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With the increase of internet of things (IoT)-based systems and data-driven technologies,
there has been increased need of effective data management for such systems. The increase
of scientific data also calls for the open access to such data for further usage. As an example
from industry examples is active bearing (AMB)-based rotating machinery which includes
in-built sensor technology that provide extensive data. Based on the literature review there
remains a gap in real-time visualization, storing and open-access to the sensor data. This
thesis aims to bridge this gap by evaluating performance and integration capabilities of data
management systems (DMS) like Snowflake, Databricks, and time-series databases (TSDBs)
within an IoT and AMB based system. This thesis systematically compares the TSDBs by
reviewing benchmark tests while, Snowflake and Databricks by reviewing case study eval-
uations and integration assessments with IoT technologies. The findings reveal that while
modern-data platforms like Snowflake and Databricks offer solutions for data warehousing
and real-time analytics, TSDBs, particularly InfluxDB, perform better in managing time-
series data from IoT devices due to their optimized ingestion rates and query performances.
This thesis contributes by providing an understanding of the functional compatibilities of
different DMSs with [oT frameworks, highlighting the strengths and limitations of each sys-
tem.
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Symbols and Abbreviations

Symbols

x  The x-axis in the Cartesian coordinate system
y  The y-axis in the Cartesian coordinate system
z  The z-axis in the Cartesian coordinate system
Abbreviations

AMB  Active Magnetic Bearing

AWS  Amazon Web Service

Al  Artificial Intelligence

AM  Application Manager

CSS Cascading Style Sheets

CPS Cyber-Physical System

DBMS Database Management System

DL Data Lake

DLH Data Lake House

DW  Data Warehouse

ELT Extract Transform Load

ETL  Extract Load Transform

GPS Global Positioning System

HMI Human Machine Interface

HTML  Hypertext Markup Language

IoT Internet of Things

IIoT Industrial Internet of Things
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/O  Input/Output

IDE Integrated Developement Environment
IaaS Infrastructure as a Service

LSM Log Structured Merge

ML  Machine Learning

NM Node Manager

PaaS Platform as a Service

PLM  Product Lifecycle Management

PLC Programmable Logic Circuit

RM Resource Manager

RPM Revolutions Per Minute

SaaS Software as a Service

SUDS  Spatial Urban Data System

SQL  Structured Query Language

SCADA  Supervisory Control And Data Acquisition
TSDB Time Series Database

YARN Yet Another Resource Negotiater
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1 Introduction

There has been an increase in the number of data generated from various devices, necessi-
tating the development of more and newer data technologies, particularly in the industrial
sector. Technologies for collecting, processing, analyzing, visualizing, and storing data for
further use, thus have become increasingly popular in recent years. Systems based on internet
of things (IoT) devices such as sensors are widely used in academic research and industry
(Khanna and S. Kaur, 2020), thus monitoring IoT systems, particularly the ones with multi-
ple devices are crucial to provide real-time and historical data from them and thus allowing
the users, operators and computer models to react and make timely decisions. However, with
the recent emergence of artificial intelligence (Al) and machine learning (ML) technologies,
according to (Tien, 2017), real-time and information based decision making now involves
the processes of sensing (gathering big data), processing (real-time analysis), reacting (real-
time decision making) and learning (by machine and deep learning technologies). With the
increase in open sharing of science policies, particularly the findable, accessible, interoper-
able and reusable (FAIR) data principles in 2016 (Wilkinson et al., 2016), there has been
an increase in need of systems that implement FAIR principles on outputs produced during

scientific research.

One example of advanced industrial technology is high-speed machinery where active mag-
netic bearings (AMB) enable contactless rotor levitation using electromagnetic forces. The
basic configuration of AMB-based systems typically consists of displacement sensors, feed-
back controller, power amplifiers and electromagnetic actuators. The operation of such ma-
chinery relies on in-built sensor technology, which provides feedback for the needed control
law to effectively stabilize the rotor system. At the same time, these built-in sensors pro-
vide data from the system and can be considered part of an integrated monitoring system.
When considering the objectives of this thesis, a system architecture is proposed to implement
real-time monitoring, data-driven technologies, and FAIR data principles for an AMB-based
system, enabling effective data sharing and utilization. In particular modern data platforms
(such as Databricks and Snowflake) and time series databases for loT-based systems are re-
viewed. Previous research using [oT based systems monitoring systems for active magnetic
bearings-based high speed machinery have been carried out in (Pesch and Scavelli, 2019),
the authors have developed a IoT technology with readily available and budget-friendly parts
where the hardware cost them less than 100 dollars. This system consisted of a Raspberry Pi
connected to the AMB rig using a analog-to-digital converter (ADC). Virtual network com-
puting (VNC) based viewer by Real VNC is used by the technician to access a hosted server



in the VNC Server that views the graphical user interface (GUI) which visualize the data
obtained from the sensors and frequency domain analysis made from the collected signals
with fast fourier transform (FFT). However, in the proposed concept no database technology
has been implemented in order to store the data for further processing and analysis. Since
their model had the same processor (Raspberry Pi) to run the operating system along with
the monitoring system thus they had a sampling rate limitation in their system. Figure 1
presents the proposed system in (Pesch and Scavelli, 2019), that includes the AMB system
from which the rotor position and the coil current are displayed on the GUI and demonstrates

that a remote technician is able to remotely access it over the network.
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Figure 1: The basic principle of AMB monitoring system considered in Pesch and Scavelli
(2019)

To continue with, the concept in (Kosenko, 2018) is similar to the previous one where
the authors proposed an IoT based monitoring system for high-speed machinery, but in this
case using high grade industrial equipment. The proposed system included the use of Beck-
hoff industrial PC, Beckhoff TwinCAT, Eclipse Mosquitto (an open source message broker)
for data collection and transmission to the Thingspeak cloud via the message queuing teleme-
try transport (MQTT) communication protocol, and transport layer security (TLS) encryption
to ensure a secure communication network. The historical temperature data was then visu-
alized using Thingspeak web-interface, TwinCAT IoT Communicator application and Tele-
gram chat bot. The TwinCAT application also included a GUI for real-time temperature mon-
itoring of the AMB system. The same system was used in (Jaatinen et al., 2019), however,
their data analysis approach was based on using sliding discrete Fourier transform (SDFT)
techniques for position sensor data to monitor rotor unbalances. Moreover, in (Aboki, 2023),
a miniature model of an AMB was modeled for experimental purposes in which the tran-

sistors control the rotor position. An ARM Cortex Arduino Microcontroller for the AMB
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control implementation has been considered and a Raspberry Pi is also used as a [oT gate-
way in this model along with an ADC for conversion of analogue from AMB to digital for the
gateway. Additionally, ThingSpeak cloud platform was used to send data through the Rasp-
berry PI to the cloud using the HTTP communication protocol. This system tested a feature
to remotely control the AMB which allowed the technician to send commands to AMB via
the GUI. Along with remote control, the GUI allowed a user to monitor the AMB based on
real-time data. In (Rehtla, 2024), which uses the same AMB system architecture as that will
be considered in this thesis (the system is described in the later sections of the thesis), the
standard TwinCat interface to local monitoring system was used for measuring currents, tem-
peratures, DC link voltages, rotations per minute (RPM), and lastly, the rotor positions in the
radial and axial side. The collected data are saved as a comma-separated file (CSV) on the
local hard disk. This system only stores the data locally and does not provide a means for
observing saved data other than manually utilizing computer languages such as Python and

its libraries to identify historical trends.

Apart from ThingSpeak, a system using laboratory virtual instrument engineering workbench
(LabVIEW) and field programmable gate array (FPGA) was developed in (Yu et al., 2014).
Displacement and current signals from the sensors are sent to the FPGA chip after being
converted to digital signals by an ADC. The FPGA then transmitted these signals to the com-
puter via RS232 communication protocol. The rotor axial trajectories and current signals of
the AMB are then displayed in LabVIEW.

According to the studies discussed above, it can be concluded that they have been limited to
implementing a real-time monitoring system rather than a database system for storage. The
main focus of this thesis is to seek possibilities to form a database system for data obtained
from the AMB suspended high-speed machinery. The concept studied in this thesis focuses
on the generalized block diagram shown in the Figure 2. The displacement sensors transmit
position references to the control system, which generates a control signal and sends it to
power electronics, which transforms it into a control current that operates the electromagnet
as required. The high-speed sensor data (recorded every 50 ps) is additionally transmitted
to a real-time monitoring system, displaying important information for monitoring. As seen
in the figure, the proposed system has a cold-data storage system, the stored data can be
implemented for training ML models, visualizing historical trend data and sharing it openly
according to FAIR principles for further research usage.
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Figure 2: General layout of the proposed active magnetic bearings system with a database
for data storing and real-time monitoring system for visualization.

The structure of this thesis is as follows: Section 1 provides a brief overview of AMB systems,
highlights the need for real-time monitoring and storage systems, reviews prior research on
the topic and research objective of this thesis, Section 2 discusses data storage technologies
including modern data platforms and big data storage systems, Section 3 focuses on Industry
4.0 and its components, specifically [oT and big data, Section 4 focuses on the AMB system
and the databases and data platforms that are taken into consideration for the AMB system,
comparing which one is most suitable. Finally, Section 5 is a conclusion that summarizes the

work conducted in this thesis, mentions the limitations and potential future research.



2 Databases

Databases are collections of raw facts (data) that are usually stored for further processing.
They include not just primary data but also metadata, which provides additional information
about the data itself. Data can be found in 3 forms, structured data refers to data that has a
specific format and typically exists in tabular or spreadsheet formats, unstructured data are
data that are in their native raw format and may exist in images, videos, audio and other for-
mats, lastly, semi-structured data is a mixture of both the other types, where they do not have
a predefined tabular format but they have metadata to give the data some structure or descrip-
tion. A database management system (DBMS) is a software that enables users to interact with
the database. A DBMS allows users to add, delete, change and retrieve data for processing.
Databases are categorized into multiple types, depending on the location where the data is
stored (i.e. cloud database) or type of network between the records (i.e. hierarchical or net-
work databases) or the purpose of data usage (i.e. operational and analytical databases) or the
level to which the data is structured (i.e. relational and object oriented databases)(Coronel
and Morris, 2015).

Cloud computing is a network of interconnected and virtual computers that enables users to
access virtual resources in the cloud (the internet) without the management of local hardware

and software. The three cloud service models offered by companies are as follows:

* Infrastructure as a Service (IaaS): The provider supplies users with resources such

as storage, servers, networks and computers.

* Platform as a Service (PaaS): Provides users with a cloud based platform to build,
deploy, host and manage web applications. PaaS may be deployed on an laas or the

cloud infrastructure.

» Software as a Service (SaaS): Cloud based applications or softwares managed entirely
by the provider, but allows users to use them remotely. In this case, SaaS maybe be

hosted on PaaS, IaaS or directly on the cloud.

The newer data technologies that are now being implemeneted are data warehouses, data lakes
and data lakehouses. Data warehouses (DW) was the first out of the 3 technologies built and
they gained popularity due to it being able to extract, transform and load (ETL) data from
many sources and enable users to visualize and form reports with the data. Extracting data
means to retrieve data from various sources, transforming data is the second step in context

of a DW, where it means to process and structure the data, while to load data means to mov-



ing it to a DW. However, DW lacked in performing these operations with high-volume and
high-speed unstructured data which are available in many formats. Thus a new technology,
called the data lake (DL) was developed to handle such data. DLs performed the operations
in a different order, where they followed the extract, load and then transform (ELT) proce-
dures. Which meant the unstructed data in large volumes would be loaded first into the DL
and then processed for further usage. This lead to another issue of DLs of turning into data
swamps (another term for unmanageable data lakes), due to the delay in raw data processing.
Due to the different yet critical issues of these two technologies, a relatively new idea of
data lakehouses (DHL) were proposed. DHLs combines advantages of the two technologies
by combining structured data management abilities of DWs, and unstructured data storage
systems of DLs. This technology eliminated data swamps and the difficulty of processing
high-volume unstructured data (Harby and Zulkernine, 2022). With the increasing complex-
ity and volume of data, there is a greater demand for data platforms that include DWs, DLs,
and DHLs. The growth of machine learning and artificial intelligence tools has resulted in
the integration of these data-driven technologies into modern data platforms. Modern data
platforms supports both structured and unstructured data ingestion from a wide variety of
sources as well as data storage, processing, managing and analysis tools, whilst ensuring
security, and enabling ML and Al technologies (Paradkar, 2024).



3 Industry 4.0

According to a literature review conducted by (Oztemel and Gursev, 2020), Industry 4.0 can
be defined as the fourth phase of manufacturing and information technology that aims to im-
prove the efficiency of operations, which assists in improving the productivity of business
models, services and products using different technologies. Industry 4.0 technologies con-
sist of some of the following aspects or combination of those like additive manufacturing,
augmented reality, blockchain, big data and analytics, cloud computing, global positioning
system (GPS) and IoT. Figure 3 illustrates the different components of Industry 4.0 including

the ones stated above, and its integration in order to enhance modern manufacturing.
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Figure 3: Industry 4.0 and it’s different components. (Geissbauer et al., 2016)

This section will provide a brief review of the relevant technologies, specifically focusing on
concepts such as big data and IoT, which are crucial for data collection and connectivity, and
have a strong link to the scope of this thesis.

3.1 Internet of things (IoT)

Internet of things (IoT) is as the name suggests a network of things, in particular, compo-

nents such as electronics, sensors and computer software together with physical objects like
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machines, vehicles and biological organisms (Gokhale et al., 2018). The number of [oT con-
nections in 2028 is projected to be around 39.6 billion (Statista et al., 2024), whichisa21.3%
increase from 2023 at 15.9 billion, with the industrial IoT market to have the highest growth
potential of 14% (Statista, 2024). With this increase of [oT devices, there will be an increase

in data generated by them.

Cloud computing is closely associated with IoT based technologies by allowing users to in-
tegrate cloud with IoT devices. Cloud computing faces certain obstacles such as processing
and storing of this increase of data, providing lower latencies (latency is the time taken for
data to reach the receiver), network access to certain [oT devices without high-speed internet
capabilities and data security concerns. In order to deal with these challenges of cloud com-
puting, edge and fog computing technologies are introduced. Contrary to cloud computing,
edge computing allows computation to be performed as near to the loT devices as possible,
typically through local computing. Fog computing on the other hand is used with a different
context in the various literature reviewed. In some, fog computing is used as synonyms of
edge computing, whereas the others define it as the layer between the edge of IoT devices
and the cloud. In fog computing, the devices communicate with the fog nodes, which pro-
vides data management in the nodes along with communication between the devices and the

centralized cloud service (Sunyaev, 2024).

Typically in IoT based monitoring systems, the sensors are primarily responsible for col-
lecting real-time data. This data is then transferred to the computer, which has an algorithm
to perform computations (Paudel and Neupane, 2021), thus converting raw sensor data into
more processed data or information. There already exists applications of these monitoring
systems for fault diagnosis (Zhang et al., 2020), error prediction (X. Yuan et al., 2016) and
quality prediction (Mustafa et al., 2021) in various fields. Supervisory control and data ac-
quisition (SCADA) is implemented in industries typically to remotely control and monitor
systems. They are made up of programmable logic controllers (PLC) connected to a human-
machine interface (HMI) that displays the controlling and monitoring information. However,
industrial IoT (IloT)-enabled automation systems which is just IoT, but in industrial context,
can provide advantages over traditional SCADA systems such as improved real-time col-
lection and analysis of data, wider connectivity with devices, Al technologies for predictive
maintenance and better visualization (Babayigit and Abubaker, 2023). As previously dis-
cussed in the thesis, IoT concepts have already been proposed for monitoring high-speed

technology equipped with AMB suspended rotor systems.
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3.2 Bigdata

A common understanding is that Big Data refers only to data that is large in size. This specu-
lation is partially correct, as according to Douglas Laney (Laney et al., 2001), big data can be
defined by the ”3Vs” model, where the 3Vs stands for: variety, velocity and volume. When
considering the term volume in the 3Vs, it refers to the total size of the received data. In
the same context, velocity, refers to not only the speed at which the data is being saved but
also the speed at which this data needs to be processed. Lastly, variety in the 3Vs refers to
the large variety of data incoming, such as audio, files, images or videos. Big data requires
more than the traditional methods that is implemented as the traditional methods fall short in
handling the 3Vs mentioned above. Some of the big data technologies include data process-
ing, data storage, data analytics and data visualization (Oussous et al., 2018). According to
(Benjelloun et al., 2015), Big Data technologies are already implemented in the healthcare
sector by optimizing services, predicting epidemics and monitoring patients, in the trading
sector by analyzing data to refine marketing strategies, increase profits and develop better
customer understanding, in the tourism sector by further improving the travel experience
based on tourist experience, and lastly in the political sector by analyzing data to improve
public services and government strategies. Few of the popularly used big data technologies

are reviewed in the upcoming paragraphs.

Hadoop, developed by Apache in the Java language, was made for the purpose of manag-
ing huge data sets in large clusters. A cluster is a group of interconnected computers also
known as nodes, that is able to work together on the same problem. Hadoop includes 4 main
components that are needed for the functioning of Hadoop. The next few lines will look into
what each of the 4 components are. Hadoop MapReduce is the parallel processing system
used by Hadoop for the distributed processing on clusters. Hadoop MapReduce involves the
steps Map, Shuffle and Reduce (Frampton, 2015). These functions can be understood better
by an hypothetical application where the hashtag trends from a large volume of tweets in X
(previously Twitter) it to be analyzed using the 3 operations mentioned above. A particular
hashtag is mapped amongst all the tweets using the map operation (for instance, #FIFAWorld-
Cup). Then the output from the map operation is shuffled (organized) into one list. They are
then reduced into a single number or count which can be visualized to observe the popular
topics at a given time. The next component known as YARN or “Yet Another Resource Ne-
gotiater” which enables Hadoop to run more than just MapReduce jobs by providing a more
efficient workload scheduling and a resource management facility. One of the elements of
YARN is the resource manager (RM), which is responsible for assigning resources across
the cluster. Containers include all of the computing resources required to run an application

(RAM, CPU cores and disk space). A single container processes an individual task (map and
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reduce task in our example will take place in many containers) on a node in a cluster. Another
element of YARN, node manager (NM), is responsible for the containers, monitoring their
resource usage and reporting it to the RM. Lastly, the application manager (AM) oversees
the full life cycle of an application, beginning from requesting the needed containers from
the RM to submitting container resource leases (reserving the resources that containers need)
requests to the NM (Vavilapalli et al., 2013). Lastly, the final component of Hadoop is the
Hadoop distributed file system (HDFS) provides distributed architecture for extremely large
scale storage. (Frampton, 2015)

HDFS is a file system which is designed to store large data sets in many machines in a large
cluster. It is optimized to provide a high throughput access to data which is essential for big
data applications that process large volumes of data. HDFS has a slave/master architecture
in which the NameNode is the master server that manages the file system namespace and
regulates the access to files. DataNode manages the storage attached to the nodes they run
on. HDFS stores each file as sets of blocks, where all of the block except the last on is the
same size. Mutiple blocks are stored in the slave nodes (DataNodes). The blocks are also
replicated (typically 3) and stored in different DataNodes thus making it fault-tolerant in case
of node failures. The NameNodes keep track where the individual blocks that make up the
large file and where the copies of these data blocks are stored. Thus HDFS provides reliable
storage solutions with the ability to process data in a high bandwidth by parallel processing
which are both crucial for big data analytics. It also enables batch processing that is needed

to process larger volumes of data. (Borthakur et al., 2008)

Along with Hadoop, multiple sofware tools/packages such as Apache Spark, Apache Hive,
Apache Pig, Apache Flume, Apache Sqoop and many others are being used (Preethi and
Elavarasi, 2017), however, this thesis will focus only on Apache Spark, a Hadoop tool that
is very widely used for big data processing. In contrast to MapReduce’s map-then-reduce
disk-based methodology, Apache Spark uses a multistage in-memory programming model
which makes it faster and easier to use than the former. It integrates multiple forms of cal-
culations, such as job batches, iterative algorithms, interactive queries, and data streaming.
Along with the various computations, it offers APIs in Python, Java, Scala and R thus in-
creasing its universality. Its ecosystem includes Spark SQL for structured query language
(SQL) and structured data processing, MLIib which is a machine learning library, GraphX
which is a library for graphical analysis and calculations, and Spark Streaming for processing
batch and stream data (Salloum et al., 2016). Spark is the alternate to Hadoop’s MapReduce.
Spark is more suitable for real-time processing whereas Hadoop works well with batch pro-
cessing. Spark’s usage of random access memory (RAM) for processing makes it faster than

Hadoop’s disk processing. In the scope of this thesis, big data technologies on their own
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may not be particularly effective. However, they excels when combined with other [oT and

data-driven technologies, such as ML.

3.3 Fusion of big data and IoT technologies

The usage of IoT technologies in any system increases the volume, velocity and variety of
data acquired from the different [oT devices as seen in (Mourtzis et al., 2016), in an industrial
process. Using multiple sensors not only generate an enormous of data, but they also generate
different types of data, for example, temperature, position, velocity, humidity and pressure
sensors have all distinct data and each of them relay different information. When using a
small time interval for the collection of data from the sensors means the incoming data will
be arriving in very high velocity. This is why according to the study done in (Ding et al.,
2013) and (Kumar et al., 2017), for the IoT generated data that are large in the 3Vs, big
data technologies should be implemented. This shows that big data technologies are very
closely related to IoT systems. The similar relation between IoT and big data is seen in
(H. Kaur and Kushwaha, 2018) and (Marjani et al., 2017), where the integration of these
modern technologies are crucial for enhancing operations in various sectors and the author
demonstrates how big data analytics improve [oT technologies. Figure 4 shows the procedure

of processing and using big data that is generated by loT devices.
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Figure 4: Integration of IoT, big data, data analytics and ML models, derived from (Grizh-
nevich, 2018)

When considering the concept in Fig.4 the data generated by IoT devices can be stored in a
database after transmitted through communication protocols. Datawarehouses or such tech-
nologies can be used to further process the data for trend analysis, real-time monitoring or

training ML models. The AMB system considered in this thesis is equipped with (a minimum
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of) ten sensors each of which captures data every 50 ps, thus a 10 second run of one sensor
would amount up to 200,000 data measurements. Typically each experiment runs for around
10 minutes, thus contributing to a large volume of high speed data that needs to be stored
in a database. Thus, the need for a system that can ingest high volume and high speed data
to monitor, process, analyze, store and visualize sensor data is necessity. In the following
subsection, previous researches of such technologies in various sectors are studied and their

significance are highlighted.

3.3.1 Applications

According to (Ullah et al., 2022), Big Data and IoT technologies are being utilized in order to
revolutionize energy management, maintenance methods, quality control, decision making
and customer satisfaction. The next paragraphs provides insights into the utilization of the
aforementioned technologies.

In (Aryal et al., 2020), the authors conducted a systematic review on the publications from
2000-2017 related to Big Data and IoT in supply chain management. Their study showed that
there has been an increase in research in these technologies in the recent years particularly
after 2015. A similar review done by (Addo-Tenkorang and Helo, 2016), where they had
studied over a 100—peer reviewed journal articles, conference proceedings and white papers,
had observed the similar trend. The latter article also explores the use of big data analytical
tools and technologies to support the supply chain management operations by providing real-
time data on customers and inventory, and by analyzing data to plan supply and demand. In
the context of transportation, IoT based technologies can be integrated with vehicles in order
to minimize traffic in big cities by route optimization. They provide the best route available
in order to reduce traffic times. This can also be achieved by allowing users to communicate
each other about real time conditions. A similar system is already being commercially used in
the form of Waze (an application for navigation) but further developments are being made in
order to simulate such traffic situations (Martelaro et al., 2015). A parking technology which
checks for empty spots in parking lots using sensors and then provides this information to the

drivers, this is another form of technology used in order to reduce traffic congestion.

Whereas in the agricultural sector, these technologies could be beneficial by placing sen-
sors in the greenhouse that send information about the internal and external temperature,
moisture level and humidity level. Big data technologies collects and analyzes this data from
soil sensors and weather stations which then allows the farmers to take the decisions based
on real time information. Plantect, which is a Bosch owned technology, allows the Al to
predict disease breakouts and the schedule pest control for the farm, using data from the

cloud. These technologies help reduce the waste, make farming more efficient and improve
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the overall food quality. (Misra et al., 2022) In (Lee et al., 2015), the authors have conducted
research on a context intelligence framework for the purpose of forecasting, pattern extrac-
tion and recognition in industrial applications. Their proposed framework was an loT-based
Cyber-Physical System (CPS) that optimized the industrial operations. In (Panjanathan et
al., 2018), a image detecting industrial monitor was developed and tested, where the data
collected by the IoT sensors then stored in Hadoop. Product lifecycle management (PLM)
deals with handling products as it goes through different stages of'its lifecycle such as design,
production, services and support, and lastly disposal of the product. Big data analytics can
help analyze and process the huge data of PLM which then benefits manufacturing industries
by improving quality, reducing prototype costs, maintaining functional services and reducing
environmental impacts at end-of-life (Nguyen et al., 2019).

Big Data and IoT technologies play critical roles in making tasks and processes simpler and
more efficient across a variety of industries. Using these technology enables organizations
to make better decisions faster and remain profitable. Continued use and investment in these
technologies along with other Industry 4.0 technologies are crucial for further advancements
in their respective fields. The integration of IoT and big data particularly in the context of
AMB systems, can enable data-driven technologies such as neural network controllers and
digital twins (DT). Digital twin is a virtual model of a physical object that is utilized to repli-
cate the behaviour of the physical twin and generate the same output as the physical model
with the same input values. DT technologies are being used in manufacturing, transportation,
medical, education, business and construction sectors. 10T, big data, Al and DT are inter-
linked in the following way: firstly, IoT is used to collect data (particularly big data), which
is then used by a data-driven Al model to create a DT model using big data tools, and finally,
more data from the DT and physical systems are fed to other train AI models (Rathore et al.,
2021).
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4 Data-driven environment for AMB systems

This chapter describes the structure and components of the AMB-suspended machine; it then
describes two different commercially available data platforms and their integration with the
AMB-system. The third sub-chapter describes the role of time series databases (TSDB) with
IoT devices and describes the architecture of a TSDB i.e. InfluxDB, while the last sub-chapter
does the comparison of the two data platforms then the suitability between modern platforms
and TSDB for AMB-systems are described, after which the previous TSDB benchmarks are
studied and why InfluxDB is the best solution for [oT based AMB-systems is explained.

4.1 AMB system configuration

AMBs are contactless bearings, used to magnetically levitate a rotor shaft that is spun by the
electrical drive. This levitation is done by the usage of controlled electromagnets. As written
in the introduction of this thesis, AMB-based technologies contain displacement sensors,
feedback controller, power amplifiers and electromagnetic actuators. The sensors measure
the displacement, which is then sent to the feedback controller, that generates a control signal.
This control signal is amplified to a control current by the amplifiers, which is then used to
control the electromagnets to keep the rotor levitated. A generalized layout of the AMB test

system and its hardware components that is considered in this thesis is presented in Fig.5.
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Figure 5: Layout of the existing AMB-based system and it’s components

As seen in the Fig.5 above, the system consists of 2 radial active magnetic bearings and 1 axial
active bearings which controls x and y planes, and the z plane respectively. Consequently the
eddy current sensors near the radial bearings are used to measure the displacement in the x
and y planes. Whereas, the eddy current sensor in the axial bearing is used to measure the
displacement in the z plane. An encoder is also used to measure the rotor’s rotation speed.
The sensors are connected to the I/O (input/output) modules and they typically record data
at every 50 ps or 100 ps. The control layer consists of Beckhoff TwinCAT environment that
runs in a Beckhoff industrial PC as shown in the figure. The power electronics consist of six
main components, four bearing amplifiers of which are connected to both the radial AMBs,
while one of them is connected to the axial AMB and one frequency converter to the electrical

machine. These are responsible for amplifying the current signals from the control system.
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The industrial PC allows the storing of data locally in order to process and analyse it further.
The system that has been considered in this section is the same as (Rehtla, 2024), and the
monitoring system that is implemented in that study lacks cloud capabilities, history trend

monitoring and open-sharing of the scientific data with other researchers.

4.2 Data platforms

As discussed earlier in this thesis, modern data platforms support big data from a variety
of sources. The usage of these platforms in AMB-suspended high-speed machinery enables
the storage of large amounts of data at high-speeds as well as visualization of real-time and
historical data, data management, data analysis and training ML models with the existing
data. These PaaS solutions provides all these features without concerns about the underlying
infrastructure and its management, and they typically store the data in the cloud, provid-
ing for secure and safe data storage. In the following subsections, two such platforms i.e.
Snowflake and Databricks are examined in greater detail, including their characteristics and
applications with other loT-based concepts. Lastly, a proposed architecture containing both

the data platforms are presented for the AMB-based system.

4.2.1 Databricks

Databricks Analytics, originally developed by Databricks, is built on Apache Spark. It is one
of the most popular tools for big data, offering a complete solution from data ingestion and
processing to analysis, and includes capabilities for building machine learning models. As it
is built on Apache Spark, so, it is able to utilize parallel processing and resource optimization
techniques in order to handle both batch and streaming data, thus making large and complex
datasets efficient to process. Databricks offers the Delta lake software, which is built on top
of the storage layer in order to optimize and enhance the use of data lakes by allowing users to
manage and organize the data lake, thus enabling integration of data lakehouse technologies
in Databricks (Databricks, 2024). Databricks notebooks allow us to use python to work with
different datasets for visualization and training ML models. Databricks has the PySpark API
which allows users to use the distributed node features of Apache Spark using the python
language. Alongside that, it offers integration with MLflow which allows users to manage
ML models. Its integration with Apache Kafka enables real-time analytics. Apache Kafka
is a platform for the collection, processing and storage of streaming data. Another option to
utilize Apache Kafka is via Confluent Cloud which is simply a platform that hosts Apache
Kafka on the cloud. By using Confluent, we do not need to set it up on our own servers and
since it is a cloud platform, thus it provides integration with cloud platforms (e.g. AWS S3
buckets) that we can use as a source or sink (Confluent, 2024). Similar to most of the modern

data management softwares, databricks facilitates the collaboration between different teams
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of a company via a centralized platform (Pala, 2021). Power BI which is very popular data
visualization tool provided by Microsoft, can be also integrated with Databricks for real-time
data visualization by using the auto refresh that refreshes the visualized data on a specific
time interval set by the user. Applications of Databricks for ML models and monitoring in

systems are reviewed in the next paragraphs.

In (Yasmin and Kamalakkannan, 2022), a big data platform for stock market analysis us-
ing Azure Databricks integrated with Azure data lake storage was developed and tested with
the existing platform. Databricks consumed less resources (CPU and memory) and its load-
ing time was comparatively less than the other models that was tested. This architecture will
allow real-time analysis and also training of ML models for predicting stock price using large
volumes of data. The proposed system in (Kannammal et al., 2023), is a ML model that is
able to monitor and predict anomalies in oil rod pumps using loT data and Azure services. Oil
is drawn out from ground level using rod pumps, however, these rod pumps are vulnerable
to various operational failures. In this system, Databricks allows the storing, processing and
visualizing of data from various IoT sensors. It also allows the seamless integration between
the Azure Cloud and the other Azure applications. It also provides an integrated development
environment (IDE) for writing the autoencoders (Deep Learning algorithm for anomaly de-

tection) code.

The system developed by the authors of (Maghazei et al., 2023), was made for the purpose of
detecting irregularities in the motors measurement data for Maxon Group (manufacturer of
high-precision drive systems) to prevent product recalling. Azure Databricks is used to create
an analytical report that processes motor measurement data after which the results are then
visualized in Power BI. A conceptual framework for a analytical system using Databricks
and other big data technologies for agriculture has been explored in (Roopmathi et al., 2024).

This sort of system can be essential for gaining insights and optimizing farming techniques.

In context of digital twins (DT), a DT model was developed in (Barriga et al., 2022), to opti-
mize the energy consumed in a pharmaceutical drying process. The machine consisted of 56
sensors, from which data was used in Azure Databricks for data analysis and training the ML
model. The data used for training was the records of the sensors over a 2 year period, which
was equivalent to over 700,000 readings of each of the 56 sensors. Their model was then
tested, which predicted a drying process that usually takes around 70 minutes, actually only
took 35 minutes as the product was already dry after this time. With the integration of this
ML model in this particular process, the energy consumption can be reduced significantly.
Lastly, a knowledge graph based DT model for monitoring clamping of composite materials

is made and tested in (Weckx et al., 2022). Knowledge graph is used to organize data from
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multiple sources as a means to make them easier for data analysis. They had implemented
Databricks for accessing the data, processing and plotting them. The results of the data can
be used by an analyst to implement different monitoring algorithms. In their study 3 differ-
ent algorithms for the purposes of driller hole quality monitoring, drill tool wear monitoring
and clamp monitoring. Both the data and the algorithms are deployed to the Azure cloud for

further use.

The proposed architecture for an AMB system using Databricks and other tools are seen
in Figure 6. As this is just a proposed system, some of the tools particularly the streaming
data connector and real time visualization tools can be replaced with another suitable one.

Anyone of the three popular cloud services can be opted to store the data.
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i Connector i . Monitoring
databricks
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Figure 6: Proposed architecture of a real-time monitoring and database technology for AMB
systems using Databricks

As indicated in the Fig.6, the AMB-sensor data that is generated is loaded to Confluent Cloud
that hosts Kafka. Then data is read from Confluent into Databricks platform. Where histor-
ical data stored in cloud can be analyzed, implemented in forms of training datasets for ML
models and openly shared into open scientific repositories. For visualization of data, both
real-time and historical, Power BI is used as it offers easy integration with Databricks. This
proposed architecture would allow the real-time monitoring of AMB-system along with tools

to analyze, visualize and share historical data according to the FAIR principles.
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4.2.2 Snowflake

Snowflake is a cloud based data warehouse that enables data storage, processing and analy-
sis. Unlike Databricks, Snowflake isn’t built on any existing technology like Apache Spark
or Hadoop. The first layer of Snowflake’s architecture is the database storage. Data is stored
in the same cloud (AWS or Azure or Google Cloud) where the Snowflake account is hosted.
The next layer is the query processing layer, where Snowflake processes queries via virtual
warehouses. A virtual warehouse doesn’t share computing resources with other warehouses,
in other words, the warehouses are independent of each other and these warehouses can scaled
up or down depending on the task, without interrupting the task itself. This is considered to
be one of the advantages of using Snowflake. The third layer is the cloud services layer that
manages authentication, queries and the security control (Soni, 2023). Generally, we are able
to upload large data that are already existing in a cloud platform to Snowflake however, an
option to upload data from local machine into Snowflake cloud also exists. But, in the case
that the data is generated in real time (like in our AMB system) then Snowflake has a solu-
tion for this by using Snowpipe or Snowpipe Streaming. Snowpipe can receive notifications
about new data being added to the AWS bucket and then it can be picked up by it. In this sce-
nario there is a requirement of a intermediate stage layer (like an S3 bucket). However, with
Snowpipe Streaming, it can write rows of data into Snowflake Tables for processing which
lowers the latency. The option for leveraging Kafka cluster or Katka in Confluent managed
platform is also available. Data from Kafka will be directly streamed into Snowflake Ta-
bles with the help of Snowpipe Streaming (Snowflake, 2024). One of the key features of
Snowflake is Snowpark, which is a set of libraries and runtimes that allow us to run Non-
SQL programming languages (e.g. python, java) in Snowflake. This is a very significant tool
as it could allows us to use data in Snowflake Cloud to train ML models using python and
its ML libraries. Snowflake allows the usage of Streamlit in their platform. Streamlit is an
user friendly framework that allows users to use python to build web-applications for data

visualization and machine learning (QuickStart, 2024).

Some of the applications of Snowflake in different loT-based technology includes, develop-
ing a ML model for anomaly detection and identification of causes of anomalies for Valmet
paper machines (Ritala, 2019). The model used data-driven approaches for root cause anal-
ysis in order to prevent unplanned machine failures. ML models was trained for the similar
purpose for Valmet’s breast roll shakers in (Valkonen, 2019). These machines are used to
shake the breast roll in order to mix the fibers to a better formation thus improving the sheet
forming process. They trained models for predicting the future value of measurements to pre-
dict faults, and trained models on historical fault data that is trained to identify similar fault
behavior. The architecture for the former model slightly differs from the latter one, where

in the former model, the raw data is first stored in Snowflake then AWS Lambda uses the
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trained models that are stored in Amazon S3 to process raw data and then store the results
back to Snowflake. However, in the latter model, the final processed data is only stored in
Snowflake. Both models uses Tableau which is a business intelligence (BI) software for data
visualization and dashboarding. Snowflake tables that contains the results are connected to
Tableau. The visualized prediction results allow for a near real-time monitoring, thus pre-

venting unplanned breakdown of machinery.

A spatial urban data system (SUDS) was tested, which had Snowflake as its cloud data ware-
house solution in (Anejionu et al., 2019). The SUDS used geospatial technology and cloud
computing to provide information on the social and economic aspects of various cities in the
UK. In their paper, testing was done with housing advertisement, public transport and em-
ployment data in UK, by which they were able to achieve urban area analytics. Even though
no IoT real-time data was tested, their architecture was chosen so that such technologies can
easily integrated with other data (e.g. historical data) for analysis and furthermore, it can be
used as a big data analytics platform with ML capabilities. A real-time monitoring system
for the fall risks of elderly hospital patients is proposed in (Alharbi and Hosni Mahmoud,
2022). Their system uses distributed C-means and Catboost techniques to identify safe and
unsafe incidents or falls. The unsafe incidents are then further examined by the deep learn-
ing model to identify the nature of the fall (e.g. falls leading to death or falls with broken
bones). Their deep learning model was compared to further two models and after comparing
the training time for all the three various neural network models, their proposed model had a
training time less than the other models, for which one of the factors stated by their studies is
the usage of Snowflake’s distributed system. A research was conducted in (Partanen, 2022),
to find the important metrics in order to measure the cost-efficiency and quality of an [oT
platform, based on which they have improved these aspects in their case IoT platform. The
case [oT platform was a solution for managing office facilities. The platform has two paths
for processing data. One of them is meant for real-time analytics while the other was for
historical data in order to observe trends. Snowflake was implemented for processing data
in the non real-time or ’cold path” while Azure Stream Analytics was used for the real-time
or "’hot path”. Power BI was used with both Stream Analytics and Snowtflake for real-time

streaming analytics and batch processing analytics respectively.

The proposed architecture for an AMB system using Snowflake and other tools are seen
in figure 7
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Figure 7: Proposed architecture of a real-time monitoring and database technology for AMB
systems using Snowflake

The figure illustrates that the architecture uses Snowpipe Streaming or Kafka connector in
order to stream AMB sensor data into Snowflake tables. The data can then be stored for
later use, processed, or Snowpark can be used to train ML models for various purposes. The
last block shows that similar to the architecture using Databricks, the data can be visualized
whethere it be real-time or historical, on Power BI by using the embedded Snowflake driver.

Another option is the usage of Streamlit as discussed earlier in this thesis.

4.3 Time series databases

Time series databases (TSDB) are databases for time series data, which is defined as the data
recorded at specific intervals of time. One of the key applications of TSDBs are with IoT
devices. The main advantages TSDBs provides over other databases are their high scalabil-
ity, optimized performance for time series, lower costs and lower latencies for real time data
(Martinviita, 2018). They are one of the most popular DBMS in use and their popularity is
directly proportional to that of IoT devices, where TSDBs have seen an increase in usage
corresponding to the rise in [oT device. InfluxDB, developed by InfluxData, is one of most
popular TSDBs that is an open source database with closed-source components available
commercially. It also offers a SaaS solution named InfluxDB Cloud, which provides higher
scalability for users with greater needs and limited infrastructure, delivered in a serverless
format. InfluxDB initially used the log structured merge (LSM) trees storage format by us-
ing LevelsDB, RocksDB and HyperLevelDB as the underlying storage engine, but due to

deletion issues, it then moved to BoltDB (that used B+ tree data structure) as their storage
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engine. However, due to issues in the database as they amount of data increased, they had
decided to build their own data storage format, known as the time structured merge (TSM)
tree. TSM tree is similar to LSM tree except it doesn’t have any deletion issues and offers
better compression rates compared to the latter (Naqvi et al., 2017). Grafana, a visualization
software, is chosen for use with the TSDB due to its ease of integration. It is an open source
software that allows connections with multiple databases, acthetically pleasing visuals and
easy to use user interface, thereby making it one of the widely opted visualization softwares
to use with TSDB for loT-based application (Salenius, 2017).

Considering this monitoring technology stack, the proposed architecture is present in fig-
ure 8. Data from data source (AMB sensors), can be sent to InfluxDB via certain python

libraries that allow communication with TwinCAT (such as pyads).
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Figure 8: Proposed architecture of a real-time monitoring and database technology for AMB
systems using InfluxDB and Grafana

As shown in the Fig. 8 above, other options for data transfer involve Telegraf, which is also
developed by InfluxData, to send events from IoT sensors to InfluxDB. The same option i.e.
Kafka, that was implemented in the previous architectures can also implemented here for
data transfer to InfluxDB. Lastly, for the real-time visualization of data, Grafana, which is
suitable for [oT sensor data visualization can be used. The cold storage or storage database
could be implemented by using any of the three popular cloud services. The data from this
cloud can be used to visualize trends, train ML models or used to host data for an open-access

data platform.
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Some applications of InfluxDB and Grafana for loT-based monitoring systems are seen in
(Hensler et al., 2023), an IloT system architecture was proposed that can be used with var-
ious production sources and with different types of connectors and protocols. Their system
consisted of data acquisition, storage and visualization sub-systems. They proposed a local
area network (LAN) system that used HTTP protocol for communication using Node-RED,
InfluxDB and Grafana. Node-RED is a software for connecting hardware devices, partic-
ularly IoT devices. InfluxDB is used as a database to store the data and Grafana is used
to visualize data. As for their wide area network (WAN) system, for sending data over the
company’s global network. MQTT communication protocol is used and the data can be send
to InfluxDB via Telegraf or the combination of Apache Kafka and Telegraf. Both the LAN
and WAN system were then developed and tested, however they had used the WAN system
without Kafka. Alongside that, a benchmark test between the chosen TSDB (InfluxDB) was
compared to a relational database system (MySQL). InfluxDB was concluded to be better
choice particularly in terms of time-based [oT data. Additionally in (Hashmani et al., 2023),
a monitoring interface for the alpha magnetic spectrometer (AMS) was developed. The AMS
is installed in the international space station and mainly used to conduct research in space for
antimatter, dark matter and cosmic rays. The old monitoring system had become inefticient,
thus necessitating the developement of a new monitoring system. They had looked into other
TSDBs and data visualization softwares before choosing InfluxDB as the database backend
and Grafana as the visualization front-end systems. Their system consistem of a program
that was written in C—language to parse through the data or data streams initially, extract the

data and send it to InfluxDB, the data in InfluxDB is visualized using Grafana.

Another crucial system for smart healthcare is proposed in (Aggoune and Benratem, 2023),
where a prototype for visualization of electrocardiograph (ECG) signals is presented. The
ECG signals are the measures of the electrical activity by the heart. InfluxDB and Grafana
are used as time series database and data visualization systems respectively. Node-RED,
InfluxDB and Grafana based system is implemented and tested in (Martikkala et al., 2023).
Their system was developed in order to monitor a laser-wire direct energy deposition pro-
cess that is used in additive manufacturing. Data analysis can be performed using the python
library that allows the integration of python and InfluxDB. In their system, Grafana plugins
allowed the addition of a camera that would allow a further visualization of the process. In-
fluxDB and Grafana based monitoring and visualizing systems are developed in (Bhargavi
etal., 2021) using [oT for monitoring flood water, in (Sudjana and Septanto, 2020) for visu-
alization of voltage, temperature and humidity of a solar power battery system, in (Sumiya,
2024) to visualize advanced analytics for water quality monitoring, in (Al Fajar and Sami-

jayani, 2021) for real-time greenhouse monitoring and in (Biondo et al., 2023) for monitoring
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indoor air quality and lastly in (Kamath et al., 2020) for the real-time data visualization of

IIoT sensor data.

4.4 Comparison of databases

Even though both the data platforms i.e. Snowflake and Databricks, seem to offer the simi-
lar solution, their origins are quite distinct. Snowflake began by offering data warehousing
solutions and was often referred to as an “elastic data warehouse” due to its ability to inde-
pendently scale compute and storage resources. It later expanded its services by introducing
data sharing features and a marketplace for datasets. Whereas, Databricks was launched as a
managed offering of Apache Spark, utilizing a notebook interface. It then expanded into the
ML sector by the introduction of the MLFlow.

Snowflake then developed Snowpark, a platform for Python-based ML workloads and also
added support for Apache Iceberg, enabling a management layer for data lakes in Snowflake.
On the other hand, Databricks expanded into a more data warehouse-based solution by launch-
ing features like Photon and Databricks SQL. Databricks now offers a comparable data ware-
house solution featuring serverless compute. With the recent rise in Al technologies, both
the platforms have introduced many Al-based features, that we announce in late 2023 and
2024 (Whitestone, n.d.). Based on their origins, Snowflake seems to excel in providing fully
featured SQL data warehousing solutions to many companies. While, Databricks provides
python notebooks and data science features. In the context of the AMB-based systems mon-
itoring and storage system, Databricks requires technical expertise to optimize and manage
effectively. It is more suitable for real-time analytics and ML training. On the contrary,
Snowflake is user-friendly and more suitable in data visualization of historical data due to its
data warehousing capabilities, that being said, Databricks also supports data analysis features

to generate insights from data.

When comparing the aforementioned data platforms to TSDBs, TSDBs excel in handling
time-series data, notably from IoT devices. TSDBs are specifically designed to provide
greater capabilities for real-time monitoring, high-speed ingestion and low latency query-
ing of data, which are required to handle the data streams common to loT-based applications.
One significant advantage of TSDBs is their cost efficiency. Unlike the “pay-for-what-you-
use” model seen in many scalabe data platforms, which can result in large costs, TSDBs
often provide more predictable and lower prices. Another reason to consider TSDBs, par-
ticularly InfluxDB is due to the announcement of soon to be released InfluxDB 3.0 (as of
July 2024 it has not yet been released) that is built on the Flight, Datafusion, Arrow and
Parquet (FDAP) stack, which are all Apache projects. An open source columnar data file

format called Apache Parquet was developed for efficient data retrieval and storage. Apache
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Arrow is software framework for handling big data and developing data analytics applica-
tions which uses in-memory columnar data format to enhance processing and transport of
data. Compared to the standard CSV file format, Parquet files consume 87 % less storage,
and query speeds can be about 34 times faster. Arrow Flight SQL is a subproject within
the main Apache Arrow project that provides a high performance SQL interface for work-
ing with databases. Apache Datafusion is a fast query engine, built in Rust (programming
language), using Apache Arrow’s in-memory data model. The new version of InfluxDB
has been tested and shown to deliver 45 times better ingestion performance, 4.5 times better
storage compression and between 2.5 to 45 times faster query performance for recent data
(5-minute time range). Additionally, it offers 5 to 25 times faster query performance for 1-
hour time ranges across a wide range of query types (Mahler, 2023). All the benchmarks
reviewed in this thesis used the older version of InfluxDB, thus, according to the benchmark

tests provided by InfluxDB, the newer version shows significant improvements.

From the TSDB popularity chart (DB-Engines, 2024), InfluxDB is seen to be the most popu-
lar TSDB for multiple years and as of October 2024, it has over 3 times the popularity score
than the second contender. Regardless of the TSDB trend chart, popularity doesn’t define
performance metrics of the TSDBs, which led to TSDB benchmarks tests being performed.
TSDB benchmarks provide a method to understand and study the performances of TSDBs by
using different set of tests. The results from the benchmark test for TSDBs for IoT scenarios
performed in (R. Liu and J. Yuan, 2019), had demonstrated that InfluxDB had no issues in the
throughput when both the number of clients (sensors) and the data batch size are increased.
In fact, increasing the batch size increase the throughput for InfluxDB even more. InfluxDB
had the best performance in disk usage efficiency and handling various query workloads as
compared to TimescaleDB, OpenTSDB and KairosDB. The results in (Fadhel et al., 2019)

were also consistent with the previous study, showing efficient CPU and RAM usage.

However, other benchmark tests had shown different results with other TSDBs, for instance,
according to (Martinviita, 2018), in which 3 TSDBs are tested, i.e., cpmPlus History, In-
fluxDB and TimescaleDB. In the tests conducted between the 3 TDBSs, InfluxDB had the
second best performance only to cpmPlus History. TimescaleDB had lacked some of the
core functionalities that make it not suitable for IIoT applications. cpmPlus History is an
Asea Brown Boveri’s (ABB) originally developed TSDB. However due to limited access,
information and tests done on this TSDB, it will not be considered in this thesis. From the
tests done in (Sandberg, 2021), the results concluded that QuestDB had a higher performance
than InfluxDB particularly in terms of write and read throughput. In (Wolters et al., 2023),
where tests for the comparison of DBMSs for IoT devices was performed, QuestDB was
seen to have an overall better performance than InfluxDB. Similar results were observed in
(Koschel et al., 2022), (Patel, 2023) and in the literature of (Kantero, 2023). Other than
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QuestDB, another competitor could be Clickhouse. In (Rudakov et al., 2023) and (H. Liu,
2022), Clickhouse and InfluxDB were from the two DBMSs tested. Their conclussions were
the same, where Clickhouse had outperformed InfluxDB. According to the benchmark tests
for scientific experiments and IloT systems performed in (Mostafa et al., 2022), Clickhouse
supported very high ingestion rates even with higher number of concurrent clients. It also
had an overall lower CPU and memory usage, and surpassed the other compared systems

(which were InfluxDB, TimescalDB and PostgreSQL) in achieving the fastest data queries.

However, in (Jama Mohamud and Séderstrom Brostrom, 2024), from the tests performed
between the databases, particularly Clickhouse and InfluxDB, InfluxDB was observed to
have a better performance than Clickhouse. Their reason was that their data structure dif-
fered in InfluxDB from that in (Mostafa et al., 2022), which led them to observe a better
performance with InfluxDB than Clickhouse. The conclusion was that InfluxDb had a better
performance but due to its unique data structure it was difficult to implement in their system,
whereas, Clickhouse had slightly lower performance but was easier to implement due to it
being similar to a relational database. A recent benchmark for TSDBs in (Khelifati et al.,
2023), where they have reviewed previous benchmarks which have also been reviewed in
this thesis, and they determined that none of the previous ones evaluates offline and online
workloads, where offline loads refers to the inserting and querying of data being performed
asynchronously. Online workload on the other hand is what most monitoring systems for [oT
devices deal with, it refers to situations where data insertion and query happens simultane-
ously. For online workloads, InfluxDB had the better query performance than QuestDB and

Clickhouse when the insertion rates was high (over 1 million data points per second).

In order to make an open-access platform for researchers around the world to access, visu-
alize the data and extract the data, this platform can be made in form of a interactive web
application that hosts data over a cloud service. Popular cloud services include Amazon
Web Services (AWS), Microsoft Azure and Google Cloud Platform (GCP). The data can be
transferred to the cloud either directly from the local InfluxDB, with or without data aggre-
gation, since InfluxDB supports the aggregation of time-series data. For the web application,
that is hosted on the internet, a JavaScript (programming language) stack containing Re-
act (a Javascript framework) for the frontend of the web application, Node.js (a JavaScript
framework) for the backend, Plotly for an interactive dashboard. React, that uses Javascript
experssions (JSX) which is based on HTML, CSS and JavaScript, is one of the most popular
frontend tools, can be implemented to create functional user interface for the web applica-
tion. The backend would allow to process the user requests and fetch the data from the cloud
and then allow for visualization. Both Node.js and Flask (a Python framework) are viable
solutions, however Node.js is tested to have a better performance than the latter as seen in

(Challapalli et al., 2021). Plotly or plotly.js, is an open source interactive graphing library
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which can be used to create many types of charts based on the requirements. Dash, also devel-
oped by the creators of Plotly, allows users to build web applications with interactive charts
and handle the backend and the frontend of the application. Dash, built on Plotly.js, React
and Flask, is a low-code frameworks that enables users to build interactive data visualization
applications using pure python and without the advanced knowledge of web development
(Peltomaa, 2024). The other option is by using Grafana, as it provides the use of public
dashboards. Using this method gets rid of having to build a custom web application with
frontend, backend and custom interactive dashboards (Grafana, 2024). The last option, is to
use an open-science repository such as Zenodo, Dryad, Figshare or others (Wilkinson et al.,
2016). These repositories, allows the storage of research outputs including publications, soft-
ware and experimental data. The data from InfluxDB, can be published in such repositories

to enable open science and further usage of the data.

When considering a database management system for [oT applications, several factors are
crucial to be considered such as cost, performance, scalability and usage. TSDBs are more
suitable with their time-series storage method as compared to other DBs. This was further
seen from the benchmark tests reviewed in the thesis, where TSDBs outperformed the stan-
dard relational and non-relational databases. In context of TSDBs, the benchmark tests re-
vealed that while InfluxDB offers superior query performance and ingestion rates particularly
for online workloads thus making it highly suitable for high-speed IoT environments, sys-
tems like QuestDB and Clickhouse also present strong alternatives with better performance
in specific scenarios such as large data write and read operations. In terms of visualization
software, multiple options such as Grafana and others are available, most of which integrate
well with the above mentioned TSDBs.
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5 Conclusions

This thesis examines the suitability of various real-time monitoring systems and database
management systems (DBMSs) for [oT devices in AMB-suspended high-speed machines. In
particular, modern DMS such as Snowflake and Databricks, and TSDBs were reviewed for
this purpose, assessing their capabilities and limitations. The findings highlights Snowflake’s
data warehousing and Databrick’s real-time analytics and machine learning features. On the
other hand, TSDBs like InfluxDB proved superior in managing time-series data from [oT
devices, especially in terms of data ingestion rates, query performance, and cost efficiency.
Therefore, for the monitoring and storage of high-speed and high-volume data, TSDBs, par-
ticularly InfluxDB, combined with a real-time monitoring dashboard like Grafana, are well-

suited for AMB-suspended machines.

These findings build upon existing research by offering insights into newer DBMSs opti-
mized for high-speed and high-volume data from AMB-based systems. The study identifies
limits, particularly with regards to security and cost aspects. The proposed system aims to
be primarily open access, with certain closed access features for a small amount of users
using authorization. However, in the case this monitoring system is implemented for more
sensitive industrial cases, in that case, ensuring safety and security protocols becomes very
significant. Moreover, in this thesis, various potential architectures were considered during
the study, they were not implemented, thus making cost calculations would be vague and
potentially inaccurate. Potential future research could focus on implementing and testing the
proposed architectures with AMB-based high-speed machines, providing both practical and

more theoretical understanding of their efficacy.
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