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Abstract

DRACO (Dresden laser acceleration source) [15] is a state-of-the-art high-
power ultra-short pulse laser experiment at the Helmholtz-Zentrum Dresden-
Rossendorf (HZDR), dedicated and optimized for investigating relativistic laser-
plasma physics. The proposed master thesis focuses on developing a DRACO
DataMaster extension that would enable advanced data handling for the DRACO
experiment at HZDR. The data generated in experimental runs at the DRACO
experiment comprises integer, double, float, and array values stored in tabular
form in the DRACO internal database. The DRACO DATAMASTER establishes an
automated pipeline for creating knowledge graphs from unsorted tabular data
that will be enriched with metadata in compliance with ontologies tailored for
DRACO experiments. This approach, aligned with FAIR principles (Findable,
Accessible, Interoperable, and Reusable) [58], would enable deeper scientific
insight and decision-making by enhancing data integration, structuring, and
visualization. The proposed pipeline would significantly increase the efficiency
and effectiveness of the data-driven research at HZDR, advancing experimental
endeavors by providing a robust toolset for scientists.
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Introduction and Motivation

1.1 Laser Particle Acceleration

Laser-driven particle acceleration is a ground-breaking approach, offering
a transformative alternative to traditional accelerator technologies in high-
energy physics. The technique uses an electric field associated with an
electron plasma wave or other high-gradient plasma structures to acceler-
ate charged particles, such as electrons or ions, efficiently [16]. The foun-
dation concepts of plasma acceleration were proposed initially by Toshiki
Tajima and John M. Dawson of UCLA in 1979 [54], while Chandrashekhar
J. Joshi played a pioneering role in devising the initial experimental design
of the wakefield accelerator, demonstrating the feasibility of plasma wake-
field acceleration (PWFA) and its potential for high-gradient acceleration
(34, 33].

Nobel laureates Donna Strickland and Gérard Mourou achieved a signifi-
cant milestone in the late 1980s by developing the Chirped Pulse Amplifi-
cation (CPA) [52], which revolutionized laser technology, enabling the gen-
eration of ultra-intense laser pulses and paving the way for compact and
efficient particle accelerators, addressing the growing demand for versa-
tile and cost-effective solutions in research and industrial domains.

Today’s laser-driven particle accelerators have diverse applications that
have extended beyond fundamental physics. Some of the impacted do-
mains where they are being used are:

¢ Medical Science: Advancements in cancer therapy via targeted treat-
ments that focus on minimal damage to the healthy tissues around
them using a laser-accelerated proton beam. This offers precise and

1



2 CHAPTER 1. INTRODUCTION AND MOTIVATION

less invasive treatment options with higher accuracy and efficiency
[40].

* Material Science: Facilitating detailed microscopic analysis of ma-
terial properties through sophisticated plasma-material interac-
tion studies, emphasizing understanding the effects of low-energy
plasma on material surfaces to enhance the efficiency and durability
of fusion reactor components [46].

* Industry: Advancement in laser-driven x-ray and neutron have
opened new possibilities for advanced non-destructive testing and
deliver unparalleled high-resolution imaging capabilities, benefit-
ting critical industries like aerospace, nuclear energy, and manufac-
turing [8].

This transformative technology has opened new possibilities across var-
ious research and application domains. The compact design of laser-
driven accelerators, enabled by advancements in Chirped Pulse Amplifi-
cation (CPA), provides high-energy particle acceleration in a significantly
reduced footprint compared to traditional methods [39, 1, 26]. These
accelerators offer a versatile solution for scientific research and present
cost-effective and scalable applications in medicine, materials science,
and industry.

The Development of CPA laid the foundation for developing compact
accelerators and the future development of high-power laser facilities
capable of achieving the petawatt-scale pulses required for relativistic
plasma research. The early insights into the behavior of plasma under
extreme conditions were provided by experimental platforms such as the
Nova Petawatt Laser at Lawrence Livermore National Laboratory[47]. Sub-
sequently, advancements in the field were carried out by studies on ion
acceleration, laser-driven X-rays, and plasma-based light sources by Vul-
can Petawatt laser in the UK and Texas Petawatt Laser [11].

1.2 DRACO Experiment

Building upon this foundation, DRACO (Dresden Laser Acceleration Source)
represents one of the next-generation high-power ultra-short pulse laser
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systems. At HZDR (Helmholtz-Zentrum Dresden-Rossendorf), DRACO
is a state-of-the-art platform to explore and optimize relativistic cutting-
edge capabilities. While retraining key features of its predecessors in the
design, it also incorporated cutting-edge capabilities, which include ad-
vanced multi-beam synchronization, adaptive optics, and real-time diag-
nostics.

DRACO is a result of a decade of innovation, combining the relentless ef-
forts of pioneers in high-energy laser-plasma physics research and proof
of their scientific achievement. Its optimization allows fundamental scien-
tific investigations and helps explore potential solutions in applications of
laser-driven particle acceleration across industries and disciplines.

Key Features of DRACO

DRACO is built upon the Amplitude Technologies Pulsar platform, which
contains a Ti: Sapphire-based laser system to achieve high temporal pulse
contrast and beam quality using chirped pulse amplification (CPA). The
system supports:

* Beam Configurations: Dual-beam architecture delivering:

- 150 TW beam: Producing 4.5 ] of energy in 30 fs for high-
precision experiments.

- Petawatt-class beam: Generating up to 45 J of energy in 30 fs,
enabling investigations into extreme plasma conditions.

* Experimental Versatility: The system is optimized for various focal
lengths and target density conditions, with beams guided to specific
experimental areas for tailored research applications.

¢ Advanced Diagnostics: Real-time monitoring of beam parameters,
adaptive optics for superior focus, and on-shot diagnostics ensure
experimental precision and reliability.

Advanced Experimental Design and Diagnostics

DRACO’s experimental setup is optimized for high-intensity laser-plasma
interactions by integrating diagnostics and experimental flexibility in its
design, ensuring precision and adaptability for various research needs.
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Target Holder for Precision Alignment: The target holder, shown in Fig-
ure 1.1, is a critical component of the experimental setup. The maximum
capacity of a holder is 70 titanium foil targets, all of which are aligned to
get consistent laser focus and interaction quality while minimizing align-
ment errors.

Figure 1.1: Precision target holder for experimental alignment.

Scintillator Detector for Proton Diagnostics: A vital diagnostic tool in
DRACO’s experimental setup is the scintillator detector, illustrated in Fig-
ure 1.2. The system comprises ten scintillator layers with high-resolution
imaging systems responsible for capturing energy-resolved proton beam
profiles. To ensure accurate and detailed beam diagnostics, each layer is
positioned to deliver spatial and energy data across a range of proton en-
ergies.

Experimental Chamber and Beam Path: The DRACO experimental cham-
ber, as shown in Figure 1.3, highlights the pathway of the laser beams and
the arrangement of key diagnostic components. Off-axis parabolic (OAP)
mirrors focus the laser beams onto the target with high precision. Multi-
ple CCD imaging systems provide real-time feedback on focal spot align-
ment and target imaging, ensuring the experimental setup remains opti-
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Figure 1.2: Scintillator detector system for energy-resolved proton beam diagnos-
tics.

mized throughout the run. This sophisticated design supports simultane-
ous data acquisition and analysis using various diagnostic tools.

Data-Driven Innovation: Every experimental run generates a wealth of
unstructured data, including high-resolution images, numerical parame-
ters, and diagnostic results. Managing and analyzing this data requires ro-
bust storage, retrieval, and visualization systems. DRACQO'’s ability to pro-
vide high-quality diagnostic data lays the foundation for advanced tech-
niques such as ontology-based Data organization and knowledge graph
creation for future integration with machine learning systems.

This sophisticated setup enables DRACO to support a wide range of fun-
damental and applied research, from exploring plasma dynamics to devel-
oping innovative applications of laser-driven particle acceleration across
various industries.
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Figure 1.3: DRACO experimental setup with laser path and diagnostics.

1.3 Motivation for Advanced Data Management at DRACO

Despite the advancement in the capabilities of DRACO over the last few
years, the wealth of the generated data is not properly utilized and discov-
ered, which poses a significant challenge in the acquisition, integration,
and analysis of complex data information-knowledge.

Rather than using conventional data management methods, we planned
on using knowledge graphs and ontologies to understand the relation-
ships and patterns between various parameters of the experiment, which
will facilitate the goal of data-driven research. The knowledge graph, also
known as a semantic network illustrates work and complex relationships
between different real-world entities like objects and events, which, in our
case, is perfect for illustrating different relationships between the parame-
ters of a typical Data set and the DRACO experiment’s metadata.

The ontologies, on the other hand, will define a set of terms and relation-
ships between different entities, which in turn helps the beamline scien-
tists at HZDR or visiting scientists to understand how they are related to
each other and is one of the most important factors in the knowledge
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graph. Without the knowledge from the derived ontologies, it will be just
a structured graph joining various entities with each other without any
sense of purpose or requirement, which explains the importance of on-
tologies in our system.

As mentioned, the past Data from the experiment was stored as unsorted
tabular Data in an obsolete database with minimum access and oversight.
This is a significant challenge as the experimental Data needs to be Find-
able, Accessible, Interoperable, and Reusable per the FAIR principles for
laser-plasma experiments [58].

1.4 Aim of this thesis

This thesis aims to interlink the information, make it explorable, and even
discover the knowledge that was previously not appropriately handled to
generate new insights. This thesis identifies and investigates challenges
in the existing Data acquisition and management infrastructure that are
addressed by the proposed pipeline in a way that improves their efficiency
and effectiveness. The final goal, as explained above, is to develop a robust
Data acquisition and analysis pipeline focusing primarily on the DRACO
experiment at HZDR, which will, in turn, support a visualization tool for
Data exploration.

1.5 Research Questions

This thesis explores the visualization and ontology-driven management of
experimental Data in DRACO. Specifically, we address the following key
research questions:

* RQ1: How can knowledge graphs enhance the interpretability of
complex experimental datasets?

* RQ2: What role does interactive visualization play in anomaly detec-
tion and validation of experimental results?

* RQ3: How can an ontology-based framework improve Data integra-
tion, retrieval, and interoperability for large-scale experiments?
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1.6 Structure of this thesis

To address the issue we have on our hand, we have broken down our pro-
posed system into three individual stages, defined as follows:

e Data Acquisition Pipeline: The Data acquired from the experiment
will go through preprocessing to ensure it is consistent and compati-
ble, which will then be integrated into a unified structure for the next
stages.

* Data Structure: A structured graph is derived for the structured
Data to visualize the relationship within different parameters, which
will help in pattern recognition. Ontologies are developed based on
recognition. Patterns and inputs from the researchers will determine
formal definitions of the entities and their relationships.

* Data Analysis: The ontologies will lay a foundation for constructing
a knowledge graph that will enable advanced querying and be a pow-
erful visualization tool for interpreting the Data. Hierarchical clus-
tering groups entities with similar relationships to provide a more
insightful visualization.

We are planning to store the structured Data in a specialized database com-
patible with the Data and related metadata, which can handle and provide
support for the diverse types of Data we are dealing with in the experi-
ment.



Literature Review

2.1 Introduction

The development of interactive and scalable visualization systems has
become a crucial aspect of modern scientific research, particularly in
fields that rely on high-dimensional experimental data. Conventional ap-
proaches, such as tabular data representations, often fail to adequately
capture the intricate relationships within datasets, limiting researchers’
ability to gain insights. To address these challenges, knowledge graphs,
force-directed layouts, visual analytics, and accessibility-driven UI design
have emerged as essential methodologies.

This chapter reviews key literature in knowledge graph visualization, UX
principles, perceptual design, and scientific data accessibility, explaining
how these works influenced the design and implementation of the DRACO
Datamaster system.

2.2 Knowledge Graphs and Semantic Data Representa-
tion

Traditional data storage methods, such as relational databases, often lack
the flexibility and expressiveness required to model complex relationships
in experimental datasets. To address this limitation, knowledge graphs
have been widely adopted in fields such as computational science and se-
mantic web research.

Hamilton et al. (2017) introduced a graph-based representation learning
framework, demonstrating how structured relationships in large datasets

9
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can reveal hidden patterns [22]. This research supports DRACO’s use of a
graph-based approach for modeling experiment-device relationships.

Noy et al. (2001) emphasized the role of ontologies in knowledge graphs,
arguing that structured data representation enhances machine readability
and data interoperability [44]. DRACO incorporates these principles by
ensuring that its graph entities are semantically structured.

Bizer et al. (2023) further refined this idea by demonstrating how linked
data principles enable efficient querying and reasoning over large datasets
[7]. This principle is reflected in DRACO’s backend, which integrates
knowledge graphs with semantic search functionalities.

How This Influences DRACO:

¢ Structured Knowledge Representation: The graph-based approach
allows hierarchical relationships to be naturally embedded.

* Semantic Integration: Ontology-based modeling ensures interoper-
ability with external research databases.

* Efficient Data Retrieval: Enables querying of experimental results
based on entity relationships.

2.3 Graph Visualization and Force-Directed Layouts

Large-scale network visualizations often suffer from node clutter, overlap-
ping edges, and computational inefficiencies. To address these challenges,
force-directed graph layouts have been widely used for arranging nodes in
an intuitive and readable manner.

Fruchterman and Reingold (1991) introduced an early approach to force-
directed graph layouts, which organizes nodes based on attractive and re-
pulsive forces [19]. This method is fundamental to DRACO’s knowledge
graph visualization.

However, standard force-directed algorithms become computationally ex-
pensive for large datasets (O(N?)). To improve efficiency, Barnes and Hut
(1986) proposed a quadtree-based approximation method, reducing com-
plexity to O(Nlog N) [4]. DRACO integrates this approach to ensure real-
time visualization of thousands of nodes.
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Jacomy et al. (2014) further improved force-directed layouts with ForceAt-
las2, which enhances clustering and provides better graph stability [29].
DRACO incorporates these principles to ensure that the knowledge graph
dynamically self-organizes while maintaining readability.

How This Influences DRACO:

¢ Optimized Graph Layout: The Barnes-Hut method prevents node
clutter, ensuring clear visualization.

e Hierarchical Organization: The layout naturally groups related en-
tities, enhancing interpretability.

¢ Real-Time Updates: Nodes adjust dynamically based on user queries
and selections.

2.4 Colorblind Accessibility and Perceptual Design

Color choice in scientific visualization significantly impacts data inter-
pretability and accessibility, especially for users with color vision deficien-
cies (CVD).

Brewer (1994) developed one of the first standardized approaches to per-
ceptual color mapping, ensuring that color differences remain distinguish-
able across datasets [9]. DRACO applies these principles to prevent misin-
terpretation in its visualization components.

Jenny and Kelso (2007) analyzed how color selection impacts accessibil-
ity, recommending palettes that work effectively for all vision types [32].
These insights directly influenced DRACO’s colorblind-friendly palette
choices.

Tol (2021) introduced Paul Tol’s muted colorblind-safe palette, which
DRACO incorporates to ensure visual accessibility across all users [55].

Katsnelson (2021) highlighted how improper color usage leads to scien-
tific misinterpretation, reinforcing the need for careful color palette selec-
tion [31].

How This Influences DRACO:

* Inclusive Visualization: Ensures accessibility for researchers with
color vision deficiencies.
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* Optimized Contrast: High-contrast color schemes improve readabil -

ity.

* Consistent Color Mapping: Experiment-device relationships are vi-
sually distinguished.

2.5 User Experience and Interactive Visualization

Shneiderman (1996) introduced the Visual Information-Seeking Mantra:
"Overview first, zoom and filter, then details on demand" [49]. This directly
influenced DRACO’s interactive filtering and zoom-based navigation.

Heer and Shneiderman (2012) demonstrated that interactivity enhances
data comprehension, justifying DRACO’s dynamic knowledge graph inter-
actions [25].

Munzner (2014) provided heuristics for structuring complex visual data,
ensuring that DRACO’s graph layouts follow perceptual best practices [42].

Ware (2019) discussed cognitive overload in visual interfaces, reinforcing
the need for clear hierarchy and structured navigation in DRACO [56].

How This Influences DRACO:

* Guided Exploration: Users start with an overview and progressively
zoom into details.

* Reduced Cognitive Load: Filters and highlights improve focus on
key relationships.

* Optimized User Workflow: Interactive elements enhance engage-
ment and usability.
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2.6 Summary of Literature and DRACQO’s Unique Contri-

bution

Study Focus Impact on DRACO

Hamilton et al. (2017) Knowledge Graphs Supports graph-based data modeling
[22].

Fruchterman & Reingold | Graph Layouts Established force-directed placement

(1991) principles [19].

Brewer (1994) Color Theory Defined accessibility-based color
schemes [9].

Shneiderman (1996) UX Design Developed the interactive exploration

model [49].

Ware (2019)

Cognitive Load

Provided strategies for reducing over-
load [56].

Table 2.1: Comparison of Key Literature and Its Influence on DRACO







DRACO DataOps — Managing
Experimental Data

3.1 Introduction to the DRACO DB

A typical Draco experiment creates a wealth of experimental data; most
of this Data is from different sources and has different types of datatypes
and values with different meanings as the experimental setup has different
types of devices like cameras, spectrometers some of which generate nu-
merical data while the others provide raw images. These different types of
data are stored in a non-persistent SQL-based DRACO-DB. They are stored
in different datasets based on the data type of values for each measure-
ment value.

Figure 3.1: Screenshot from the DRACO control room.

The present DRACO-DB has a major flaw; it was neither designed nor de-
veloped to handle a massive amount of data nor had any documentation
to rectify any problem that may arise in the database further. As time
passed, the amount and experimental parameters kept evolving, but the
problem with the database remained, which led to the present-day chal-

15



16 CHAPTER 3. DRACO DATAOPS - MANAGING EXPERIMENTAL DATA

lenges where the database only has the capacity to handle two experimen-
tal run of data and needs a cronjob every month to clear space for the next
batch of data.

The DRACO control room has multiple visualizations, each one dedicated
to an individual measurement. As shown in Figure 3.1, the left side shows
the software where different input parameters for the experiment are be-
ing given, whereas the right side image shows the individual images being
recorded and the energy graph.

The data in the DRACO-DB, as mentioned, is stored in four main datasets,
as shown in Fig. 2.2 till Fig. 2.5, with the identifiers:

e RUN_DATA ARRAY: The dataset consists of all the measurements
where the value is informed of the array datatype.

run id tstamp shot_counter id  orlgin history Index data
1 2024-09-02 15:28:11.915125 000000 000000 2 [BLOB-38B]
1 2024-09-02 15:28:11.915125 0000- 2 [BLOB- 16B]
1 20240902 15:28:11.915125 40555881  0000-0000003 10000000 0 [BLOB- 16.0 KiB]
1 2024-09-02 15:28:11.915125 40550881 0000L 0 [BLOB- 160 KiB]
1 2024-09-02 15:28:11.915125 40559681 0000-0C 0000000 0 [BLOB-3B]
1 2024-09-02 15:28:11,915126 40555881  0000-0C 0 [BLOB-38|
1 2024-09-02 15:28:11.915125 40559881  0000-00C -0000000 14 1 [BLOB - 3165 KiB|
1 2024-09-02 15:28:11.915125 000 1 [BLOB-15.0 KiB]
1 2024-09-02 15:28:11.915125 000000 ! [BLOB-38B]
1 2024-09-02 15:28:11.915125 00004 1 [BLOB-3B]
1 2024-09-02 15:28:11.915125 40559878  0000-0000003c-00000000-000000010000000 100000089 1 [BLOB- 160 KiB)
1 2024-09-02 15:28:11.915125 0000 2 [BLOB -318.5 K8
1 2024-09-02 15:28:11.915125 40559875  00C0-00CO003: 10000000 2 [BLOB-180KiB|
1 2024-09-02 15:28:11.915125 00004 2 [BLOB- 160 KiB|
1 2024-00-02 15:28:11.915125 5598 0000- 0000000 2 [BLOB-38B]
1 2024-09-02 15:28:11.915125 00004 2 [BLOB-38B]
1 2024-09-02 15:28:11,915125 40559880  0000-0000003¢-00000000-0000000 10000000 100000076 0 [BLOB-16.0KB|
1 2024.09-02 15:28:11 915125 40555830  (O0Q-000000? 0 [BLOB-15.0KiBl]
1 2024-09-02 15:28:11.915125 405598280  0000-00 300000001 0000000 0 [BLOB-38B]
1 2024-08-02 15:28:11.915125 0000 0 [BLOB-38]
1 2024-09-02 15:28:11,915125 40559877  0000-DO00003¢-00000000-000000010000000100000075 1 [BLOB- 16.0 KiB]

Figure 3.2: RUN_DATA_ARRAY Dataset.

¢ ORIGINID: The dataset includes the name of the measurement, de-
vice identifier, and unique identifier for each measurement of each

Device.
ik — i -
8 50 300000014 ML Image ts Coject Viasle el
1 NULL  tmage HProsleLne X AL
1 00 000340000000 000021 000000 1 52 000 Q0000000 XDO00AICO0002 1 O 4 NULL  Image HProfileLne ¥ uL
1 3 NULL  Imaga HPrefieLine ML
1 g 52 4 ML Image VWerstialine Y nL
1 “ ML imsge GoometricCenyod N
1 DO00-0000003C-V0CO0000-000000M400D000 2000011 60 DO0O-00000 X00000-000000040C0000E 1 000000 14 NULL  Image Pointng Statsity Valkses Rolevonce Porting . ALL
' w ' MAL  Image Poimmg Statskty Vitkes Verstal Porting N
t w 000014 AL Image Poiring Stassity Viwham Totel Porfing Ste.. AL
1 £ 00000 MULL  Image Pomtng Statsity Vakes M
20302000008 0210000002 60 0000-00000065-O0000000-000000AIC000Z1 0000014 NULL  tmage. Enargy or Powse Enngy or Powst Vi L
1 0 NULL  tmage Energy or Fowsr Encegy or Power Timer Over ALLL
1 0000-00000034-000000I0-CO0NNDOHIN00002 Y DONN00Z 7 52 Doo S 08 0 X 200014 NAL  Image Erengy or Powee Energy or Power Uret ML
1 000000 52 DO0O NULL  Image Erargy or Fower MU
1 DO0C-00000032-00000000-L00N0CAN000AZT 00000029 50 0000-00000065 O0000000-CONN0OKILONNNZ D000 14 NULL  Image Gabarty Actvatnd Gatarts Sacumed L
1 0 10000002 s il Image Cabarts Adtvated AL
T w NULL s Profs Wicths H g V A
1 DO20-00000065-0000C000-CO0NICCEIN00DIZZ000000 14 10 0000 XN 0 4 2  Propohee 10 (1.5J Ampitier) Datas_Smage UNRESOLVED (D4Datas mage)

Figure 3.3: ORIGINID Dataset.
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e RUN_DATA DOUBLE: The dataset consists of all the measurements

where the value is in the form of a double datatype.

nn_ld shot_counter id origin id . 1 history Index data
1 2023-11-27 17:07:40.078402 36501  000O- 0 Q
1 2023-11-27 17.07:40,178430 36502 0000 02200000020 0 0
1 2023-11-27 17:07:39.778484 36428  D00O- 0 o
1 2023-11-27 17:07.39 678409 36487 0000 0 (]
1 2023-11-27 17:07:39 ATR307 36485 0000 0 ]
1 2023-11-27 17.07:39.876473 36499 0 o
1 2023-11-27 17:07:39 878526 36499  DOOO: 0 10.009099181073704
1 2023-11-27 17:07:39.478471 36485 0000 0 10
1 2023-11-27 17:07:40.478485 36505 0000 0 10.008089181073704
1 2023-11-27 17.07:39.57B478 36496 0000 0 w
1 2023-11-27 17.07:40.278534 36503 0000 0 10.009089181073704
1 2023-11-27 17:07:40.378465 36504  00OC 0 10.009099181073704
1 2023-11-27 17:07:39.678483 36497  0000- 0 10
1 2023-11-27 17:07:39.978453 36500  0000: 0 10.009099181073704
1 2023-11-27 17:07:39.278446 36493 0000 0 10
1 2023-11-27 17:07:39.178437 36492 0000 0 10
1 2023-11-27 17:07:39.778508 36498  0D0O0O: 0  10.009099181073704
1 2023-11-27 17:07:40.178451 36502 0000 0 10.008029181073704
1 2023-11-27 17:07:40.078508 36501 00O 0 10.009099181073704
1 2023-11-27 17:07:39 378476 38484 0000 o 10
1 2023-11-27 17:07:39.978453 36500 D000 0 1.6264304284663254
1 2023-11-27 17.0739.878526, 36499 0000 0 1.6264304284663254
1 2023-11-27 17:07:39.678483 36407  000O- 0 1.6264304284663254
1 2023-11-27 17:07:30.578476 36406 0000 0 1.6264304284663254
1 2023-11-27 17:07:39.178437 36482 0000 0 1.6264304284663254
1 2023-11-27 17:07,39.378476 36494 0000 0 1.6264304264563254
1 2023-11-27 17:07:39.778506 36488 0000 0 1.6264304284663254
1 2023-11-27 17:07:40.378465 8504 0000 0 1.628168815245304
1 2023-11-27 17:07:40. 478485 36505 0000- 0 1.628168815045304
1 2023-11-27 17:07:40.178451 36502 0000 25 0 1.628168815045304
1 2023-11-27 17:.07:39.478471 36495 0 1.6264304284663254
1 2023-11:27 17.07:40.078508 36501 0000 0 1528168815045304
1 2023-11-27 17:07:40.278534 36503 0000 0 1.628168815345304
1 2023-11-27 1707:39.218446 36493 0000 0 1.6264304284663254
1 2023-11-27 17.07:39.378476 36494 0000 0 0
1 2023-11-27 170739178437 36482 0000 0 o
1 2023-11-27 17:07:40,178451 36502 0 0
1 2023-11-27 17:07:39.678483 36407 0000 o 0
1 2023-11-27 17:07:39.278446 36483 0000 0 o
1 2023-11-27 17:07:40.078508 36501 0000 40000002100000022 0 o
1 2023-11-27 17:07:39 478471 36455  DOOO- 0 0
1 2023-11-27 17:07:39,778506 36408 0000 0 o
1 2023-11-27 17:07:40.478485 36505 0000 0 o
1 2023-11-27 17:07:40,278534 36503 0000 0 ]
1 2023-11-27 17:07:39,978453 36500 0000 o 0
1 2023-11-27 17:07:39.578478 36496 0000 0 o
o1 20231127 . 36499 0 0
1 20231127 17:07:40.378465 36504 0 0
1 2023-11-27 17:07:40 478485 36505 0 ]
1 2023-11-27 17:07:40.378465 36504 0 0

Figure 3.4: RUN_DATA_DOUBLE Dataset.

e RUN_DATA_INTEGER: The dataset consists of all the measurements

where the value is informed of integer datatype.
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Figure 3.5: RUN_DATA_INTEGER Dataset.
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As described above, the database is old and has limited capacity, which
leads to a Scalability issue; along with that, the DRACO DB has limited ac-
cessibility, which in turn leads to problems in the interoperability of data
between different teams. To solve all of these issues, we proposed a system
that will not only solve the problem related to Scalability and long-time
storage of data but also be accessible to different groups as part of the ex-
periment.

3.2 DRACO-DB dataset

To propose an effective solution for the DRACO-DB issues the researchers
are seeking, we need to understand different parameters in the Data and
make a system that satisfies the FAIR (Findable, Accessible, interopera-
ble, Reusable) principle. These parameters in the Data are critical as they
represent key experimental values and identifiers, which, in turn, help us
structure the Data and ensure its traceability.

3.2.1 Key Parameters in DRACO-DB

1. shot_counter_id

This parameter acts as a unique counter for each shot or measurement
recorded during an experiment.

Importance:

» Helps identify the sequence of shots taken.

* Ensures chronological order of measurements, which is critical for
time-dependent analyses.

2. origin_id

A composite identifier containing information about the measurement
event being carried out by the Device, its unique ID.

Importance:

* Links Data to specific experimental devices and configurations.
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» Essential for troubleshooting and tracing Data back to its source.

3. top_origin_id

Represents the Device that is responsible for a particular measurement
value.

Importance:
* Helps track changes or updates to measurements over time.

* Ensures Data integrity and version control.

4. Data

The main column holds the measurement values. These values can belong
to:

e RUN_DATA_INTEGER : Contains all the measurement having integer-
type values.

e RUN_DATA DOUBLE : Contains all the measurement having Continu-
ous or floating-point values.

e RUN_DATA_ARRAY: Contains all the measurements having Array-
type values that include image blobs or multi-dimensional measure-
ments.

Importance:

* Forms the core experimental Data necessary for analysis, visualiza-
tion, and further computations.

5. tstamp

A timestamp indicates when each measurement was recorded.
Importance:
* Allows time-based sorting and analysis.

* Facilitates synchronization of Data across multiple devices and mea-
surements.
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3.3 Proposed System Architecture: DRACO-DATAMASTER
Architecture

The limitations of the existing DRACO-DB, such as limited capacity, ac-
cessibility, and interoperability, require the development of a new, robust,
and modern system. The proposed system, DRACO-DATAMASTER, pro-
vides a solution for all these challenges not only by providing a long-term
storage solution but also by structuring the Data based on a well-defined
schema. Ontologies are created along knowledge graphs to properly de-
fine the experiment and the relationship between different key parameters
recorded during it.
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Figure 3.6: System Architecture.
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3.3.1 Overview of the Architecture

The architecture, as shown in Figure 3.6, is designed by considering all the
requirements related to the challenges faced by the DRACO-DB. It ensures
a streamlined Data flow along with Scalability while facilitating user inter-
actions and future development.

It comprises the following components:

1. Draco DB (SQL-based): The existing SQL-based DRACO is located
in the experiments control room, not part of the central IT, and
our long-term storage and post-processing serve as the initial Data
source. It stores experimental Data recorded from various devices
like cameras and spectrometers. In the future, it will be entirely re-
placed by a pipeline. Our system acts as a staging database only,
which will hold the Data for a short while before pushing it into the
other database.

2. Code and Structured Graph: Currently, Data is extracted from the
SQL database using a Jupyter Notebook. It is processed through
scripts and transformed into various formats before being uploaded
to the databases. In the future, IT plans to provide a job on our clus-
ter or a dedicated virtual machine that will handle Data extraction
on demand.

Importance:

* Handles reorganization and restructuring of the Data.
¢ Reduces redundancy and prepares the Data for further process-

ing based on the required use cases.

3. Mongo DB: A MongoDB instance stores the Data in a properly struc-
tured way based on the metadata schema we prepared. It helps
enhance Scalability and quick access. We also offer backups on tape
for long-term archiving of enormous amounts of Data.

Importance:

* Responsible for long-term storage for a large dataset.
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* The Data is being structured and saved as a JSON file.
* MongoDB helps us in faster querying and retrieval of Data.
4. Ontologies: Based on the relationship identified between the param-
eters, we will create an ontology for the experiment.

Importance:

e Improve clarity and understanding of the relationship.
* Supports advanced queries and insights.
5. Knowledge Graph: The structured graph Data is formed using the
parameter Data from the experiment. When integrated with ontolo-

gies, we are able to create a knowledge graph. It is further enriched
to form a knowledge graph.

Importance:
A graph representing the relationship between the datasets, de-
vices, and experiments.
* Supports advanced Data analytics and discovery.
6. Visualization and User Tools: For Data analysis and visualization,
various tools are integrated into our system.
* RODARE: For Data publication and sharing.

* Dashboard: Developed a Graphical User Interface to visualize
the Data insights.

* Jupyter Notebook: Allows researchers to analyze and visualize
Data interactively.

3.3.2 Data Workflow

The proposed system architecture Figure 3.6 provides us with a
smooth workflow for Data management:
» Experiment Data is first ingested into the Draco DB.

* The experimental Data is then retrieved for Preprocessing,
which is followed by running scripts that derive structured
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graph from the Data and store measurement value in Mon-
goDB in the form of a JSON File while the images are stored in
the MinIO DB.

* Ontologies are developed based on the identified relationships
in the datasets.

* Based on the developed ontologies, we will develop the knowl-
edge graph.

» Users access data and insights through RODARE, dashboards,
and Jupyter Notebooks.

The DRACO-DATAMASTER system addresses the critical challenges
of the DRACO-DB by enhancing Scalability, accessibility, and in-
teroperability. This architecture provides the researchers with re-
sources to efficiently manage and analyze the experimental Data for
future scientific development.

3.4 Identifying Relationships and Data Integration

This section centers on identifying the relations between tables of
DRACO-DB and figuring out how these relationships help us bring
them together to carry out a unified analysis and understanding.

3.4.1 Identifying Relationships

DRACO-DB have multiple different datasets, as we have explained
about them in section 3.1, ORIGINID, RUN _DATA INTEGER,

RUN_DATA DOUBLE, and RUN_DATA ARRAY stores all different types
of Data from devices in them. The following relationships were iden-
tified:

1. Device-to-Measurement Relationship

In ORIGINID dataset each top_origin_id which corresponds
to a device to a set of measurement value identifier origin_id
and we get the name for that measurement from the parameter
name . Alone it does not give us much information but all the
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origin_id can be found in in the datasets RUN_DATA_INTEGER,
RUN_DATA DOUBLE, or RUN DATA ARRAY .
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Figure 3.7: Origin_id based relationship

As shown in Figure 3.7 origin_id, connect different datasets and
provide us with details regarding the measurements that we are
working on without the shot_counter_id we will not be able them

to map them to particular experimental settings. The shot_counter_id
present in the other dataset hence will be able to bring all the re-
quired values together by using them.

2. Temporal Relationship

SagrEcseExRsyrgigafice

ERERRISIRRe:

Figure 3.8: Timestamp and shot_counter_id relation with experiment

As shown in Figure 3.8 tstamp and shot_counter_id are impor-
tant alongwith origin_id to identify the a exact measurement and
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its value. a shot has multiple measurements taken, and each has a
distinct name; based on the number of devices being used in that
particular shot, we will have multiple measurement values.

tstamp help us in grouping together all the measurements for a
shot in chronological order, helping us to understand the shot mea-
surement progression. The grouping also helps us combine the Data
from all the datasets in a proper structure while maintaining the in-
tegrity of the Data and ensuring fast retrieval.

3.4.2 Unifying the Tables

The identified relationships allow us to integrate the tables into a sin-
gle structured dataset. By linking these tables using origin_id and

shot_counter_id, we create a cohesive representation of the ex-
periment Data, ensuring traceability and consistency.

To develop this, we create the following Data structure Figure 3.9; in
this, we have grouped together all the parameters such as origin_id,
name , top_origin_id that define the type of Device being used in
the experiment run in a class named Device. Where as the class Mea-
surement values group together parameter like value and tstamp
corresponding to the shot_counter_id of the experiment. The
Shot class is responsible for retrieving the shot_counter_id whereas
the Run class for run_id and Experiment class for the experiment
date.

3.5 JSON Structure for MongoDB and MinlIO

The following subsections describe how measurement values and
images are stored for Scalability and accessibility.

3.5.1 Measurement Storage in MongoDB

The structured measurement Data from the DRACO-DB is stored as
JSON documents in MongoDB. The Data retrieval process extracts
key information, such as measurement values, timestamps, and de-
vice metadata, which are transformed and stored in a hierarchical
format for long-term access.
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Measurement values

+ identifier: int
+ Datatype: int
+data: int

+add_measurement()
+ add_short counter()

Shot Device
+ shot counter id: int + name: string
+ tsamp: timestamp + identifier: string
+ measurements : dict <device, list <value>> + meast : list
+ add_measurements() + Device type: enumeration

+add_measurements()

Run

+runid: int

Experiment

+add_run()

Figure 3.9: Proposed class structure of experiment

Data Retrieval from SQL Database

Measurement data is extracted from the ORIGINID , RUN DATA INTEGER,
RUN_DATA DOUBLE, and RUN_DATA ARRAY datasets of the DRACO

SQL database.

The SQL query for retrieving the Data is shown below:

SELECT o.origin_id, o.name, o.top_origin_id,
COALESCE(rdd.shot_counter_id, rdi.shot_counter_id,
RDA.shot_counter_id) AS shot_counter_id,
COALESCE(rdd.tstamp, rdi.tstamp, rda.tstamp) AS timestamp,
rdd.Data AS double_data, rdi.data AS integer_data,
rda.data AS array_data

FROM ORIGINID o

LEFT JOIN RUN_DATA_DOUBLE rdd ON o.origin_id = rdd.origin_id

LEFT JOIN RUN_DATA_INTEGER rdi ON o.origin_id = rdi.origin_id

LEFT JOIN RUN_DATA_ARRAY rda ON o.origin_id = rda.origin_id

WHERE o.top_origin_id = ’{device_identifier}’

AND o.path IS NULL;

This query extracts:

e origin_id: Unique identifier linking devices and measure-
ments.

e shot_counter_id : Identifies the shot or measurement event.
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* tstamp : Time at which the measurement was recorded.

¢ data : Measurement values, which we retrieve from RUN DATA INTEGER,
RUN DATA DOUBLE, or RUN DATA ARRAY.

Decoding and Processing Data

The retrieved array_data column, which stores binary Data, is de-
coded using the Python struct library. The following code snippet
demonstrates the decoding process:

import struct

def decode_binary_data(binary_data):
""" Decode binary array data into floating-point values."""
decoded values = []
for i in range(0, len(binary_data), 8):
chunk = binary_datali:i+8]
if len(chunk) == 8:
decoded_value = struct.unpack(’d’, chunk) [0]
decoded_values.append(decoded_value)
return decoded_values

This ensures that the extracted array_data is transformed into
human-readable and analyzable formats before storage.

Data Structuring:

The retrieved Data is organized into a nested JSON format, enabling
efficient querying and Scalability. The hierarchical structure groups
measurements based on experiments, runs, shots, and devices.

JSON Schema for MongoDB

The following JSON schema illustrates how the experimental data is
stored in MongoDB. The schema includes multiple nested levels for
clear organization.

Example JSON Document:
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[
{
"_id": "ObjectId(’67360aa02e1e082bc5232b8c’)",
"experiment": [
{
"run_id": 1,
"shots": [
{
"shot_counter_id": 36492,
"Devices": [
{
"name": "0000-00000067-00000000-000000020000000£00000097",
"measurements": [
{
"timestamp": "2023-11-27 17:07:39.174259",
"data": [
{
"measurement_name": "spectrum.Y",
"data": [1, 1.33, 1.44, 1250.55]
1,
{
"measurement_name": "spectrum.X",
"origin_id": "0000-0000003c-00000000-000000020000000£00000098" ,
"data": [651.85, 652.03, 652.21, 652.39]
1,
{
"measurement_name": "spectrum.Central Wavelength",
"origin_id": "0000-0000003c-00000000-000000020000000£0000009a" ,
"data": 805.68
1,
{
"measurement_name": "spectrum.Spectrum Width",
"origin_id": "0000-0000003c-00000000-000000020000000£0000009d",
"data": 61.01
}
]
}
]
}
]
}
]
}
]
}
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Folder Hierarchy and Organization

The hierarchical structure in MongoDB reflects the following organi-
zation:

¢ Experiment Level: Each document corresponds to a unique ex-
periment.

* Run Level: Groups all shots belonging to a single experimental
run.

* Shot Level: Contains measurements collected during an indi-
vidual shot, identified by shot_counter_id.

e Device Level: Includes the device-specific measurements and
their metadata.
Advantages:
* Ensures Scalability and efficient organization of hierarchical
data.

» Simplifies querying and retrieval of measurement values for a
given experiment or shot.

* Facilitates long-term storage and access for collaborative re-
search.

3.5.2 Image Storage in MinlO

The MinlO object storage system is used to store experimental im-
ages captured during the DRACO experiments. Each image file is
processed, converted to a standardized format, and uploaded with
metadata to ensure scalability, accessibility, and traceability.

Workflow for Image Storage

The image storage workflow consists of three key stages: Data Re-
trieval, Processing Raw Image Data, and File Naming and Organi-
zation.
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1. Data Retrieval Images are retrieved from the RUN_DATA_ ARRAY
table in the SQL-based DRACO database. The query specifically se-
lects rows where the column path IS NOT NULL.

The following columns are extracted:

e origin_id: Unique identifier for the measurement.

* top_origin_id: Unique identifier for the device.

e shot counter id : Identifies the shot/measurement.
e tstamp : Timestamp of when the image was captured.

* array_data : Binary raw image Data.

The SQL query used for retrieval is as follows:

SELECT o.origin_id, o.name, o.top_origin_id,
rda.data AS array_data, rda.shot_counter_id AS shot_counter_id,
rda.stamp AS timestamp
FROM ORIGINID o
LEFT JOIN RUN_DATA_ARRAY rda
ON o.origin_id = rda.origin_id
WHERE o.path IS NOT NULL

2. Processing Raw Image Data The raw binary Data from the data
column in RUN_DATA ARRAY dataset is decoded and converted into
a standardized TIFF format using the raw2tiff tool. This process
ensures compatibility for long-term storage and visualization.

The steps are as follows:

(a) Binary data is saved temporarily as a . raw file.
(b) The raw2tiff tool converts the file to . tiff format.

(c) Temporary files are removed after successful conversion and
upload.

Code Example:

with open(raw_file, "wb") as f:
f.write(array_data)
subprocess.run(f"raw2tiff -w 656 -1 494 {raw_file} {tiff_file}", shell=True)
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3. File Naming and Organization To ensure clarity and uniqueness,
images are named and stored following a structured convention:

* File Naming Convention:

<experiment_id>/<device_identifier>/<origin_id>_<shot_counter_id>_<timestamp>.tiff
* Folder Hierarchy:

<experiment_id>/
<device_identifier>/
<origin_id> <shot_counter_id> <timestamp>.tiff

Fields:
e experiment_id : Experiment identifier (e.g., date of the exper-
iment).
e origin_id: Unique identifier for the measurement values.

* top_origin_id: Unique identifier for the measurement de-
vice.

e shot_counter_id : Identifies the shot.

tstamp : Timestamp indicating when the image was recorded.

Advantages of MinIO for Image Storage

The MinlIO storage solution provides significant benefits for manag-
ing DRACO experiment images:

* Scalability : Supports large volumes of image data efficiently.

* Accessibility: Enables fast and efficient retrieval using meta-
data.

* Traceability: Metadata links each image to its respective exper-
iment and measurements.

¢ Standardization: Conversion to TIFF format ensures compati-
bility across visualization tools.

¢ Organization: Structured file naming and folder hierarchy pre-
vent duplication and simplify management.
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Workflow Diagram

Figure 3.10 illustrates the example of an image being stored in the
MinlIO DB. This is the final output, from SQL data retrieval to final
upload to MinlO.

Figure 3.10: Image Storage Workflow in MinIO

3.6 Integration Pipeline

The integration pipeline combines the retrieval, transformation, and
storage of experimental data. Ensure that both measurement values
and images are processed efficiently and stored in MongoDB and
MinlO, respectively.

The pipeline leverages Python’s ThreadPoolExecutor for parallel
processing, and robust error-handling mechanisms ensure that is-
sues such as missing data or failed uploads do not halt the pipeline.
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3.6.1 Parallel Processing

To optimize the efficiency of the data integration process, the pipeline
uses Python’s ThreadPoolExecutor for parallel execution of tasks.
This allows simultaneous retrieval, processing, and storage of:

e Measurement values in MongoDB.

¢ Image files in MinIO.

Workflow

The following workflow outlines the process:

(a) Retrieve all unique top_origin_id values from the DRACO
SQL database.

(b) Foreach top_origin_id, process measurements and images
concurrently.

(c) Store measurement data in MongoDB and images in MinIO.

The following code snippet demonstrates how measurements and
images are processed concurrently:

from concurrent.futures import ThreadPoolExecutor

def main():
experiment_id = f"experiment_{datetime.now().strftime(’%Y/m¥d’)}"
top_origin_ids_query = "SELECT DISTINCT top_origin_id
FROM ORIGINAL
WHERE path IS NULL"
top_origin_ids = pd.read_sql(top_origin_ids_query, db_ops.engine) [’top_origin_id’].tolist()

with ThreadPoolExecutor() as executor:
futures = []
for top_origin_id in top_origin_ids:
device = Device(name=top_origin_id, identifier=top_origin_id)
futures.append(executor.submit (
device.get_measurements_with_shot_counter, db_ops, None
))
futures.append(executor.submit (
device.process_and_upload_images, db_ops, minio_handler, experiment_id

)

for future in futures:
future.result()

Key Features:
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* Concurrency: Measurements and images for each Device are
processed simultaneously, reducing execution time.

* Scalability: The number of worker threads can be adjusted
based on hardware resources.

* Flexibility: Each Device runs independently, enabling better er-
ror isolation.

3.6.2 Advantages of the Pipeline

* Efficiency: Parallel processing reduces the total time required
for data ingestion and storage.

* Reliability: Robust error handling ensures that the pipeline re-
mains functional despite data or system failures.

* Scalability: The pipeline can handle multiple devices and large
datasets concurrently.

* Traceability: Logs and retry mechanisms provide transparency
into failed operations for troubleshooting.

3.7 Summary

This chapter introduced the DRACO DataOps framework, detailing
its role in managing experimental data efficiently. We explored the
structured approach used for data collection, storage, and process-
ing, emphasizing interoperability and Scalability.

A key highlight was the use of metadata-driven ontologies to ensure
consistency in experimental datasets, enabling better data retrieval
and organization. The integration of a knowledge graph structure
further enhances data relationships, allowing for more intuitive data
exploration.

In the next chapter, we will delve deeper into the ontology-driven
model used in DRACO, explaining how semantic structures are lever-
aged to improve data representation and accessibility.



Ontology-Driven Data Representation
in DRACO

4.1 Introduction to Ontologies

Ontologies provide a systematic account of shared conceptual frame-
works within a specific domain by offering a structured representa-
tion of knowledge that enriches reasoning, interoperability, and data
integration. They transform complex datasets into semantically rich
models that facilitate advanced data management and analysis by
specifying entities, their characteristics, and their relationships [21].
This approach aligns closely with the core tenets of contemporary
scientific data management and stewardship, especially the FAIR
principles (findability, accessibility, interoperability, and reusability)
[58].

In the context of the DRACO experiment, ontologies are essential
for organizing and managing experimental data. They enable the
domain-specific knowledge obtained during experiments by the re-
searchers to be encoded in a machine-readable format, making the
data comprehensible, reusable, and interoperable across various re-
search teams and computational systems. By adopting ontologies,
DRACO transforms complex datasets into semantically rich models,
achieving semantic consistency, enhancing cross-experiment com-
parisons, and fostering interdisciplinary collaboration [50].

Why Ontologies?

Ontologies serve several purposes in scientific and technical do-
mains, including addressing critical challenges in data-driven re-
search by offering several key advantages:

35
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Standardization: Establishing standard vocabularies to de-
scribe data, processes, and entities, ensuring semantic unifor-
mity across domains [44].

Data Integration: Ontologies Bridge heterogeneous datasets
by providing a shared semantic framework, enabling interoper-
ability [7].

Knowledge Representation: They capture domain-specific
knowledge in a formalized, machine-readable format, foster-
ing transparency and computational reasoning [21].

Query and Reasoning: Ontologies support advanced queries
and logical reasoning, enabling researchers to derive insights
from structured knowledge [27].

Core Components of an Ontology

As described by [44], an ontology typically consists of the following
components:

Classes: Represent the fundamental concepts or entities in a
domain (e.g., "Device," "Experiment").

Properties: Define attributes of classes or relationships be-
tween them, such as "hasMeasurement" or "isPartOf".

Instances: Represent specific examples of the classes (e.g., a
particular sensor used in an experiment).

Axioms: Define constraints, rules, or logical assertions that gov-
ern the relationships between classes and properties. These ax-
ioms ensure data consistency and semantic clarity

Ontologies in Data-Driven Research

Modern experiments, such as DRACO, generate vast amounts of data
that require proper organization, integration, and analysis. Ontolo-
gies serve as a powerful tool to:

* Enhance the discoverability of datasets by making their struc-

ture explicit and standardized.

* Ensure semantic interoperability for cross-experiment compar-

isons, enabling researchers to integrate datasets from diverse
sources [58]
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e Facilitate the creation of knowledge graphs that support ad-
vanced data visualization and generate new insights [7][27]

By implementing ontologies, the DRACO experiment takes signif-
icant strides toward achieving these objectives, making its data
ecosystem more transparent, reusable, and robust.

Evolution of Ontologies

The concept of ontologies originated in philosophy and was later
adopted in artificial intelligence (Al) as a framework for knowledge
representation [21] . Over time, they have been implemented in var-
ious different domains, including life science [2], engineering [44],
and data management [58].

In the case of DRACO, the development and implementation of on-
tologies signifies a significant evolution in experimental data cu-
ration, enabling semantic annotation, structured integration, and
enhanced reasoning. This approach underscores the growing im-
portance of ontologies in addressing the challenges posed by the
increasing complexity and volume of scientific data [50].

4.2 Ontology Development for DRACO

4.2.1 Purpose

The DRACO experiment ontologies were developed to provide a
clear formal relationship between different entities in the experi-
ment. The primary objective is to provide a structured framework
that enhances metadata alignment and supports the generation of
knowledge graphs, which further assist in visualizing, exploring, and
analyzing experimental Data.

e Hierarchical Data Representation: Capturing nested relation-
ships, such as the connection between runs, shots, and individ-
ual measurements.

* Semantic Enrichment: Enhancing experimental Data with
contextual meaning, ensuring it is both human-readable and
machine-interpretable.
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e Data Reusability: Enabling Data reuse across experiments and
research teams by adhering to standardized semantic models.

By providing a formalized structure, the ontology empowers re-
searchers to efficiently query, compare, and reuse data, ultimately
fostering collaboration and advancing scientific discovery.
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Figure 4.1: A visual representation of the ontology, showing the core classes and
their relationships.

4.2.2 Design Process

Defining Classes and Hierarchies:
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The hierarchical structure of the ontology, including core classes

such as Devices, Measurements, Runs, and Shots, is illustrated in

Figure 4.1. This diagram demonstrates how these entities and their

relationships are modeled to ensure semantic clarity and interoper-

ability.

Class Subclass/Attribute Description

Devices Spectrometer , Camera Experimental equipment re-
sponsible for recording spe-
cific types of measurements.

Measurements | Spectrum Measurement , Image Measurement | Central classes representing
the data recorded by devices.

Runs None Represents iterative execu-
tions of the experimental
setup.

Shots None Captures individual in-
stances within a Run.

Derived Data Energy & Power , Centroid Secondary attributes calcu-

lated from measurements,
supporting advanced analy-
sis.

Table 4.1: Overview of Classes and Hierarchies

Runs and Shots:

Runs: The Run class contains the details of how many times the ex-

perimental setup is executed to capture measurements within a spe-

cific experiment. It serves as the overarching entity that organizes
the experiment into multiple runs.

Shots: The Shot class contains the data of the measurement corre-

sponding to each individual shot within an experimental run.

The relationships between ‘Run‘ and ‘Shot’ classes are defined as fol-

lows:
Class | Attribute/Relationship | Description
Run has_shot Links a Run to its associated
Shot instances.
Shot records Indicates that a Shot records
measurements.

Table 4.2: Structure of Runs and Shots
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Measurements:

Measurements form the central class, encapsulating both
Spectrum Measurement and Image Measurement . Subclasses of
measurements include:

Measurement Type Attribute Description
Spectrum Measurement spectrum.X, spectrum.Y Captures x and y coordinates
of the spectral data.
Spectrum Wavelength Represents wavelength infor-
mation within the spectrum.
Spectrum Width Indicates the width of the
spectrum recorded.
Image Measurement profile.width H & V Horizontal and vertical pro-
file widths of the image.
Centroid Centroids representing en-

ergy and geometry of the
captured data.

RealTimeFrameRate Represents the real-time
frame rate of the image
capture.

Pointing Stability Values | Stability metrics for hori-
zontal, vertical, and overall
pointing systems.

Energy or Power Value Representing the Energy or
Power measurement of the
captured data.

Table 4.3: Attributes of Measurements

Devices:

As discussed in Chapter 2, each experiment consists of multiple
devices and each responsible for a broad set of measurements.
The devices mostly fall into two types: spectrometers and cam-
eras, which serve distinct purposes in data collection. In the on-
tology, subclasses such as Spectrometer and Camera are cre-
ated to represent experimental equipment. The measurements
recorded by these devices are linked to specific recording processes
and are grouped together, such as Spectrum_Measurement and
Images_Measurement bythe Spectrometer and Camera, respec-
tively.
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Device Class

Measurement Type

Attributes

Spectrometer

Spectrum Measurement

Spectrum.X,
Spectrum.Y,
Spectrum Wavelength,
Spectrum Width,

Gabarits_Activated

Camera

Image Measurement

Profile.width H & V,
EnergyCentroid,

GeometricCentroid,
RealTimeFrameRate

Table 4.4: Devices and Their Measurement Capabilities

Derived Data:

Derived attributes provide additional analytical insights and are cal-

culated from raw measurements. These attributes include:

Derived Data

Attribute

Description

Energy & Power

Energy or Power Value

Represents energy or power
measurements recorded.

Energy or Power Unit

Specifies the unit of mea-
surement (e.g.,

watts).

joules,

Energy or Power Unit

Specifies the unit of energy
or power measurement.

Centroid EnergyCentroid Centroid representing the
energy of the recorded data.
GeometricCentroid Geometric centroid of the

captured data.

Pointing Stability

Total Pointing Stability

Overall pointing stability de-
rived from horizontal and
vertical metrics.

Reference Pointing Stability Values

Contains the stability of the
reference pointing system.

Vertical Pointing Stability Values

Contains the vertical stabil-
ity metrics stability.

Horizontal Pointing Stability Values

Contains the horizontal sta-
bility metrics stability.

Total Pointing Stability Values

Contains the overall pointing
stability metrics.

Timer OVer Pointing Stability Values

Contains the data that tracks
the stability metrics over

Table 4.5: Attributes of Derived Data
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4.3 Entity Relationships in the DRACO Ontology:

The ontology employs rich relationships to connect entities and
define their interactions. Figure 4.1 provides a visual represen-
tation of the relationships among key ontology entities, such as
the connections between Devices and Measurements through
has_measurement_value, and between Runs and Shots via
has_shot . Key relationships include:

4.3.1 Device Relationships:

Device relationships establish how specific equipment generates
measurements. Table 4.6 outlines these associations.

Relationship Source Class Target Class

images_recording Camera Images_Measurement

spectrum_recording Spectrometer Spectrum_Measurement

Table 4.6: Device Relationships

4.3.2 Measurement Relationships:

Table 4.7 summarizes key relationships involving measurements and
their corresponding attributes.

Relationship Source Class Target Attributes

has_image_value Images_Measurement Is Object Visible, Images,
Real Time Framerate

has_spectrum_value Spectrum_Measurement spectrum.X, spectrum.Y,
Spectrum Wavelength, Spectrum Width,

Gabarits_Activated_Global_Sup_Inf,
Gabarits_Secured_Global_Sup_Inf

characterized_by Images_Measurement Energy & Power values, Centroid,

Image.pointing stability values,
Profiles Widths H and V

Table 4.7: Measurement Relationships
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4.3.3 Derived Relationships:

Derived relationships provide secondary associations that enrich the
ontology’s semantic model. Table 4.8 provides examples of these re-

lationships.

Relationship

Source Class

Target Attributes

has_stability_value

Image.pointing stability values

Reference Pointing Stability Values,
Vertical Pointing Stability Values,
Horizontal Pointing Stability Values,
Total Pointing Stability Values,
Timer OVer Pointing Stability Values

contains

Profiles Widths H and V

HprofileLine, VprofileLine

has_energy_value

Energy & Power

Energy or Power Value,
Energy or Power Timer Over,

Energy or Power Unit

has_centriod_value Centroid Energy.Centroid, Geometric.Centroid
has_Vprofile_value VprofileLine VprofileLine.X, VprofileLine.Y
has_Hprofile_value HprofileLine HprofileLine.X, HprofileLine.Y

Table 4.8: Derived Relationships

4.4 Integration with Data Storage:

The ontology bridges experimental data and storage systems through
specific classes and identifiers:

4.4.1 Dataset Storage:

e Dataset islinked to storage endpoints, such as mongoDB and
MinIO, ensuring data accessibility.

¢ Relationships like values_stored and images_stored map
data from measurements to their respective storage reposito-

ries.

4.4.2 Data Retrieval:

* Queryable attributes and relationships allow for efficient re-
trieval of experimental data based on specific parameters or
conditions.
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4.5 Relationships and Dependencies

4.5.1 Protégé

Protégé was utilized as the primary tool for designing and visualizing
the ontology. Its graphical interface and extensibility made it ideal
for creating a well-structured ontology tailored to DRACO’s needs.

4.5.2 RDFLib

RDFLib, a Python library, was employed to parse and query the ontol-
ogy. Its compatibility with OWL and RDF formats enabled seamless
integration with other tools and the database.

4.5.3 OWL (Web Ontology Language)

The ontology was implemented in OWL, which provided a standard-
ized framework for defining the classes, relationships, and proper-
ties within the DRACO experiment.

4.6 Summary

In this chapter, we examined the ontology-driven approach for
structuring DRACO’s experimental data. By leveraging ontologies,
DRACO ensures a standardized, machine-readable representation
of relationships between experiments, devices, and measurements.

The implementation of semantic metadata and linked data princi-
ples allows for efficient querying and reasoning over datasets, sig-
nificantly enhancing data accessibility. Additionally, we discussed
the role of knowledge graphs in visually representing these relation-
ships.

The next chapter will focus on the development of the DRACO fron-
tend, where these structured datasets are transformed into interac-
tive visualizations to facilitate intuitive data exploration.



Frontend Development for DRACO
Datamaster

5.1 Motivation

The rapid growth of modern data-driven approaches in scientific re-
search provides a foundation for deriving insights from large datasets;
while powerful, it often lacks transparency and interoperability, pri-
marily when the results are derived from machine learning, Data

mining, and cluster analysis. The techniques are inefficient in ex-
plaining the reasoning behind their results, exposing the "black-box"

nature of analytics; this leads to eroding trust in the conclusions be-
ing drawn, especially when decisions or hypotheses depend on the

outputs of the process [35][37].

5.1.1 Challenges in Interpretability and Transparency

Scientific research is increasingly data-driven, requiring efficient sys-
tems to process, analyze, and visualize large volumes of complex
experimental Data. The DRACO experiment generates a significant
amount of multi-dimensional Data from multiple devices, including
cameras, spectrometers, and diagnostics tools. However, extracting
meaningful insights from this data poses several challenges:

e Complexity of Methods: Advanced analytics often relies on
complex models that are difficult for researchers to understand
or communicate intuitively [37].

45
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* Opaque Decision-Making: Outputs may lack explanatory frame-
works, making it hard to justify why a particular result was
achieved [14].

e Data Overload: As datasets grow, traditional analysis tools
struggle to synthesize relationships and patterns in a manner
accessible to researchers [56].

Dashboard-based data visualization offers a solution to these is-
sues by providing real-time, structured, and interactive views of
complex datasets [48]. Dashboards, when well-designed, enable re-
searchers to quickly identify key patterns while maintaining a high-
level overview of experimental data [3]. Studies on dashboard us-
ability emphasize that clear data organization and interactive com-
ponents significantly reduce cognitive load and improve decision-
making efficiency [30].

5.1.2 Interactive Visual Exploration as a Solution

To address these challenges, the DRACO DataMaster frontend inte-
grates interactive dashboards that offer:

* Real-time filtering and exploration to dynamically adjust views
based on selected parameters.

* Graph-based relationships that visually connect experiments,
devices, and results.

* Adaptive visualizations that allow users to zoom into specific
details while maintaining a broader overview.

This approach aligns with the principles of the modern dashboard,
emphasizing multiview coordination, contextual awareness, and de-
cision support [48]. Unlike traditional dashboards, which primarily
focus on KPI tracking, the DRACO frontend incorporates visual ana-
lytics techniques, allowing researchers to interactively explore multi-
level scientific data structures [3].

A recent study on dashboard design patterns categorizes effective
dashboards into narrative, analytical, and exploratory genres [30].
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The DRACO frontend aligns closely with analytical dashboards, en-
abling scientists to examine data both at a high level and in granular
detail. Key design principles applied include:

e Minimizing cognitive load by presenting only the most relevant
information [30].

e Supporting multiple levels of analysis through overview-detail
mechanisms [3].

» Using structured layouts to facilitate rapid information retrieval
[48].

Moreover, best practices in effective dashboard design recommend:

¢ Avoiding visual clutter by implementing progressive disclo-
sure, where detailed information is displayed only upon inter-
action [30].

* Enhancing usability through intuitive data filtering, search,
and zooming [3].

¢ Utilizing color coding and anomaly detection to highlight crit-
ical data points [48].

In summary, DRACO DataMaster’s frontend transforms raw experi-
mental data into an interactive, decision-supporting system, provid-
ing researchers with a more efficient, insightful, and structured way
to analyze complex scientific experiments.

5.2 Design Goals for the DRACO Frontend

The DRACO frontend system is designed to bridge the gap between
complex experimental datasets and actionable insights. Its primary
objective is to provide researchers with an intuitive, interactive plat-
form for visualizing and exploring data relationships. By leveraging
advanced visualization techniques and interactive tools, the system
ensures that researchers can better understand and utilize experi-
mental data in their workflows.
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5.2.1 Core Objectives

The DRACO experiment generates high-dimensional experimental
data from multiple sources, requiring an intuitive and efficient sys-
tem for visualization. The primary objective of the DRACO frontend
is to provide researchers with an interactive platform that enhances
data exploration, interpretability, and decision-making. Modern
dashboards in scientific research must meet specific design prin-
ciples to be effective [48, 42]. The core objectives of the DRACO
frontend include:

* Enhancing Data Interaction: Users should be able to dynami-
cally filter, zoom, and explore experimental data through intu-
itive UI elements.

* Supporting Multi-Level Data Representation: The interface
must balance overview and detail, allowing users to start with a
high-level summary and drill down into specific experimental
data [49].

* Ensuring Scalability and Performance: Given the volume of
DRACO data, the system must support efficient data retrieval,
caching, and rendering [17].

* Facilitating Decision-Making: The frontend should highlight
key patterns, anomalies, and trends to help researchers inter-
pret results faster.

By incorporating these principles, the DRACO front-end follows best
practices in scientific visualization and human-computer interac-
tion (HCI), ensuring usability and efficiency [18].

5.2.2 Interaction and Usability Principles

Effective data exploration relies on well-established UX and inter-
action principles. The DRACO frontend applies several human-
computer interaction (HCI) laws to improve usability:

* Hick’s Law: Reducing the number of visible choices speeds up
decision-making. The front end initially displays only essential
options, with advanced controls available on demand [10].
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* Gestalt Principles: Elements that are visually grouped appear
more related. The DRACO dashboard clusters experiment com-
ponents using color coding, spacing, and node-link structures
[56].

* Fitts’ Law: Larger, closer Ul elements are more straightforward
to interact with. Key actions (e.g., selecting experiments, filter-
ing results) are designed with significant, clickable elements for
accessibility [38].

¢ Shneiderman’s Visual Information-Seeking Mantra: " Overview
first, zoom and filter, then details on demand." The DRACO front
end follows this approach to ensure effective multi-scale visual-
ization [49].

These principles ensure that the DRACO frontend remains intuitive,
reducing user cognitive load while maximizing efficiency.

5.2.3 Visualization Techniques in Scientific Dashboards

Scientific dashboards require specialized visualization techniques
beyond standard UI design. DRACO DataMaster implements:

* Graph-Based Exploration: The front-end uses knowledge graphs
(PyVis) to visually represent experiment relationships. This al-
lows users to trace dependencies between devices, measure-
ments, and runs [7].

e Time-Series and Parametric Visualization: Experimental pa-
rameters are plotted using dynamic X vs. Y plots selected by the
user to analyze trends and anomalies [42].

¢ Hierarchical Data Representation: DRACO’s data is inherently
hierarchical, requiring multi-level visualizations that maintain
contextual awareness across experiments [17].

* Color Mapping for Scientific Visualization: The frontend fol-
lows Paul Tol’s colorblind-safe palette to ensure accessibility in
visual analytics [55].

By integrating these advanced techniques, DRACO DataMaster aligns
with state-of-the-art scientific visualization principles and dash-
board design best practices [18, 3].
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5.2.4 Performance Considerations

Given the large-scale data managed by DRACO DataMaster, the front
end must be optimized for performance. Several techniques have
been implemented to ensure efficiency in data rendering and re-
trieval:

* Lazy Loading: Data is fetched on demand to minimize initial
load times, improving responsiveness.

* Asynchronous Data Fetching: Queries are executed asynchronously,
preventing Ul freezing when handling large datasets [12].

* Client-Side Caching: Frequently accessed data is stored locally
to reduce repeated queries.

e Graph Optimization: The knowledge graph visualization uses
force-directed layouts to prevent node overlap and ensure clar-

ity [3].

These strategies enhance the front end’s ability to handle thousands
of interconnected data points while maintaining smooth user inter-
actions.

5.3 UX& Visual Design Laws in DRACO Frontend

5.3.1 Foundational UX Principles

The DRACO frontend applies well-established User Experience (UX)
and Visual Analytics principles to optimize usability, efficiency, and
accessibility in scientific data exploration.

* Shneiderman’s Mantra: "Overview first, zoom and filter, then
details on demand" ensures multi-level data exploration [49].

* Hick’s Law: Reducing the number of choices in the interface
improves decision speed and usability [53].
* Fitts’ Law: Larger, closer Ul elements improve usability and in-

teraction speed [38].

* Gestalt Principles: Color, grouping, and spacing create visual
hierarchy and improve readability [57, 45].
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* Pre-attentive Processing: Color coding and shape differentia-
tion help users recognize data patterns quickly [56].

* Aesthetic-Usability Effect: Enhancing visual appeal increases
usability, aligning with research showing that users perceive
aesthetically pleasing interfaces as easier to use [23].

e Tesler’s Law of Complexity Conservation: The DRACO fron-
tend reduces cognitive load by handling backend complexity
while maintaining a simple UI [43].

* Doherty Threshold: System response time remains below 400ms
to keep users engaged, optimizing real-time data retrieval from
MongoDB and MinlO [13].

* Progressive Disclosure: Advanced controls and settings appear
only when necessary, reducing Ul clutter [53].

By integrating these UX laws, the DRACO front end ensures intuitive,
efficient, and scalable scientific data visualization.

5.3.2 Shneiderman’s Visual Information-Seeking Mantra

Shneiderman’s Visual Information-Seeking Mantra is implemented
in the DRACO frontend to facilitate multi-level data exploration [49]:

* Overview: The interactive knowledge graph provides ahigh-level
view of experiments, devices, and measurements.

e Zoom and Filter: Userscan filter databased on Experiment ,
Run, and Shot_ID, dynamically refine their focus.

¢ Details on Demand: Clickinganoderetrievesreal-time metadata,
measurements and plots from MongoDB and MinlO.

This approach allows researchers to move seamlessly between broad
overviews and in-depth analysis.

5.3.3 Hick’s Law: Reducing Cognitive Load

Hick’s Law states that the time required to make a decision increases
with the number of choices available [53]. To optimize usability, the
DRACO frontend:
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 Uses a progressive selection process: Users first choose an ex-
periment, then a run, then a shot ID—avoiding overwhelming
them with too many options at once.

 Simplifies UI controls: The interface hides non-essential set-
tings until they are needed, reducing distractions.

By structuring interactions in this way, the system remains stream-
lined and efficient.

5.3.4 Fitts’ Law: Optimized Interaction Design

Fitts’ Law states that the time to reach a target is a function of its size
and distance [38]. The DRACO frontend incorporates this principle
by:

» Using large, well-spaced buttons for experiment and shot selec-
tion.

* Optimizing clickable elements in the knowledge graph, ensur-
ing users can interact efficiently.

These design choices minimize user effort, enhancing workflow effi-
ciency.

5.3.5 Gestalt Principles: Enhancing Visual Hierarchy

Gestalt Principles describe how humans perceive structured pat-
terns rather than isolated elements [57]. DRACO applies these prin-
ciples by:

* Grouping related UI elements together (e.g., experiment selec-

tion, data tables).

* Color coding different data types (e.g., blue for experiments,
green for runs, orange for shots).

» Using edge thickness in graphs to indicate strong relationships.

These techniques improve data readability and user comprehen-
sion.
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5.3.6 Tesler’s Law: Simplifying Complexity

Tesler’s Law states that every system has an inherent complexity that
cannot be removed but should be hidden from the user [43]. In
DRACO:

¢ Complex backend operations (e.g., MongoDB queries, MinIO
image retrieval) are handled automatically, keeping the fron-
tend simple.

e Users interact with a structured Ul instead of manually search-
ing for files or writing database queries.

This ensures that researchers focus on insights rather than system
mechanics.

5.3.7 Doherty Threshold: Keeping Users Engaged

The Doherty Threshold states that system response times should re-
main below 400ms to keep users engaged [13]. The DRACO frontend
achieves this by:

¢ Asynchronous data fetching: MongoDB and MinlO queries are
optimized to load data quickly.

* Lazyloading of images and tables: Ensures that only necessary
data is retrieved at a time.

These optimizations prevent lag and improve user satisfaction.

5.3.8 Pre-attentive Processing: Rapid Recognition of Key Infor-
mation

Pre-attentive processing allows users to recognize patterns before
conscious thought [56]. DRACO applies this through:

* Color-coded device activity indicators (e.g., v' = active, X = in-
active).

¢ Shape differentiation for experiments, runs and shot nodes in
the knowledge graph.
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* Size scaling to emphasize key data points.

This enhances user efficiency and data interpretation speed.

5.3.9 Progressive Disclosure: Reducing UI Clutter

Progressive Disclosure ensures that advanced settings appear only
when necessary, preventing cognitive overload [53]. In DRACO:

 Users first interact with basic controls (experiment selection,
graph view).

* Advanced options (e.g., timestamp filtering, image annota-
tions) appear dynamically based on user selections.

This keeps the interface clean and user-friendly.

5.3.10 Conclusion

The UX and visual design principles applied in DRACO DataMaster
significantly enhance usability, accessibility, and data interpretabil-
ity. By incorporating Shneiderman’s Mantra, Hick’s Law, Fitts’ Law,
Tesler’s Law, the Doherty Threshold, and Progressive Disclosure, the
system ensures:

* Efficient data exploration through structured interaction flows.

* Improved usability by balancing simplicity with advanced func-
tionality.

* Scalability for complex datasets, supporting high-energy physics
research.

5.4 Visual Analytics Techniques in DRACO Frontend

5.4.1 Introduction to Visual Analytics

Visual analytics (VA) combines interactive data visualization with
computational data analysis to enhance human decision-making. It
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provides a way to process, explore, and extract insights from com-
plex datasets by leveraging machine learning techniques and in-
tuitive human-computer interactions [35]. The DRACO front end
integrates VA techniques to facilitate the exploration of high-energy
physics experiments, ensuring researchers can efficiently interpret
large-scale experimental data.

5.4.2 Knowledge Graphs for Data Exploration

Knowledge graphs are crucial in visualizing relationships between
experimental components in DRACO. They allow researchers to
explore hierarchical data structures, revealing interdependencies
among experiments, devices, and measurements.

Graph visualization problem: Large-scale networks often suffer
from node overlap and clutter, making it challenging to interpret
relationships. To address this, the DRACO frontend employs force-
directed layouts, an established approach for network visualization
[36, 6].

What is a Force-Directed Layout?

Figure 5.1: Force-Directed Layout Applied to Knowledge Graph Visualization,
adapted from [20].



56 CHAPTER 5. FRONTEND DEVELOPMENT FOR DRACO DATAMASTER

Force-directed layouts use physics-based simulations to dynami-
cally arrange nodes. Instead of fixed placements, this approach ap-

plies attractive and repulsive forces to ensure an optimal structure
[28].

* Nodes act as charged particles: They repel each other to mini-
mize clutter.

* Edges act as springs: They pull related nodes closer to reflect
relationships.

* Self-adjusting Layout: The visualization adapts dynamically to
new data.

Why Use Barnes-Hut Force-Directed Placement?

Figure 5.2: Barnes-Hut Quadtree Approximation for Force-Directed Layouts,
adapted from [24].

Traditional force-directed methods can be computationally expen-
sive (O(N?)). DRACO implements the Barnes-Hut Approximation,
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which reduces complexity to O(Nlog N), making real-time visualiza-
tion feasible [4].

Key Benefits:

* Scalability: Efficient for thousands of nodes.
¢ Clarity: Reduces overlap, improving readability.

* Hierarchical Structuring: Enhances interpretation of nested re-
lationships.

Figure 5.3: Knowledge Graph Representation in DRACO Frontend

Implementation in DRACO Datamaster

The PyVis library applies Barnes-Hut force-directed placement to vi-
sualize experiment-data-device relationships.

¢ Clear Separation: Related nodes stay clustered while unrelated
nodes remain spaced apart.
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* Real-time Adjustments: Users can dynamically zoom, pan, and
filter data.

* Hierarchical Organization: Displays relationships in an intu-
itive manner.

This structured approach significantly enhances the usability of
DRACO’s knowledge graph, aligning with modern best practices
in network visualization [36, 28]. Researchers can explore complex
relationships more intuitively by reducing clutter and optimizing
interactions.

5.4.3 Parameterized Measurement Plots

The DRACO frontend supports dynamic parameterized measure-
ment plots that enable researchers to analyze correlations between
experimental parameters. Users can:

* Select custom X and Y parameters for visualization.
* Apply filtering and zooming to refine data exploration.

* Identify outliers, trends, and anomalies.

spectrum.X vs spectrum.Y

100

Trouamp
w—Tieseatirrp. SUIS-11-27 17.07:99.1 74258

Figure 5.4: Example of Parameterized Measurement Plot

These visualizations are crucial for experimental research as they
help in:

* Hypothesis Validation: Scientists can confirm experimental as-
sumptions by analyzing parameter relationships.
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¢ Anomaly Detection: Unexpected data points can be easily iden-
tified and further investigated [14].

¢ Interactive Exploration: The system implements Hick’s Law by
simplifying parameter selection, reducing cognitive load [53].

5.4.4 Device Activity Tables for Operational Status Tracking

To complement the graphical visualization techniques, the DRACO
frontend includes a device activity table that provides an overview
of operational device statuses. This structured format offers:

* Binary activity indicators: Green v for active devices, Red X for
inactive devices.

» Time-based tracking: Users can track device performance over
multiple shots.

* Quick filtering options: The UI follows Progressive Disclosure,
revealing additional insights as users interact with specific de-
vices [43].

Device Activity Table

0000-00000065-00000000-  0000-0000006G-00000000-  0000-00000065-00000000-  9300-00000085-00020003-  0000-00003067-DI000000- | 0300-00930067-00002000-
003000M0006002100000014  DOS000MO0CE00Z200000014  0OEEO0MMO00E00ZIN000014  DOSEOOINOCE00240000014  DOOSEOOA00CC02620003014  00OSE00ZIO0CCO0INAAN05T | HOSO0OAID0N00CKINNST

Figure 5.5: Device Activity Table for Status Monitoring

The combination of structured tables and interactive graphics en-
sures a multi-perspective analysis of experimental data.
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Figure 5.6: Image-Based Analysis in DRACO Frontend

5.4.5 Image-Based Data Interpretation

Beyond numerical data visualization, the DRACO frontend enables
researchers to retrieve and analyze experimental images stored in
MinlO. This feature allows users to:

e Compare image-based observations with numerical data.

* Identify experimental conditions that may influence measure-
ment results.

* Enhance collaborative research by integrating visual evidence
into discussions.

The implementation of image retrieval aligns with Tesler’s Law, ab-
stracting complexity by automating the fetching process rather than
requiring manual search operations [43].
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5.4.6 Color Theory and Accessibility in Visualization

Ensuring accessibility in visualization is crucial for usability across
diverse research teams. Studies indicate that approximately 8% of
men and 0.5% of women have some form of color vision deficiency
(CVD) [32]. Traditional red-green color schemes often create confu-
sion for individuals with deuteranopia, the most common form of
color blindness.

Using Paul Tol's Muted Color Palette

To address these concerns, the DRACO frontend implements a colorblind-
friendly palette developed by Paul Tol [55]. This scheme is opti-
mized for:

* High perceptual distinctiveness, ensuring clear differentiation
between elements.

¢ Avoiding problematic color pairs, such as red-green, which are
difficult to distinguish for deuteranopia.

* Maintaining aesthetic quality means making the visualization
intuitive and visually appealing.

Mapping Colors to DRACO Visualization Elements
To ensure optimal readability, the following mappings have been ap-
plied as presented in 5.1:

High-Contrast Themes for enhanced readability, following best prac-
tices in data visualization [31].

These enhancements improve data interpretability and inclusivity.
5.4.7 Conclusion

The DRACO front end leverages cutting-edge visual analytics tech-
niques to enhance data exploration in high-energy physics research.
By integrating:

* Knowledge graphs for contextual navigation.
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Element Color Used Reasoning

Experiments Blue Associated with trust and stabil-
ity [56].

Runs Green Represents activity and progres-
sion [9].

Shot Counters Orange Ensures clear separation as hier-
archical connectors [5].

Devices Purple Distinctive and perceptually dis-
tant from other colors.

Measurements Teal Enhances visibility while avoid-
ing conflicts with red/green
[31].

Values Dark Red Emphasizes critical insights
without conflicting with acces-
sibility guidelines.

Table 5.1: Color Mapping Based on Paul Tol’s Muted Palette

» Parameterized plots for trend analysis.

* Device activity tables for operational tracking.

Image-based analysis for experimental validation.

Colorblind-friendly design for accessibility.

The system ensures an interactive, efficient, and scalable approach
to scientific data interpretation.

5.5 Practical Example: A Full Workflow

To illustrate how the DRACO front end supports researchers in scien-
tific data exploration, this section provides a step-by-step example
demonstrating its key functionalities. As illustrated in Figure 5.7, the
workflow follows a typical scenario where a scientist investigates an
unexpected anomaly in experimental data.

The major workflow components include:

e Data Retrieval: Experimental data is queried from MongoDB
and image data is fetched from MinIO.
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Figure 5.7: Interactive Knowledge Graph in DRACO Frontend

* Graph Generation: The knowledge graph is dynamically built
using PyVis, mapping relationships between experiments, de-
vices, and measurements.

¢ Image Visualization: The front integrates image processing ca-
pabilities to display experimental images retrieved from MinlO,
enhancing visual data analysis.

e Tabular Representation: Device activity tables summarize ac-
tive/inactive devices.

¢ Parameterized Measurement Plots: Users can select X and Y-
axis parameters dynamically for correlation analysis.

¢ User Interactivity: The Ul updates dynamically using Streamlit
widgets.

To achieve these goals, the following technologies are used:
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Category Technology Purpose

Frontend Frame- | Streamlit Provides an interactive web-based UI with

work minimal setup [51].

Graph Visualiza- | PyVis (Vis.js) Creates interactive knowledge graphs for

tion data exploration [22].

Plotting Library Plotly Enables interactive measurement plots (X vs.
Y correlation analysis) [42].

Database MongoDB Stores experimental data in a flexible JSON-
based structure.

Object Storage MinIO Manages and retrieves large image datasets
efficiently.

Data Handling Pandas Processes tabular data for device activity ta-
bles [41].

Table 5.2: Technologies Used in DRACO Frontend

5.5.1 Scenario: Identifying an Experimental Anomaly

Consider a scientist analyzing an unexpected energy spike in a
DRACO experiment. The goal is to investigate the anomaly by explor-
ing relationships between devices, runs, and measured parameters.

The workflow follows Shneiderman’s Visual Information-Seeking
Mantra— "Overview first, zoom and filter, then details on demand"
[49]—ensuring efficient data navigation.

Step 1: Selecting an Experiment

Upon opening the DRACO front end, the researcher is presented
with an Select Experiment option, which presents details of all
the previous experiments Experiment ID carried out using the
DRACO Experimental setup. As illustrated in Figure 5.8, the ex-
periments are labeled by the date they are carried out, giving the
researchers an option to view the experimental data of a particular
date. This allows the user to:

* Get an overview of all recorded experiments.

* Quickly navigate to the experiment of interest by clicking on a
node.
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DRACO DataMaster

Fetching data from MongeDB

Data succasshully fotched from MongoDBI

Swect Expariment

Select|
Select
axporiment_20250121

experiment_20250128

experiment_20250127

Figure 5.8: Select Experiment ID in DRACO Frontend

Step 2: Filtering Data for a Specific Run

After selecting an experiment, the researcher can narrow down the
search by selecting:

e Aspecific Run_ID (e.g., "Run_1").
 Every experiment consists of at least one run.

DRACO DataMaster

e from Mongeon:

Device Activity Table

snet
Counter

Knowledge Graph Visualization

Generate Visualization

0 %01 10002 I ENGL Cotrstir (0 Sebect. Phasae brwst & v

Figure 5.9: Device Activity Table in DRACO Frontend
As illustrated in Figure 5.9 UI dynamically updates, displaying:

* The device activity table (highlighting active/inactive devices).
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e Intial Knowledge Graph consisting of Run_ID, Experiment_ID
and Shot Counter ID related to them.

This implementation aligns with Hick’s Law, reducing cognitive load
by presenting only relevant options at each stage [53].

Step 3: Inspecting Device Activity and Status

The next step is to check if the anomaly is related to a device mal-
function. The device activity table provides a structured view of:

* The operational status of all devices used in the experiment .

* Atimeline of active/inactive devices across multiple shots.

Device Activity Table

ot
Counter
o

0006-5000065-003000CC-  0000-20000065-000000CC-  0000-DJ000265-00900000-  0000-01000055-00900003  3300-0¢600035-00090003-  0000-60003067-0300000-  0300-00230067-60003000-
00300024000000Z100000014  DO3000M000600Z200000014  DOGEE0MO00E00ZIN0M0T4  DOSEE0OANOCE002400000014  DOOEEO0X00CC02620003014  OOSE0NZIOONCO0INNODN05T | HOSOOOIIDOC000GKIN00NCHT
Yoz
a5
0408
ansan
E
36400

636

Figure 5.10: Device Activity Table in DRACO Frontend

The table follows Pre-attentive Processing principles by using:

e / is an indicator for active devices.

e X is an indicator for inactive devices.

This allows researchers to recognize device malfunctions instantly,
reducing time spent on manual checks [56].

Step 3.5: Selecting the Appropriate Shot Counter ID

Once the device activity table is reviewed, the researcher must se-
lect an appropriate Shot Counter ID based on device availability.
This step ensures that:
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* Theresearcher first reviews the Device Activity Table to identify
active/inactive devices.

e Based on this, an appropriate Shot Counter ID is deter-
mined.

* The researcher then selects the following Shot Counter ID
from the dropdown menu.

DRACO DataMaster

Fotehing data from MongoDe.

Data successtully tetched from MonQoDB!

Sainc) Expeiment
expenment_20280127
Sakot Aun ID

1

Saloct Shot Counter 1D

Seloct
36492
36495
36498
38501
36804

36423

Figure 5.11: Select Experiment ID in DRACO Frontend

The DRACO frontend dynamically updates the dropdown list to re-
flect available shot counters, as shown in Figure 5.11.

Step 4: Generating and Interpreting the Knowledge Graph

After selecting the appropriate Shot Counter ID,the DRACO fron-
tend dynamically generates a Knowledge Graph visualization. This
graph shows the relationships between experimental components,
including devices, measurements, and runs.

The Knowledge Graph provides the following insights:

* Device Connections: Visualize how different devices are linked
to measurements and experiments.

¢ Measurement Relationships: Understand which measurements
are associated with specific devices and runs.
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* Data Flow: Trace the flow of data through various components
of the experiment.

DRACO DataMaster

Figure 5.12: Knowledge Graph Visualization of DRACO Experiment

As shown in Figure 5.12, the graph uses a node-link structure to rep-
resent entities and their relationships. The color coding helps distin-
guish between different types of nodes:

Blue: Experiment

Green: Run

Orange: Shot Counter

Purple: Device

Teal: Measurement

Red: Value

This visual representation aids researchers in identifying complex
dependencies and patterns in the experimental data. It aligns with
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Shneiderman’s Mantra—providing an overview, allowing for zoom-
ing into details, and enabling on-demand information [49].

Once the Knowledge Graph is reviewed, researchers can analyze spe-
cific experimental measurements in the next step.

Step 5: Analyzing Experimental Measurements

To explore the anomaly further, the researchers must select two pa-
rameters to plot. First, we need to select the device from the drop-
down, which will then dynamically update the X and Y axis measure-
ment dropdown with the corresponding measurements related to
that device. In the Figure 5.13 the device chosen is a spectrometer:

e X-axis: Spectrum.X is being choosen.

e Y-axis: Spectrum.Y is being chossen.

Generate Visualization

Sedect Device (for X vs Y Plog)
0000-00000067-00000000-000000020000000400000097

Sedect X-Axis Measurement

spactrum X

Sedact Y-Axis Measurement

spectrum.Y|

spectrum X vs spectrum.Y (All Timestamps)

Figure 5.13: Parameterized Measurement Plot in DRACO Frontend

A dynamic scatter plot is generated (Figure 5.13), enabling researchers
to:
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* Apply zooming and filtering to focus on specific data points as
shown in Figure 5.13.

* It helps to identify trends, correlations, or outliers.

e As shown in Figure 5.13, we can use the play and pause option
to check specific anomalies.

The plot supports Fitts’ Law by ensuring that all interactions are op-
timized for ease of selection [38].

Step 6: Retrieving and Analyzing Experimental Images

The researchers can retrieve experimental images stored in MinlO to
gain additional insights. The system:

 Displays images corresponding to the selected shot.

* Allows side-by-side comparisons with the knowledge graph
generated based on the experiment runs.

e Supports zooming and annotations for detailed analysis.

This step aligns with Tesler’s Law, abstracting complexity by auto-
matically fetching images instead of requiring manual file searches
[43].

Figure 5.14: Experimental Image Retrieval in DRACO Frontend
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Step 7: Documenting and Exporting Insights
After completing the analysis, the scientist can:

» Export plots and tables as reports for further review.
e Save filtered data views for later comparison.

 Share insights with collaborators.

The interface is designed with the Aesthetic-Usability Effect in mind,
ensuring that visually appealing layouts improve usability [23].

5.5.2 Conclusion

This example illustrates how the DRACO front end supports an effi-
cient, structured workflow for scientific data analysis. By integrating:

¢ Shneiderman’s Mantra for multi-level exploration.
* Hick’s Law for simplified navigation.

* Fitts’ Law for optimized interactivity.

Gestalt Principles for clear data representation.

Tesler’s Law for reducing system complexity.

* Pre-attentive Processing for rapid recognition.

The system enhances the interpretability of experimental data, mak-
ing it easier for researchers to detect anomalies, analyze trends, and
make informed decisions.

5.6 Conclusion

5.6.1 Key Contributions

The following contributions highlight the effectiveness of the DRACO
frontend:

 Intuitive Data Navigation: The application of Shneiderman’s
Mantra ensures seamless transitions from high-level overviews
to detailed analysis [49].
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* Optimized Usability: By incorporating Hick’s Law, Fitts’ Law,
and Progressive Disclosure, the system minimizes cognitive
load and interaction effort [53, 38].

* Enhanced Visualization: The knowledge graph, device activity
tables, and measurement plots use Gestalt Principles and Pre-
attentive Processing to improve data readability [56, 57].

* Scalability and Performance: Asynchronous data fetching lazy
loading, and optimized query handling ensure fast response
times, aligning with the Doherty Threshold [13].

e Al-Driven Insights: Future enhancements will integrate ma-
chine learning for anomaly detection and predictive analytics,
reducing the manual effort needed for data interpretation [14].

* Collaborative Science: Planned multi-user features, such as
real-time annotations and cloud-based experiment sharing,
align with the FAIR data principles [58].

5.6.2 Lessons Learned
During development, several key lessons were identified:

* Balancing Simplicity and Complexity: Tesler’s Law was critical
in ensuring that complex backend operations (e.g., MongoDB
queries, MinlO storage retrieval) were abstracted from the user
while maintaining flexibility for advanced users [43].

* Importance of Accessibility: Designing a colorblind-friendly
interface using Paul Tol’s muted color scheme significantly im-
proved usability [55].

* Performance Matters: Efficient data retrieval methods (e.g.,
caching, parallel queries) play a significant role in maintaining
interactivity, especially with large experimental datasets.

5.6.3 Software Dependencies

To ensure the reproducibility of this research, the following software
dependencies were used in the development of the DRACO Data-
master system.
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Programming Language and Development Environment

* Python: Version 3.9.12
* MongoDB: Version 5.0.30
¢ MinIO: Version 7.0.0

* Protégé (Ontology Editor): Version 5.5.0 3

Python Libraries

The Python environment used in this project consists of the follow-
ing libraries and dependencies:

Table 5.3: Software Dependencies and Versions

Library Version
Streamlit 1.42.0
PyVis 0.3.2
Plotly 5.24.1
Pandas 2.2.3
NumPy 2.2.1
SciPy 1.15.1
NetworkX 3.4.2
Matplotlib 3.10.0
MinIO SDK 7.2.15
PyMongo 4.10.1
RDFlib (Ontology Handling) 7.1.1

These dependencies were installed using pip and managed within a
virtual environment to maintain consistency across different execu-
tion platforms.

5.6.4 Final Remarks

Scientific research increasingly depends on interactive, visual, and
intelligent data exploration. The DRACO frontend demonstrates that
a well-designed user interface, grounded in UX principles and mod-
ern visualization techniques, can significantly enhance scientific
workflows. By bridging the gap between complex experimental data
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and human intuition, DRACO enables researchers to make more
informed, data-driven discoveries.



Conclusion and Future Work

6.1 Conclusion

The DRACO Datamaster project aims to enhance the visualization,
interpretation, and accessibility of complex experimental datasets
through the integration of ontology-driven data representation and
interactive visual analytics. This thesis introduced a novel approach
to managing large-scale experimental data using a knowledge graph
visualization system, interactive dashboards, and ontology-based
metadata structuring.

To summarize, the key contributions of this work include:

* Knowledge Graph-Based Data Exploration: A force-directed
layout was used to dynamically structure complex relationships
between experimental entities, improving interpretability and
reducing data clutter.

¢ Interactive Visualization for Anomaly Detection and Valida-
tion: The system enables real-time filtering and parameterized
measurements to identify inconsistencies and validate results.

¢ Ontology-Driven Data Management: The structured represen-
tation of experimental data ensures interoperability, consis-
tency, and efficient retrieval.

6.1.1 Addressing Research Questions

This thesis was guided by three key research questions:

75
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RQ1: How can knowledge graphs enhance the interpretability of com-
plex experimental datasets?

This work demonstrates that force-directed layouts, such as the
Barnes-Hut approximation, significantly improve the visualization
of relationships in experimental data. Unlike traditional tabular rep-
resentations, knowledge graphs dynamically group related entities
while ensuring clear separation, making it easier to understand data
structures (see Figure 5.3).

RQ2: What role does interactive visualization play in anomaly detection
and validation?

The interactive exploration features, including zooming, filtering,
and dynamic selection of X-Y measurement plots, enable researchers
to spot anomalies and validate results efficiently. Figure 5.13 illus-
trates how real-time adjustments allow users to compare different
datasets and detect outliers in the experimental data.

RQ3: How can an ontology-based framework improve data integration,
retrieval, and interoperability?

The ontology-driven approach ensures semantic consistency and
structured querying of large-scale experimental data. Through hi-
erarchical entity relationships (see Figure 4.1), users can retrieve
specific data points without ambiguity, thereby reducing data redun-
dancy and improving accessibility.

6.2 Future Work

While the current implementation of DRACO Datamaster has suc-
cessfully demonstrated the feasibility of ontology-driven visualiza-
tion, several areas can be explored further to enhance functionality,
usability, and scalability.



6.2. FUTURE WORK 77

6.2.1 Scalability and Performance Optimization

e Optimizing Graph Computation: Implementing further im-
provements in the force-directed layout algorithm to handle
even larger datasets more efficiently.

¢ Parallel Processing for Real-Time Updates: Enabling concur-
rent computations in backend processing to improve visualiza-
tion speed.

6.2.2 Al-Assisted Insights and Anomaly Detection

* Machine Learning for Pattern Recognition: Integrating Al-
based models to detect correlations and anomalies in experi-
mental measurements.

* Automated Data Quality Validation: Using unsupervised learn-
ing techniques to identify inconsistencies in large datasets.

6.2.3 Improved User Experience and Accessibility

e Dark Mode and Customizable Themes: Adding more UI cus-
tomization options to accommodate user preferences and ac-
cessibility needs.

* Desktop Application Development: Implementing a cross-
platform desktop version of the DRACO Datamaster tool to
enable offline data analysis.

6.2.4 Enhanced Ontology Integration and Interoperability

¢ Extending Ontology Models: Expanding the existing ontology
framework to support additional experimental parameters and
metadata schemas.

* Integration with External Data Sources: Allowing DRACO
Datamaster to fetch and process data from other research fa-
cilities via linked-data principles.
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6.3 Final Remarks

This thesis contributes to the field of experimental data manage-
ment and visualization by integrating knowledge graphs, interac-
tive visual analytics, and ontology-driven frameworks. The results
demonstrate that a structured and interactive approach can signif-
icantly enhance the interpretability, validation, and accessibility of
large-scale experimental datasets.

Future developments, particularly in Al-driven data insights and en-
hanced interoperability, will further improve the impact of DRACO
Datamaster as a robust tool for scientific research.
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