ingestion process,
automated data processing solutions will be implemented to reduce manual interven-
tion and minimize the risk of human error. By leveraging modern scripting and data
processing tools.

36
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Moreover, the adoption of modern BI technologies and best practices is essential for
constructing a robust data architecture that supports advanced data analysis and visu-
alization, thereby enabling robust analyses and data-driven decision-making.

Finally, the goal is to empower researchers by developing a dashboard that facilitates
the analysis and monitoring of critical parameters within the aquaponics system. This
tool will integrate data from DW, enabling researchers to extract actionable insights
and promptly identify any deviations or emerging trends, thereby contributing signif-
icantly to the advancement of aquaponics research.

Together, these solution form a comprehensive framework designed to overcome the
identified challenges and ensure a high level of performance and data quality in the BI
environment.

4.2 Strategies to Overcome Challenges

To effectively address the challenges outlined above, a comprehensive set of strategies
has been developed that focuses on automation, standardization, validation, consoli-
dation, scalability, and governance.

Automation of File Renaming and Organization:

• Utilize scripts to standardize file names and ensure structural consistency.
• Validate the presence and order of columns based on a predefined schema.

Standardization of Types and Formats:

• Implement routines to standardize numerical and date formats during data in-
gestion.

• Use regular expressions to clean data (e.g., removing symbols such as %, $).
• Enforce data type conversion throughout the ETL process.

Data Cleansing and Deduplication:

• Detect and address inconsistencies
• Implement deduplication based on unique keys.

Consolidation and Mapping:

• Develop pipelines that unify data from multiple worksheets into a single table.
• Create logic to identify relationships between different files and records.

Scalability and Performance:

• Employ optimized libraries for processing large volumes of data, such as Apache
Spark.

• Adopt cloud-based ingestion solutions, such as Pipelines of Microsoft Fabric.
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Documentation and Data Governance:

• Document the format requirements and validation steps to reduce reliance on
implicit knowledge.

• Ensure that future files complywith established standards by using pre-approved
templates.

With these measures in place, it is possible to mitigate the challenges related to Excel
data ingestion, ensuring that the process remains efficient and scalable.

4.3 Methods

The Lakehouse architecture was chosen for this thesis leveraging modern data man-
agement and analysis technologies to build reports for data analysis and visualization.

The selection of the Lakehouse architecture for this project is grounded in a compar-
ative analysis of the key characteristics of traditional DW, Data Lakes, and Lakehouse
systems, as presented in Table 3.1 in Section 3.4.1.

One of the most compelling reasons for adopting the Lakehouse architecture is its ver-
satility in terms of performance and usability, the Lakehouse offers faster and deeper
insightswithout requiring datamovement, by combining the structured nature of DWs
with the low-cost, scalable storage of Data Lakes. Users benefit from the simplicity of
a DW interface and structure while maintaining the flexibility and accessibility typi-
cal of Data Lake systems. This makes the Lakehouse especially suitable for dynamic
environments where rapid analysis and decision-making are crucial.

From a cost and scalability perspective, the Lakehouse aligns with the advantages of
Data Lakes offering low-cost scaling regardless of data type, while avoiding the expen-
sive and rigid infrastructure typically associated with DWs. This economic efficiency,
combined with adaptability, makes the Lakehouse ideal for organizations aiming to
manage growing volumes of data without compromising on performance or gover-
nance.

Moreover, the Lakehouse architecture is ACID compliant, ensuring data consistency
and integrity even in concurrent operations, a significant improvement over traditional
Data Lakes, which lack robust transactional guarantees. This characteristic is essential
for enterprise, grade data solutions where data reliability is critical.

Finally, the Lakehouse supports a broad range of use cases, including BI, ML, and Data
Science. This multi-purpose capability reduces the need for multiple data platforms
and tools, promoting architectural simplicity and operational efficiency. Although the
scope of this work focuses on BI, future developments may extend into the field of Data
Science, for instance, to predict optimal conditions for the aquaponics system, such as
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the appropriate type and quantity of fish feed, as well as ideal temperature, humidity,
and other environmental parameters.

Additionally, data quality validation techniques will be applied to ensure the consis-
tency and integrity of the data at each stage of the process, from collection to visual-
ization. The effectiveness of the architecture will be evaluated based on criteria such
as processing efficiency, system scalability, and ease of data access and analysis.

In summary, the Lakehouse architecture was chosen for its ability to deliver a unified,
scalable, and cost-effective data platform that meets the analytical and operational re-
quirements of this project.
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TheAquaponics SystemDesign

5.1 Data Source Profiling and Business Rules

5.1.1 Location, Identification, and Analysis of Data Sources Supporting the
Project

This section is dedicated to the location, identification, and analysis of data sources that
support the project. The process involves the identification of relevant data sources,
the assessment of their reliability, and the determination of their contribution to the
system’s monitoring and management.

Location of source tables

The data from the LSMI aquaponics system at IPLeiria was initially stored on IPLeiria’s
OneDrive. As stated in Section 2.4 of this work, a series of structural inconsistencies
were identified during the review of the Excel Workbooks and CSV files. These incon-
sistencies complicated their integration into a BI environment. File names lacked any
standard conventions, merged cells impeded reliable detection of headers and values,
and tables were placed in varying locations across different files. In addition, the or-
der and number of columns often differed even when they represented the same data
fields, resulting in further discrepancies that would have undermined automated ex-
traction and consolidated analysis.

To overcome these obstacles, we first consolidated and cleaned every workbook before
relocating them to a dedicated repository designed for data integration. At the same
time, we introduced rigorous guidelines to ensure consistency going forward: all files
now follow a uniform naming scheme, merged cells have been eliminated to simplify
header recognition, and column order is standardized across every dataset. We also
developed reusable templates for data entry, guaranteeing that future records adhere
to the same structure and quality standards.

40
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Thesemeasures laid the groundwork for a smooth and dependable integration process.
By unifying the data’s format and location, we were able to load the cleansed datasets
into the BI system without further manual intervention.

A Teams channel was created in the BI tenant to store all the files related to the project,
and access was granted to all project participants. The name of the channel is Tese
LSMI.

In the channel, under the Files tab, there are several folders containing the files, orga-
nized by data collection themes, as we can see in the image Figure 5.1:

Figure 5.1: Folders in the Teams channel

5.1.2 Data Collection and Recording

The Section 5.1.1 shows that all aquaponics data are stored as Excel Workbooks and
CSVfiles organized into distinct folders based on the type of information and its record-
ing frequency. The following provides a brief overview of each folder’s contents:

• Daily System Records: Multiple Excel files, each corresponding to the daily
records for a specific month.

• Temperature andHumidity: Multiple CSVfiles, where each documentmay cover
variable time periods (ranging from one to five months). The recorded months
are not always complete.

• Water Consumption: Multiple Excel files containing data related to water con-
sumption.

• Weekly Laboratory Analysis: Multiple Excel files, each containing data for one
week of analyses, some files report nutrient parameters (e.g., NH3, PO4, NO2 B,
NO3), while others provideweeklymetal concentrationmeasurements (e.g., Mg,
K, Fe).

• Fish: Multiple Excel files containing information about the number and types of
fish in each tank, along with descriptions of the fish.

• UniqueTables: Multiple Excel files containing prospective dimension tables (Mea-
sures, Lines, FishTanks, Projects) and fact tables (Papaya Measurements and Pa-
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paya Radiation).
• Plant Development: Excel files with measurements related to arugula, lamb’s

lettuce, mealworms, and papaya tree projects.

Following this overview, we introduce and illustrate the templates employed for
structuring and storing the information.

Daily System Record

The names of these Excel Workbook follow a standardized format: they all start
with daily_system_record, followed by the year, the month (represented by three let-
ters in Portuguese), and end with _v4, resulting in the format daily_system_record_yyyy
_mmmpt_v4, as shown in Figure 5.2. The first columns serve as the key, with the first
indicating the location, followed by the year, month, day, and time. Subsequently, var-
ious measured parameters are listed, each explained in Section 2.1. The file concludes
with the Observation column, where researchers record relevant notes.

Figure 5.2: Example of a daily records file

Temperature Humidity

Themost recent files containing air temperature andhumiditymeasurements recorded
at 30-minute intervals, with each row listing a sequential reading number (Order), a
timestamp inDD/MM/YYYYHH:MM format (Time), ambient temperature in °C (Cel-
sius), relative humidity in %RH (Humidity), dew point in °C (Dew Point), and the
sensor’s serial number when available, thereby documenting the system’s thermal and
humidity profile of systems on Lines 1, 2, and 3 for environmental variation analysis,
Figure 5.3.

Since these files are generated automatically, older exports retained their original
structure. Standardisation was applied during ingestion intoDataflow Gen2 to simplify
processing of these large CSV datasets.

Water Comsuption

Water consumption data are stored in Excel Workbooks named according to the
pattern water_consumption_yyyymm_yyyymm, where the first yyyymm denotes the year
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Figure 5.3: Example of a temperature and humidity records file

andmonth of the file’s earliest record and the second yyyymm the year andmonth of its
latest record. Each workbook comprises three sheets, one for each sensor line (Lines 1,
2 and 3). The column headers for each table are shown in the accompanying Figure 5.4.

Figure 5.4: Example of water consumption records file

Weekly Laboratory Analysis

In the Weekly Laboratory Analysis folder, annual subfolders (2019 to 2025) contain
two file series:

• weekly_lab_analysis_YYYYMMDD: daily reports
• monthly_lab_metals_analysis_YYYYMM: monthly metal profiles

Next, a detailed overview of each file type and its contents follows.

Laboratory analysis results are archived in Excel Workbooks named using the pat-
ternweekly_lab_analysis_YYYYMMDD (for example,weekly_lab_analysis_20190723). Each
workbook contains four sheets (NH3, PO4, NO2 B, NO3, or others parameters) all of
which follow an identical four-column structure. The Measure column specifies the
analyte, Line identifies the line, FishTank_DWC denotes the sampling location (e.g.



44 5. The Aquaponics System Design

FishTank L3, DWC L3 or Sump L3) and Value records the measured concentration, Fig-
ure 5.5. The date is derived from the file name.

Figure 5.5: Example of weekly analysis records file

The file names of themetals‐analysisworkbook follow the patternmonthly_lab_metals
_analysis_YYYYMM, where YYYYMM indicates the year andmonth of sampling. Each
metals‐analysis workbook contains a separate sheet for every analyte (e.g., Na590,
K767, Ca423), and sheets prefixed with an underscore (e.g., _Na590, _K767) repre-
sent the original raw data files which, as previously described, were restructured and
standardized to enable seamless data integration, Figure 5.6.

Figure 5.6: Example of a monthly metals analysis file

All sheets adhere to a standardized column structure: Line (system identifier), Fish-
Tank_DWC (sampling location), YYYYMMDD, raw readings (Abs and Abs-Br), calcu-
lated concentrations (e.g., C(mg/L)), analyzed volume (Va), dilution factor (Dil), and
final Value, Figure 5.6.

Fish

The Fish folder contains two files: dim_fish, which functions as a dimension table,
Figure 5.7, holding all relevant attributes for each fish, and fish_data, which records the
details of every fish’s entry into and exit from each tank, Figure 5.8.

Figure 5.7: Example of fish data characteristics records file
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Figure 5.8: Example of fish data records file

Unique Tables

The Unique Tables folder contains standalone Excel Workbooks. Unlike the daily
records or water analysis files, there are no multiple versions, each workbook exists as
a single, unique file, the files are:

• dim_lines_and_fishtank: Information on fish tanks (Figure 5.9) and lines (Fig-
ure 5.10)within the LSMI, including unique identifiers, tank capacities, fish species,
and physical locations to support spatial and operational mapping.

• dim_measures: Definitions andmetadata for allmeasuredparameters used across
tables and projects (Figure 5.11), specifyingmeasurement units, analytical meth-
ods, and acceptable value ranges to ensure data quality.

• papaya_fruits_measures: Papaya fruit development measurements from Project
3 (Figure 5.12), capturing attributes such as fruit weight, diameter, seed color,
fruit skin roughness and if is tasty or not.

• project: Project‐level metadata, including project identifiers, project names, start
and end dates, and the lines involved (Figure 5.13).

• radiation_papaya: Radiation readings linked to papaya cultivation (Figure 5.14),
by line and date.

Figure 5.9: Fish Tank Example File

Plants Development

In the LSMI , plant performance is also tracked through periodic measurements.
Since 2019, three projects have been carried out:

• Project 1 - Arugula & Lamb’s Lettuce - Figure 5.15
• Project 2 - Mealworms - Figure 5.16
• Project 3 - Papaya Trees - Figure 5.17
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Figure 5.10: Line Example File

Figure 5.11: Measures Example File

Figure 5.12: Papaya Fruit Measures Example File

Figure 5.13: Project Example File

Figure 5.14: Radiation Papaya Example File
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Figure 5.15: Plant Development Example (Project 1 – Arugula & Lamb’s Lettuce)

Figure 5.16: Plant Development Example (Project 2 – Mealworms)

Figure 5.17: Plant Development Example (Project 3 – Papaya Trees)
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The Plants folder contains three Workbooks named according to the convention
plants_projectX_project_name (where X is the project number). Each project targets a
different plant species and records distinct traits, so the internal layout of each work-
book varies. Since these projects are now closed and no further data will be added,
schema harmonization was performed during the data ingestion phase, and the origi-
nal files have been preserved unchanged.

It is worth noting that, wherever applicable, data entry fields in these files are con-
strained to the appropriate data types (string, integer, or date) with defined minimum
and maximum ranges for dates and numeric values. Furthermore, columns such as
Line and FishTank are restricted to predefined lists of valid entries to minimize data
entry errors.

5.1.3 Business Rules

A business rule is a concise statement that defines, constrains, or controls an aspect of
a business, ensuring consistency and logical decision-making. It is expressed in clear,
unambiguous terms that are easily understood by stakeholders such as business own-
ers, analysts, and architects. Business rules serve as constraints, establishingwhatmust
or must not happen, and are fundamental to defining business logic. They help struc-
ture and influence business behavior. While a complete business system may involve
thousands of rules, individual rules are usually straightforward and facilitate processes
such as discovery, definition, and maintenance [74].

According to Ronak Ravjibhai Pansara, the relationship between master data qual-
ity and business rules plays a crucial role in organizational performance. This multi-
faceted strategy not only introduces newperspectives but also reinforces previous find-
ings on the subject [75].

Therefore, the following list of rules has been compiled to enhance the understand-
ing of data within the LSMI :

• A row in the LSMI at IPLeiria can contain for example fish tank or a DWC.
• Each plant is linked to a specific row, a project, a unique number, and a name, as

well as whether it is exposed to sunlight or shade. Additionally, a plant may bear
multiple fruits or none.

• On any given date, a fish belongs to a specific fish tank and is characterized by
various attributes, including optimal pH and temperature, geographical distri-
bution, average weight, and length.

• A measurement is associated with a specific type, its maximum and minimum
values, and the fact table where it is recorded.

• Projects are linked to fact tables, as well as the project’s start and end dates.
• Atmospheric conditions, such as temperature, humidity, and radiation, are recorded

for a specific row, measurement type, day, hour, and minute.
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• The daily system is related to either a tank or a grow bed, recorded in themorning
or afternoon of a specific day, and linked to a particular measurement.

• Fish events are registered based on the date and the specific fish tank where they
occur.

• Nutrient andmetal measurements are recorded for a specific day, associatedwith
either a tank or a DWC, and linked to a particular measurement type.

• Developing plants are tracked in relation to a project, a row, a specific plant, and
its assigned location.

• Water consumption data is recorded based on the row, a specific day, and the
corresponding measurement.

After analyzing the previous files, the dimensional model was designed, as shown
in the following chapter.

5.2 Dimensional Data Model

After analyzing the provided Excel files, it was determined that a structured, stan-
dardized data model was necessary to support analytical processing. The raw data
is dispersed across multiple files with heterogeneous formats and variable temporal
coverage, reinforcing the need for a systematic integration approach.

The process revealed the need to formally represent descriptive entities through
dimension tables, as well as the need to design fact tables to store quantitative metrics
and event-driven data.

This structure enables multidimensional analysis, allowing metrics to be contextu-
alized by various characteristics. The following subsections present the dimension and
fact tables resulting from the transformation of the original Excel sources.

5.2.1 Dimensions and their Attributes

In the dimensional model, there are dimension and fact tables. The Table 5.1 lists all di-
mension tables along with their contextualization. The Table 5.2 displays all columns,
their descriptions, data types, and three example values for each column in the dimen-
sion table measures.

All other dimension tables can be accessed directly in the SQL Server database,
specifically in the lsmi_gold._metadata_dimension_tables table, Figure 5.18.

It is important to note that the table mentioned above was created using a script
executedwithin a notebook, utilizing both SQL Spark and PySpark. The corresponding
code can be found in the following notebook: nb_lkh_lsmi_metadata.ipynb.

https://myipleiria.sharepoint.com/:u:/r/sites/TeseLSMI/Shared%20Documents/General/_LSMI_MicrosoftFabricItems/backupfabric_20250520/notebook/
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Dimensions Table Name Contextualization

Plants dim_plants The plants dimension includes data on aquapon-
ics plants, such as name, number, and variety.

Fruits dim_fruit The fruit dimension stores aquaponics fruit data,
including seed presence, diameter, taste, and
roughness.

Fishtank DWC dim_fishtank_dwc The fishtank DWCdimension stores data related
to tanks and DWC systems, including informa-
tion on location, area, and the corresponding
line.

Lines dim_lines The lines dimension contains information about
the aquaponics system lines and their respective
locations.

Fish Attributes dim_fish_attributes The fish attributes dimension stores data related
to fish, such as pH range, optimal temperature,
and other characteristics.

Date dim_date The date dimension stores information such as
the date, day, month, year, quarter, whether it is
a weekend, and other attributes.

Time dim_time The time dimension stores information such as
the time, hour, minute.

AM PM dim_am_pm The AM_PM dimension stores data related to
the distinction between morning and afternoon.

Projects dim_projects The projects dimension stores information re-
lated to projects, including their start and end
dates, as well as the associated fact tables.

Measures dim_measures The measures dimension stores information re-
lated to the studied measures, such as measure
type, units, description, and other attributes.

Table 5.1: Dimension tables and their contextualization

Table Column name Description Datatype Top3 examples

dim_measures measure_sk Integers generated
by SQL Spark

int 31, 53, 34

dim_measures measure Quantitative value
recorded and ana-
lyzed in a fact table

string K, FishFeed, CaCO3

dim_measures units Unit of measure-
ment of the mea-
sure

string scale_1_5, units, g

dim_measures measure_group Group towhich the
measure belongs

string K, Ca, FishFeed

dim_measures measure_type Type of measure,
example: parame-
ter, metal, nutrient

string nutrients, water, metals

dim_measures fact_table Fact table to which
the measure be-
longs

string fact_daily_system, fact_temp_humidity, fact_water_consumption

dim_measures min_value Minimum value
that the measure
can have

decimal(18,2) 0.00, 100.00, 1.26

dim_measures max_value Maximum value
that the measure
can have

decimal(18,2) 100.00, 0.57, 184.41

dim_measures description Key description string Iron with Phenanthroline, Nitrate ES, Calcium Carbonate
dim_measures end_date Date when the

record became
inactive

timestamp 31/12/9999 00:00

dim_measures start_date Date when the
record became
active

timestamp 01/01/2019 00:00

dim_measures ingest_date Datewhen the data
was ingested

timestamp 2025-02-21 21:17:36.997450

Table 5.2: Metadata of the dimension measures table
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Figure 5.18: Table lsmi_gold.metadata_dimensions_tables

5.2.2 Fact Tables and Measures

The Table 5.3 presents the measures from the fact tables, along with their descriptions
and data types. It is important to note that these measures maintain the granularity of
the table’s primary keys. For instance, the value in the fact_daily_system table represents
a measurement recorded for a specific morning or afternoon in a given tank.

gold_table column_name_gold description data_type

fact_atmospheric_conditions value Values of metrics
or parameters

Decimal

fact_daily_system value Values of metrics
or parameters

Decimal

fact_fish_events fish_out_in This field indicates
whether a fish has
entered or exited a
tank

String

number_fish Number of fish Int

fact_measurements_nutrients_metals value Values of metrics
or parameters

Decimal

fact_plants_development value Values of metrics
or parameters

Decimal

fact_water_consumption value Values of metrics
or parameters

Decimal

Table 5.3: Measures from the fact tables with data type and description

As with the previous table, the lsmi_gold.metadata_fact_tables table is also acces-
sible in the database hosted on the IPLeiria server, and it was generated using the script
provided in the following notebook: nb_lkh_lsmi_metadata.ipynb.

https://myipleiria.sharepoint.com/:u:/r/sites/TeseLSMI/Shared%20Documents/General/_LSMI_MicrosoftFabricItems/backupfabric_20250520/notebook/
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5.2.3 Identification of Hierarchies

In dimensional modelling, a hierarchy is a structured arrangement of a dimension’s at-
tributes into ordered levels, such as Year → Quarter → Month → Day in a date dimen-
sion or Continent → Country → State → City in a Geography dimension, that enables
users to navigate data from coarse to fine granularity (drill-down) or aggregate from
detailed to summary views (roll-up). By defining these level-based (or, where appli-
cable, parent-child) relationships, hierarchies facilitate intuitive exploration in BI tools,
support consistent and efficient aggregation across fact tables, improve query perfor-
mance through pre-defined paths, and ensure uniform analytics by enforcing the same
organizational structure for all related measures [14].

In the context of this work, hierarchies were defined according to analysis require-
ments:

• Date Dimension: Year → Month → Day
• Time Dimension: Hour → Minute → Time
• Fishtank_DWC Dimension: Line → Fishtank_DWC
• Plants Dimension: Plant Name → Variety → Plant Number

5.2.4 The Bus Matrix

Kimball’s Bus Matrix is a conceptual framework that organizes fact tables and shared
dimensions in a data warehouse. Each row in the BusMatrix corresponds to a business
process (fact), while each column corresponds to a dimension [14].

The business process identifies the operational event or transaction under analysis.
The grain defines the level of detail, such as daily transactions or monthly aggregates.
Measures are the numeric values recorded in fact tables, capturing quantitative infor-
mation about the process. Conformed dimensions are dimension tables whose struc-
ture, attributes, and meaning remain identical across multiple fact tables; by sharing
the same keys and definitions, they enable consistent filtering, grouping, and reporting
across the enterprise [14].

The image below, Figure 5.19, represents the Bus Matrix of the LSMI, where busi-
ness processes, granularity, measures, and their relationships with the dimensions are
depicted. It is important to note that there is a Dimension Fruits table linked to the Di-
mension Plants table, indicating a form of denormalization that occurs in a snowflake
model. As the details may not be fully discernible here, the full-size figure is also pro-
vided in Appendix B: Bus Matrix for clarity.

5.2.5 Dimensional Data Model

The Dimensional Model is a data modelling approach widely used in DW and BI sys-
tems. Popularized by Ralph Kimball, it organizes and represents data to facilitate anal-
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Figure 5.19: Bus Matrix

ysis and reporting. This model is structured around facts and dimensions, provid-
ing a multidimensional view of data that is essential for Online Analytical Processing
(OLAP) [14].

Kimball proposed the dimensional model as the best way to design databases for
decision support since it provides an intuitive and efficient design for analytical queries
[14]. The model is based on key fundamental concepts. The fact table contains quan-
titative metrics and numerical data representing business events. Examples include
sales, banking transactions, or customer interactions [42]. Dimension tables store de-
scriptive and categorical data that provide context for facts. Examples of dimensions
include time, product, customer, and location [14]. Two common schema designs de-
fine the relationship between fact and dimension tables. The star schema is the most
common structure in dimensional modelling, where a single fact table is surrounded
by directly related dimension tables [42]. A variation of this model is the snowflake
schema, in which dimensions are normalized to reduce redundancy [14].

The presentation of the diagram of the dimensionalmodel plays a crucial role in un-
derstanding and implementing a DW. The diagram helps visualize the data structure
and facilitate interpretation by various stakeholders, such as BI analysts, data scientists,
and developers [42]. The benefits of this presentation include a clearer understanding
of the relationships between facts and dimensions, optimization of analytical queries
and reporting processes [42], and ease of integration and expansion of the model [14].
Kimball’s approach emphasizes that a DW should be designedwith a focus on business
analysis needs, ensuring an accessible, intuitive, and high-performance data model
[14].

The Star Schema is the simplest and most popular structure for data warehouses.
It is organized around a central fact table that stores quantitative data, such as sales
amounts or quantities sold, which are known as measures or metrics. Surrounding the
fact table are dimension tables that contain descriptive attributes, providing context to
the facts. Each dimension table is linked to the fact table through foreign key relation-
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ships. The star schema is favored for its simplicity and efficiency, making it well-suited
for business intelligence applications where fast query performance is crucial [42].

In the Snowflake Schema dimension tables are further normalized into multiple
related tables, referred to as sub-dimensions. This reduces data redundancy and saves
storage space, but it also makes queries more complex due to the need for additional
joins between tables. Although it may require more processing time for queries, it can
simplify data maintenance and improve data consistency [76].

The Constellation Schema, also known as the Galaxy Schema, extends beyond the
star schema by incorporatingmultiple fact tables that share common dimension tables.
This approach is particularly useful in complex business scenarios where different pro-
cesses or events need to be analyzed collectively. Unlike the star schema, which is cen-
tered around a single fact table, the constellation schema allows for a more flexible and
interconnected data structure [14].

The most appropriate dimensional model for the case under study is the Constella-
tion Schema, because there are multiple fact tables, as illustrated in Figure 5.20, it can
also be found in the appendix. Appendix C, it includes multiple fact tables intercon-
nected by common dimensions. This schema allows for the analysis of different pro-
cesses, providing a comprehensive and integrated view of the system’s operations. The
constellation schema is particularly advantageous in scenarios where multiple related
events must be analyzed simultaneously, enhancing the system’s analytical capabili-
ties.

The schema represents all the fact tables and their connections to the dimensional
tables. It is important to note that the dim_plants table had to be denormalized, result-
ing in a partial snowflake model (dim_plants and dim_fruits).

The LSMI includes the following fact tables, each storing measurable events:

• fact_daily_system: Stores daily system data related to key operational metrics.
• fact_fish_events: Captures fish-related events, including movements in and out

of the system, as well as the number of fish in specific conditions.
• fact_measurements_nutrients_metals: Records measurements of various nutri-

ents and metal concentrations in the system over time.
• fact_atmospheric_conditions: Contains data related to temperature and humid-

ity measurements, crucial for monitoring environmental conditions.
• fact_water_consumption: Tracks water consumption metrics, essential for as-

sessing resource usage efficiency.
• fact_plants_development: Stores records of the development of various plants

cultivated in the aquaponics system, linking each record to the date, measure-
ments, lines, projects, and plants dimensions.

Each of these fact tables contains foreign keys linking them to common dimension
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Figure 5.20: Diagram with the dimensional data model of LSMI
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tables, ensuring data consistency, efficient querying, and analytical flexibility. The di-
mension tables provide descriptive attributes that give context to the measured facts,
facilitating in-depth analysis and reporting. The LSMI ’s dimensional model consists
of the following dimensions:

• dim_date: Stores date information, enabling temporal analysis of events.
• dim_time: Represents specific time information, allowing for precise time-based

event analysis.
• dim_am_pm: Categorizes time-based data into AM and PM periods.
• dim_fish_attributes: Contains descriptive attributes related to fish types and

classifications.
• dim_fishtank_dwc: Identifies and categorizes different fish tanks used in the sys-

tem.
• dim_lines: Defines line-related categorizations within the system.
• dim_measures: Stores different types of measurements that are tracked across

various fact tables.
• dim_projects: Lists projects that are referenced in plant development records.
• dim_plants: Contains information about plants.
• dim_fruit: Contains information about fruits.

Given that the dimensional model consists of six fact tables that share some dimen-
sional tables, the model will be presented by fact table. The dimension tables only
display the linking columns (foreign keys in the fact table). This structure is typical in
a star schema, where the fact table holds the core business metrics (e.g., value in the
fact table), while the dimension tables provide descriptive context for those metrics.

Daily System Record:

Thedaily records are stored in the table lsmi_gold.fact_daily_system_record, Figure 5.21.
This diagram represents a star schema in which the central fact table, is connected to
four-dimension tables:

• lsmi_gold.dim_fishtank_dwc
• lsmi_gold.dim_date
• lsmi_gold.dim_am_pm
• lsmi_gold.dim_measures

Consumption Water:

The diagram, Figure 5.22, represents a star schema in which the central fact table,
lsmi_gold.fact_water_consumption, is connected to three-dimension tables:

• lsmi_gold.dim_lines
• lsmi_gold.dim_date
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Figure 5.21: Star schema with fact table, Ismi_gold.fact_daily_system

• lsmi_gold.dim_measures

The fact table contains foreign keys linking it to the dimension tables.

Figure 5.22: Star schema with fact table, Ismi_gold.fact_water_consumption

Atmospheric Conditions:

Thediagram illustrates a star schemawhere the central fact table, lsmi_gold.fact_atmospheric
_conditions, is connected to four-dimension tables:

• lsmi_gold.dim_lines
• lsmi_gold.dim_date
• lsmi_gold.dim_time
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• lsmi_gold.dim_measures

In this schema, the fact table stores key transactional data, such as the value repre-
senting the temperature, humidity and radiation measurements, Figure 5.23.

Figure 5.23: Star schema with fact table, Ismi_gold.fact_atmospheric_conditions

Measurements of Nutrients and Metals:

The diagram, Figure 5.24, illustrates a star schema where the central fact table,
lsmi_gold.fact_measurements_nutrients_metals, is connected to three-dimension tables:

• lsmi_gold.dim_date
• lsmi_gold.dim_fishtank_dwc
• lsmi_gold.dim_measures

Figure 5.24: Star schema with fact table, lsmi_gold.fact_measurements_nutrients_metals

Fish Events:

The diagram illustrates, Figure 5.25, a star schema, in which the central fact table,
designated as lsmi_gold.fact_fish_events, is connected to three-dimension tables.
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• lsmi_gold.dim_date
• lsmi_gold.dim_fishtank_dwc
• lsmi_gold.dim_fish_attributes

Figure 5.25: Star schema with fact table, lsmi_gold.fact_fish_events

Plants Development:

The Figure 5.26 illustrates a star schema centered on the fact table: lsmi_gold.fact_plants
_development. Each record captures a single development measurement, such as fruit
weight, tasty, or skin roughness, for a specific plant within a project, on a given date
and production line, along with the ingestion timestamp. The fact table is linked via
one-to-many relationships to the following dimensions:

• lsmi_gold.dim_plants
• lsmi_gold.dim_measures
• lsmi_gold.dim_projects
• lsmi_gold.dim_lines
• lsmi_gold.dim_date
• lsmi_gold.dim_fruit

All relationships between the fact tables and their corresponding dimension ta-
bles are defined as one-to-many, with each dimension record linking to multiple fact
records.
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Figure 5.26: Star schema with fact table, lsmi_gold.fact_plants_development

5.3 Logical Data Mapping

5.3.1 Dimensions Tables

This section presents a table listing all dimension tables along with relevant meta-
data. The matrix maps the source (Bronze), Silver and target (Gold) layers, providing
key attributes for each dimension. For the sake of clarity and conciseness, only the
dim_measures, Table 5.4 and Table 5.5, will be included in this report.

gold_table column_name_gold description change silver_table

dim_measures measure_sk Integers generated by SQL Spark Yes measures
dim_measures measure Quantitative value that is recorded and ana-

lyzed in a fact table
Yes measures

dim_measures units Unit of measurement of the measure No measures
dim_measures measure_group Group to which the measure belongs Yes measures
dim_measures measure_type Type of measure, example: parameter, metal,

nutrient
No measures

dim_measures fact_table Fact table to which the measure belongs Yes measures
dim_measures min_value Minimum value that the measure can have Yes measures
dim_measures max_value Maximum value that the measure can have Yes measures
dim_measures description Key description Yes measures
dim_measures star_date Date when the record became available Yes measures
dim_measures end_date Date when the record became available Yes measures
dim_measures ingest_date Date when the data was ingested Yes measures

Table 5.4: Metadata of the dimension table dim measures
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column_name_silver bronze_table column_name_bronze relationship domain

measure_sk measure_shpt measure_sk NULL Integers generated by SQL Spark
measure measure_shpt measure NULL Measure name param pH, Temperature,

TDS, ORP
units measure_shpt units NULL Text
measure_group measure_shpt measure_group NULL Text
measure_type measure_shpt measure_type NULL Text
fact_table measure_shpt fact_table NULL Text
min_value measure_shpt min_value NULL Decimal numbers
max_value measure_shpt max_value NULL Decimal numbers
description measure_shpt description NULL Text
start_date measure_shpt start_date NULL Timestamp with format: 2025-02-21

08:02:16.854267
end_date measure_shpt end_date NULL Timestamp with format: 2025-02-21

08:02:16.854267
ingest_date measure_shpt ingest_date NULL Timestamp with format: 2025-02-21

08:02:16.854267

Table 5.5: Metadata of the dimension table dim measures (continuation)

The lsmi_gold.metadata_dimension_tables table contains information about other di-
mension tables. These tables were generated in a notebook using Spark SQL and PyS-
park. The full code is available in the following notebook: nb_lkh_lsmi_metadata.ipynb.

However, since the structure of the dimension tables remains identical in both the
Bronze and Gold layers, the dim_date, dim_time, and dim_am_pm tables were not in-
cluded in the table.

5.3.2 Fact Tables

In Appendix D, two tables are presented that map the measure columns of the fact
tables between the source and the target in the dimensional model (Table D.1 and Ta-
ble D.2).

It is also important to demonstrate the relationship between the foreign keys in the
fact tables and the primary keys in the dimension tables, Table 5.6.

Both tables can be accessed in the metadata_fact_tables and metadata_fact_dimensions
_relationship tables, respectively, on the server of IPLeiria, Figure 5.27.

https://myipleiria.sharepoint.com/:u:/r/sites/TeseLSMI/Shared%20Documents/General/_LSMI_MicrosoftFabricItems/backupfabric_20250520/notebook/
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gold_table column_name_gold relationship

fact_atmospheric_conditions line_sk dim_line.line_sk
fact_atmospheric_conditions date_sk dim_date.date_sk
fact_atmospheric_conditions measure_sk dim_measure.measure_sk
fact_daily_system line_sk dim_line.line_sk
fact_daily_system date_sk dim_date.date_sk
fact_daily_system measure_sk dim_measure.measure_sk
fact_fish_events fish_type_sk dim_fish_type.fish_type_sk
fact_fish_events line_sk dim_line.line_sk
fact_fish_events date_sk dim_date.date_sk
fact_measurements_nutrients_metals fishtank_dwc_sk dim_fishtank_dwc.fishtank_dwc_sk
fact_measurements_nutrients_metals line_sk dim_line.line_sk
fact_measurements_nutrients_metals measure_sk dim_measure.measure_sk
fact_plants_development line_sk dim_line.line_sk
fact_plants_development date_sk dim_date.date_sk
fact_plants_development project_sk dim_project.project_sk
fact_water_consumption line_sk dim_line.line_sk
fact_water_consumption measure_sk dim_measure.measure_sk
fact_water_consumption am_pm_sk dim_am_pm.am_pm_sk

Table 5.6: Relationship between the foreign keys and primary keys

Figure 5.27: Metadata tables in the lsmi_gold_gateway database



6
Lakehouse Implementation and
Data Integration Project – ETL

6.1 Data Solution Architecture

One of the objectives of this project was to adopt a cloud-based platform capable of
supporting a modern data architecture aligned with the requirements of the aquapon-
ics monitoring system. Data Warehouses, Data Lakes and Lakehouses play essential
roles, each offering distinct advantages and limitations. Their respective characteris-
tics, benefits, and trade-offs have been previously discussed in Chapter 3. Based on
this analysis, the Lakehouse architecture was selected for the implementation of the
solution. The justification for the choice is provided in the Subsection 4.3.

To implement the Lakehouse architecture, the comparative overview presented in Ta-
ble 3.2 inSubsection 3.4.3, which evaluates Snowflake, GoogleCloudBigQuery, Databricks,
and Microsoft Fabric, was examined. Figure 3.6 was also analyzed to inform the selec-
tion of the most suitable Lakehouse platform.

Microsoft Fabric and Databricks were preselected based on their strategic fit and prac-
tical benefits for this project. Both platforms provide comprehensive trial offerings and
are widely recognized for their Lakehouse, oriented capabilities in modern data man-
agement. Familiarity with their respective ecosystems further smoothed adoption, ac-
celerating development and minimizing the learning curve. Additionally, they share
similar underlying technologies, such as distributed computing paradigms listed in
Table 3.2. Databricks excels with, auto-scaling, while Microsoft Fabric delivers elastic
scalability without infrastructure management.

After careful consideration, Microsoft Fabric was selected for this project. All stu-
dents and teachers at IPLeiria already possess Microsoft accounts and can access the
Microsoft Fabric trial without creating additional credentials, whereas on Databricks
would require every participant to register for a separate Databricks account, making

63
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Fabric the more convenient choice. Moreover, although the Databricks Free Edition
allows sharing individual notebooks within a workspace via the Share button [77], it
lacks advanced production features consequently, there is no mechanism for sharing
pipelines or an entire Lakehousewith fine-grained access controls [78]. Full assetman-
agement and pipeline collaboration onDatabricks necessitate a paid subscription. [78].

Another major advantage of Microsoft Fabric lies in its fully integrated and unified en-
vironment access [79] [51]. It brings together all the essential components for modern
data solutions, such as Data Warehousing, Lakehouse architecture, Pipelines, Note-
books, and Dataflow Gen2 within a single platform [51]. This seamless integration
simplifies the development process, reduces architectural complexity, and enhances
maintainability throughout the data lifecycle [51].

Databricks requires external BI tools for reporting, whereas Microsoft Fabric provides
native Power BI integration. Microsoft Fabric scalability and flexibility make it partic-
ularly well suited for iterative development and the evolving needs of a project like the
aquaponics monitoring system. Additionally, Fabric’s integrated environment enables
rapid experimentation and validation of new data models and dashboards, satisfying
the curiosity about system behavior and performance.

In the analysis and visualization phase, Power BI Desktop (rather than the Fabric -
embedded service)will be employed to create interactive reports and dashboards. This
decision reflects our reliance on a Microsoft trial subscription, which automatically
renews every two months but may expire without notice. To guard against potential
data loss, the Silver and Gold layers have been periodically copied to an on-premises
SQL Server at IPLeiria. Power BI Desktop will connect to this SQL Server, leveraging
its ability to handle large volumes of data and generate customized reports for various
objectives.

Thus, the solution architecture, illustrated in Figure 6.1, was designed to gather and
process various data sources through Microsoft Fabric. The source files, primarily in
Excel format, are stored in Microsoft Teams as raw data.

To structure the data transformation process efficiently, a Medallion Architecture was
adopted, comprising the Bronze, Silver, and Gold layers. As discussed in Chapter 3,
this approach promotes data quality, reusability, and performance optimization. Raw
data is first ingested into the Bronze layer, then cleaned and enriched in the Silver layer,
and finally aggregated andmodeled in the Gold layer to support analytical workloads.
This layered structure ensures traceability, modularity, and a clear separation of con-
cerns across the data lifecycle.

There are several options for data ingestion, including Dataflow Gen2 and Copy Activ-
ity in a Data Pipeline. However, since the source files are stored in SharePoint folders,
Dataflow Gen2 is the only viable option in this case Figure 6.2. It provides a direct
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Figure 6.1: Data Solution Architecture

connector for SharePoint folders, whereas Data Factory in Microsoft Fabric does not
currently support SharePoint folders in pipelines [80].

Figure 6.2: Dataflow Gen2 SharePoint folder connector

Building on the previous discussion, these files are ingested into the Fabric environ-
ment using Dataflow Gen2 and then copied to a Warehouse for further processing.

It was possible to write the data processed by Dataflow Gen2 directly into the Lake-
house or Warehouse, the decision depends on the specific needs of the organization.
The Warehouse was chosen. The rationale for this decision lies in the subsequent data
quality processes, particularly the analysis of null values and duplicates. Within the
data ingestion Pipeline, these analyses require querying the data, which can be ac-
complished using either the script or lookup activities of the Pipelines, as illustrated
in Figure 6.3. It is important to note that the script activity supports connections ex-
clusively to SQL Databases or Warehouses, while the lookup activity is also capable of
connecting to the Lakehouse. The script activity was chosen due to its lower latency
when interfacing with a Warehouse. This process will be described in greater detail in
Section 6.3.

It’s important to note that the SQL analytics endpoint in a lakehouse is designed to
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Figure 6.3: ’Script’ or ’Lookup’ activities of the Pipelines

provide high-performance, low-latency SQL queries, utilizing the same engine as the
Warehouse. However, under certain conditions, such as when there are numerous
small-sized parquet files or high cardinality in partition columns, there can be delays
in syncing changes between the Lakehouse and its associated SQL analytics endpoint.
These factors can impact on the performance and latency of queries executed against
the Lakehouse, [81].

Therefore, in scenarios where immediate data consistency and minimal latency are
critical, connecting directly to a Warehouse may offer more predictable performance.
This consideration influenced the decision to utilize the script activitywith awarehouse
connection in the data ingestion pipeline.

Subsequently, the data is replicated from the Bronze layer Warehouse to the Bronze
schema of the Lakehouse using a shortcut. This approach was chosen instead of ap-
plying transformations directly to the Bronze layer within the Warehouse and subse-
quently writing the results to the Lakehouse.

Shortcuts in a Lakehouse enable users to reference data without duplication, allow-
ing seamless integration across multiple sources, including other Lakehouses, Even-
thouses, Workspaces, and external storage such as ADLS Gen2 or AWS S3. This ap-
proach provides fast, local access to large datasets without the latency of physical data
movement [82].

In this project, shortcuts were used to create virtual references from the Warehouse
to the Lakehouse, improving storage efficiency and ensuring that both layers remain
synchronized. This method minimizes redundancy and reduces the risk of inconsis-
tencies during the ETL process. Moreover, it enables Silver layer transformations to
be performed directly on the Lakehouse while leveraging the structured schema de-
fined in the Warehouse, resulting in better performance and simplified orchestration
by avoiding unnecessary data transfers.

Overall, the use of shortcuts supports better performance, easier maintenance, and
cost-effective resource usage, aligning with the architectural principles defined in the
Medallion model.

As shown in the architecture Figure 6.1: Data Solution Architecture, within the Lake-
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house environment, data is organized into Bronze, Silver and Gold layers. To write ta-
bles in the Silver andGold layers, were used notebooks to take advantage of distributed
computing technology and parallel processing, enabling efficient data transformations.
This approach allowed for the use of both SQL Spark and Pyspark [83].

Theoretically, to fully leverage the benefits of the Lakehouse architecture, theGold layer
should serve as the foundation for a semantic model, which would then be used as the
data source for Power BI reports. The optimal approach would involve establishing a
Direct Lake Mode connection between Power BI and the semantic model.

Direct Lake Mode is an innovative engine capability that enables Power BI to analyze
large datasets efficiently by consuming parquet-formatted files directly from a data
lake. This eliminates the need to query a Warehouse or a SQL analytics endpoint, as
well as the necessity of importing or duplicating data into a Power BI semantic model.
By allowing Power BI to access data directly from the data lake, Direct Lake Mode
provides a high-performance query and reporting experience, ensuring faster data re-
trieval and analysis [84].

However, this approach was not implemented in this study due to the limitations of
the trial environment. As previously mentioned the Microsoft Fabric trial has been
renewed every two months, but its expiration date remains uncertain, to avoid poten-
tial loss of data and ensure the continuity of the report, an alternative solution was
adopted. Instead of relying entirely on Microsoft Fabric, a copy of the Gold layer was
stored on a server at IPLeiria. This dataset was then connected to Power BI, ensuring
data persistence and uninterrupted access to reporting capabilities.

6.2 Description of the ETL Process

According to Kimball, ETL is a data integration process that involves threemain stages.
The first stage, extraction, involves collecting data from various sources such as APIs,
databases and files. The second stage, transformation, includes cleaning, enriching,
and transforming the data to make it useful for analysis. The final stage, loading, in-
volves inserting the transformed data into a storage system, such as a data warehouse
or data lake. This process is essential for ensuring that data is ready for analysis and
decision-making [14].

As previously mentioned, the ETL process will be implemented in Microsoft Fabric.
A dedicated workspace was created for this purpose, containing all the created items
organized into folders, with each folder holding items of the same type.

Each created item was assigned a name following a specific naming convention: item
_workspace_table. For example, the DataflowGen2 for the daily_system table is named
df_lsmi_daily_system. The following initials are used for other items:
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• DataflowGen2 - df
• Notebook - nbk
• Pipeline - pp
• Lakehouse - lkh
• Warehouse - dw
• PowerBI - pbi

It is important to note that in the following subsections the ETL process will be ex-
plained; however, only the process for the daily system table will be detailed, since the
remaining tables were processed in the same way.

6.2.1 Extraction

In the LSMI data integration project, it began with the extraction process. As previ-
ously mentioned, the source files are stored in various folders in Microsoft Teams, in
the Tese LSMI Team.

Dataflow Gen2 in Microsoft Fabric is a cloud-based data preparation technology that
enables users to connect, transform, and combine data from multiple sources in a low-
code environment using the Power Query Online interface [85]. It offers over 300 data
and AI-based transformations, making it easier to process and load data into desti-
nations such as Lakehouse, Warehouse, or Kusto Query Language (KQL) Database
within Microsoft Fabric [86].

Data was ingested from the source and loaded into the Bronze layer of the Warehouse
using overwrite mode, with only new or modified files processed since the last inges-
tion. The source files presented several challenges that hindered a fully automated in-
gestion, requiring some manual adjustments to facilitate the process. Due to the large
volume of data, not all standardization transformations were performed in Excel; in-
stead, these were executed within Dataflow Gen2. Although some transformations
were applied during ingestion, according to best practices, the ideal approach would
have been to load the files directly into the Bronze layer through Dataflow Gen2 with-
out applying transformations at this stage.

The process of Data Extraction is detailed below.

• Dataflow Gen2 connects to SharePoint Files using SharePoint.Files (link, [ApiVer-
sion = 15]), Figure 6.4.
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Figure 6.4: Get data from source Sharepoint folder and connection

• Filter the files to include only those containing v4 in the filename.
• Select relevant columns (Content, Name, Date modified, Folder Path).
• Remove hidden files.
• Add an ingestion date (ingest_date) using a lookup from the silver_daily_system

table or assign a default date. Filter files based onmodification date, loading only
those where the ingestion date is earlier to the file’s modification date (ingest_date
≤ date_modified). Ensures incremental ingestion by processing only files that have
been added or modified.

• Expand the data structure by applying a custom transformation function to ex-
tract relevant fields.

• Remove unnecessary columns to optimize the dataset.
• Standardize column data types to ensure proper formatting.
• Rename columns to follow a structured naming convention.
• Filter out header rows that contain Line as a value.
• Replace specific values in the Line column (e.g., linha_1 → Line1, sistema_porta →

DoorSystem).
• Drop redundant columns (e.g., NH3 mg/L, NO2 mg/L, NO3 mg/L) that are not

needed for further processing.
• Format numeric and categorical fields to ensure consistency.
• Create a unique identifier (daily_system_key) by concatenating line, fishtank_dwc,

year, month, day and time.
• Format the key as a string and remove any empty records.
• Add a timestamp (ingest_date) to track when the data was ingested.
• Remove unnecessary columns before loading the final dataset.
• This structured ETL process ensures that the ingested data is clean, structured,

and ready for analysis within the Microsoft Fabric ecosystem (see Fig. 6.5).

Finally, the destination is added, which in this case is the table lsmi_bronze_daily_system
_shpt, previously created in the dw_lsmi Warehouse, with overwrite data, Figure 6.6.
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Figure 6.5: Diagram view from DataFlowGen2 - df_lsmi_daily_system.png

Figure 6.6: Add a destination
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6.2.2 Transformation

After the data Extraction and loading into the Bronze layer, the next phase in the ETL
process is data Transformation, where the raw data is refined and structured for ana-
lytical use. This transformation occurs in the Silver layer, where data is cleansed, en-
riched, and standardized to ensure consistency and usability. In this section, the key
transformation steps applied to the daily system dataset will be described in detail,
including:

• Data Cleaning: Handling missing values, removing duplicates, and standardize
formats.

• Data Structuring: Converting raw attributes into well-defined entities.
• Business Rule Application: Implementing transformations based on predefined

logic.

These transformations are essential for ensuring that the data is reliable, structured,
and ready for aggregation and reporting in the Gold layer. The following subsections
will provide a detailed breakdown of each transformation applied in the Silver layer of
the Lakehouse.

This phase of the process is carried out in the Lakehouse lkh_lsmi. In the Lakehouse, a
shortcut to the Bronze layer of lsmi_dw is created, Figure 6.7.

Figure 6.7: Shortcut from dw_lsmi to lkh_lsmi in lsmi_bronze

In the notebook _scripts_silver_gold_tables, the Silver and Gold layer tables are created,
including both dimensional and fact tables. It is important to note that all Silver tables
have the following common columns:

• folder_path
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• file_name
• date_modified
• ingest_date

Below is an example of the SQL Spark code used to create the table lsmi_silver.daily
_system:

1 CREATE TABLE lsmi_silver.daily_system(
2 folder_path varchar(8000),
3 file_name varchar(100),
4 table_name varchar(100),
5 date_modified timestamp,
6 daily_system_key varchar(1000),
7 fishtank_dwc varchar(20),
8 fishtank_dwc_sk int,
9 date_sk bigint,

10 time varchar(20),
11 am_pm_sk int,
12 measure varchar(20),
13 measure_sk int,
14 value float,
15 ingest_date timestamp
16 )
17 using DELTA

The notebook nbk_lkh_lsmi_daily_system_bronze_silverperformsETL transformations from
the Bronze layer to the Silver layer for the daily_system datasetwithin Lakehouse lkh_lsmi.
The key steps involved are:

Data Validation & Cleaning

• Identifies duplicates using a Common Table Expression (CTE) and filters records
where daily_system_key appears more than 10 times.

• Handles missing values by replacing empty or whitespace values with NULL.
• Removes non-breaking spaces (\u00A0) from numerical fields to ensure proper

parsing.

Data Type Standardization

• Ensures that critical numerical columns like DO mg/L, temperature (◦C), and
pH are formatted correctly.

• Uses REGEXP_REPLACE() to clean data inconsistencies in text-based fields.

Key Transformations

• Extracts relevant columns from the Bronze layer (lsmi_bronze.daily_system_shpt).
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• Standardizes column names and applies formatting improvements.
• Ensures that the dataset is structured correctly for further aggregation.

Data Loading into the Silver Layer

• Write the transformed data into lsmi_silver.daily_system.
• Uses optimized queries for handling large datasets, with SQL Spark: MERGE

INTO.
• Prepares the dataset for the Gold layer and further analytical processing.
• This structured transformation process ensures that data in the Silver layer is

clean, reliable, and formatted for efficient analysiswithinMicrosoft Fabric’s Lake-
house architecture.

• These types of transformations and updates for the Silver table were applied in
the same way to all tables that will, in the Gold layer, become a fact table, as is
the case with daily_system.

The code used to perform all these transformations can be found in: Access to note-
books.

In the dimension tables, two approaches were used: Slowly Change Dimension (SCD)
Type 1 and SCD Type 2. The SCD Type 1 dimension tables (fruit, plants, and project)
were created because there was no need to retain historical data. The remaining di-
mension tables were implemented as SCD Type 2, as it was necessary to store historical
changes.

Another particularity concerns 3 dimensions tables: date, hour, and am_pm. Since
these tables do not change over time, they do not have a Silver layer. Instead, they are
directly loaded from the Bronze layer to the Gold layer using an INSERT OVERWRITE
operation.

It is important to highlight that a comprehensive data quality processwas implemented
at the Silver layer to ensure data integrity. As part of this process, records containing
null or duplicate values in the dimension tables are not ingested into the Silver layer.
Instead, queries are executed to retrieve relevant metadata for further analysis. For
null values, the query extracts the following fields:

• folder_path
• file_name
• date_modified
• modified_by
• column_key

For duplicate values, the query retrieves:

• folder_path

https://myipleiria.sharepoint.com/:f:/r/sites/TeseLSMI/Shared%20Documents/General/_LSMI_MicrosoftFabricItems/backupfabric_20250520/notebook?csf=1&web=1&e=N1ZATK
https://myipleiria.sharepoint.com/:f:/r/sites/TeseLSMI/Shared%20Documents/General/_LSMI_MicrosoftFabricItems/backupfabric_20250520/notebook?csf=1&web=1&e=N1ZATK
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• file_name
• composite_key
• date_modified
• ingest_date
• The count of duplicate records

These queries are executed within the dedicated notebooks: nbk_lsmi_dynamic_nulls
– for handling null values and nbk_lsmi_dynamic_duplicates – for identifying duplicate
records.

Additionally, to obtain the modified_by attribute when dealing with null values, a sep-
arate query is required. This query references a metadata table metadata_tables, specif-
ically created for this purpose, within the lsmi_metadata schema, Figure 6.8.

Figure 6.8: lsmi_metadata schema, containing metadata tables and columns

Once these records are identified, an email notification is sent to the data engineers and
the personnel responsible managing the Excel files in Microsoft Teams. This allows
them to review the affected records and take corrective action as needed.

Similarly, in the fact tables, a separate data quality check is performed. If a fact table
record does not have a corresponding foreign keymatch in the related dimension table,
it is stored in a dedicated table for further analysis. An example of such a table is:

• lsmi_data_quality.aux_daily_system_key_not_dim_table, Figure 6.9.

These records are also communicated via email to ensure that any data integrity issues
are addressed promptly.

6.2.3 Load

In this phase, the Silver tables are loaded into theGold layer, where the final structure is
optimized for analytical processing. The fact tables retain only the columns containing
measurable values and the foreign keys that link to the respective dimension tables.
Meanwhile, the dimension tables include a primary key column along with several
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Figure 6.9: lsmi_data_quality schema in lkh_lsmi

attribute columns that describe the entity. This structured approach ensures that the
Gold layer is well-organized for efficient querying, reporting, and BI applications. The
process is executed in notebooks, and for daily_system, it is performed in notebook:
nbk_lkh_lsmi_daily_system_silver_gold.ipynb.

To ensure data persistence and prevent potential loss, these Gold layer tables are repli-
cated in a SQL Server database hosted on an IPLeiria server. Since this project is being
developed using a Microsoft Fabric trial account, there is a risk that the data processed
and stored within the Fabric environment could be lost once the trial period expires.
By maintaining a backup in SQL Server, the transformed and structured data remains
accessible for future use, ensuring the continuity and reproducibility of the work.

6.3 Orchestration

The orchestration of the entire ETL process was executed using Data Pipelines. The fol-
lowing section provides a detailed explanation of the Data Pipelines process. Dynamic
pipelines were utilized whenever possible to enhance reusability, as the implementa-
tion process was identical for all tables. To achieve this, parameters were used within
the pipelines Figure 6.10. Therefore, the explanation will focus on a single table, the
daily_system.

Data Pipeline: pp_lsmi_bronze_layer_table_name

The first pipeline is pp_lsmi_bronze_layer_table_name, in this example pp_lsmi_bronze
_layer_daily_system, is an automated pipeline for data ingestion and validation. This
pipeline was developed to ensure the integrity of processed data and the detection of
inconsistencies, such as null values and duplicate records, through a structured se-

https://myipleiria.sharepoint.com/:u:/r/sites/TeseLSMI/Shared%20Documents/General/_LSMI_MicrosoftFabricItems/backupfabric_20250620/notebooks/nbk_lkh_lsmi_daily_system_silver_gold.ipynb?csf=1&web=1&e=gM4Pqy
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Figure 6.10: Example of parameters of data pipelines

quence of activities, Figure 6.11.

Figure 6.11: Data Pipeline pp_lsmi_bronze_layer_daily_system

If the number of duplicates exceeds two, the if_send_mail_duplicates activity is triggered
by sending an email notification. If records with null values are found, the if_send_mail
_nulls activity triggers an alert email. In this case, as previously mentioned, the maxi-
mum time granularity is divided intomorning and afternoon. Multiple measurements
for the same parameter may be recorded within each period to minimize errors. How-
ever, there will never be more than ten measurements for the same parameter in each
period. If more than ten values are detected, duplicates will be identified, and an email
will be sent for further analysis.

In addition to these checks, the pipeline manages variables to store duplicate and null
count values. The count_nulls and count_duplicates variables record these counts, which
are subsequently consolidated in the duplicates_nulls variable, storing the results in
JSON format. The final step of the pipeline defines the pipelineReturnValue variable,
encapsulating the results for future reference.

Whenever a pipeline is created in Microsoft Fabric, a corresponding JSON file is au-
tomatically generated. This JSON definition fully describes the pipeline’s structure,
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activities, parameters, and connections. The files can be found in Access to Pipelines
JSONs. All pipelines follow similar structural logic. These JSON files are valuable not
only for documentation purposes but also for operational flexibility. For instance, a
pipeline can be replicated or migrated to a different workspace simply by importing
the JSON file. This process ensures data integrity by automatically detecting and no-
tifying any identified issues, contributing to a more reliable and efficient data flow in
analytical and operational environments.

Data Pipeline: pp_lsmi_exe_(dim_fact)_table_name

The pp_lsmi_exe_fact_daily_system pipeline, Figure 6.12, is an automated process de-
signed for data ingestion, validation, and transformation. The process begins by ac-
tivating the pp_lsmi_bronze_layer_table_name pipeline, followed by verifying whether
the Bronze table contains new records and ensuring that the number of null or du-
plicate values remains within an acceptable threshold. This verification is performed
using the if_bronze_table_have_rows condition, which evaluates the outputs of the num-
ber_rows_bronze_table and bronze_layer activities. If no newdata is detected or if the level
of inconsistencies exceeds the threshold, an email notification is sent via mail_pipeline
_not_run to indicate that the pipeline was not executed.

Figure 6.12: pp_lsmi_exe_fact_daily_system pipeline

If the conditions are met, the pipeline proceeds with data transformation throughmul-
tiple layers. The silver_layer activity is triggered first, followed by the gold_layer process,
ensuring a structured and refined data processing approach. Additionally, a validation
step, send_mail_keys_not_dimension_tables, ensures that key values are correctly aligned
with dimensional tables.

The pipelinemonitors key data qualitymetrics, such as count_nulls and count_duplicates,
to determinewhether processing can continue. A lookup operation, number_rows_bronze

https://myipleiria.sharepoint.com/:f:/r/sites/TeseLSMI/Shared%20Documents/General/_LSMI_MicrosoftFabricItems/backupfabric_20250520/data_factory?csf=1&web=1&e=AxNGAu
https://myipleiria.sharepoint.com/:f:/r/sites/TeseLSMI/Shared%20Documents/General/_LSMI_MicrosoftFabricItems/backupfabric_20250520/data_factory?csf=1&web=1&e=AxNGAu
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_table, counts the available records before advancing to higher processing layers. Pro-
cessing in the Silver and Gold layers proceeds only if the Bronze table contains at least
one record and has no more than five null values or duplicates, as shown in the follow-
ing script. If these conditions are met, processing continues; otherwise, the pipeline
execution is halted. The code used is from the data pipeline build expression, Fig-
ure 6.13.

Figure 6.13: Pipeline Expression for Data Quality Validation

By leveraging dynamic parameters, the pipeline enables efficient reuse across different
tables while maintaining a standardized processing workflow. This ensures automa-
tion, reduces manual intervention, and enhances the reliability of the data transforma-
tion process, contributing to more accurate analytical outcomes.

As previously mentioned, this entire process is applied to both dimension and fact
tables. Each pipeline may have its specific characteristics depending on whether it
processes a dimension table or a fact table.

Data Pipeline: pp_lsmi_gold_gateway_dynamic

The final load of the Gold layer, Figure 6.14, was executed to an on-premises IPLeiria
server, Figure 6.15, to Database: lsmi_gold_gateway.
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Figure 6.14: Pipeline: pp_lsmi_gold_gateway_dynamic

Figure 6.15: SQL Server Management Studio (SSMS) Object Explorer Showing the LSMI Gateway
Instance

The Figure 6.16 illustrates the configuration of theCopyData activitywithin the pp_lsmi
_gold_gateway_dynamic pipeline, which is responsible for dynamically copying data to
the lsmi_gold_gateway SQL Server. This activity is executed inside a for_each_table loop,
allowing iteration over multiple tables. Prior to the copy operation, a script activity
named delete_table is executed, likely to clear the destination table before inserting new
data. In the ”Destination” tab, the connection used is lsmi_gateway, with the connec-
tion type set to SQL Server and the target database specified as lsmi_gold_gateway. The
option Auto create table is selected, allowing the system to automatically create the des-
tination table if it does not already exist. The table name is assigned dynamically using
the expression @item(). TABLE_NAME, enabling a flexible and reusable configuration
across multiple tables within the pipeline.
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Figure 6.16: Configuration of the connection to the lsmi_gold_gateway SQL Server in the
pp_lsmi_gold_gateway_dynamic pipeline’s Copy Data activity

Data Pipeline: pp_lsmi_master

A master pipeline pp_lsmi_master, Figure 6.17, was created to orchestrate the execution
of multiple data processing pipelines in a structured sequence.

Figure 6.17: pp_lsmi_master pipeline

The process begins with the update_metadata activity, which updates relevant meta-
data before initiating subsequent operations. Once the metadata update is completed,
the dim_tables pipeline is triggered to process dimension tables, ensuring their data
integrity and readiness for analytical use. Following the successful execution of the
dimension tables pipeline, the fact_tables pipeline is invoked to process fact tables, in-
tegrating and structuring transactional data for reporting and analysis. After the fact
tables are processed, the final step in the pipeline execution is lsmi_pp_lkh_sql_server,
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which likely ensures that all processed data is correctly transferred and stored in the
designated database environment.

Each step in the sequence depends on the successful completion of the previous stage,
ensuring a controlled and systematic data processing workflow. This structured or-
chestration enhances efficiency, maintains data integrity, and ensures seamless execu-
tion of data transformations across different tables.

A weekly trigger will be added to this pipeline, as shown in the configuration below,
Figure 6.18. While most files are added or updated monthly at the source, occasional
changes can occur at any time, making a weekly trigger the optimal choice.

Figure 6.18: Master Pipeline Trigger Configuration
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Building the Visual Aquaponic

Project

Power BI serves as the front-end for exploring and visualizing the insights generated
by the lsmi_gold_gateway database.

This Power BI solution was developed based on the specific requirements provided by
the aquaponics research team at IPLeiria. The purpose of this chapter is not to present
a storytelling approach, but rather to provide a detailed explanation of the configura-
tion of Power BI Desktop to connect with the on-premises SQL Server (Gold layer),
the sharing and publishing the settings that ensure stakeholders across IPLeiria have
reliable access to up-to-date information, the design of the semantic model, and the
structure of the interactive reports and dashboards. Additionally, this chapter outlines
how users can navigate through the different pages of the Power BI report in a user-
friendly and efficient manner.

7.1 Power BI Desktop Configuration and Secure Data Connec-
tion

In Power BIDesktop, the connection to theGold layer tables on the on-premises IPLeiria
server is configured using specific connection settings, Figure 7.1. For security reasons,
the connection parameters such as machine address, database name, login, and pass-
word are not disclosed in detail here, but they follow the standard access credentials
defined for the internal infrastructure.

Stakeholders can currently connect directly to the on-premises database, either to build
their own dashboards or to access the Power BI solution developed for this thesis.
Because anyone possessing these credentials gains full database access, it is recom-
mended that passwords be rotated every three months (or according to IPLeiria’s se-
curity policy). Embedding connection strings in this manner is not considered best

82
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Figure 7.1: Power BI Desktop SQL Server database Connection Dialog and tables to import

practice. Although storing credentials in Azure Key Vault and granting access only to
a designated Azure Active Directory (AAD) security group would enable centralized
credential management and minimize exposure, this method was not adopted due to
Azure Key Vault being a paid service under current budget constraints.

Users can access the dashboards either through Power BI Desktop or via the LSMI
Project Workspace in Microsoft Fabric. To access the latter, it is necessary for the
workspace owner to grant at least Viewer privileges to the intended users. This en-
sures controlled access while allowing stakeholders to consult the published reports
directly through the Power BI service.

7.2 Semantic Data modelling in Power BI

7.2.1 Table Relationships and Cardinality

In Power BI’s model, relationships define how tables are linked and how filters and
aggregations propagate across the dataset. Each relationship is characterized by its
cardinality, most commonly one-to-many or many-to-one in a star schema, which de-
termines whether a single dimension record can relate to multiple fact records or vice
versa [14]. Correctly specifying cardinality is essential for accurate calculations, opti-
mized query performance, and predictable filter behavior.

In the LSMI model, all dimension-to-fact links use one-to-many cardinality, ensur-
ing that each dimension entry (for example, a given date or fishtank) can be associ-
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ated with multiple measure or development records without ambiguity. This founda-
tion enables seamless drill-down, roll-up, and cross-filtering across reports and dash-
boards. The model view can be found in Appendix E: Model View in Power BI.

7.2.2 Hierarchies

Asmentioned in Section 5.2.3 defining hierarchies in Power BI improves both data nav-
igation and user experience by enabling intuitive drill-down and roll-up operations.
Organizing related fields, such as e.g: State > City > Store, allows users to explore
data across multiple levels without manual selection. Hierarchies also enhance report
interactivity and optimize query performance for faster analysis [87].

The figure Figure 7.2 illustrates the hierarchies defined in Power BI.

Figure 7.2: Hierarchies in Power BI

7.2.3 DAX Measures

In Power BI, measures and calculated columns are defined using the Data Analysis Ex-
pressions (DAX) language to enrich the semantic model with business logic. Measures
compute dynamic aggregations at query time, such as sums, averages, and more [88].
To ensure transparency and reproducibility, all DAX measures defined in this model
were exported and documented using DAX Studio, providing a complete catalog of
expressions and performance metrics, Appendix F: DAX Measures.

In DAX Studio, Analysis Services Dynamic Management Views (DMVs) were used to
list all measures from the model. By connecting to the .pbix file and executing one
simple queries, Figure 7.3, it was possible to dynamically extract this information. A
dynamic Excel file containing the exported data is included in: Download DAX Studio
Measures Excel File.

Thesemeasureswere developedwith the specific purpose of underpinning the creation

https://myipleiria.sharepoint.com/:x:/r/sites/TeseLSMI/Shared%20Documents/General/_LSMI_MicrosoftFabricItems/dax_studio_measures_lsmi.xlsx?d=w4135008013c04f459b4571b478bda7cc&csf=1&web=1&e=65HwSV
https://myipleiria.sharepoint.com/:x:/r/sites/TeseLSMI/Shared%20Documents/General/_LSMI_MicrosoftFabricItems/dax_studio_measures_lsmi.xlsx?d=w4135008013c04f459b4571b478bda7cc&csf=1&web=1&e=65HwSV
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Figure 7.3: DAX Studio Query

of interactive reports and dashboards, thereby delivering consistent, reusable metrics
that streamline report construction and enhance end-user self-service analysis.

7.3 Report and Dashboard Design

The Power BI report presents an overview of LSMI at IPLeiria. It was developed us-
ing Microsoft Power BI Desktop and it was published in the workspace of Microsoft
Fabric named PowerBI LSMI, where it can be accessed and shared with relevant stake-
holders. The report is organized into several pages, the first ones are general (Open,
Main), and the remaining ones are dedicated to a system project (Arugula and Lamb’s
Lettuce,Mealworms and Papaya Trees).

Open

The Open page serves as an introduction to the laboratory, outlining its geographi-
cal context and structural organization. It provides the location, coordinates, altitude,
and climate classification, offering essential environmental data. The page also fea-
tures a card that functions as a button, red square, Figure 7.4, by clicking on it, users
are redirected to another page, Figure 7.5, containing detailed information about key
system variables such as temperature, seasonal characteristics, and the dimensions of
the aquaponics system. Navigation icons at the top of the page represent the differ-
ent modules and allow users to access detailed insights into each biological element
managed within the integrated system.

Main

TheMain page of the Power BI report offers an overview of the different five integrated
aquaponic systems and allows users to interactively navigate through all available sys-
tem lines and fishtanks, selecting any desired time period between 2019 and 2025. This
central dashboard aggregates environmental and operational data in a visual and dy-
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Figure 7.4: Power BI - Open - Page 1

Figure 7.5: Power BI - Open - Page 1a
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namic format, Figure 7.6.

Below the indicators, the page features visualizations of accumulatedwater balance per
year and fish events, as well as a detailed time series chart showing various parameters
of the daily system such as DO, fish feed quantity, ORP, pH, TDS, water temperature,
and electrical conductivity. These charts allow an in-depth analysis of trends and be-
havior of each system over time.

Figure 7.6: Power BI - Main - Page 2

The following outlines key interactive components of the dashboard:

1. Navigation Menu: Users have buttons available in the sidebar. The first button
(home icon) redirects to the Open page. The second, third, and fourth buttons
link to the respective project sections: Arugula & Lamb’s Lettuce, Mealworms,
and Papaya Trees.

2. Filter Symbol: A dynamic date slicer allows the user to define a custom time
range for which data will be displayed throughout the dashboard. It also en-
ables the selection of a specific line and the corresponding Fishtank or DWC sys-
tem. An important feature of the report is the expandable filter panel, Figure 7.7,
which can be opened to refine the data being visualized and subsequently closed
by clicking on the ”X” icon. This interactive behavior was implemented using
Power BI’s Bookmarks and the Show/Hide functionality for objects, combined with
button actions. Through this method, different report elements are revealed or
hidden based on user interaction, allowing for a more dynamic and user-friendly
experience without cluttering the visual space Figure 7.7.

3. Back: The button with an image of a left-pointing arrow redirects the user to the
previously viewed page.
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Figure 7.7: Power BI - Main - Page 2 - Slicer

4. Key Environmental Indicators: The card function as buttons that redirect the
user to the second page of the Main section, provides a detailed analysis of en-
vironmental and water quality parameters. It focuses on Line2 and FishTank L2,
displaying average values of humidity, temperature of the air, and NO−

3 (nitrate)
concentration. Interactive filters allow users to switch between different types of
nutrients (e.g., NO−

2 , NH+
4 , PO3−

4 ) and metals. Visualizations include a table and
line chart showing the yearly evolution of nitrate levels and a comparative graph
of humidity and temperature of the air over time. This page enables a deeper
understanding of nutrient dynamics and environmental conditions within the
aquaponic system, Figure 7.8.

Figure 7.8: Power BI - Main - Page 2a

A brief overview of each project (Table 7.1) and the functionality of its Power BI pages
is presented below.
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Project Number Project Name System (Line) Start Date End Date

Project1 Arugula & Lamb’s Lettuce Line3 2019-10-23 2019-12-11
Project2 Mealworms Line1 + Line2 + Line3 2021-04-27 2021-06-08
Project3 Papaya Trees Line2 + Line3 2022-05-02 2023-05-01

Table 7.1: Summary of the projects carried out, including associated systems and execution periods

First, the Arugula & Lamb’s Lettuce project evaluated a catfish-based aquaponics sys-
tem’s capacity to grow two cultivars each of lamb’s lettuce (Valerianella locusta var.
Favor and var. de Hollande) and arugula (Eruca vesicaria var. sativa and E. sativa)
under varying light intensities. During the growth period, plants were monitored for
root length, height, leaf count, foliage diameter, and largest-leaf length, then assessed
for biomass, greenness, and overall health. Lamb’s lettuce—particularly var. de Hol-
lande, maintained high quality across light treatments, whereas arugula showed re-
duced greenness and vigor under full sunlight. Increased light intensity led to higher
antioxidant and phenolic contents, which correlatedwith improved viability in a Caco-
2 cell model. This study underscores the need for species, and cultivar-specific accli-
mation conditions for successful commercial aquaponics.

Next, the Mealworms trial involved feeding African catfish (Clarias gariepinus) a diet
with 30%yellowmealworm(Tenebriomolitor) substitution to cultivate parsley, arugula,
and pennyroyal over six weeks. Water quality and environmental conditions matched
those of a standard fish-meal system, but the mealworm diet yielded reduced plant
biomass—lower height, foliage spread, leaf count, and root length—as well as dimin-
ished leaf greenness and overall health. Tenebrio molitor proved high in protein and
fiber yet comparatively deficient in key minerals versus conventional fish meal.

Finally, the Papaya Trees project spanned 13 months and examined papaya (Carica pa-
paya) growth and fruiting viability in Line 2 and Line 3 aquaponic systemswithAfrican
catfish (Clarias gariepinus). Morphological and developmental parameters were mon-
itored and compared under two substrates—brick waste and Leca—to evaluate their
effects on tree performance and fruit production.

Arugula and Lamb’s Lettuce

The page Arugula and Lamb’s Lettuce presents monitoring data for the Arugula &
Lamb’s Lettuce project conducted between October 27 and December 11, 2019, using
the specific system designed Line3. It provides an overview of water usage, fish count,
and key water quality parameters relevant to the aquaponic system, Figure 7.9.

Additional visuals include:

• A bar chart showing the Accumulated Water Daily Balance over time.
• A fish count bar indicating the number of Clarias gariepinus present.
• A summary table of water quality parameters (DO, pH, TDS, temperature, and
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conductivity) with minimum, maximum, and average ± standard deviation.
• A detailed time series chart at the bottom displaying daily variations of system

parameters such as DO, fish feed, ORP, pH, TDS, water temperature, and con-
ductivity.

Figure 7.9: Power BI - Arugula and Lamb’s Lettuce - Page 3

1. Leaf Icon Button (Figure 7.9): Directs the user to a dedicated page containing
detailed information on the morphological dimensions of the plants, Figure 7.10,
specifically Arugula and Lamb’s Lettuce. This page presents various morphologi-
cal parameters such as biggest leaf length, foliage diameter, leaf number, plant height,
and root length, with mean and standard deviation values plotted over time and
across light intensity conditions (shade and sun).

Within this dimension page, there is a second button labeledHealth, which redi-
rects the user to another page focusing on the greenness and health status of the
plant specimens, Figure 7.11. This section provides tabular and graphical data
showing the distribution of plants by greenness level (high/low) and health sta-
tus (strong/weak), with classification by variety, light exposure, and plant type.

This hierarchical navigation allows for a structured exploration of plant growth
and health, contributing to a deeper understanding of howdifferent environmen-
tal factors influence biomass and quality in aquaponic systems.

2. Parameters Icon Button (Figure 7.9): This button redirects the user to a detailed
monitoring page dedicated to environmental and nutrient parameters within the
Arugula & Lamb’s Lettuce project, Figure 7.12.
The page provides information on the concentration of ammonium (NH+

4 ) in
FishTankL3, presentingminimum, average, andmaximumvalues over the project
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Figure 7.10: Power BI - Arugula and Lamb’s Lettuce - Page 3b

Figure 7.11: Power BI - Arugula and Lamb’s Lettuce - Page 3c
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Figure 7.12: Power BI - Arugula and Lamb’s Lettuce - Page 3a

period. Data are visualized in both tabular and line chart formats to facilitate
temporal trend analysis. Additionally, the page includes a chart showing the
evolution of temperature and humidity by date for Line3, which helps assess
environmental stability and its influence on nutrient behavior. Interactive but-
tons allow users to switch between other nutrients (e.g., NO−

2 , NH+
4 , PO3−

4 ) and
metals for further analysis.

Mealworms

The following pages relate to the Mealworms project, conducted from April 27 to June
8, 2021, across three different systems: Line1, Line2, and Line3. This section provides
an overview of key environmental indicators, including an average humidity of 67.3%
and an average temperature of 22.1 °C, as well as the presence of 7 Clarias gariepinus
specimens in this period in Line3, Figure 7.13.

The page includes a bar chart showing theAccumulatedWater Daily Balance byDate,
reflectingwater usage trends across the differentmonths. Additionally, a detailed table
summarizes the main Water Quality Parameters such as DO, pH, TDS, water temper-
ature, and conductivity, with minimum, maximum, and mean ± standard deviation
values for both the DWC and FishTank components.

At the bottom of the page, a line chart tracks daily values of multiple operational pa-
rameters (DO, fish feed, ORP, pH, TDS, temperature, and conductivity), enabling a
deeper analysis of system dynamics.

The button layout and navigation logic applied on this page follow the same interactive
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Figure 7.13: Power BI - Mealworms - Page 4

structure as in the Arugula & Lamb’s Lettuce project, employing bookmarks, object
visibility toggles, and button actions to ensure a seamless and intuitive user experience.

It is also important to note that when hovering the mouse over an icon that functions as
a button, a label appears indicating the destination page that will be opened if the but-
ton is clicked. This tooltip namewas defined using the Format Image pane, as illustrated
in the image below, Figure 7.14.

Figure 7.14: Power BI - Buttom - Mealworms - Nutrients & Metals & Humidity & Temperature

Clicking on theMealworms - Nutrients &Metals &Humidity & Temperature button
redirects the user to the page shown above, Figure 7.15.
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Figure 7.15: Power BI - Mealworms - Page 4a

Which provides detailed monitoring data for the concentration of phosphate (PO−
4 ) in

FishTank L1, as part of the Mealworms project. The table presents minimum, average,
and maximum values by year, while the adjacent line chart visualizes the evolution of
(PO−

4 ) levels over time. In addition to nutrient monitoring, the page includes a line
chart that displays the variation of temperature and humidity in Line1, helping assess
environmental conditions that may influence nutrient behavior. The interface main-
tains the same interactive design logic as in previousmodules, allowing users to switch
between nutrient types using dynamic buttons and to navigate seamlessly between re-
lated data views.

On the page Figure 7.13 – Power BI - Mealworms - Page 4, clicking the Mealworms -
Dimension button (Figure 7.16) redirects the user to the page shown in Figure 7.17 –
Power BI - Mealworms - Page 4b. Which displays the morphological development of
plants (Parsley) associated with the mealworms project.

Figure 7.16: Power BI - Button - Dimension

This page presents key morphological parameters, including biggest leaf length, foliage
diameter, leaf number, plant height, and root length (cm). These indicators are visualized
using mean values accompanied by standard deviation, plotted over time and across
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Figure 7.17: Power BI - Mealworms - Page 4b

weeks of the experimental period. The chart helps evaluate the growth patterns of
plant specimens under the influence of aquaponic conditions specific to Line1 and the
DWC L1 tank, where 8 specimens of Barbus barbus were present.

The page Figure 7.17: Power BI - Mealworms - Page 4b also contains a Health button,
which redirects the user to a subsequent page that displays information related to the
health status of parsley plants, Figure 7.18.

Figure 7.18: Power BI - Mealworms - Page 4c

This includes data on greenness levels (high or low) and the strength of the specimens
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(strong), recorded under different light intensities. The information is presented in
both tabular and graphical formats, allowing for easy comparison of plant performance
based on environmental conditions.

Papaya Trees

The pages associatedwith the Papaya Trees project, cover the experimental period from
May 2, 2022, to May 1, 2023 and displays only the system lines relevant to the papaya
tree project (Line2 and Line3), providing a focused and context-specific view of the
data.

The image below, Figure 7.19, presents the first monitoring dashboard for this project,
which follows a structure similar to the first page of the previous projects. It includes
key environmental indicators, the accumulated daily water balance over time.

Figure 7.19: Power BI - Papaya Trees - Page 5

As previously mentioned, the pages related to this project follow a structure and logic
similar to those of the earlier projects. Therefore, to avoid redundancy, these pages will
not be described in detail here. The full Power BI report is available for consultation
on: Download Power BI Desktop File.

It is worth noting that the chart titled Water quality parameters of the aquaponics system
includes an information icon (i) that functions as a button. When clicked, it redirects
the user to a dedicated information page, Figure 7.20. From that page, users can easily
return to their previous location by clicking the back button located in the bottom-left
corner.

It is worth highlighting that in Figure 7.21 - Power BI - Papaya Trees - Page 5c (Health),

https://myipleiria.sharepoint.com/:u:/r/sites/TeseLSMI/Shared%20Documents/General/_LSMI_MicrosoftFabricItems/pbi_lsmi_gateway.pbix?csf=1&web=1&e=yYVDsb
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Figure 7.20: Power BI - Information

a different approach was used, the page presents morphological data and comparative
analysis of papaya trees grown in two different substrates: Brick Waste and Leca®.

Figure 7.21: Power BI - Papaya Trees - Page 5c

It includes a total count of plants per substrate, detailed statistical values (mean and
standard deviation) for various growth parameters, and a bar chart illustrating the
percentage distribution of each morphological metric by substrate. This visualization
provides insight into how each substrate influenced the development of specific plant
characteristics such as plant height, leaf number, root length, and stem diameters.
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An additional page was created to address specific requirements unique to this project
(Health2). To navigate to this page, click the button shown in Figure 7.22 on the page
Figure 7.21 - Power BI - Papaya Trees - Page 5c.

Figure 7.22: Power BI - Papaya Trees - Button - Health2

The page Health2 - Figure 7.23 - focuses on the characterization of papaya fruits based
on attributes such as surface texture (rough or smooth), presence of seeds, and taste
quality. It includes comparative bar charts of fruit diameter and length, as well as
average weight, segmented by fruit type and sensory evaluation. Additionally, sum-
mary cards display the total number of fruits classified by each trait, and a detailed
table presents mean measurements for individual papaya trees. This layout enables a
evaluation of fruit quality indicators within the scope of the Papaya Tree project.

Figure 7.23: Power BI - Papaya Trees - Page 5d



8
Usability Evaluation of the

Visual Aquaponics Dashboard

This chapter presents the design and results of a usability survey for the aquaponics
dashboard. Measuring ease of use, learnability, and satisfaction highlights strengths
and reveals areas for improvement, guiding future updates.

8.1 Survey Goals and Target Audience

Accordingly, the primary objective of this survey is to assess how effectively the Power
BI dashboard supportsmonitoring anddecision-makingwithin the aquaponic research
environment. Specifically, the questionnaire is designed to:

• Evaluate perceived ease of use, learnability, and the need for technical assistance
in operating the dashboard (Design & Usability).

• Measure user satisfactionwith the clarity and organization of presented informa-
tion (Content).

• Assess the intuitiveness and efficiency of navigating between different reports,
pages, and data views (Navigation).

• Gauge the dashboard’s loading times and responsiveness during typical user in-
teractions (Performance).

The survey targets three stakeholder groups directly involved in the aquaponics study
students, researchers, and professors to ensure a comprehensive assessment of the
dashboard’s usability across both operational and supervisory roles. The survey was
sent to a total of 5 participants (2 students, 2 researchers and 1 professor).

99
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8.2 Survey Methodology

In the article [89] traces the origins of the System Usability Scale (SUS), created over
25 years ago at Digital Equipment Co. Ltd. SUS was intended as a quick, reliable
measure of usability across diverse systems. Its simple yet robust design has enabled
widespread adoption in usability testing and has become a standard in subjective us-
ability assessment [89].

The questionnaire combines the 10 core SUS items—alternating positive and negative
wording—with four dashboard-specific questions covering Design & Usability, Con-
tent, Navigation, and Performance. Table 8.1 is adapted from the original SUS. All
items employ a 5-point Likert scale (1 = Strongly Disagree to 5 = Strongly Agree). The
full questionnaire is provided in Appendix G: Survey.

Question Category

1. I find Power BI useful for understanding the information presented. Content
2. Navigating through Power BI reports feels confusing or overwhelm-
ing.

Navigation

3. It is easy for me to find the information I need in Power BI dash-
boards.

Navigation

4. I would need help from someone with technical skills to use Power
BI effectively.

Design & Usability

5. The layout of the dashboard is intuitive. Content
6. I often feel lost or unsure about how to interactwith Power BI reports. Navigation
7. The dashboard loads and responds quickly to my interactions. Performance
8. It is not easy to switch between different pages or views in the dash-
board.

Navigation

9. The visual design of the dashboard is clear. Design & Usability
10. The dashboard is slow or unresponsive during my interactions. Performance

Table 8.1: Mapping of survey questions to their respective categories

Table 8.2 shows how often each theme was raised by participants. Navigation topped
the list with four mentions, while Content, Performance and Design & Usability were
each noted twice.

Category Number of questions

Content 2
Navigation 4
Design & Usability 2
Performance 2

Table 8.2: Frequency of mentions by dashboard category

The survey was deployed online and distributed by email to all prospective respon-
dents. Participants had 5 days to complete the questionnaire. Participation was volun-
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tary and anonymous, required approximately 5–10 minutes, and collected no personal
identifiers.

Raw responses were screened for completeness; any submission missing more than
two SUS items was discarded. Valid responses were exported as a xlsx file and im-
ported into Microsoft Fabric for statistical analysis. SUS scores were calculated follow-
ing Brooke’s guidelines [89]:

Instructions for Calculating:

1. For odd-numbered items (1, 3, 5, 7, 9): subtract 1 from the score.
2. For even-numbered items (2, 4, 6, 8, 10): subtract the score from 5.
3. Add all the adjusted scores together.
4. Multiply the result by 2.5.

The SUS scores were interpreted according to the following usability bands.

Interpretation of Results [89]:

• 90–100: Excellent usability
• 80–89: Good usability
• 70–79: Acceptable
• 60–69: Marginal
• Below 60: Problematic

8.3 Results Analysis: SUS Score – Calculation and Interpreta-
tion

In order to characterize our study sample and summarize the usability outcomes, Ta-
ble 8.3 first presents the distribution of survey invitations and respondent profiles. It
shows that invitations were sent to 2 students 2 researchers and 1 professor, yielding
five valid replies: three participants with prior Power BI experience and two without.

Question Answer Number of Questions

Did you have previous experience as a Power BI
user?

Yes 3

Did you have previous experience as a Power BI
user?

No 2

What is your occupation? Student 2
What is your occupation? Researcher 2
What is your occupation? Professor 1

Table 8.3: Distribution of responses for prior Power BI experience and occupation



102 8. Usability Evaluation of the Visual Aquaponics Dashboard

Table 8.4 reports the descriptive statistics for the 10-item SUS scores collected on June
29, 2025. Across all five respondents, the SUS total ranged from a minimum of 50 to
a maximum of 100, with an average score of 74.5 (SD = 1.581). According to estab-
lished benchmarks, this places the dashboard’s perceived usability in the Acceptable
category. Together, these tables provide both a clear account of who participated and
how they rated the system’s usability.

Date N Minimum Maximum Average SD Classification

6/29/2025 5 50 100 74.5 1.581 Acceptable

Table 8.4: Summary statistics of SUS on 29/06/2025 (N - Sample size)

Additionally, a complementary analysis was performed beyond the scope of the orig-
inal SUS methodology in order to identify the best - and worst - rated usability cat-
egories. The process first segregates questions by parity (even-numbered vs. odd-
numbered) and then tabulates how respondents distributed their answers across a five-
point Likert scale for each usability theme. In the resulting table, each row represents
a specific parity group and theme (Design & Usability, Navigation, Performance, or
Content), while the five response columns: Strongly agree, Agree, Neutral, Disagree and
Strongly disagree, display the absolute counts of participants selecting each option. This
layout makes it straightforward to compare positively phrased items (odd-numbered)
against negatively phrased items (even-numbered) within each theme, thereby high-
lighting both areas of strength and points of friction in the dashboard’s usability, Ta-
ble 8.5.

Type Questions Category S. agree Agree Neutral Disagree S. disagree

Even D&U 0 0 2 2 1
Even Navigation 0 2 3 5 5
Even Performance 0 0 2 2 1
Odd Content 4 5 1 0 0
Odd D&U 4 0 0 1 0
Odd Navigation 1 3 1 0 0
Odd Performance 1 2 1 1 0

Table 8.5: Response distribution by question parity and survey theme; S. - Strongly; D&U - Design &
Usability

8.4 Discussion and Conclusion

Overall, the SUS average score of 74.5 (SD = 1.581) places the dashboard firmly within
the “Acceptable” usability category (70–79). While this indicates that the interface
meets baseline expectations for functionality and learnability, it also highlights room



8.4. Discussion and Conclusion 103

for improvement. Specifically, transitioning from Acceptable to Good usability (80–89).

It is important to pinpoint the dashboard’s areas for improvement. Based on Table 8.5,
The analysis treats Agree and Strongly agree on odd‐numbered (positively phrased)
questions and Disagree and Strongly disagree on even‐numbered (negatively phrased)
questions as indicators of good usability:

• Content: Odd questions received 4 Strongly agree and 5 Agree responses (9 out of
10), demonstrating very strong satisfaction with the dashboard’s informational
clarity and usefulness.

• Navigation: Odd questions garnered 1 Strongly agree and 3 Agree (4 positives),
while even questions saw 5Disagree and 5 Strongly disagree (10 positives). A total
of 14 positive signals indicates users generally find navigation straightforward.

• Design & Usability: Odd items achieved 4 Strongly agree (4 positives), and even
items had 2 Disagree and 1 Strongly disagree (3 positives), for a combined 7. This
suggests moderate approval of the visual layout, with room to refine aesthetics
and intuitiveness.

• Performance: Odd questions yielded 1 Strongly agree and 2 Agree (3 positives),
and even questions produced 2 Disagree and 1 Strongly disagree (3 positives), to-
taling 6. While responsiveness is acceptable, it represents the weakest dimension
relative to the others.

In summary, Content and Navigation are the strongest usability dimensions, whereas
Design & Usability and especially Performance — with fewer positive responses —
should be prioritized for improvement. The SUS results (mean = 74.5, SD = 1.581,
Table 8.4) place the dashboard in the Acceptable usability range. While users praised
its content clarity and basic performance, the detailed parity analysis, reveals that nav-
igation and design aesthetics still can be improved. It is also worth noting that two
respondents had no prior Power BI experience, which may have negatively impacted
their ratings, and that all evaluations were conducted in Power BI Desktop, an envi-
ronment less intuitive than the published, browser based workspace. Moreover, this
study’s small sample (N = 5), composed primarily of technical users, limits broader
generalization.
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Conclusion

This thesis aimed to design and implement a BI solution to support data analysis and
monitoring of an integrated aquaponics system at IPLeiria. The project covered the
entire data pipeline, from data collection and integration, through dimensional mod-
elling and transformation processes, to the development of a comprehensive Power BI
reporting layer.

The implementation of a lakehouse, based architecture, combinedwith structured ETL
processes, enabled the consolidation of heterogeneous data sources into a unified an-
alytical model. The dimensional data model provided a robust semantic layer that
supports scalable and user-friendly reporting.

Power BIwas used as the front-end platform, where dashboards and interactive reports
were developed to provide researchers and stakeholders access to critical operational
and biological metrics. The interface supports filtering, interactivity through book-
marks and tooltips, and page-to-page navigation tailored to each experimental project.

The solution addresses the initial challenges identified in the aquaponics system, namely
the need for centralized data access, reliability of information, and flexible analytics tai-
lored to multiple research projects. The use of Microsoft Fabric technology, built on a
Lakehouse architecture, enabled secure integration and scalability, while ensuring a
low learning curve for users.

9.1 Study Limitations

As part of the conclusions, it is essential to acknowledge the key limitations of this
project. The full Microsoft Fabric Power BI capabilities could not be leveraged due to
trial-version restrictions, which constrained features such as integrated Power BI.

The System Usability Scale evaluation places the dashboard in the Acceptable usabil-
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ity range, with clear strengths in Content and Navigation but identifiable points for
improvement in Design and Performance. Familiarity issues with Power BI and use
of Desktop instead of the browser workspace may have lowered scores in this small
technical sample.

Another point to keep in mind is that, as mentioned in the thesis, the Excel files were
standardized; however, they could be further optimized to eliminate the need for trans-
formations in Dataflow Gen2. These optimizations were deferred because extensive
changes might overwhelm those maintaining the files, so any modifications should be
introduced gradually to allow users time to adapt. This change would not only adhere
to best practices for separation of concerns but also improve both performance and
long-term maintainability.

9.2 Future Work

An immediate enhancement to the current process would involve restructuring the
Excel source files so that all necessary data harmonization and cleansing occur down-
stream in the ETL transformation phase— eliminating the need for ad-hoc adjustments
during Dataflow Gen2 ingestion.

Additionally, the Power BI Desktop reports should be further optimized, streamlining
visuals and improving load times, to enhance both design and performance. Future
studies should engage a broader, more diverse user base and evaluate the dashboard
in its published online form to validate and extend these findings.

Beyond this, real-time ingestion could be introduced via streaming, allowing the sys-
tem to capture live sensor feeds and respond dynamically to changing biological con-
ditions. Building on these real-time capabilities, incorporating predictive analytics and
ML models into the Lakehouse would further support proactive decision-making, for
example, by forecasting water quality trends or fish growth metrics.

Another avenue for future work is a detailed cost and performance comparison be-
tween Microsoft Fabric and Databricks in production scenarios. Such an evaluation
should measure not only licensing and compute expenses but also factors like devel-
opment velocity, operational overhead, and scalability under realistic workloads. By
benchmarking both platforms on identical aquaponics workloads, ranging from batch
ETL to streaming ingestion and advanced analytics, this study would guide long-term
platform strategy.

Additionally, a dedicated data analyst with in‐depth knowledge of the aquaponics sys-
tem could further enhance the solution by crafting narrative‐driven Power BI reports.
By combining domain expertise with advanced data storytelling techniques, such as
guided report tours, contextual annotations, and dynamic bookmarks, this specialist
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would transform raw metrics into cohesive insights, improving stakeholder engage-
ment and supporting more informed decision‐making.

In summary, this thesis has demonstrated the value of combining modern Lakehouse
architecture with self-service BI tools to drive sustainable innovation in biological re-
search. The proposed future work will deepen that integration, enhance real-time re-
sponsiveness, and strengthen the platform’s analytical capabilities.
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A. Notion: Board and Calendar 121

Figure A.1: Board in Notion visualizing the status of master’s thesis tasks across workflow stages: Waiting, Review, Not Started, For Validation, In Progress, and Done.



122 A. Notion: Board and Calendar

Figure A.2: Notion calendar view (April–May 2025) displaying scheduled master’s thesis tasks, their workflow status, and assigned stakeholders.
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124 B. Bus Matrix

Figure B.1: Bus Matrix
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Figure C.1: Diagram with the dimensional data model of LSMI



D
DataMapping

gold_table column_name_gold description data_type calculated

fact_atmospheric_conditions value Values of metrics or parameters Decimal No
fact_daily_system value Values of metrics or parameters Decimal Yes
fact_fish_events fish_out_in This field indicates whether a fish has

entered or left the tank
String No

fact_fish_events number_fish Number of fish Int No
fact_measurements_nutrients_metals value Values of metrics or parameters Decimal Yes
fact_plants_development value Values of metrics or parameters Decimal No
fact_water_consumption value Values of metrics or parameters Decimal Yes

Table D.1: Table mapping the measures columns of the fact tables between the source and the target

gold_table silver_table column_name_silver bronze_table column_name_bronze relationship domain

fact_atmospheric_conditions atmospheric_conditions value atmospheric_conditions_shpt value No Decimal numbers
fact_daily_system daily_system value daily_system_shpt value No Decimal numbers
fact_fish_events fish_events fish_out_in fish_events_shpt fish_out_in No String Out or In
fact_fish_events fish_events number_fish fish_events_shpt number_fish No Number integer
fact_measurements_nutrients_metals measurements_nutrients_metals value measurements_nutrients_metals_shpt value No Decimal numbers
fact_plants_development plants_development value plants_development_shpt value No Decimal numbers
fact_water_consumption water_consumption value water_consumption_shpt value No Decimal numbers

Table D.2: Table mapping the measures columns of the fact tables between the source and the target (continuation)
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E. Semantic Model 129

Figure E.1: Model View in Power BI
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DAXMeasures

Figure F.1: Dax Measures - Part.I
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Figure F.2: Dax Measures - Part.II

Figure F.3: Dax Measures - Part.III

Figure F.4: Dax Measures - Part.IV



132 F. DAX Measures

Figure F.5: Dax Measures - Part.V



G
Survey

Power BI Usability Survey
Based on the SUS by John Brooke

Instructions
Please rate each statement on a scale from 1 to 5, where:
1 = Strongly Disagree
2 = Disagree
3 = Neutral
4 = Agree
5 = Strongly Agree

Respond instinctively – don’t overthink each statement.

2. What is your occupation?

○ Student
○ Researcher
○ Professor

3. Did you have previous experience as a Power BI user?

○ Yes
○ No

3. Power BI Interaction Feedback.

133



134 G. Survey

Strongly disagree Disagree Neutral Agree Strongly agree

1. I find Power BI
useful for
understanding the
information
presented.

○ ○ ○ ○ ○

2. Navigating
through Power BI
reports feels
confusing or
overwhelming.

○ ○ ○ ○ ○

3. It is easy for me to
find the information
I need in Power BI
dashboards.

○ ○ ○ ○ ○

4. I would need help
from someone with
technical skills to use
Power BI effectively.

○ ○ ○ ○ ○

5. The layout of the
dashboard is
intuitive.

○ ○ ○ ○ ○

6. I often feel lost or
unsure about how to
interact with Power
BI reports.

○ ○ ○ ○ ○

7. The dashboard
loads and responds
quickly to my
interactions.

○ ○ ○ ○ ○

8. It is not easy to
switch between
different pages or
views in the
dashboard.

○ ○ ○ ○ ○

9. The visual design
of the dashboard is
clear.

○ ○ ○ ○ ○

10. The dashboard is
slow or
unresponsive during
my interactions.

○ ○ ○ ○ ○

Table G.1: Power BI Dashboard Usability Evaluation
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