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Abstract
The exponential growth of data volumes in astronomy and cosmology field
poses significant challenges for data visualization and analysis. This thesis ad-
dresses these challenges by evolving VisIVO Server, a scientific software suite
for multi-dimensional astrophysical data visualization, in multiple ways, to
handle these data volumes in high-performance computing (HPC) environ-
ments. This work presents multiple major contributions. First, code analysis
using tools such as CCCC, CppDepend and Doxygen, and then refactoring to
achieve maintainability improvements, with cyclomatic complexity reductions
of up to 94% in critical functions. Then, one of VisIVO’s importers was paral-
lelized using a hybrid MPI/OpenMP approach, achieving satisfying speedups,
this was tested on 512 GB GADGET simulation datasets. Additionally, Stream-
Flow workflow management system was integrated with VisIVO to enable
portable execution across heterogeneous computing platforms. Furthermore,
in-situ visualization capability was implemented through integration with the
Hecuba distributed toolset. This approach eliminates I/O bottlenecks by pro-
cessing data directly in memory during simulation execution. For the last con-
tribution, VisIVO was integrated into Cineca’s InterActive Computing service
by developing Python wrappers that allow users to access visualization capa-
bilities on Jupyter notebooks while keeping HPC access. These contributions
enable the astronomy and cosmology communities to better exploit modern
HPC infrastructures for large-scale data analysis, supporting critical research
into cosmic structure formation and fundamental astrophysical phenomena.
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Chapter 1

Introduction

1.1 Motivation

With the advent of next-generation astrophysical instruments, such as the
Square Kilometre Array [70] (SKA), and the availability of increasingly accu-
rate cosmological simulation codes (such as GADGET [109] and ChaNGa [81]),
the volume of data describing astronomical phenomena is growing at an un-
precedented rate. For this reason, there is a fundamental requirement for effi-
cient software tools that can assist in the automated analysis of these massive
datasets.

SKA will be the largest radio telescope infrastructure ever built, with a total
aperture of one square kilometer, utilizing thousands of radio telescopes in two
different locations: Australia and South Africa. The expected data throughput
generated by SKA will be approximately hundreds of terabytes per data cube
(multidimensional data structure), which would result in up to 3 exabytes of
processed data per year. Clearly, it is not feasible to store such enormous vol-
umes of data, making it essential to develop new and advanced analysis meth-
ods that can process these vast amounts of data more quickly, accurately, and
reliably than currently available solutions. At the same time, modern cosmo-
logical simulation codes like GADGET (GAlaxies with Dark matter and Gas in-
tEracT) generate massive datasets simulations running on HPC infrastructures.
These simulations produce outputs that can reach terabyte or petabyte scales,
which present significant challenges for storage, processing, and visualization.

Current tools and systems exhibit processing limitations as the dimension
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of data grows, particularly in the visualization and analysis phases of the ob-
tained products. Hence, the following requirements need to be addressed when
working on new software to handle these data.

• Innovative models based on next-generation accelerators for data processing
algorithms, going beyond current CPU based approaches, achieving higher
throughput using GPUs

• Co-design software development methodology combining the expertise of
scientists, HPC experts, hardware and software developers, to aligh archi-
tectural and algorithmic design choices with domain-specific needs

• Effective integration of HPC resources with existing Cloud resources (related
to the European Open Science Cloud platform), allowing workflows to ex-
ploit seamlessly both HPC and cloud platforms

• Efficient I/O systems for fast data access in interactive visual exploration, ad-
dressing current single-node bottlenecks (ranging from a few hundred MB/s
up to 1.3 GB/s on parallel file systems [87]), and aiming to scale toward sus-
tained tens of GB/s on modern HPC systems

• Scalable visualization solutions capable of handling exascale data vol-
umes, supporting interactive rendering and analysis of datasets in the ter-
abyte–petabyte range

VisIVO [12] (Visualization Interface for the Virtual Observatory) Server,
while providing powerful capabilities for astronomical data visualization and
analysis, faces these same scalability and performance challenges. With the ad-
vent of these new astrophysical instruments and the evolution of simulation
software tools VisIVO requires fundamental improvements in its architecture,
parallelization strategies, workflow integration, and data handling approaches.
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1.2 Objectives

This thesis addresses the challenges described in the previous section by evolv-
ing VisIVO Server to make it capable to run on modern heterogeneous high-
performance computing environments, ensuring that it can effectively process
and visualize massive datasets that may reach petabyte scale.

VisIVO Server codebase is large and composed of many classes, at the mo-
ment it is in a status that satisfies old requirements, but it also must be updates,
though trying to add functionalities is a nontrivial task and may require mod-
ularity. Adapting scientific applications for exascale systems is not achievable
through hardware upgrades alone, as stated in other studies [46]. Hence, a ma-
jor effort is needed to refactor and redevelop the legacy software to add new
functionalities. For this reason, the first objective would be to perform a static
analysis of the code to understand how difficult it would be to perform the
required changes and apply refactoring techniques in most critical classes.

Then, another objective will be to address the limitations imposed by stor-
age. As noted in recent studies, the growth of computational performance in
the exascale era has far outpaced improvements in storage bandwidth, making
I/O one of the major bottlenecks for scientific applications [53]. The first ap-
proach will be to parallelize the importer classes, which rely heavily on I/O op-
erations. The parallelization of these kind of operations is a nontrivial task but
thanks to modern distributed file systems it should be possible to achieve con-
siderable speedup. The second approach will be to completely bypass storage
using in-situ approaches; these types of approach have already demonstrated
to be particularly useful in the context of scientific visualization to mitigate I/O
bandwidth limitations [62]. This will be done with Hecuba1, a set of tools that
allows easy interaction with non-relational databases and streaming of data.

An additional objective is to enhance portability and reproducibility, this
is has been widely recognized as a key challenge for scientific applications.
Previous studies have shown that containerization combined with workflow
management systems can enable reproducible and portable workflows across
multiple environments [116]. We aim to do this by exploiting workflow man-
agement systems, in particular, by using Streamflow[28], VisIVO pipelines can

1Hecuba Tool repository, https://github.com/bsc-dd/hecuba
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be modeled using the Common Workflow Language (CWL) and orchestrate the
multiple steps of the pipelines; together the containerization of VisIVO, this en-
ables seamless execution across heterogeneous HPC and cloud infrastructure.
The adoption of CWL has emerged as a widely accepted standard for defining
reproducible, portable, and environment-agnostic workflows [31].

In parallel, we also target to improve ease of use on HPC platforms by inte-
grating VisIVO within CINECA’s InterActive Computing platform. This aligns
with the broader adoption of notebook-based interactive computing in super-
computing centers [85], lowering the entry barrier for researchers while still
enabling access to powerful HPC resources. Our integration was achieved by
developing Python wrappers allowing interactive, notebook-driven execution
of the workflows while supporting multinode execution with MPI and multi-
core execution with OpenMP, which can run on CINECA’s HPC platforms.

Code Maintainability

I/O and Performance

Portability & Re-
producibility

Ease of Use on HPC

Refactor VisIVO classes

Parallelize importer
(MPI/OpenMP)

In-situ visualiza-
tion with Hecuba

Model pipelines in CWL
with StreamFlow

Python wrappers +
Jupyter integration at IAC

FIGURE 1.1: Main challenges addressed (left) and corresponding
objectives (right).
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1.3 Structure of the thesis

This thesis is organized into six main chapters that systematically present the
evolution and enhancement of VisIVO Server for high-performance computing
environments.

Chapter 2 provides background information on VisIVO and the tools, tech-
nologies, and related works that are the basis of this research work. It intro-
duces the VisIVO modular applications, relevant simulation codes, relevant
code analysis tools, parallel programming frameworks, workflow management
system and interactive computing infrastructures.

Chapter 3 presents a comprehensive static analysis of the VisIVO Server
codebase using multiple tools (CCCC, CppDepend, Doxygen) to evaluate code
quality, maintainability, and complexity. The chapter also shows systematic
refactoring techniques applied to improve the code structures and reduce cy-
clomatic complexity over multiple classes.

Chapter 4 focuses on the parallelization of VisIVO’s importer module to ex-
ploit high-performance computing resources. It presents implementation de-
tails of a hybrid MPI/OpenMP approach for converting astronomical datasets
into VisIVO internal data format and shows significant performance improve-
ments on HPC systems.

Chapter 5 explores the integration of VisIVO with StreamFlow, a work-
flow management system that enables portable execution across heterogeneous
computing platforms. It also presents the development of multiple workflows
representing common visualization pipelines using VisIVO.

Chapter 6 introduces an in-situ visualization approach using Hecuba, a
toolset to easily interact with non-relational technologies, enabling real-time
data processing and visualization during simulation runtime. This approach
eliminates traditional I/O bottlenecks by processing data directly from mem-
ory or by using streams.

Chapter 7 shows the development of an interactive high-performance vi-
sualization environment by integrating VisIVO and a Jupyter-based comput-
ing platform. It presents the creation of Python wrappers around VisIVO’s
functionalities and their deployment within the InterActive Computing(IAC)
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services at CINECA, enabling users to access HPC visualization capabilities
through web browsers.

1.4 Published Papers and talks

These are the papers published during my Ph.D. period:

• Sciacca, E., Tuccari, N., Vitello, & Cesare, V. “High performance visualiza-
tion for Astronomy & Cosmology: the VisIVO’s pathway toward Exascale
systems” in Astronomical Data Analysis Software & Systems XXXIII, Tuc-
son, Arizona, USA.

• Sciacca, E., Cesare, V., Tuccari, N., Vitello, F., Colonnelli, I., Carbone, C., Tra-
montana, E., & Becciani, U. “Toward a Portable and Reproducible High-
performance Visualization for Astronomy & Cosmology.” in 16th Interna-
tional Workshop on Science Gateways (IWSG2024), Toulouse, France.

• Tuccari, N., Sciacca, E., Becerra, Y., Sosa Cintero, E., Wissing, R., Shen, S., &
Tramontana, E. “In-Situ High Performance Visualization for Astronomy &
Cosmology” in Astronomical Data Analysis Software and Systems XXXIV,
Valletta, Malta.

• Tuccari, N., Sciacca, E., Vitello, F., Colonnelli, I., Becerra, Y., Sosa Cintero,
E., Marin, G., Jaros, M., Riha, L., Strakos, P., Trujillo-Gomez, S., Tramontana,
E., & Wissing, R. “High Performance Visualization for Astrophysics and
Cosmology.” in 33rd Euromicro International Conference on Parallel, Dis-
tributed, and Network-Based Processing, Turin, Italy.

• Sciacca, E., Tuccari, N., Arshad,U., Pitari, F., Muscianisi, G.,& Tramontana, E.
“Interactive High-Performance Visualization for Astronomy and Cosmol-
ogy” 17th International Workshop on Science Gateways (IWSG2025), Lon-
don, United Kingdom.

• Tuccari, N., Sciacca, E., Becerra, Y., Sosa Cintero, E.,& Tramontana, E. “Ex-
ascale In-situ visualization for Astronomy & Cosmology” The 4th Italian
Conference on Big Data and Data Science (ITADATA2025), Turin, Italy.
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During the Ph.D. period, I also presented these talks to conferences and
workshops:

• “High Performance Visualization in Peta-scale Astronomy & Cosmology”
in BigHPC2023: Special Track on Big Data and High-Performance Comput-
ing, ITADATA 2023, Sept 11 – 13, Naples, Italy.

• “High performance visualization for Astronomy & Cosmology: the Vi-
sIVO’s pathway toward Exascale systems” in Astronomical Data Analysis
Software & Systems XXXIII, Tucson, Arizona, USA.

• "High Performance Visualization in the SPACE Center of Excellence" in
HiPEAC 2024, Munich, Germany.

• “Toward a Portable and Reproducible High-performance Visualization for
Astronomy & Cosmology.” in 16th International Workshop on Science Gate-
ways (IWSG2024), Toulouse, France.

• “In-Situ High Performance Visualization for Astronomy & Cosmology” in
Astronomical Data Analysis Software and Systems XXXIV, Valletta, Malta.

• “High Performance Visualization for Astrophysics and Cosmology.” in
33rd Euromicro International Conference on Parallel, Distributed, and
Network-Based Processing, Turin, Italy.

• "High Performance Visualization with VisIVO" in HPC Visualization
Workshop, 13-15 May 2025, Barcelona, Spain.

• “Exascale In-situ visualization for Astronomy & Cosmology” The 4th Ital-
ian Conference on Big Data and Data Science (ITADATA2025), Turin, Italy.

1.5 Related Projects

This Ph.D. thesis work was carried out in the scientific and technological con-
text of two HPC projects, one national and one international. These two
projects are briefly presented below.
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"FutureHPC & BigData” of the ICSC – Centro Nazionale di Ricerca

in High Performance Computing, Big Data and Quantum Computing2. The
“National Centre for High-Performance Computing, Big Data and Quantum
Computing” aims to maintain and upgrade the Italian HPC and Big Data
infrastructures and it also aims to develop advanced methods, numerical ap-
plications and software tools to integrate computing, simulation, collection,
and analysis of data of interest for research manufacturing and society. "Fu-
tureHPC & BigData” Spoke 1 is ICSC’s technology pillar mainly focused on
developing high-performance computing hardware and software for super-
computers. It addresses the challenges of modern computing by applying new
technologies into high volume sectors such as cloud and edge computing, IoT
connectivity, autonomous vehicles and AI.

SPACE - Scalable Parallel Astrophysical Codes for Exascale3.
SPACE aims to re-engineer a selection of astrophysics and cosmology codes
for heterogeneous exascale systems, enabling advanced simulations, high-
performance data analysis, and discovery through machine-learning tech-
niques, while fostering code and data sharing, interoperability and collabora-
tion across European astrophysical communities. SPACE WP3 ”Extreme data
processing and analysis” focuses on developing prototype frameworks based
on ML, visualization tools and work-flow engines for the exascale applications.

1.6 Funding

This Ph.D. is funded by the spoke "FutureHPC & BigData” of the ICSC – Centro
Nazionale di Ricerca in High Performance Computing, Big Data and Quantum
Computing – and hosting entity, funded by European Union – NextGenera-
tionEU” and it is supported by the European High Performance Computing
Joint Undertaking (JU) and Belgium, Czech Republic, France, Germany, Greece,
Italy, Norway, and Spain under grant agreement No 101093441.

2https://www.supercomputing-icsc.it/spoke-1-future-hpc-big-data/
3https://www.space-coe.eu/
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Chapter 2

Background and Related Works

In this chapter, we present background information and talk about the relevant
tools and works that form the foundation of this thesis. We start with an intro-
duction to VisIVO, the main visualization software on which we are focusing
our research. Then, we present the tools, codes, and technologies that have
been crucial in the evolution of VisIVO, including simulation codes, code anal-
ysis tools, parallel programming frameworks, workflow management systems,
and data management tools.

2.1 VisIVO

Visualization is the process of representing data graphically, both with 2D and
3D images. Modern computing systems, with new software solutions, allow
for interaction with the represented data, enabling users to gain insights or
new information from the data being displayed.

VisIVO[11] is a collection of graphical applications that enable data visu-
alization and exploration, as well as providing techniques for analytical visu-
alization. One of these applications is VisIVO Server, which is a platform for
visualizing large datasets that can be installed on any server and can work in
conjunction with VisIVO Desktop, another application in the suite that can be
installed on standard PCs. VisIVO Server allows the creation of custom 3D ren-
dering visualizations using data tables, without any fixed dimensional limits
as input. VisIVO Server consists of three main components: VisIVO Importer,
VisIVO Filter, and VisIVO Viewer.
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FIGURE 2.1: Typical VisIVO Server components usage
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To understand how the different VisIVO components interact, it is useful to
describe the logical architecture of the VisIVO system, as illustrated in Figure
2.1. VisIVO Server is designed as a pipeline in which each component per-
forms a specific transformation on the data and passes its output to the next
stage. This modular design allows users to compose complex workflows start-
ing from raw scientific data up to interactive 3D renderings.

At the beginning of the workflow, the VisIVO Importer acts as the entry
point of the system. It reads datasets in various scientific formats (e.g., FITS[50],
CSV, binary simulation data such as GADGET[109] or TIPSY[91]) and converts
them into the internal VisIVO Binary Table (VBT) representation. VBTs pro-
vide a compact, uniform, and high-performance structure that is used by all
other VisIVO components, enabling interoperability and efficient I/O on HPC
systems. More details about the VBT format are available in section 4.2.2.

Once the data have been imported, the VisIVO Filter modules operate on
the generated VBTs. Each filter performs a specific transformation or analysis,
such as selection of subsets, computation of derived quantities, point distri-
bution to volumetric grids, or smoothing operations. Multiple filters can be
combined sequentially to build customized processing chains, effectively cre-
ating a data analysis workflow. Filters are implemented independently, so that
new operations can be easily added without modifying the rest of the system.

Finally, VisIVO Viewer uses the Visualization Toolkit[73] library for multi-
dimensional visualization to create 3D images using VBTs.

The final step is handled by the VisIVO Viewer, which generates visual rep-
resentations of the processed data. Based on the Visualization Toolkit (VTK)
library, the Viewer can produce 3D renderings of scalar or vector fields, isosur-
faces, or particle distributions.

Together, these components form a loosely coupled architecture in which
each stage communicates through the exchange of VBTs.

Another available component is VisIVO Library, which is an application
programming interface developed for porting VisIVO Server to the gLite mid-
dleware and can be installed on common Distributed Computing Infrastruc-
tures (DCI).
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The tools provided by VisIVO enable researchers to analyze various scien-
tific problems, such as visual comparison of large-scale cosmological simula-
tions, online visualization of large-scale cosmological simulations, or particle
tracking visualization.

2.2 Tools and Codes

In this section, we report all the tools and codes involved in the evolution of
VisIVO. In the following chapters, we will explain in detail how each of them
was used.

2.2.1 Simulation Codes

VisIVO supports a variety of snapshot types from different simulation codes
for the conversion to VBT using VisIVO Importer.

In cosmological simulations, a snapshot represents a data dump capturing
the state of the simulated universe at a given simulation time, including various
physical properties of all the particles, such as the positions and velocities.

In the following chapters, we will present multiple works that involved the
importers for two main simulation code snapshots: GADGET and ChaNGa.

GAlaxies with Dark matter and Gas intEracT: GADGET

GAlaxies with Dark matter and Gas intEracT(GADGET) is a code for cosmo-
logical N-body/SPH simulations on massively parallel computers with dis-
tributed memory[109]. Gadget is one of the most important software for cos-
mological simulation used by the scientific community. It uses an explicit com-
munication model that is implemented with the standardized MPI communica-
tion interface. It makes use of a hierarchical tree algorithm for the gravitational
forces and represents fluids by means of smoothed particle hydrodynamics.

The high volume of data generated by these simulations can be useful for
the design and development of efficient and parallel models needed for ad-
vanced visualization techniques and big data analysis.
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GADGET stores its simulation outputs as binary dumps containing the
complete state of all simulated particles at a given simulation time. Each snap-
shot typically includes particle positions, velocities, identifiers, and physical
quantities such as density, internal energy, and smoothing length. The data
are organized by particle type (gas, dark matter, stars) and may be distributed
across multiple files when simulations are run in parallel. For further details
about GADGET format read chapter 4 section 4.2.1.

ChaNGa

ChaNGa[81]1 (Charm N-body GrAvity solver) is a code that performs colli-
sionless N-Body simulations. It supports cosmological simulations with peri-
odic boundary conditions in comoving coordinates, as well as simulations of
isolated stellar systems. In addition, it can incorporate hydrodynamics using
the Smooth Particle Hydrodynamics (SPH) method. Gravity calculations are
performed using a Barnes-Hut tree algorithm, which includes hexadecapole
expansion of nodes and Ewald summation for handling periodic forces. The
code employs a leapfrog integrator with individual timesteps assigned to each
particle for time integration. ChaNGa stores data using Tipsy, a binary file
format used primarily in astrophysical simulations to store snapshot data of
N-body systems, it can store three types of particles: gas, dark matter, and star.

2.2.2 Code Analysis Tools

2.2.3 Software Quality and Refactoring Principles

The analysis and restructuring of large scientific codebases require not only
domain knowledge but also solid software engineering principles. As sys-
tems evolve over long periods, they tend to accumulate architectural degra-
dation and “code aging” [82], a situation where structural quality decreases
due to continuous patch-based updates rather than comprehensive redesign.
Maintaining code quality is essential to ensure long-term sustainability, repro-
ducibility of results, and the ability to extend the software to new architectures
or scientific features [125, 51].

1https://github.com/N-BodyShop/changa

https://github.com/N-BodyShop/changa
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Software quality in scientific computing is typically understood through
core attributes such as reliability, maintainability, portability, and performance
efficiency, which have long been recognized as essential for the sustainability
of scientific software [51, 125]. These attributes influence how easily new fea-
tures can be implemented, how confidently results can be reproduced, and how
effectively the software can adapt to new computing architectures.

To measure these attributes, developers rely on software metrics, which pro-
vide quantitative indicators of structural quality. Metrics are widely used both
in industrial and research settings and have been shown to correlate with main-
tainability, defect probability, and comprehension effort [39, 65]. They can be
grouped into several categories: In this context, metrics-based static analysis
and dynamic profiling tools play a central role. Software quality is typically
evaluated across several dimensions, including:

• Size metrics such as lines of code (LOC) or number of classes, which are
simple but useful for estimating maintenance effort [103, 75]. While coarse-
grained, they are commonly used as normalization factors for more ad-
vanced metrics;

• Complexity metrics, including cyclomatic complexity [79], Halstead’s soft-
ware science metrics [49], and cognitive complexity [21]. Numerous empir-
ical studies show that high complexity is associated with increased defect
rates and lower maintainability [130, 99];

• Coupling and cohesion metrics, with widely used suites such as Chidamber
and Kemerer (CK) [25] and MOOD metrics[1]. Excessive coupling reduces
modularity and hinders reuse, especially in HPC codes where portability
and optimization for new architectures depend on well-defined module
boundaries [60, 56]. High cohesion, conversely, is strongly associated with
better maintainability and understandability[17];

• Maintainability metrics such as the Maintainability Index (MI) [93], which
integrate size, complexity, and comment density to approximate the effort
required to modify the system. MI has been successfully applied to large-
scale scientific software to identify erosion and aging [82, 78].
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Architectural aspects also influence software quality in scientific applica-
tions. Metrics measuring module dependencies, cyclic structures, and architec-
tural conformance [64, 86] help identify large-scale design issues that are not
visible at the function or file level. In HPC contexts, such analyses have been
used to study communication patterns and data-flow structures in complex ap-
plications [20].

Considering that scientific software evolves incrementally, these metrics are
effective when tracked over time, revealing trends such as increasing coupling
or “architectural drift” [58, 96]. Modern continuous-integration workflows fur-
ther reinforce quality by using automated analysis to detect regressions ear-
lier[55, 104].

Metrics produced by code analysis are therefore valuable indicators for
identifying modules that may require attention or redesign. Similarly, auto-
matic documentation tools help ensure that the system remains understandable
as it evolves.

Refactoring

Refactoring[63] is the process of restructuring existing code without altering its
external behavior. Its primary goal is to improve internal attributes of the soft-
ware, such as clarity, modularity, or extensibility, while preserving the func-
tionality. In scientific software, refactoring is particularly important because
codebases often evolve organically over years or decades, incorporating con-
tributions from multiple developers with heterogeneous backgrounds[51, 125].
Without systematic refactoring, such codes tend to accumulate technical debt,
including duplicated code, tightly coupled modules, and ad-hoc modifications,
which hinder maintenance, testing, and reproducibility of results [78, 23].

Common refactoring tasks include decomposing large functions, isolating
platform-dependent components, reducing code duplication, improving nam-
ing conventions, or introducing modular interfaces. Empirical studies show
that such improvements not only reduce the risk of defects but also enhance
code readability and support the implementation of new features [100, 127].
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Moreover, in high-performance computing applications, refactoring can be crit-
ical for adapting legacy codes to modern parallel or heterogeneous architec-
tures without altering numerical correctness [37, 36].

In software development, refactoring contributes to: improving testability,
as clearer module boundaries facilitate unit and integration testing; improving
readability; improving maintainability, reducing technical debt, which consists
of the future effort required to correct suboptimal design and implementation
decisions made during development and it accumulates during the rapid pro-
totyping phase typical of research code.

Refactoring must, however, be guided by reliable feedback. For this reason,
static analysis tools (such as CppDepend) and documentation tools (such as
Doxygen) help identify structural issues, while dynamic analysis tools (such as
Valgrind) ensure that no new memory related errors are introduced during the
restructuring process. In subsection 2.2.3 is available a comprehensive descrip-
tion of all the tools we considered for the work in this thesis.

The combination of static and dynamic analysis tools forms an essential
workflow for safe and effective refactoring. For example:

• Metric-based tools such as CCCC and CppDepend highlight modules with
excessive complexity or tight coupling, suggesting where refactoring efforts
should be prioritised.

• Documentation tools such as Doxygen provide a global view of class hi-
erarchies, dependencies, and data structures, which is indispensable when
modifying legacy code.

• Dynamic analysis tools such as Valgrind to detect memory leaks, invalid
memory accesses, and abnormal memory growth, ensuring that behavioural
correctness is maintained after modifications.

Taken together, these tools enable a systematic approach to improving soft-
ware quality. They support informed decision-making during the refactoring
process, reduce the likelihood of introducing regressions, and ultimately con-
tribute to the reliability and maintainability of the software systems used in
scientific computing.
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CCCC

CCCC2 (C and C++ Code Counter) is a tool designed for analyzing C, C++,
Java, and Ada source code to provide software metrics reports. It generates
HTML and XML reports that include key metrics, such as lines of code and
cyclomatic complexity, to assess the quality and complexity of code. CCCC
can help developers to understand their code’s structure and identify potential
issues, with thresholds set to flag areas that may require attention, making it
useful for both code review and maintenance.

CppDepend

CppDepend3 is a static analysis tool designed for C/C++ code. It offers ex-
tensive support for various code metrics and provides visualization features,
such as directed graphs and dependency matrices, to analyze dependencies.
The tool enables comparison between snapshots of the codebase and validates
architectural and quality rules. Users can define custom rules using LINQ
queries, a feature known as CQLinq, alongside a comprehensive set of pre-
defined CQLinq code rules included with the tool.

Doxygen

Doxygen4is an open source tool designed to generate documentation directly
from source code in a variety of languages, including C++, Java, Python, and
more. It extracts comments formatted in a specific way within the code, en-
abling developers to automatically create HTML, LaTeX, or PDF documenta-
tion. By cross-referencing elements within the code, Doxygen builds an in-
terconnected documentation structure, which includes class diagrams, inheri-
tance hierarchies, and other visual aids. This functionality is especially bene-
ficial for large projects, where maintaining up-to-date documentation is chal-
lenging, as it ensures that the documentation stays close to the source code
itself.

2https://sarnold.github.io/cccc/CCCC_ToolUser_Guide.html
3https://www.cppdepend.com/
4https://www.doxygen.nl/index.html

https://sarnold.github.io/cccc/CCCC_ToolUser_Guide.html
https://www.cppdepend.com/
https://www.doxygen.nl/index.html
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Valgrind

Valgrind5 is a widely used dynamic analysis framework designed to detect
memory-related issues during program execution. It consists of multiple tools,
the main one is memcheck, which identifies common memory errors such as
invalid reads and writes, use of uninitialized values, incorrect deallocations,
and memory leaks. Valgrind executes the program in a controlled environment
through dynamic instrumentation, enabling precise identification of problem-
atic code paths without requiring changes to the source code. It produces de-
tailed reports that highlight the origin and nature of each issue, providing valu-
able insight into the runtime behavior of applications. In the context of large
C++ projects, Valgrind is particularly useful for validating memory safety, en-
suring the correctness of refactoring steps, and diagnosing subtle bugs that are
difficult to detect through static analysis alone.

Another important tool within the Valgrind suite is Massif, which focuses
on analyzing heap memory usage over time. It tracks allocations, deallocations
and overall memory growth, producing a detailed report that highlights which
parts of the program are responsible for significant memory consumption. The
generated output is visualizable and shows memory usage snapshots and call
stacks, enabling developers to identify memory bottlenecks and unnecessary
allocations.

2.2.4 Parallel programming frameworks: Message Passing In-

terface and OpenMP

MPI is a standard for distributed-memory parallel programming defined by
the MPI forum6. In an MPI program, each process(also called a rank) has its
own private address space; data movement and synchronization are explicit
and occurs via function calls. Communication can occur both within shared
memory nodes(intra-node) and between nodes(inter-node).

An MPI job typically follows the SPMD (Single Program, Multiple Data)
model, in which many identical processes are launched at program start, and

5https://valgrind.org/
6https://www.mpi-forum.org/

https://valgrind.org/
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each process is assigned an integer rank within a communicator. An MPI com-
municator groups a given number of processes to allow them to communi-
cate with each other and provides a unique communication context that iso-
lates their messages from those of other groups. The default communicator
MPI_COMM_WORLD, contains all processes started together, and it is possi-
ble to construct subsets using MPI_Comm_split to obtain additional communi-
cators with their own process groups and communication context.

A typical MPI program has a logical structure composed of three main
stages:

1. Initialization: all processes call MPI_Init, establishing the communication
environment.

2. Parallel computation: each process obtains its rank with MPI_Comm_rank, the
total number of processes with MPI_Comm_size, and exchanges data through
point-to-point or collective communications.

3. Finalization: all processes call MPI_Finalize to terminate the MPI environ-
ment.

A minimal MPI program in C++ is shown below, in this program, an array is
divided among processes, each of which computes a partial sum of its portion.
The partial results are then combined into a global sum using MPI_Reduce:

#include <mpi.h>

#include <iostream>

#include <vector>

#include <numeric> // for std::accumulate

int main(int argc, char** argv) {

MPI_Init(&argc, &argv); // Initialize MPI

int rank, size;

MPI_Comm_rank(MPI_COMM_WORLD, &rank);

MPI_Comm_size(MPI_COMM_WORLD, &size);

const int N = 16; // total number of elements
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const int local_N = N / size; // per process

std::vector<int> local_data(local_N);

// Each process initializes its portion

for (int i = 0; i < local_N; i++)

local_data[i] = rank * local_N + i + 1;

// Compute partial sum locally

int local_sum = std::accumulate(local_data.begin(),

local_data.end(), 0);

int global_sum = 0;

// Combine partial results into a single value on rank 0

MPI_Reduce(&local_sum, &global_sum, 1, MPI_INT, MPI_SUM, 0,

MPI_COMM_WORLD);

if (rank == 0)

std::cout << "Global sum = " << global_sum << std::endl;

MPI_Finalize();

return 0;

}

In this example, each process computes a portion of the total sum indepen-
dently, and the MPI_Reduce collective operation gathers all partial sums into
process 0, which prints the final result. This illustrates both distributed data
decomposition and the use of collective communication, which are central to
real-world MPI programs.

In large-scale applications, communication efficiency is crucial. MPI pro-
vides both point-to-point communications (MPI_Send, MPI_Recv) and collective
operations that involve all processes in a communicator. For example:

• MPI_Bcast distributes the same data from one process to all others (broad-
cast).
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• MPI_Reduce combines data from all processes (e.g., computing a global sum,
as in the example).

• MPI_Gather collects data from all processes into a single array on the root
process.

Of course communication should be handled efficiently; generally, send-
ing fewer but larger messages is more efficient than sending many small ones,
because sending each message individually bears a fixed latency cost that ac-
cumulates with each message. Instead, when grouping many requests together
latency will affect communication only once. Moreover, using nonblocking
communication calls (such as MPI_Isend and MPI_Irecv) allows computation
to proceed while data transfers occur in the background, effectively overlap-
ping communication with computation and reducing idle time among pro-
cesses.

MPI is implemented as a collection of libraries, header files, and compiler
options that extend standard programming languages to support distributed-
memory parallelism.

Overall, MPI is a fundamental technology for exploiting HPC infrastruc-
tures, as it allows efficient multi-node execution, where multiple compute
nodes cooperate on the same problem through coordinated message passing.

OpenMP[33], on the other hand, is an API which provides support for par-
allel programming in shared-memory environments. A shared-memory en-
vironment consists of a computing architecture in which multiple processing
cores access the same physical memory space, allowing threads to communi-
cate by directly reading and writing shared variables instead of exchanging
messages. It consists of a set of compiler directives with a lightweight syntax,
library routines, and environment variables that influence run-time behavior.

The key concept is that code regions can be marked as parallel using anno-
tations (#pragma directives in C/C++), allowing the compiler to automatically
generate the necessary thread management logic.

For example, the directive #pragma omp parallel for splits the iterations
of a loop among multiple threads:

#include <omp.h>
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#include <iostream>

int main() {

const int N = 8;

int data[N];

#pragma omp parallel for

for (int i = 0; i < N; i++) {

data[i] = i * i;

printf("Thread %d computed data[%d] = %d\n",

omp_get_thread_num(), i, data[i]);

}

return 0;

}

This program automatically distributes the iterations across available CPU
cores.

Other useful directives include:

• omp parallel: creates a parallel region.

• omp for / omp do: splits loops between threads.

• omp critical: defines a mutually exclusive region.

• omp barrier: synchronizes all threads.

OpenMP allows flexible configuration of thread count at runtime (via
OMP_NUM_THREADS) and supports nested parallelism. It is especially suitable for
parallelizing compute-intensive loops or modules, such as the data import and
processing steps of VisIVO modules, where shared-memory execution avoids
interprocess communication overhead.

There are multiple other multithreading approaches such as POSIX Threads
(Pthreads)[57] and Intel Threading Building Blocks (TBB)[30]. POSIX Threads
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provide a low-level interface that requires explicit thread management, syn-
chronization, and workload division, which can lead to complex and error-
prone code. Intel TBB offers higher-level constructs for task parallelism but
still requires a dedicated library and explicit use of its API.

OpenMP grants these main advantages over other solutions:

• cross-platform and cross-compiler solutions

• flexible and convenient to modify the number of threads (with environment
variables)

• no entry functions, code within the same function or loop will be decom-
posed into multiple threads

OpenMP is supported by many compilers and is typically available in every
machine. In particular, it is available for C++ so it can be useful also for the
parallelization of VisIVO modules.

2.2.5 Workflows

Workflows can be defined as a powerful abstraction for designing complex
applications and executing[26] them on large-scale distributed architectures,
which consist of heterogeneous computing environments where multiple in-
frastructures, such as HPC clusters, cloud systems, and data services, collab-
orate to execute distinct tasks within the same workflow. Some examples of
large-scale distributed architecture that were considered during our work are
Cineca’s Galileo1007 and Leonardo8, or HPC4AI9 by University of Turin.

Workflows were also defined by the Workflow Management Coalition[121]
as the automation of a business process, in whole or part, during which docu-
ment, information, or tasks are passed from one participant to another for an
action according to a set of procedural rules.

In a more generic term, workflows can also be defined as a directed bipartite
graph[71], where the nodes represent either computational steps or the ports

7https://www.hpc.cineca.it/systems/hardware/galileo100/
8https://www.hpc.cineca.it/systems/hardware/leonardo/
9https://hpc4ai.unito.it/

https://www.hpc.cineca.it/systems/hardware/galileo100/
https://www.hpc.cineca.it/systems/hardware/leonardo/
https://hpc4ai.unito.it/


Chapter 2. Background and Related Works 24

through which they communicate. The edges represent the dependency rela-
tions between steps, linking steps to ports and ports to subsequent steps.

2.2.6 Workflow Management Systems

Workflow Management Systems (WMSs)[128] provide the coordination seman-
tics required to structure, orchestrate, and monitor scientific applications com-
posed of multiple computational stages. Their main goal is to enable users
to describe, execute, and reproduce complex pipelines in a scalable and trans-
parent manner. Although the general idea is common across systems, WMSs
differ significantly in their execution models, architectural assumptions, and
target computing environments.

A first distinction concerns the workflow execution model. Traditional systems
implement a static model, where the workflow is defined as a fixed sequence
or a Directed Acyclic Graph (DAG). This is well suited for batch pipelines but
becomes limiting for emerging applications that require dynamic behaviour, in-
cluding runtime loops, adaptive branching, iterative refinement, and interac-
tive steering. Only a subset of WMSs can naturally express these patterns,
highlighting a gap between classical workflow engines and next-generation sci-
entific workflows.

Another important dimension is the target execution environment. Some
WMSs prioritize usability and accessibility, offering high-level abstractions or
graphical interfaces intended for domain scientists. Others focus on large-scale,
heterogeneous, or distributed infrastructures, integrating with HPC sched-
ulers, cloud orchestration frameworks, or container ecosystems. These design
choices lead to systems optimized for very different usage scenarios.

Data management models also vary substantially. File-based communica-
tion remains common, but the increasing relevance of in situ and in transit pro-
cessing has motivated the adoption of streaming abstractions, memory-based
data exchange, and data-aware scheduling. These capabilities are critical in
workflows where intermediate data cannot be written to disk due to perfor-
mance or scalability constraints.
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A scientific WMS refers to a framework specifically designed to support the
automation, execution, and monitoring of computational or data-driven exper-
iments in scientific research and provide features such as provenance tracking,
reproducibility, and support for heterogeneous computing environments.[6]

For a more detailed survey of scientific workflow management systems and
representative examples, we refer the reader to the dedicated Related Work
section 2.3.3.

Streamflow

StreamFlow[29] is a WMS designed to bridge cloud and High-Performance
Computing environments. The primary aim of StreamFlow is to enable the
execution of complex workflows across heterogeneous computing platforms,
such as Kubernetes clusters and traditional batch-based HPC systems, without
relying on shared data spaces.

It addresses the need to improve portability of applications by decoupling
multiple components from platform-specific dependencies. This separation en-
ables the workflows to be executed across different High-Performance Com-
puting (HPC) infrastructures without relying on a specific underlying environ-
ment. By abstracting execution environments from the application logic, the
system ensures that workflows can be transferred and executed on heteroge-
neous systems with little changes.

In addition to enhancing portability, this work raises the level of abstraction
by using StreamFlow to define workflows that streamline complex task orches-
tration. StreamFlow allows tasks to be expressed in a high-level, platform-
independent manner, facilitating the seamless management of dependencies
and execution across various environments. This level of abstraction is critical
for ensuring the scalability and adaptability of workflows, enabling them to
run efficiently on both local clusters and cloud-based platforms.

StreamFlow was selected for the work presented in this thesis for several
reasons that align directly with the requirements of our workflow scenarios:

• Container-based execution for portability and reproducibility. Stream-
Flow integrates seamlessly with Docker and Singularity, ensuring consistent
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execution across heterogeneous environments and simplifying software de-
ployment for complex scientific applications.

• Suitability for hybrid HPC-cloud workflows. The system natively supports
the execution of tasks across multiple backends (e.g., Kubernetes, SLURM),
making it well suited for use cases requiring elastic, distributed, or hybrid
infrastructures.

• Support for streaming and data-aware execution. StreamFlow can manage
data exchanges efficiently and supports streaming communication between
tasks.

These characteristics make StreamFlow a strong match for the workflow or-
chestration challenges addressed in this thesis, providing both the flexibility
and the portability required to support complex scientific pipelines across het-
erogeneous computing environments.

2.2.7 Hecuba

Hecuba10 is a set of tools and interfaces that aims to facilitate the management
and utilization of persistent data for Big Data applications. Hecuba implements
an Object Mapper for Apache Cassandra [69] (a recognized NoSQL database)
and thus allows programmers to use a common interface to access data as regu-
lar in-memory objects, regardless they are persistent (stored in disk) or they are
in-memory data. Currently Hecuba implements an interface for Python and
C++ programming languages.

Hecuba is currently being extended to also support a lambda architecture
[77] which is a data-processing architecture defined to speed up online analysis
for Big Data applications, without losing the ability to persist the output data of
the applications. It also supports Apache Kafka[68] for streaming data. Thus,
Hecuba is able to support both off-line and on-line data analysis. The program-
mer can use the same interface to access the data whether it is in memory, in
the storage or it is coming through a stream: he only needs to modify the class
definition of the object to indicate which kind of object it is.

10https://github.com/bsc-dd/hecuba

https://github.com/bsc-dd/hecuba
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Several other tools in the literature have proposed similar solutions to both
facilitate management and utilization of persistent data in big data applica-
tions. For example, Legion [10] is a data-centric programming model and
runtime systems which decouplse logical data descriptions from their physi-
cal layout and automatically manage data placement across distributed mem-
ory hierarchies. Although Legion provides transparency in terms of memory
locality and movement, it does not support persistent data storage. Another
group of tools focuses on abstracting I/O backends, the first one is ADIOS2
[45] which enables scientific applications to write and read data through a uni-
fied API while switching between file-based, in-memory, or streaming back-
ends without modifying application code. Similarly, the HDF5 Virtual Object
Layer (VOL) [90] allows existing HDF5 applications to operate on different
storage systems transparently, although the abstraction is expressed in terms
of datasets and attributes rather than language-level objects.

Frameworks designed for distributed in-memory data, such as Dask [102]
or Ray [89], also provide location transparency by allowing applications to ma-
nipulate distributed data structures without explicitly managing their place-
ment. However, these systems primarily target in-memory analytics and do
not support persistent NoSQL databases or streaming sources. Other persis-
tent data abstractions, such as object-relational mappers (e.g., SQLAlchemy 11),
simplify access to traditional databases while preserving object-oriented pro-
gramming models, but they are not designed for HPC environments, lack data-
locality optimizations, and do not unify in-memory, database, and streaming
backends.

Compared to these approaches, Hecuba supports Python and C++ appli-
cations an API that transparently maps objects to in-memory data, persistent
database stores using Cassandra, and streaming systems such as Kafka. This
combination of features for both offline and online data analysis is not provided
by other explored tools.

11https://www.sqlalchemy.org/

https://www.sqlalchemy.org/
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Apache Cassandra

Apache Cassandra is a distributed NoSQL database originally developed by
Facebook in order to effectively manage massive amounts of unstructured data
efficiently. Since Cassandra does not impose a strict table schema like conven-
tional relational databases do, each row can contain a different number or a
set of columns. It is designed to operate seamlessly across clusters of multiple
nodes, and it is also built to tolerate hardware failures without disrupting op-
erations, ensuring high availability and fault tolerance. Its architecture grants
robustness, allowing it to work reliably even with inexpensive hardware, and
it offers strong scalability, giving users control over data configuration and sys-
tem expansion.

Apache Kafka

Apache Kafka is an open-source platform designed for real-time data stream
processing and originally developed by LinkedIn to serve as a high-throughput
messaging queue, it has since evolved into a comprehensive solution focusing
on managing and analyzing event streams in real time.

At a high level, Kafka is based on a publish–subscribe communication
model[92]. Producers publish messages to topics, which represent named cat-
egories of data. Each topic is divided into partitions, allowing parallel writing
and reading across multiple brokers (the servers that form a Kafka cluster).
Messages are appended sequentially to partitions and replicated across bro-
kers to ensure fault tolerance and high availability[120]. Consumers subscribe
to topics and read the data at their own pace, maintaining an offset that indi-
cates the last processed message.

This architecture decouples data producers and consumers, allowing asyn-
chronous communication and enabling multiple independent applications to
process the same data stream simultaneously.[66] Kafka ensures durability
by persisting data on disk and provides scalability by distributing partitions
across nodes, making it suitable for large-scale deployments.

On top of its core messaging layer, Kafka provides several key components:
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• Kafka Streams: a lightweight library for building stream-processing appli-
cations directly on top of Kafka topics, supporting real-time operations such
as filtering, joining, and aggregation.

• Kafka Connect: a framework for integrating Kafka with external systems
(databases, file systems, analytics tools) through reusable connectors.

Through these components, Kafka enables real-time analytics pipelines ca-
pable of ingesting, processing, and distributing data continuously across dis-
tributed environments, making it a fundamental technology for modern event-
driven architectures.

2.2.8 InterActive Computing service (IAC)

The increasing complexity and interactivity of modern scientific research work-
flows require compute resources that extend beyond traditional batch process-
ing. In response to this demand, the Fenix12 infrastructure, which is a European
research initiative that connects multiple high-performance computing and
data centers to provide advanced computational and data services for scientific
communities, introduces InterActive Compute services (IAC) as a core compo-
nent of its federated service portfolio, targeting the specific needs of the neuro-
science community within the Human Brain Project13 (HBP) and its successor,
EBRAINS14. The IAC implementation in Fenix was managed by Cineca15, a
non-profit inter-university consortium and Italy’s largest supercomputing cen-
ter, which plays a leading role in national and European HPC initiatives. The
project was carried out in collaboration with E4 Computer Engineering (E4), an
Italian company specializing in high-performance computing solutions. The
system is based on the ICE4HPC suite16 developed by E4, and it is currently up
and running on the Galileo100 cluster at Cineca.

The main benefits for an interactive approach to HPC resources are mainly
two.

12Fenix, https://fenix-ri.eu/
13Human Brain Project, https://humanbrainproject.eu/
14EBRAINS, https://ebrains.eu/
15Cineca, https://www.cineca.it/it
16ICE4HPC, https://www.e4company.com/en/ice4hpc/

https://fenix-ri.eu/
https://humanbrainproject.eu/
https://ebrains.eu/
https://www.cineca.it/it
https://www.e4company.com/en/ice4hpc/
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1. Users can access directly to the compute node of an HPC system using a web
browser interface (available at https://jupyter.g100.cineca.it). This is a
fundamentally different approach in comparison to the traditional user ex-
perience on HPC clusters, which traditionally involves ssh access to a single
shared login node, and a batch system allowing job submissions in a queue
system. The traditional approach, relying only on command line, inhibits
any graphical visualization of results, which is on the contrary very smooth
on the interactive web interface.

2. HPC resources are guaranteed in a near-instantaneous access to allow an
immediate interaction via web browser. This represents a different philos-
ophy with respect to the above-mentioned batch approach (where the job
start time is unpredictable by the user). This approach adds the possibility
of an on-the-fly interaction with the workflow while the system is running
[61], a real-time monitoring of the resource usage and visualization of the in-
termediate results to make decisions on the following steps of the workflow.

The general implementation of the service is depicted in Figure 2.2. The
framework is composed of three main parts:

1. a frontend virtual machine (VM), which exposes the website to the world
wide web (it is not exposed from the cluster login nodes for security rea-
sons). The interface asks for user credentials and Two-Factor authentication,
then it shows a form to be filled with drop-down menus to request resources
to be allocated on the HPC cluster

2. such requested resources are used to submit a job on the cluster on a dedi-
cated partition, as such a VM is able, exceptionally, to communicate directly
with the cluster Slurm controller. The job will run a Jupyter-based [67] server
instance (detailed later) which is tunneled to the VM to be exposed exter-
nally

3. the near-istantaneous access is guaranteed since the dedicated Slurm parti-
tion (“backend nodes” in Figure 2.2) is provided in oversubscription, thus, in
the unlucky hypothesis of a fully allocated partition, multiple users would
share the same CPU. Oversubscription is not applied to GPUs, which are, on
the contrary, allocated exclusively.

https://jupyter.g100.cineca.it
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FIGURE 2.2: InterActive Computing service implementation at
Cineca

The choice of a Jupyter-based framework for the IAC implementation
brought several advantages. Firstly, it already includes a server-client approach
(Jupyter Single-user) among its possible implementations. Secondly, it includes
a plugin system which allowed us to extend the interface to better address the
HPC capabilities (e.g. monitoring tools, jupyter-server-proxy plugin to proxy
additional http-based servers through Jupyter dashboard). Lastly, it is a well-
known environment for many users who approach an HPC environment for
the first time, allowing a more user-friendly impact with the infrastructure.

The security of the service is strongly improved by the fact that all the oper-
ations which might be critical to run on the HPC cluster are delegated to a VM
running on Cineca cloud infrastructure. The backend part running on the HPC
cluster does not need root privileges, and it works like an ordinary SLURM job
in user space. In addition, user login is enforced via 2FA authentication, and
constant monitoring of potential security issues, as well as periodic vulnerabil-
ity assessments and penetration tests (VAPT), are currently performed.
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2.3 Related Works

This section presents the related works we studied and that influenced our re-
search.

2.3.1 Code Analysis and Refactoring

Code analysis tools have been widely adopted in modern software engineer-
ing because they provide quantitative and qualitative insights into the struc-
ture and quality of source code. Rather than relying solely on manual inspec-
tion, developers use these tools to compute software metrics that capture key
properties such as size, complexity[79], cohesion, and coupling[25]. Tools such
as CCCC, Doxygen, and CppDepend, introduced in the previous section 2.2.2,
generate metrics that help developers understand how code is organized and
where potential problems may lie. For instance, CCCC has been used to an-
alyze LOC, cyclomatic complexity, and CK metrics in software quality studies
[94], CppDepend has been applied to assess static quality metrics in multilingual
codebases [129], and Doxygen has been used extensively to generate documen-
tation for scientific software systems [7].

Commonly used software metrics include Lines of Code (LOC) [75], Cy-
clomatic Complexity[79], Coupling Between Objects (CBO), and Lack of Co-
hesion of Methods (LCOM)[25]. These metrics support the identification of
typical code problems, such as overly large functions, deeply nested control
structures, or modules that depend excessively on one another. When inter-
preted correctly, metric trends can reveal design degradation, the presence of
technical debt, or regions of the codebase that may hinder maintainability and
future evolution.

Although metrics are useful for evaluating existing code, they are equally
important in guiding code refactoring activities. A growing body of research
investigates how software metrics guide developers in refactoring decisions.
For example, empirical studies[63] show that developers often apply classical
refactoring techniques specifically to improve internal code metrics. Opera-
tions like "extract method" or "simplify conditional expressions" are frequently
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motivated by the goal of reducing cyclomatic complexity or increasing cohe-
sion. Similarly, large-scale analysis of open-source repositories [4] showed that
developers’ operations of cleaning up or improving quality of a project reliably
align with measurable improvements in structural metrics.

These findings indicate that code metrics are not just evaluative tools; they
actively influence how developers reason about code quality and shape their
refactoring strategies. As a result, automated code analysis and dynamic anal-
ysis tools, such as those discussed in the previous section—serve as essential
components to maintain long-term software quality, particularly in large and
evolving scientific applications.

2.3.2 Parallel I/O

Parallel I/O is a fundamental research topic primarily used in scientific com-
puting because the performance of many research applications is limited by
the I/O system. Modern large-scale simulations and data-analysis pipelines of-
ten produce terabytes or even petabytes of data, requiring efficient transfer be-
tween memory and storage systems. To achieve optimal performance on HPC
platforms, it is therefore essential to understand the fundamental advance-
ments and details, at both software and hardware levels, in systems adopting
parallel I/O.

At a high level, parallel I/O allows multiple processes to read from and
write to files concurrently. Two primary approaches exist: individual I/O and
collective I/O [111]. The individual approach is the simpler one: each process
performs independent read or write operations, typically through POSIX calls
or through the basic MPI-IO library [19]. Although this is quite flexible, it can
lead to uncoordinated access patterns, excessive metadata operations, and poor
performance when many processes contend for the same files.

In contrast, collective I/O involves coordination between processes. Dur-
ing an I/O operation, processes or threads pause until each thread reaches the
same I/O instruction. When processes access contiguous or overlapping re-
gions of a shared file, collective I/O can combine small requests into a large,
efficient operation. This approach is particularly useful when each thread’s
I/O instruction requests only a small amount of data. Notably, research shows
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that implementations of MPI-IO (such as ROMIO) perform optimisations like
two-phase I/O (data redistribution + large contiguous I/Os) to improve per-
formance for non-contiguous access patterns[114].

Collective I/O calls, such as those on MPI-IO expect to work only on a single
file, so patterns involving multiple files are not best suited with this types of
approaches. In the context of snapshots from cosmological codes, they usually
involve multiple types of particles coming from a single file and we require to
write the data on multiple VBTs, thus on multiple files.

However, parallel I/O is not limited to libraries such as MPI-IO. At the sys-
tem level, several distributed parallel file systems have been developed to pro-
vide scalable and reliable access to shared data on large HPC infrastructures.
Among the most widely adopted are Lustre, BeeGFS, and GPFS (IBM Spec-
trum Scale), which distribute files across multiple storage servers to achieve
high throughput and parallelism [123, 32, 117].

These file systems share a common architectural model composed of meta-
data servers (MDS/MDT), responsible for managing the filesystem namespace
and stripe configuration [76], and object storage servers (OSS/OST), which store
the actual data distributed across disks or nodes. Files are typically divided
into fixed-size chunks, or stripes, distributed among storage targets to enable
concurrent read and write operations by many processes. This design allows
the aggregate bandwidth to scale with the number of clients, while replication
mechanisms enhance reliability and fault tolerance in case of server failures
[117].

Recent studies and HPC infrastructure documentation have emphasized the
importance of the interaction between I/O patterns at the application level and
the underlying distributed storage architecture. Well-structured access pat-
terns., such as large, contiguous, and properly aligned operations, can fully
exploit the parallelism offered by the storage system, but small or unaligned
writes often lead to metadata congestion and performance degradation [115].
Benchmarking analyses also show that design choices such as file striping
strategies, buffer aggregation, and the one-file-per-process versus shared-file
paradigms have a significant impact on scalability in scientific workloads [72].

In the context of cosmological simulations and large-scale data visualiza-
tion workflows, these distributed I/O technologies provide the backbone for
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efficient handling of particle-based datasets and the generation of derived data
like VisIVO Binary Tables (VBTs).

2.3.3 Integration of scientific application with Workflow Man-

agement Systems

Workflow Management Systems (WMS) play a crucial role in scientific comput-
ing by automating the execution of complex, multi-stage pipelines that com-
bine simulation, analysis, and data-intensive processing. As scientific appli-
cations grow in scale and complexity, WMSs help researchers manage task
dependencies, handle data movement efficiently, and ensure reproducibility
across heterogeneous computing environments. Multiple studies have been
conducted on the state of the art available WMS and their characteristics[108],
in particular studying workflow execution models, data access methods, and
support for heterogeneous and extreme-scale environments.

A fundamental distinction between various WMS concerns the workflow
execution models. Traditional pipelines rely on sequential or concurrent
dataflow, patterns supported by systems such as Pegasus[34], Askalon[38], Ke-
pler[9], Swift/T[124], and Makeflow[3]. More advanced scientific workflows
incorporate iterative structures for convergence-driven or uncertainty quantifi-
cation studies, as well as external steering and tightly coupled execution typ-
ical of multi-physics simulations or interactive in situ analysis. Only a subset
of tools, such as Moteur[44], natively support steering, revealing limitations of
current WMS for emerging extreme-scale use cases.

Equally important is the ability of WMS to operate across heterogeneous
computing environments. Systems such as Pegasus, Swift/T, Makeflow, Fire-
Works[59], and dispel4py[40] target HPC clusters, Grids, and Cloud deploy-
ments, often integrating with batch schedulers or distributed execution en-
gines. Other systems, such as Galaxy[15], Taverna[126], and Triana[112], prior-
itize user accessibility through graphical interfaces, making them particularly
suitable for bioinformatics or domain scientists with limited programming
background. At the same time, modern workflow engines such as Nextflow[35]
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emphasize portability and reproducibility through containerization technolo-
gies (Docker, Singularity), which is increasingly relevant for hybrid HPC–cloud
scientific environments.

Data access models also vary substantially across WMS. Traditional work-
flow engines primarily rely on local or shared file systems, while emerging
systems integrate memory-based data sharing, streaming abstractions, or ob-
ject stores. Some WMS such as ADIOS[74] and DataSpaces were designed
specifically for in situ and in transit data movement, supporting tightly cou-
pled simulation-analysis workflows. dispel4py, for instance, targets high-
throughput data streaming, making it suitable for geoscience and sensor-
driven applications. Makeflow, paired with Work Queue[18], is commonly
used for scientific workflow ensembles and high-throughput campaigns.

In astronomy and astrophysics, WMS such as Pegasus have been adopted
to orchestrate large-scale image processing pipelines, including the Montage
mosaicking workflow[13]. These examples demonstrate how WMS enhance
reproducibility and scalability for data-intensive astrophysical workflows, mir-
roring needs found in cosmological simulation post-processing, spectral anal-
ysis workflows, or ML-assisted pipelines.

Overall, the literature shows that Workflow Management Systems are in-
dispensable for managing scientific pipelines at scale. They abstract away low-
level execution concerns, improve reproducibility, and allow workflows to run
efficiently across heterogeneous resources. However, significant challenges re-
main for next-generation, extreme-scale workflows—particularly regarding in
situ processing, data-aware scheduling, scalable provenance capture, and hy-
brid workflows combining simulation, analytics, and machine learning.

2.3.4 In-situ visualization

In-situ visualization is an approach that is becoming essential in the context of
high-performance computing, because the volume of data produced by simu-
lations is becoming massive. In the literature there are available various sur-
veys[101] focusing on multiple in-situ visualization techniques and tools, em-
phasizing the importance in scientific workflows that require real-time analysis
and reduced I/O overheads.



Chapter 2. Background and Related Works 37

There are three in-situ methods main categories:

• Tightly coupled: embed visualization routines within the simulation code,
offering direct memory access and low latency but at the cost of synchronous
execution and increased memory utilization.

• Loosely coupled: decouple computation and visualization processes, allow-
ing them to run on separate resources and communicate via memory or net-
work interfaces.

• Hybrid methods: combine both approaches, typically performing data re-
duction in-situ and forwarding results to external resources for further anal-
ysis.

There are multiple visualization frameworks that support in-situ visualiza-
tion, one of them is the VisIt Libsim[122]. It is a library that exemplifies a tightly
coupled approach by enabling simulation codes to act as a compute engine di-
rectly connected to VisIt.

Another example is ParaView Catalyst[8], another widely adopted solution,
which offers flexible integration within simulation codes and supports both
tightly and loosely coupled approaches.

These frameworks have demonstrated the feasibility and benefits of in-situ
workflows, but multiple challenges remains, in particular the need of code in-
strumentation and resource contention.

2.3.5 Interactive computing infrastructures

Interactive computing is becoming a key capability in modern infrastructure
for supporting scientific research. Unlike traditional batch processing, which is
optimized for long-running simulations and queue jobs, interactive computing
is a more immediate approach which allows the user to analyze data dynam-
ically, prototype code, and control workflows in real-time. This is particularly
valuable in scientific domains involving iterative refinement, visualization, and
exploratory analysis.

There have been multiple attempts to integrate interactive computing with
high-performance and distributed environments, one example is the Min-
nesota Supercomputing Institute[83] that has implemented Jupyterhub and
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the Jupyter notebook server to perform traditional job-oriented HPC opera-
tions, while offering significant advantages for ease-of-use, data exploration
and workflow development.

These types of platforms also help lower the entry barrier for users by pro-
viding ready-to-use environments with pre-installed visualization tools. This
is particularly important for first-time users or those lacking access to high-
performance local machines, as many scientific visualization applications re-
quire significant computational resources to run effectively. For example, Par-
aviewWeb[106] enables users to interactively visualize large-scale datasets via
the web by performing the rendering on a remote server, streaming results to
the client.



39

Chapter 3

VisIVO Server Code Analysis and
Refactoring

3.1 Introduction

As scientific software evolves to meet increasingly complex research demands,
maintaining a high-quality codebase becomes essential. VisIVO Server has
been developed for a long time and, as it evolves, the addition of features such
as in-situ visualization requires substantial refactoring.

Before introducing new features, it is important to understand the current
state of the codebase. This chapter presents the results of a static analysis of
the VisIVO Server source code to evaluate its maintainability, complexity, and
extensibility. The analysis identifies potential bottlenecks and code smells and
highlights opportunities for improvement, ensuring the software remains ro-
bust and efficient for current and future requirements.

By using industry-standard tools such as CCCC, CppDepend, and Doxy-
gen, we collected key metrics on code size, control-flow complexity, and object-
oriented design. These insights will help to perform refactoring to help VisIVO
become better suited for integrating in-situ processing capabilities.

The primary motivation for this analysis is to improve the overall qual-
ity, maintainability, and extensibility of the VisIVO Server codebase. As soft-
ware requirements evolve, it is essential to ensure the codebase remains main-
tainable, readable, and robust, enabling the seamless addition of new features
and/or functionalities. Some of the aspects important in code analysis are:
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• Maintainability: A maintainable codebase is essential for addressing bugs,
incorporating updates, and supporting smooth collaboration among devel-
opers. By identifying areas for refactoring, such as large or complex meth-
ods, the project aims to simplify future maintenance efforts[52].

• Readability: Readable code fosters quicker onboarding of new developers
and minimizes errors. Code analysis identifies areas with unclear structures
or excessive complexity to improve code clarity and organization.

• Addressing Code Smells: Code smells, such as functions with high cyclo-
matic complexity, excessive dependencies, or large classes, can reduce soft-
ware quality and increase technical debt.By leveraging static analysis tools,
developers can try to mitigate these issues, promoting cleaner and more ef-
ficient code.

• Facilitating Code Evolution: The ability to evolve the codebase by seam-
lessly adding new functionalities is crucial for tools to meet growing research
demands.

3.2 Methodology

To evaluate the VisIVO Server codebase, we employed three static analysis
tools: CCCC, CppDepend, and Doxygen. Each tool offers different perspec-
tives on the structure, complexity and documentation of the code.

3.2.1 Target Metrics

The analysis focused on a set of well-established software metrics commonly
used in code quality evaluations. These metrics guided the interpretation of
tool output and helped prioritize which classes or methods to refactor.

Lines of Code and Comments

Lines of code(LOC) metric measures the number of non-blank, non-comment
source code lines within a function (LOCf), module (LOCm), or project (LOCp).
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As one of the earliest code metrics, it became widely used due to its simplicity
and ease of measurement.

The metric is directly linked to the size or complexity of the code and can be
calibrated to predict maintenance effort. However, it has faced criticism when
used as a measure of programmer productivity, as this may promote verbose
coding practices and discourage the simplification of code.

Lines of Comments metric measures the number of comment lines within
the project or a specific function, the comments may be useful for generating
documentation with tools like Doxygen.

Cyclomatic Complexity

Cyclomatic complexity is a software metric used to measure the complexity
of a program’s control flow. It calculates the number of linearly independent
paths through the program, providing an indicator of its structural complex-
ity. This is determined by analyzing the control flow graph of the program,
with the complexity increasing as the number of branches and decision points
grows. A lower cyclomatic complexity generally indicates simpler, more main-
tainable code, while higher values may suggest increased difficulty in testing,
debugging, and understanding the software. It is often used as a guideline to
improve code quality and ensure adequate test coverage.

Object Oriented Metrics

There are multiple object oriented metrics[107] such as Depth of inheritance
tree(DIT), which shows us the length of the longest path from a given class to
the root class in the inheritance hierarchy, a higher value indicates that the class
is deeper in the hierarchy, inheriting more methods and properties.

Number of Children (NOC), which measures the count of direct subclasses
that inherit from a specific class and it does not include subclasses of those
children, it represents the extent of reuse of a class functionality and if it has a
high value it means that there is an higher potential to affect many other parts
of the system.

Coupling Between Objects (CBO) is a software metric used in object-ori-
ented programming to measure the level of interdependence between classes.
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It quantifies how many other classes a particular class is directly dependent on,
or how many other classes depend on it.

3.2.2 Doxygen analysis

Doxygen was used to generate documentation based on the current comments
of the project. Although the comments were not designed to generate compre-
hensive documentation with Doxygen, this can be useful to start working to
update it to obtain better documentation.

At the same time, it was also possible to generate multiple graphs such as
inheritance graphs, which are very useful to understand the structures of the
three modules: Importer, Filter, Viewer.

Inheritance Graphs

The inheritance graph of all the modules are very similar, there is a main parent
class and the various specific components derive from this parent class.

For instance, Figure 3.1 shows the inheritance hierarchy of the Importer

module, where a common base class defines the core interface and multiple
subclasses implement format-specific behavior for the various type of sup-
ported snapshots (e.g., GadgetSource, RamsesSource, HecubaSource). Such vi-
sualizations help to quickly understand, and reason on, the organization of the
codebase and highlight the modularity of software components.

All the images of the inheritance graph for the other modules are available
in the appendix.
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AbstractSource

AsciiSource

BinSource

CSVSource

ChangaSource

FitsImageSource

FitsTableSource

FlySource

GadgetSource

HDF5Source

MuPortalSource

RamsesSource

RawGridSource

RawPointsSource

VOSource

VOSourcenew

VTKSource

XmlSource

FIGURE 3.1: Inheritance Graph Importer Module
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3.2.3 CCCC analysis

Importer analysis

CCCC generates a report using .HTML and .XML files. It produces a main sum-
mary HTML report in the file cccc.html, which displays the following metrics:
Lines of Code (LOC), the sum of McCabe’s Cyclomatic Complexity (MVG) for
all the functions in the class, and Lines of Comments (COM).

The metrics for the classes in the importer module are presented in Table
3.1.

As an initial result of the analysis, the tool highlights the large size of the
lines of code in the following classes: FitsTableSource, GadgetSource, and
XMLSource. However, these data alone are insufficient for a complete analysis.
It is necessary to examine the specific metrics for each function within these
classes. These detailed metrics are also computed by CCCC, which generates a
report for each class.

As an example, we consider the metrics for the GadgetSource class, shown
in Table 3.2. The tool indicates that one of its functions, readData, is very big,
with LOC of 361 and MVG of 78. This suggests that refactoring this function
may be necessary to improve readability and maintainability [24].

Class Name LOC MVG COM

AbstractSource 107 6 65
AsciiSource 242 60 71
BinSource 203 79 63
CSVSource 163 41 56
ChangaSource 172 39 70
FitsImageSource 177 32 16
FitsTableSource 553 114 77
FlySource 389 95 83
GadgetSource 557 116 88
HDF5Source 394 104 106
HecubaSource 146 15 25
MuPortalSource 213 54 69
RamsesSource 269 49 141
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Class Name LOC MVG COM

RawGridSource 236 55 64
RawPointsSource 359 76 82
VoSource 233 48 45
VoSourcenew 443 116 46
VTKSource 165 31 12
XmlSource 654 160 101

TABLE 3.1: General Procedural Metrics — Importer Classes

Function Name LOC MVG COM

checkMultipleFiles 14 4 0
readData 361 78 71
readHeader 83 23 8
readMultipleHeaders 16 3 1
swapHeaderType1 29 4 3
swapHeaderType2 37 4 4
updateNpart2 1 0 0

TABLE 3.2: Procedural Metrics — GadgetSource Class

As a second result, we analyzed object-oriented metrics (DIT, NOC, CBO).
It is evident that AbstractSource is the parent class of all the other classes,

which explains its high number of children. This hierarchy is also visually
represented in the graph generated by Doxygen. The CBO for AbstractSource
matches its number of children because it is not coupled with any other object.

Some of the child classes have a CBO value greater than 1. However, they do
not communicate with each other, they interact with external classes, typically
used to facilitate reading datasets, for example the ChangaSource relies on a
specific library to read data in the XDR format.

The full per-class table is provided in Appendix A, Table A.8.
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Filters analysis

In the filter module, there are numerous classes, 39 in total, and their procedu-
ral metrics—LOC, MVG, and COM—are reported in Table 3.3, due to the high
number of classes we reported here only the ones with the highest MVG, the
full table is available in Appendix A.

The tool issues warnings in the project summary section regarding the Lines
of Code (LOC) for several classes: VsExtractListRowsOp, VSGrid2PointDistr,
VSInterpolateOp, and VSPointDistributeOp. Additionally, it highlights some
concerns about the MVG for the classes VSGrid2PointDistr and VSPointDis-
tributeOp.

Examining the specific metrics for the VSPointDistributeOp class, as shown
in Table 3.4, we can see that multiple functions are marked with CCCC warn-
ings. For instance, the allocateArray(int) function is notably large, with 192
lines of code and an MVG of 50. The execute function is even more problematic
because it contains 1,152 lines of code and has a high MVG of 386, indicating a
critical need for refactoring to improve maintainability and readability.

Class Name LOC MVG COM

VSPointDistributeOp 901 267 126
VSGrid2PointDistr 681 214 71
VSExtractListRowsOp 643 149 33
VSInterpolateOp 593 129 41
VSStatisticOp 294 121 40
VSSigmaContoursOp 375 112 53
VSCoarseVolumeOp 463 104 55
VSPointPropertyOp 447 102 55
VSClusterCellOp 475 102 55
VSSelectFieldOp 469 102 47

TABLE 3.3: General Procedural Metrics — Filter Classes (top by
MVG).
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Function Name LOC MVG COM

VSPointDistributeOp 54 0 4
allocateArray(int) 192 50 6
allocateArray(int,bool) 2 0 0
computeModelBounds 94 30 20
execute 1152 386 160
executeArray 1 0 0
getOrigin 20 6 4
getSpacing 20 6 4
printHelp 52 2 4
setArray 1 0 0
setOrigin 40 14 2
setSpacing 94 34 2
~VSPointDistributeOp 24 6 4

TABLE 3.4: Procedural Metrics — VSPointDistributeOp Class

The object-oriented metrics, available in Appendix A, Table A.9, presents a
situation similar to that of the Importer module. A single class, VSTableOp is
the common base (DIT=1) and exposes a shared interface; it has NOC=38 and
CBO=44 due to being referenced widely across the module. Child filters remain
at low DIT (2 at most) and low coupling (CBO 1–4).

Viewer analysis

In the Viewer module, as shown by the data in Table 3.5 there are some larger
classes, such as Pipe, PointsPipe and VolumePipe.

The procedural metrics for the Pipe class, as reported in Table 3.6, reveal a
couple of functions with high LOC and MVG. The first, saveImageAsPng, is
181 lines long with an MVG of 46. The second, setCamera(SplotchCamera*),
has 287 lines of code and an MVG of 92.

Similarly, the metrics for the VolumePipe class, shown in Table 3.7, highlight
two large functions with high MVG. The first, setLookupTable, is 127 lines long
with an MVG of 33, while the second, createPipe, is 515 lines long with a cyclo-
matic complexity of 95.
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Class Name LOC MVG COM

Pipe 816 177 256
IsosurfacePipe 200 36 87
PointsPipe 507 140 160
PointsSmoothPipe 298 55 75
SlicerPipe 258 42 121
SplotchPipe 31 3 27
SplotchPipeCamera 398 69 88
VolumePipe 862 129 321
VolumeSlicer 668 137 85
VtkImagePipe 328 70 78

TABLE 3.5: General Procedural Metrics — Viewer Classes

Function Name LOC MVG COM

colorBar 45 3 6
constructVTK 21 0 51
createPipe 15 3 6
destroyVTK 30 9 6
getCamera 14 3 6
readData 14 3 6
saveImageAsPng 181 46 26
setAxes 74 3 11
setBoundingBox 96 15 19
setCamera() 1 0 0
setCamera(. . . ) 2 0 0
setCamera(SplotchCamera*) 287 92 119

TABLE 3.6: Procedural Metrics — Pipe Class

Function Name LOC MVG COM

VolumePipe 62 0 89
colorBar 15 1 2
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Function Name LOC MVG COM

createPipe 515 95 186
destroyAll 53 0 11
setLookupTable 127 33 18
~VolumePipe 57 0 11

TABLE 3.7: Procedural Metrics — VolumePipe Class

For the object-oriented metrics, also available in Appendix A, Table A.9,
Pipe is the base class (NOC=9, CBO=15), the other classes have DIT=1 with
moderate coupling (CBO up to 12).

Analysis of the obtained results

Overall, the CCCC analysis shows clear patterns across the three main mod-
ules.

The Importer module presents a few large and complex classes—such as
GadgetSource and XmlSource, whose high LOC and MVG values suggest
that refactoring specific functions, such as readData, could significantly im-
prove readability and maintainability. In the Filters module, several op-
erations exhibit high MVG, particularly within VSPointDistributeOp and
VSGrid2PointDistr, indicating that these functions implement extensive pro-
cedural logic that may benefit from decomposition into smaller subroutines.
Finally, in the Viewer module, the analysis confirms the same problems are also
present in the visualization pipeline classes, such as Pipe and VolumePipe.

These findings provide a quantitative foundation for prioritizing future
refactoring efforts. Functions with particularly high MVG values, such as
execute() in VSPointDistributeOp and createPipe() in PointsPipe, repre-
sent critical areas where modularization could reduce technical debt and facil-
itate future maintenance.
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3.2.4 CppDepend analysis

CppDepend analysis provides some insights about some possible problems of
some components of code by checking a set of rules. It was also useful to gen-
erate the call graphs for each module.

CppDepend Rules

CppDepend considers a set of rules and checks statically if the code follows
them. Some of these are classic code smells, such as too many methods in a
single class, too many fields, high cyclomatic complexity, too many parameters,
or too many local variables, then we have some other rules related to object-
oriented design such as avoiding too deep inheritance tree, avoiding to assign
static fields from instance methods, or avoiding abstract classes with too many
methods. It also has some useful rules that allow us to easily find dead methods
or dead fields and checking possible memory-related problems.

The main issues found by CppDepend were related to these rules: Avoid
too big types, avoid Methods too big and complex, and avoid methods with
too many parameters.

Some of the main classes with these problems were as follows: OptionsSet-
ter, startFilter, and VSTable. OptionsSetter and startFilter have in common the
fact that they are the classes called by the main functions for Viewer and Fil-
ter modules, respectively, they have a lot of big methods related to handling
the various options given as input by the users and handling the data retrieval
from the VBTs. VSTable is the class that handles most of the operations related
to reading and writing the VBTs.

3.2.5 Refactoring

Based on the results obtained with CCCC’s static code analysis (refer to section
3.2.3 for details), which identified multiple functions with high MVG, exceed-
ing the recommended thresholds, we selected three representative classes from
the VisIVO Server codebase for refactoring, one for each module:

• GadgetSource: This is an importer class and it is responsible for the conver-
sion of GADGET snapshots into VBTs.
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• VsPointDistributeOp: This is a filter class and it is capable of generating a
volume VBT using a VBT representing point dataset containing the positions
of the particles.

• PointsPipe: This is a viewer class and it is responsible of performing point
rendering.

In the following figures we show a simplified version of the UML diagrams
for these three classes:

AbstractSource

- m_pointsFileName : string
- m_nRows : long long int
- m_nCols : int
- m_fieldsNames : vector<string>

+ readHeader(): int
+ readData(): int
+ setPointsFileName(...): void

GadgetSource

# numFiles: int
# numBlock: int
# m_headerList: vector<headerStruct>

+ readHeader(): int
+ readData(): int
- checkMultipleFiles(): int
- readMultipleHeaders(): int
- swapHeaderType1(): void
- swapheaderType2(): void
- updateNpart2(): void

FIGURE 3.2: GadgetSource UML Diagram.
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VSTableOp

# m_realOutFilename : vector<string>
# m_tables: std::vector<VSTable *>;

+ VSTableOp(...)
+ ~VSTableOp()
+ setParameters(...) : bool
+ addParameter(...) : bool
+ addInput(VSTable*) : bool
+ isParameterPresent(param:string) : int
+ realOutFilename() : vector<string>
+ getMaxNumberInt() : int
+ getParameters() : map<string,string>
# execute() : bool = 0
# printHelp() : void = 0

VSPointDistributeOp

- m_nOfCol : unsigned int
- m_nOfRow : unsigned int
- m_fArray : float**
- m_tsc : bool
- m_cic : bool
- m_ngp : bool

+ VSPointDistributeOp()
+ ~VSPointDistributeOp()
+ printHelp() : void
+ execute() : bool
+ getOrigin(...) : bool
+ getSpacing(...) : bool
- setOrigin() : bool
- setSpacing() : bool
- allocateArray(...) : bool
- computeModelBounds() : bool
- parsePointColumns(...) : int
- setAlgorithm() : void

FIGURE 3.3: VSPointDistributeOp UML Diagram.
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Pipe

# m_camera : vtkCamera*
# m_pRenderer : vtkRenderer*
# m_pRenderWindow : vtkRenderWindow*
# m_lut : vtkLookupTable*

+ saveImageAsPng(int) : std::string
+ createPipe() : int
+ destroyAll() : void
+ readData() : bool
+ getCamera(...) : int
# setCamera(...) : void
# constructVTK() : void
# destroyVTK() : void
# setBoundingBox(vtkDataObject*) : void
# colorBar() : void
# setAxes(...) : void

VolumePipe

# m_range : double[2]
# m_localRange : double[2]
# m_volume : vtkVolume*
# m_localLut : vtkLookupTable*

+ VolumePipe(VisIVOServerOptions)
+ ~VolumePipe()
# createPipe() : int
# setLookupTable() : bool
# destroyAll() : void
# colorBar() : void

FIGURE 3.4: VolumePipe UML Diagram.

These simplified UML diagrams, hiding some parameters and functions for
the sake of readability, show that each of the modules follow a clear inheritance
relationship, with a base class providing a generic interface and a derived class
implementing specific logic. For example, AbstractSource defines a generic
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data importer interface, while GadgetSource extends it with specific routines
for the GADGET format. In particular, the readHeader and readData methods
are specialized to parse the binary snapshot structure and extract particle infor-
mation according to the GADGET data structure. Similarly, VSTableOp acts as a
basis for data transformation operations, and VSPointDistributeOp specializes
in spatial distribution tasks. In this case, it provides a specialized implemen-
tation of the execute method, which implements an algorithm to generate a
volume from particle positions. Finally, in the Viewer module, Pipe encap-
sulates rendering functionality, and VolumePipe extends it for 3D volumetric
visualization. In this case, the specialization focuses on the construction of the
VTK pipeline, where the volumetric data is mapped to generate a rendering
representation using volume rendering techniques.

Refactoring is useful to improve the internal structure, readability, main-
tainability, and extensibility of software systems while preserving their func-
tionality. In particular the cyclomatic complexity of the functions in these
classes was very high, generally it is suggested that testing becomes increas-
ingly difficult when its value exceeds 10[79] and in the literature it is usually
suggested to use a maximum value of 15 as a threshold[80].

In this subsection we will present the common refactoring techniques[41]
that we applied to these three classes and an example on how they were ap-
plied.

Extract Method

Extract Method is the most common refactoring operation that has been used
to improve the code of VisIVO’s classes. It consists of grouping a code fragment
together in a new method. The main benefits are that it reduces the size of the
original method, it fosters reusability, and it decreases the code duplication.

An example in the GadgetSource code was the extraction of the logic for
buffer allocation into a method called allocateBuffers(). This method encapsu-
lates the process of initializing a std::vector of float pointers with dynamically
allocated arrays of appropriate size. This method improves both reusability
and readability.
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1 void GadgetSource::allocateBuffers(int blockSize,

2 unsigned long long chunk,

3 std::vector<float*>& buffers)

4 {

5 buffers.resize(blockSize, nullptr);

6 for (int dim = 0; dim < blockSize; ++dim) {

7 buffers[dim] = new float[chunk];

8 }

9 }

Grouping Related Data into Structs

Due to having multiple variables related to each other, parameter lists in the
new extracted methods started becoming too big, to reduce it and improve
clarity and readability we grouped related fields into dedicated structs. This
change also improves maintainability, reducing eventual duplication and it
makes function signatures simpler.

An example is the BlockData structure that just groups several fields that
are needed to the methods to refer to the right positions, types, and sizes of the
blocks.

1 struct BlockData

2 {

3 std::vector<std::string> listOfBlocks;

4 std::unordered_map<std::string, int> mapBlockNamesToFields;

5 std::unordered_map<std::string, int> mapBlockSize;

6 std::vector<std::vector<int>> typePosition;

7 std::vector<std::vector<long long>> fileStartPosition;

8 };

Replace Magic Numbers with Named Constants

Another simple refactoring method is Replace Magic Numbers with Named
Constants. It is used to improve readability and clarity of the code. In our case
an example was in the GadgetSource class, considering that the number of type
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of particles in GADGET snapshot is 6, it was recurrent in the code, so we just
defined the constant NUM_TYPES.

Replace Temp with Query

This refactoring method just turns a temporary variable, which was the result
of a simple expression, into a simple method that will be called every time
it is necessary. An example of this refactoring method was executed on the
PointsPipe class on a boolean expression.

1 bool PointsPipe::shouldLoadRadiusScalars()

2 {

3 return m_visOpt.radiusscalar != "none" &&

4 m_visOpt.scaleGlyphs != "none" &&

5 m_visOpt.nGlyphs != 0;

6 }

Introduce Explaining Variable

Introduce Explaining Variable is useful when having a complicated expression
and it is necessary to make some operations more readable. It consists of ex-
tracting part of an expression into temporary variables with meaningful names
to make the code easier to understand.

It is a widely used refactoring method, and it was applied to this snippet of
code as an example:

1 blockData.fileStartPosition[type][file] =

2 blockData.fileStartPosition[type][file - 1] +

3 static_cast<unsigned long long>(m_pHeaderType2[file - 1].npart[type]);

It was then updated into a more readable way like this:

1 auto previousOffset = blockData.fileStartPosition[type][file - 1];

2 auto particlesInPreviousFile = static_cast<unsigned long long>

3 (m_pHeaderType2[file - 1].npart[type]);

4

5 blockData.fileStartPosition[type][file] = previousOffset +

6 particlesInPreviousFile;
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Remove Dead Code

Another simple refactoring method applied is Remove Dead Code, the name
itself is self-explanatory. In our case the removal consisted mainly on removing
dead comments, which served a temporary purpose during the migration from
an older VTK version to newer one, and the removal of redundant or unused
variables.

3.3 Results

The refactoring of the code gave measurable improvements across all the target
classes, demonstrating its effectiveness in improving the code quality. These
results provide concrete evidence of enhanced maintainability for the codebase.

We will show how different the metrics obtained using CCCC, as they indi-
cate how the maintainability and the readability of the code has improved.

3.3.1 Refactoring results

GadgetSource Metrics

The table 3.8 compares the LOC and MVG of the GadgetSource class from the
old implementation to the new one.

LOC MVG

Function old new old new

checkMultipleFiles 14 14 4 4
readData 361 31 78 5
readHeader 83 82 23 23
readMultipleHeaders 16 17 3 3
swapHeaderType1 29 28 4 4
swapHeaderType2 37 36 4 4
allocateBuffers N/A 6 N/A 1
computeChunkSize N/A 16 N/A 3
computeFileStartPositions N/A 11 N/A 2
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LOC MVG

Function old new old new

computeTypePositions N/A 23 N/A 7
determineEndianism N/A 7 N/A 6
extractBlockList N/A 30 N/A 8
findBlockOffset N/A 17 N/A 5
generateMap N/A 7 N/A 1
initializeParticleCounts N/A 6 N/A 1
isValidParticleType N/A 9 N/A 8
openInputFiles N/A 15 N/A 6
openOutputFiles N/A 17 N/A 3
processBlocksParallel N/A 26 N/A 3
processChunk N/A 12 N/A 3
processFileName N/A 11 N/A 6
processParticle N/A 31 N/A 5
writeChunkData N/A 11 N/A 1

TABLE 3.8: GadgetSource: LOC and MVG by function (old vs.
new). N/A indicates functions present only in one version.

The refactoring results obtained show that the refactoring mainly replaced
one high complexity function with multiple focused helper functions. We can
see that the MVG of the readData function was greatly reduced from 78 to 5. All
newly extracted helpers have low complexity (MVG ≤ 8). Across all functions
shown, the overall line of code decreased 540 to 463 (−14.3 %).

The complexity results show lower risk per function with easier testing and
better maintainability.

VSPointDistributeOp Metrics

Table 3.9 compares LOC and MVG between the old and new implementations.
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LOC MVG

Function old new old new

VSPointDistributeOp() 54 27 0 0
allocateArray(int) 192 96 50 25
allocateArray(int,bool) 2 1 0 0
computeModelBounds() 94 94 30 30
execute() 1152 103 386 38
executeArray() 1 1 0 0
getOrigin(float *) 20 10 6 3
getSpacing(float *) 20 10 6 3
printHelp() 52 26 2 1
setArray() 1 1 0 0
setOrigin() 40 20 14 7
setSpacing() 94 47 34 17
~VSPointDistributeOp() 24 24 6 6
allocateColumnList(int*,vector) N/A 11 N/A 3
applyPeriodicBoundary_CIC(...) N/A 14 N/A 4
applyPeriodicBoundary_TSC(...) N/A 8 N/A 5
computeCICWeights(...) N/A 17 N/A 0
computeNGPIndex(...) N/A 16 N/A 5
computeTSCWeight(...) N/A 10 N/A 7
configureTableGrid(VSTable,vector) N/A 39 N/A 5
generateOutputFileName() N/A 22 N/A 4
getLinearizedIndex(int,int,int) N/A 11 N/A 9
initializeEmptyGrid(VSTable,vector,int) N/A 25 N/A 6
initializeGrid(vector,int) N/A 15 N/A 7
parseFieldList(vector) N/A 25 N/A 10
parsePointColumns(...) N/A 15 N/A 5
processCIC(VSTable,int*,int,vector,long) N/A 61 N/A 12
processGridSpacing() N/A 17 N/A 6
processNGP(VSTable,int*,int,vector,long) N/A 41 N/A 14
processTSC(VSTable,int*,int,vector,long) N/A 52 N/A 15
setAlgorithm() N/A 21 N/A 4
setGridResolution() N/A 19 N/A 8
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LOC MVG

Function old new old new

TABLE 3.9: VSPointDistributeOp: LOC and MVG by function (old
vs. new). N/A indicates functions present only in one version.

The refactoring focused mainly on the complex execute function with many
helper functions. The MVG is heavily reduced from 386 to 38, which is still very
high but significantly improved from the original implementation. Also some
other function has been refactored, such as allocateArray(int) and setOrigin,
both of them in the newer implementation have halved the MVG. All the new
introduced helper functions have complexity below the 15 suggested threshold.

Across the class, LOC has been reduced from 1746 to 899.
This refactoring also extracted the different available algorithms to perform

the filter calculations each to a dedicated function, this can be very useful for
modularity, and it will make easier to introduce new algorithms just by imple-
menting a new function for the new strategy.

PointsPipe Metrics

Table 3.10 compares LOC and MVG between the old and new implementations.

LOC MVG

Function old new old new

PointsPipe 11 11 0 0
SetXYZ 53 53 15 15
createPipe 277 52 88 23
destroyAll 14 14 5 5
setGlyphs 46 46 7 7
setLookupTable 24 24 5 5
setRadius 22 22 4 4
setResolution 13 13 3 3
setScaling 15 15 8 8
~PointsPipe 15 15 5 5
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LOC MVG

Function old new old new

applySingleColor N/A 14 N/A 7
assignColumnToArray N/A 35 N/A 15
configureActor N/A 11 N/A 1
configureGlyphs N/A 11 N/A 7
configureStereoRender N/A 26 N/A 3
createAxisArray N/A 7 N/A 1
finalizeRender N/A 15 N/A 1
getColorTableIndex N/A 10 N/A 2
getColumnIndex N/A 8 N/A 2
loadColorScalars N/A 13 N/A 4
loadHeightScalars N/A 9 N/A 3
loadRadiusScalars N/A 11 N/A 2
setBackgroundColor N/A 46 N/A 7
setRenderWindow N/A 8 N/A 2
setupVertexCells N/A 11 N/A 1
shouldLoadHeightScalars N/A 7 N/A 4
shouldLoadRadiusScalars N/A 6 N/A 3

TABLE 3.10: PointsPipe: LOC and MVG by function (old vs.
new). N/A indicates functions present only in one version.

Here the refactoring is focused on one main function with many smaller
helper functions, similarly to the other previous examples. The function cre-
atePipe MVG is reduced from 88 to 23. And also in this case all the new helper
functions have MVG lower or equal to 15.

In this case the total number of lines increased from 490 to 512.

3.3.2 Memory Analysis with Valgrind

To complement the refactoring activity and ensure that the modifications in-
troduced did not introduce memory-related issues, we performed a systematic
memory analysis using the Valgrind suite. In this work we primarily used
memcheck, its most widely adopted component for detecting memory errors.
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The analysis was conducted on the core modules involved in the import and
visualization workflow, including the classes AbstractSource, GadgetSource.
The objective was to verify the correctness of the memory usage after the refac-
toring.

Valgrind was executed by running the importer on a 4GB dataset and en-
abling full leak checking through the option –leak-check=full. Additional di-
agnostic flags, such as –show-leak-kinds=all and –track-origins=yes, were
used to identify uninitialized reads and incorrect memory accesses with higher
precision.

The results confirmed that the refactoring operations did not introduce
memory leaks or invalid memory accesses.

In addition to memcheck, we also employed Valgrind’s heap profiler massif
to diagnose anomalous memory usage observed in VisIVOViewer. While
memcheck primarily targets correctness, massif provides a detailed temporal
view of heap consumption, enabling us to identify which code paths were re-
sponsible for unexpected memory growth. By analyzing the massif output
with a visualizer, we found out that after generating a visualization, if the
PointsPipe class was used again for a subsequent visualization the allocated
VTK structures used during the first visualization were not released, result-
ing in a persistent rise in memory usage during multiple visualizations. This
analysis was instrumental in identifying and resolving a previously unnoticed
memory leak, ultimately improving the memory usage of the viewer during
large-scale data visualization.

3.4 Conclusion

This chapter presented a comprehensive static analysis of the VisIVO Server
code and demonstrated how refactoring techniques can improve code quality
and maintainability. Using multiple code analysis tools we identifies metrics
that allowed us to understand what were the requirements for improvement
and implemented multiple refactoring strategies.

The applied refactoring techniques allowed us to reduce the cyclomatic
complexity for the functions in the chosen classes, achieving improvements
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that directly impact software maintainability. The most significant results in-
clude a 90% complexity reduction in VSPointDistributeOp’s execute function
(from MVG 386 to 38) and a 94% reduction in GadgetSource’s readData func-
tion (from MVG 78 to 5). These improvements, combined with also code size re-
duction in two of the three refactored class, demonstrate that systematic refac-
toring can substantially enhance code quality in scientific software systems.

The multi-tool analysis approach using CCCC, CppDepend, and Doxygen
proved effective in providing comprehensive coverage of different code qual-
ity aspects. The systematic application of established refactoring techniques
successfully decomposed monolithic functions into multiple easier to test com-
ponents.

While we achieved significant improvements, some refactored functions
still maintain relatively high complexity, indicating that additional refactoring
iterations may be beneficial.

This work provides a basis for continuous code quality improvement across
the entire VisIVO Server codebase, and it will be very useful for also improving
the other components with high complexity. It has also been of fundamental
importance as a basis for some of the updates discussed in the following chap-
ters, such as the Importer parallelization in chapter 4 and the implemented
in-situ approach in chapter 6.

Extending this refactoring process to the entire VisIVO Server codebase
would represent a substantial engineering effort. The analysis and restructur-
ing of just three classes required on average three weeks of iterative testing
for each class. However, each class in VisIVO Server presents a different code
structure and level of complexity, meaning that the time and effort required to
refactor them may vary significantly. Scaling this work to all the classes across
all modules would therefore demand careful prioritization, focusing first on
those with the highest cyclomatic complexity or central functional roles. The
experience gained during this study provides a methodology that can be sys-
tematically applied to the remaining components with manageable effort.
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Chapter 4

VisIVO Server Importer
Parallelization

4.1 Introduction

With the advent of next-generation astrophysical instruments, such as the
Square Kilometer Array, and the availability of increasingly accurate cosmo-
logical simulations, like those produced by the OpenGADGET software, the
volume of data describing astronomical phenomena is growing at an impres-
sive rate. This represents a great challenge for storing, processing, and analyz-
ing these massive data. To address this challenge, it is necessary to develop
software models optimized to exploit the capabilities of modern hardware ar-
chitectures, including multicore processors, and high-performance distributed
storage systems.

These new software models would be fundamental for the evolution of ex-
isting visualization and big data analysis, enabling them to fully exploit next-
generation HPC systems. Such tools are crucial for the study of sources or the
discovery of astrophysical patterns (such as star-forming regions or extended
sources like supernova remnants) within astronomical maps. This involves
combining information from different wavelengths (from infrared to radio) and
cosmological simulations.

In this chapter, we focus on evolving VisIVO’s importer module, responsi-
ble for converting user-supplied datasets into VisIVO Binary Tables (VBT), to
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allow it to take advantage of new HPC facilities. The importer module primar-
ily involves I/O operations, and the parallelization of this kind of application
is a non-trivial task.

4.2 Methodology

VisIVO Importer is capable of handling multiple astronomical and cosmologi-
cal data formats, covering both observational and simulation datasets. Among
the supported formats are FITS, commonly used for astronomical images; tools
such as Fly[5] and GADGET have their own formats describing particle-based
cosmological simulations; and similarly RAMSES[113] is a tool having a grid-
based hydrodynamical simulation format. In this work, we mainly focused on
the parallelization of the VisIVO Importer module from the GADGET native
format to VBT. GADGET generates snapshots, which are dumps representing
the state of the system at certain times. The output of the simulation can be dis-
tributed in parallel across multiple files, each written by a group of processors.

In the following subsections, we will describe the details of both GADGET
native data structure and the VBTs data structure, in order to clearly define the
requirements and the modifications needed for the updated importer imple-
mentation.

4.2.1 GADGET Data structure

In GADGET simulation snapshots, data are organized in a sequence of binary
blocks. Each block stores a specific physical quantity for all particles in the
simulation, for example, blocks representing the positions,the velocities, IDs or
masses. Blocks are identified by a four-character tag (such as "HEAD", "POS ",
"VEL ", "ID ", "MASS", etc.) that describes the type of block. Each block is sur-
rounded by 4-byte integers that specify the size of the block in bytes, allowing
the reader to determine where each block begins and ends. This structure pro-
vides flexibility and makes it possible to skip or directly access specific blocks.
The first block is a special one, the Header Block, which contains global meta-
data about the snapshot. It must always be read before accessing the other
blocks. The header stores, the number of particles of each type (npart), their



Chapter 4. VisIVO Server Importer Parallelization 66

total number across all files (npartTotal), cosmological parameters (such as
the current simulation time time and redshift redshift), the mass of each par-
ticle type (mass), and various flags describing simulation options. Figure 4.1
illustrates the logical structure of the header.

FIGURE 4.1: GADGET Header block data structure.

All the information in the header will be stored in an internal data structure,
in particular the number of each type of the particles, which are crucial for the
correct handling of the data.

Following the header, the snapshot file contains a sequence of data blocks,
typically organized as follows:

HEAD → POS → VEL → ID → MASS → U → RHO → HSML → ...

Each of these blocks has the same internal layout: particle data are ordered
by particle type, where type 0 corresponds to gas, type 1 to dark matter halos,
type 2 to disk particles, and so on. For instance, in the POS block, all positions
for type 0 particles appear first, followed by those for type 1, etc. This ordering
is consistent across all blocks.

As shown in Figure 4.2, every data block begins with a 4-byte integer in-
dicating its total byte size, followed by a 4-character tag, the block data them-
selves, and a final 4-byte integer repeating the block size for consistency check-
ing. This binary structure allows both sequential reading and random access to
individual blocks, which is particularly useful for parallel I/O routines.

FIGURE 4.2: Typical GADGET block data structure.
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Multiple file GADGET Snapshots

GADGET allows each snapshot to be written into a single file or into multiple
files (e.g., snap_100.0, snap_100.1,snap_100.2, ...). All these files together rep-
resent a part of a big snapshot. When the snapshot is split, each file contains:
its own copy of the HEAD block, only a fraction of the total particles, the same
sequence of blocks (POS, VEL, ID, etc.).

The division is purely sequential: file 0 stores the first portion of the parti-
cles, file 1 the next portion, and so on.

Each file repeats the same sequence of blocks, but contains a different par-
ticle set. During the import phase, the importer reads the header of all files to
compute the offset at which each file’s data must be placed in the VBT and the
starting position from which each thread must read and write.

These offsets allow the parallel reader to map each block of each file into the
correct region of the final VBT, reconstructing a single coherent table.

4.2.2 VBT Data structure

A VisIVO Binary Table (VBT) is a efficient data representation used by VisIVO
Server internally. It consists of an Ascii header file, using the .bin.head exten-
sion, which includes all the required metadata, and a raw data file with the
.bin extension that contains the actual data values. This binary organization
ensures highly efficient data representation because it minimizes parsing over-
head and memory usage, allowing VisIVO Server to read, write, and process
large datasets much faster than text-based or self-describing formats such as
FITS or CSV. The parsing overhead is minimized because it is easy to retrieve
data just knowing the number of rows and the number of the desired field. An
example of the improvement of improving memory usage is by choosing to
load in memory only the necessary fields when using the Viewer module.

The listing 1 shows an example of a header of a VBT representing particles.
Line 1 describes the internal data representation, in this case float; line 2 rep-
resents the total number of available field in the VBT, in this case 7; line 3 is
useful because it represents both the type of VBT and the number of elements
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1 float
2 7
3 140005
4 little
5 POS_X
6 POS_Y
7 POS_Z
8 VEL_X
9 VEL_Y

10 VEL_Z
11 ID

LISTING 1: Header file examples for a VBT representing particles

for each field, in this case 140006; line 4 the data format identifier(little or big
endian) and then from line 5 it starts to list of field names.

1 float
2 1
3 56623104 384 384 384 1 1 1
4 little
5 Constant

LISTING 2: Header file examples for a VBT representing a volume

Listing 2 shows an example of header for a VBT representing volumes. It
is similar to the previous example for the particle dataset, the main difference
is in line 3, as we can see it doesn’t just show the number of elements for each
fields but it also includes information describing the underlying mesh struc-
ture, consisting of the grid dimensions of the volume, in our example "384 384
384" and the size of each volumetric cell ("1 1 1" in the example).

FIGURE 4.3: Visual representation of the VBT binary data.

The raw data file contains the data values for each field consecutively. For
example, if each data value is represented as a 4-byte float and there are 100
elements for each field, the first 400 bytes of the file will represent the data for
the first field. In figure 4.3 we show a visual representation of a .bin VBT file.
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In the context of the GADGET importer, each valid block found is written
directly as a VBT field in the .bin.head file. For example, the GADGET block
POS contains 3 values per particle (x, y, z), which are written sequentially into
the VBT fields POS_X, POS_Y and POS_Z. The importer uses the size of the fields
specified in the header to compute the exact byte offset at which each array
must be written in the .bin file. This establishes a direct correspondence be-
tween GADGET blocks and VBT columns, enabling the parallel reader to place
each block’s data at the correct position in the final table.

4.2.3 The Parallel Reader

The main objective of this application is to convert snapshots generated by the
GADGET simulation code into VisIVO Binary Tables, exploiting multithread-
ing and multinode approaches and the fact that modern HPC facilities support
distributed parallel system that grants faster bandwidth, which cannot usually
be saturated by using a single thread. This task primarily involves I/O oper-
ations, including multiple reads from multiple files and multiple writes to a
single file.

The chosen approach uses individual read/writes rather than using collec-
tives for two main reasons: i) the reading process cannot be parallelized with
a collective approach because the data are distributed across multiple files. ii)
given the snapshot sizes, each I/O operation made by each thread would be
large enough to not require the combination of multiple requests. Therefore,
the overhead of collective calls can outweigh their benefits in some specific
I/O patterns, as stated in other studies[48].

Thus, we adopted a file-per-process strategy, an approach commonly used
in HPC application when data are distributed over multiple files[14], which can
provide high throughput, and followed best practices for efficient I/O, such as
performing I/O in few large chunks and avoiding unnecessary I/O operations.

The class that needs the update is called GadgetSource. It handles all the
operations to read GADGET snapshots and convert them into a VBT.
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GadgetSource

# numFiles: int
# numBlock: int
# m_headerList: vector<headerStruct>

+ readHeader(): int
+ readData(): int
- checkMultipleFiles(): int
- readMultipleHeaders(): int
- swapHeaderType1(): void
- swapheaderType2(): void
- updateNpart2(): void

FIGURE 4.4: GadgetSource UML Diagram.

Figure 4.4 show a simplified GadgetSource UML diagram, it includes the
most important methods: readHeader() for metadata extraction, using read-
MultipleHeader() in case the snapshots are distributed over multiple files, and
readData() that includes the logic for the effective parallel I/O operations. The
private members store essential metadata including particle counts and multi-
ple informations such as number of files and blocks for thread coordination.

The following subsections provide all the details on handling the header
and the data.

Reading the header

As a first step, each process needs to read data from the GADGET snapshot
header, which is a special block placed at the beginning of the file. This is
done by calling the readHeader method. The header contains multiple pieces
of information necessary to read the rest of the file correctly, such as the number
of elements for each type of particle in each file, the cumulative number for all
files, and the number of files into which the snapshot has been divided. Having
the number of files, it is possible to call the checkMultipleFiles method, which
verifies if all files are available in the same folder as the input file. After this
check, it is possible to read all the headers to obtain the information of each file
by calling the readMultipleHeaders method.
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Reading the data from a snapshot and writing the VBT

After reading the header information, it will be possible to use the readData
method. Before starting the process of reading the binary data, each process
has to create a list of blocks to read. This operation is necessary because each
GADGET block might arrange data into tuples, and during the reading process,
these tuples must be correctly arranged before writing them to the VBT file.

For example, the position block is represented by tuples of three elements.
A POS block stores 3 values per particle (x, y, z), a VEL block also stores 3 (vx,
vy, vz), while an ID block stores a single value. This tuple size information is
essential for correctly reconstructing data before writing the VBT. Other block
types follow the same logic, with tuple sizes and per-type presence determined
from the GADGET format documentation.

Generating the list of blocks to read is facilitated by the fact that, before
the beginning of each block, the GADGET snapshots place a tag made of four
characters to identify the block name. Next to it, there is an integer indicating
how many bytes to skip to reach the next block tag.

However, the snapshot files themselves do not contain metadata describing
the internal organization of each block, for example, whether the data are ar-
ranged as tuples or whether a particular block is present for a given particle
type. Such a description is instead defined in the GADGET documentation.
Therefore, we will use simple unordered maps generated using information
from the GADGET documentation.

This is a multiprocess implementation using the Message Passing Inter-
face (MPI) with a file-per-process approach, where each process reads differ-
ent files to avoid file contention between processes. This is considered a com-
mon best practice in parallel I/O programming [105]. In this implementation,
inter-process communication occurs only when the spawned processes reach
a synchronization barrier, because all the needed data needed for processing
are independently computed or retrieved from the header. It is advisable to
avoid inter-process communication if it is not necessary because it can be very
slow. Therefore, the only form of communication needed is a barrier, where



Chapter 4. VisIVO Server Importer Parallelization 72

1 chunk = minPart[type]; //minPart[type]: minimum number of particle in file
2 unsigned long long n = // Number of iterations required to read all elements
3 m_pHeaderType2[nFile].npart[type] / chunk;
4

5 unsigned long long Resto = // Remainder of particles to read after the n iterations
6 m_pHeaderType2[nFile].npart[type] - (chunk * n);
7 newOffset = firstOffset[type];//Retrieving the Offset from pre-computed array
8 // Chunk processing loop
9 for (unsigned long long k = 0; k < n; k++) {

10 processChunk(fileData.inFile[nFile], bufferBlock,buffers,
11 blockSize, chunk, newOffset);
12 //Update offset by adding the number of bytes read in processChunk
13 newOffset += blockSize * chunk * sizeof(float);
14 }
15

16 // Final partial chunk (if present)
17 if (Resto > 0) {
18 processChunk(fileData.inFile[nFile], bufferBlock, buffers, blockSize,
19 Resto, newOffset);
20 }

LISTING 3: Preprocessing required to distribute data over multi-
ple nodes and threads

each process waits for the others to finish execution. Multiprocess implemen-
tation in parallel I/O is fundamental to obtain higher bandwidth with parallel
file systems, such as BeeGFS [42] or Lustre.

The implementation is also multithreaded, with threads spawned using
OpenMP. Based on the previously discussed information, each thread can de-
termine the correct read and write positions within the corresponding files.
There will be no data contention because each thread reads and writes data at
different positions. To prevent conflicts with the file descriptor and file pointer,
each thread will independently manage its own file position. The I/O op-
erations used will be pread() and pwrite(), which are thread-safe functions,
suitable for multithreaded applications as they allow I/O operations on the
same file descriptor without being affected by changes to the file offset by other
threads.

Before presenting the full code executed by each thread, the Listing 3 shows
the core logic that determines how particle data are divided into chunks and
processed iteratively. The following excerpt illustrates how the importer com-
putes the chunk size (chunk), the number of iterations (n), and the possible
remainder (Resto):

This simplified code shows how the importer divides each particle block
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1 startPos = typePosition[nBlock][type] *
2 (unsigned long long)m_pHeaderType2[nFile].npartTotal[type] +
3 fileStartPosition[type][nFile];// Calculating the starting position for the particle type
4 for (int k = 0; k < n; k++)
5 {
6 bufferBlock = new float[blockSize*chunk];
7 pread(inputFileDescr[nFile], (char *)(bufferBlock),
8 chunk*sizeof(float), offset);
9 offset += chunk*sizeof(float);

10 pWrite=((startPos*sizeof(float)) +
11 (k*chunk*sizeof(float)));
12 pwrite(outputFileDescr[type], (char *)(bufferBlock),
13 chunk*sizeof(float), pWrite);
14 }

LISTING 4: Code executed by each thread in the parallel importer

into manageable chunks. The value of chunk is defined from minPart array: it is
either the total number of particles of this type in the file or a predefined upper
bound, ensuring that temporary buffers remain small enough while read/write
operations remain large and efficient.

The variable n represents the number of full chunk iterations, while Resto

accounts for any remaining particles that form a final partial iteration.
Each chunk corresponds to a unique region in the output VBT, determined

by metadata precomputed from the headers. As a result, each thread operates
on a disjoint set of offsets without requiring any data exchange or synchro-
nization beyond OpenMP’s scheduling. The use of pread and pwrite ensures
thread-safe, offset-based I/O without shared file-pointer contention.

We also present a simplified version of the typical code executed by each
thread in Listing 4, each thread has an exclusive couple of variables nBlock
and nFile. In line 1 the thread just computes the starting position in which
the thread must write in the output file. "typePosition" is an array that stores
for each block the number of blocks preceding it; this is done for each particle
type, and it is useful because it also considers multidimensional blocks as po-
sition or velocity. "fileStartPosition" is an array that stores a number for each
file the number of particles handled by previous files; this is necessary to know
the position from which to start writing. In line 2 "n" represents the number
of iterations needed to handle each chunk of data; it usually will be just one
because GADGET snapshots distribute data over multiple files, so in each file
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and for each particle type there are not many elements, but there is the require-
ment to handle it because there could be some edge cases. Then we just have
the parallel read and parallel write, respectively, at lines 6 and 9. Each thread
will execute this code on each type of particles.

4.3 Results

4.3.1 Preliminary Tests

VisIVO Importer parallel implementation has been tested on Cineca’s Galileo
100 platform1. Each node is equipped with two Intel CascadeLake 8260 proces-
sors, allowing each node to access up to 48 cores, 384GB RAM DDR4, for the
storage it uses the Lustre Parallel file system.

Tests were conducted on multiple configurations, ranging from one to eight
nodes and from one to eight cores per node. Eight cores was the maximum we
employed because the test snapshots had just 7 fields, and since our approach
distributes the fields over multiple cores, it would not scale if the number of
fields is less than the number of cores.

For each configuration, we considered one MPI process per node. For this
tests, we used a 512 GB dataset in GADGET format.

FIGURE 4.5: Execution Time on 512GB Data.

1https://www.hpc.cineca.it/systems/hardware/galileo100/

https://www.hpc.cineca.it/systems/hardware/galileo100/
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In figure 4.5 we show the execution times of the new GADGET parallel
importer and we can see that multiple processes on multiple nodes can achieve
a higher bandwidth, this behavior was expected on a parallel file system[42].
These tests were repeated 10 times each; we show the average computing time
in a logarithmic scale, and the error bars represent the standard deviation.

Nodes Execution Time (s) Standard Deviation Speedup Efficiency
1 1157.94 32.66 1.00 1.00
2 542.84 20.42 1.95 0.98
4 314.29 18.22 3.56 0.89
8 213.75 13.2 5.47 0.68

TABLE 4.1: Parallel efficiency analysis for 512GB dataset

As shown in Table 4.1, using 8 nodes with 1 core each reduces execution
time from 1157.14 s (1 node) to 211.65 s, corresponding to a speedup of 5.47x.
The scaling is close to linear up to 4 nodes, with an efficiency of 0.89, then the
efficiency decreases due to I/O contention.

Multithreading is limited by the single node bandwidth, so we can obtain
a speedup by using up to 4 or 8 cores, which is a similar behavior obtained
by other solutions[98]. The main reason for this slower speedup is because the
importer uses multithreading over the available blocks, if the number of blocks
is not enough it does not achieve significant speedup. In this case, the datasets
contain only 4 blocks.

MPI-IO Comparison

As an additional preliminary test, we compared the execution times with those
of another implementation of the importing module. We implemented a ver-
sion of the parallel GADGET importer using MPI-IO directives combined with
a producer-consumer model. This approach leverages multi-node parallel ex-
ecution, where a single process acts as the producer, and the remaining pro-
cesses act as consumers. The producer is responsible for distributing informa-
tion about the blocks and files that need to be processed, while the consumers
perform the I/O operations based on the received data.
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In figure 4.6, we compare the execution times across multiple nodes for
this producer-consumer approach with the previous MPI/OpenMP implemen-
tation, considering only single-threaded performance on a 512GB GADGET
dataset.

FIGURE 4.6: Comparison of Execution Time on 512GB Data.

The results indicate that the execution times for the producer-consumer ap-
proach are similar to those of the classic MPI/OpenMP approach, despite using
one less process. For example, the average execution time when using 9 nodes
with the producer-consumer approach is 223.475 seconds, compared to 211.654
seconds when using 8 nodes with the MPI/OpenMP approach. The slight in-
crease in execution time for the producer-consumer model is likely due to the
overhead associated with message passing and synchronization between the
producer and consumers.

Additionally, while the MPI/OpenMP approach benefits from multithread-
ing to further reduce execution time, multithreading is not feasible in the
producer-consumer approach due to the limitations of MPI-IO directives,
which are incompatible with multithreaded environments.

Although the MPI/OpenMP implementation can exploit multithreading to
further reduce execution times, enabling thread-level parallelism is not feasible
in the producer–consumer implementation. This is because MPI-IO is incom-
patible with multi-threaded environments, because the I/O calls are not thread
safe. The approach proposed in this work replaces MPI-IO calls with POSIX
system calls such as pread and pwrite, which natively support concurrent ac-
cess and allow multiple threads to safely operate on shared-memory regions.
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These results show that the producer-consumer approach is not the most
suitable one because it uses more processes and, at the same time, it would re-
quire one more node to achieve similar results to the MPI/OpenMP approach.

4.4 Conclusion

In this chapter, we presented a parallelization approach developed for VisIVO
Importer. This proposed approach combines multiprocess parallelism, using
Message Passing Interface with a file-per-process strategy, and multithreading,
using OpenMP, to exploit computational and I/O capabilities of modern HPC
infrastructure.

This solution addresses some of the typical challenges for the paralleliza-
tion of I/O-bound applications, such as file contention and limited bandwidth
utilization, by ensuring that processes and threads operate independently on
different portions of the dataset. We used thread-safe I/O functions, such as
pread() and pwrite(), to ensure correctness in a multithreaded environment,
avoiding that the changes of file offsets affect other threads.

We performed preliminary performance tests on the Galileo100 HPC sys-
tem, and then demonstrated that the parallel implementation achieves signif-
icant speedup and higher bandwidth utilization compared to the sequential
approach. We also compared the performance to an alternative parallel imple-
mentation based on MPI-IO and a producer-consumer model. Although this
approach provided comparable performance, it introduced additional over-
head due to inter-process communication and it was incompatible with mul-
tithreading.

Overall, the obtained results demonstrate that the MPI and OpenMP ap-
proach provides an efficient and scalable method to convert large-scale GAD-
GET datasets into VBTs, enabling VisIVOImporter to better exploit HPC re-
sources and handle large data volumes of astronomical simulation data.
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Chapter 5

Workflow Management System
integration

5.1 Introduction

One of the steps to allow VisIVO to exploit multiple types of infrastructure,
thus improving portability and reproducibility, has been the integration with
a Workflow Management System (WMS). WMSs are tools that are responsible
for exposing the interactions between workflow steps to the users and orches-
trating executions by managing dependencies, scheduling tasks, and ensuring
that data produced in one step is correctly propagated to the next, favoring
data locality when possible to avoid data transfer.

A workflow can be identified as the automation of a business process during
which data or tasks are passed from one participant to another using a set of
procedural rules. [121] In scientific computing, workflows formalize complex
computational pipelines, abstracting both the involved data and the sequence
of tool executions.

Workflows can also be defined as a directed bipartite graph, where the
nodes represent either computational steps or the ports through which they
communicate. The edges represent the dependency relations between steps,
linking steps to ports and ports to subsequent steps.

The chosen WMS is StreamFlow, which extends a classic workflow system
using a declarative description of many types of environments (such as cloud



Chapter 5. Workflow Management System integration 79

infrastructures or HPC) and with the relations among workflow nodes and ex-
ecution environments. The primary aim of StreamFlow is to enable the execu-
tion of complex workflows across heterogeneous computing platforms, such as
Kubernetes clusters and traditional batch-based HPC systems, without relying
on shared data spaces.

StreamFlow is based on the Common Workflow Language (CWL) standard.
Defining all the details of a workflow requires creating multiple files: a YAML
file to describe the workflow’s inputs, and a CWL file in which all the steps of
the workflow are defined, including necessary details such as input and output
types. Workflow inputs can include different CWL data types, such as scalar
values (e.g. integers) or complex types like Files or Directories, which reference
external data or folders used during execution. Workflow outputs are typically
files, representing the data produced by the workflow steps.

To describe the execution infrastructure, another YAML file is required. This
file serves as the entry point for the workflow execution and performs two main
tasks:

• Representing pointers to workflow and model descriptions (e.g., type, con-
figuration, and binding) and specifying how they should relate to each other.

• Mapping each workflow step to the most suitable execution environment,
thereby integrating the hybrid layer into the workflow design process.

This setup allows for precise control over which environment each task of
the workflow will be executed in.

The integration of VisIVO with StreamFlow addresses the need to improve
portability by decoupling multiple components from platform-specific depen-
dencies. This separation enables the workflows to be executed across different
High-Performance Computing (HPC) infrastructures without relying on a spe-
cific underlying environment. By abstracting execution environments from the
application logic, the system ensures that workflows can be transferred and
executed on heterogeneous systems with just minor changes.

In addition to enhancing portability, this work raises the level of abstraction
by using StreamFlow to define workflows that streamline complex task orches-
tration. StreamFlow allows tasks to be expressed in a high-level, platform-
independent manner, facilitating the seamless management of dependencies
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and execution across various environments[28]. This level of abstraction is crit-
ical for ensuring the scalability and adaptability of workflows, enabling them
to run efficiently on both local clusters and cloud-based platforms.

5.2 Methodology

5.2.1 Hybrid Workflows

We employed workflow abstractions to allow a portable representation of the
VisIVO modular applications and their resource requirements. This approach
fosters reproducibility and maintainability, allowing users to take advantage
of heterogeneous HPC facilities (including also mixed HPC-Cloud resources)
while minimizing data transfer overheads.

Hybrid workflows[26] allow the distribution of multiple steps of a work-
flow on different heterogeneous and independent computing infrastructures.
This flexibility enables the orchestration of multiple kinds of workloads, where
each step can be mapped to the most suitable platform, ensuring portability,
reproducibility, and maintainability.

StreamFlow complements a standard workflow graph, composed of multi-
ple steps and their interdependencies, with a declarative description of poten-
tially complex execution environments. This hybrid workflow model allows
the execution of different steps on multiple sites without the need to share
data spaces, authentication protocols, or bidirectional network channels. The
StreamFlow control plane takes care of all the orchestration aspects of a work-
flow execution, including data movements, fault tolerance, and provenance.

With the help of hybrid workflows, different VisIVO modules can run in
a multi-container environment, seamlessly switching between different con-
tainer runtimes such as Docker or Singularity. Moreover, independent work-
flow steps can be executed in a concurrent fashion on top of multi-agent ecosys-
tems (Cloud/HPC), provided they have no interdependencies, enabling better
resource utilization. Figure 5.1 shows an example of a complex deployment
model for the VisIVO workflow, in this case we can see that the first workflow
step of VisIVOImporter will be assigned to a cloud infrastructure, then in the
second step there are two independent VisIVOFilter tasks that can be executed
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FIGURE 5.1: An example of deployment model for the VisIVO
workflow.

independently on two different infrastructures, in this case Cloud and an HPC
CPU-based Cluster, and the last step of the workflow can be executed on an
HPC GPU-based cluster.

As a result, StreamFlow provides VisIVO workflows with portability and
reproducibility. It achieves this by relying on a set of open standards widely
adopted in the scientific workflow community, bringing off-the-shelf support
for a broad ecosystem of workflow managers (e.g., Galaxy1 or Airflow2) and
avoiding technology lock-in. In particular, it relies on the CWL for workflow
design, the Workflow Hub3 platform for publishing, and the Workflow Run
RO-Crate4 format for provenance collection.

5.2.2 VisIVO workflows

We developed a set of CWL workflows composed of sequences of three ap-
plications: VisIVOImporter, VisIVOFilter, and VisIVOViewer (Figure ??). All

1Galaxy, https://galaxyproject.org/
2Airflow, https://airflow.apache.org/
3Workflow Hub, https://workflowhub.eu/
4Workflow Run Crate, https://www.researchobject.org/workflow-run-crate

https://galaxyproject.org/
https://airflow.apache.org/
https://workflowhub.eu/
https://www.researchobject.org/workflow-run-crate
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the workflows are publicly available on the VisIVOCWL GitHub repository5

and they were assigned the Apache 2.06 license. We will focus on the first four
Workflows.

Workflow n. 1

Workflow1 performs a simple point rendering of the particles, in this case it just
involves VisIVOImporter and VisIVOViewer modules. The VisIVOImporter
step is common to the two workflows and it executes the following script:

$ VisIVOImporter --fformat ascii clusterfields4.ascii

The final step of Workflow1 executes the command

$ VisIVOViewer -x X -y Y -z Z --scale

--glyphs pixel VisIVOServerBinary.bin

To make this workflow work, in the directory of the workflow
"docker_VisIVO_ImpView_Workflow.cwl" we needed to define some other
files as inputs: paramFile_Imp.txt, clusterfields4.ascii, paramFile_View.txt,
streamflow.yml.

These are the inputs of the workflow, as described in the "docker-job_

VisIVO_ImpView_Workflow.yml" file. The importer command of the workflow,
generates the "VisIVOServerBinary.bin" and the "VisIVOServerBinary.bin.

head" files, that are taken as input by the VisIVOViewer command of the
workflow. These two files will not exist anymore at the end of the work-
flow execution. The workflow generates as output four .png images, "VisIVO
ServerImage0.png", "VisIVOServerImage1.png", "VisIVOServerImage2.png",
and "VisIVOServerImage3.png", that are saved in four different directories.

Workflow n. 2

Workflow2 performs again point rendering of a GADGET snapshot after apply-
ing a randomizer filter, thus involving three VisIVO modules. Using a GAD-
GET snapshot, we demonstrate correct MPI and OpenMP execution within the
workflow.

5https://github.com/VisIVOLab/VisIVOCWL
6https://spdx.org/licenses/Apache-2.0

https://github.com/VisIVOLab/VisIVOCWL
https://spdx.org/licenses/Apache-2.0
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The GADGET VisIVOImporter step is common to multiple workflows and
it executes the following script:

$ export OMP_NUM_THREADS=AA

$ mpirun --np BB VisIVOImporter --fformat gadget --out NewTable

--file snapdir/snap_091.0

The script above runs in parallel on a single node over AA OpenMP threads
and BB MPI processes passed as parameters to the workflow itself. This com-
mand, takes as input a file of GADGET format (a GADGET snapshot) and it
produces a VBT for each type of particles in the GADGET file supplied. In
this specific case, it produces two files, NewTableHALO.bin and NewTable-
GAS.bin, and their corresponding header files, NewTableHALO.bin.head and
NewTableGAS.bin.head, which contain information about the dark matter halo
and the gas of the GADGET snapshot taken as input. Specifically, this com-
mand is executed as:

$ export OMP_NUM_THREADS=AA

$ mpirun --np BB VisIVOImporter paramFile_Imp_Par_MPI.txt

The paramFile_Imp_Par_MPI.txt parameter points to a file with the list of pa-
rameters of the VisIVOImporter command. This is also true for all the steps
reported, but we always report the full list of parameters for clarity. In these
test cases, the following step of the two workflows takes as input the (NewTable
GAS.bin, NewTableGAS.bin.head) couple alone but the procedure is the same if
we consider the (NewTableGAS.bin, NewTableGAS.bin.head) couple.

After the importer step, Workflow2 executes a filter step that executes the
following command

$ VisIVOFilter --op randomizer --perc 50.0

--out NewTableHALORand.bin --file NewTableHALO.bin

This operation generates a new VBT containing a randomized subset that
maintains just 50% of the particles from the input VBT.

Finally, the viewer step of Workflow2 executes the command to generate
four .png images:

$ VisIVOViewer --x POS_X --y POS_Y --z POS_Z

--out VisIVOServerImage NewTableHALORand.bin
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Workflow n. 3

Workflow3 performs point rendering of a GADGET snapshot after applying
two filters: PointProperty and Merge, this time it will render the density of
particles.

The Importer step is the same described on Workflow2.
Then, Workflow3 executes the first filter step that executes the following

command:

$ VisIVOFilter --op pointproperty --resolution X_RES Y_RES Z_RES

--points POS_X POS_Y POS_Z --out density.bin --outcol density

--file NewTableHALO.bin

This operation modifies the input, in this case the (NewTableHALO.bin,
NewTableHALO.bin.head) couple of files. The pointproperty operation as-
signs a property to each data point in the NewTableHALO.bin VBT. Specifically,
it creates a temporary volume using a field distribution, adopting the CIC algo-
rithm, on a regular mesh. Then, it computes, with the same CIC algorithm, the
property for each data point, considering the cells where the point is spread
on the volume. The output can be stored in a new table or in a new field of
the original input table. In this case, the command creates a column with the
density property not present in the original VBT and it saves it in the new file
density.bin. A correspondent density.bin.head is generated as output of the
VisIVOFilter command. The second VisIVOFilter step executes the following
command

$ VisIVOFilter --op merge --out NewTableHALOMerge.bin

--filelist tabselection.txt

This command generates a new VBT with the (NewTableHALOMerge.bin, New
TableHALOMerge.bin.head) couple of files, merging the original (NewTable
HALO.bin, NewTableHALO.bin.head) VBT with the new (density.bin,
density.bin.head) VBT, following the specifications reported in the
tabselection.txt file, in which there will be defined the required columns to
retrieve from each VBT to generate the final VBT.

Finally, the viewer step of Workflow3 executes the command:



Chapter 5. Workflow Management System integration 85

$ VisIVOViewer --x POS_X_tab_1 --y POS_Y_tab_1 --z POS_Z_tab_1

--color --colorscalar density_tab_2 --colortable volren_glow

--logscale --out VisIVOServerImage NewTableHALOMerge.bin

this command generates four .png visualizations from the input VBT
(NewTableHALOMerge.bin, NewTableHALOMerge.bin.head), using the den-
sity value as color scalar.

FIGURE 5.2: Visual representation of the VisIVO CWL Workflow3.

Workflow n. 4

Workflow4 performs volume rendering of a GADGET snapshot after applying
the PointDistribute filter.

The Importer step is the same described on Workflow2.
It executes then the filter step that executes the following command:

$ VisIVOFilter --op pointdistribute --resolution X_RES Y_RES Z_RES

--points POS_X POS_Y POS_Z --out densityvolume.bin

--file NewTableHALO.bin

This command takes as input the (NewTableHALO.bin, NewTableHALO.bin

.head) VBT and it transforms it applying the pointdistribute operation,
saving the new output in the densityvolume.bin file. Specifically, the
pointdistribute operation creates a table which represents a volume from se-
lected fields of the input table that are distributed using NGP, CIC (default) or
TSC algorithm, and produces, by default, a density field, which is distributed
and divided among the cells in the volume.
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After the filter step, the viewer step executes the following command:

$ VisIVOViewer --volume --vrendering --vrenderingfield Constant

--color --colortable volren_glow --showlut --out img

--file densityvolume.bin

This command will again generate 4 .png images, this time performing the
volume rendering using the volume VBT generated by the pointdistribute filter.

FIGURE 5.3: Visual representation of the VisIVO CWL Workflow4.

Workflows Execution

The entire Workflows are executed with the following commands7, where the
.cwl files contain the workflows and the .yml files describe the input of the
workflows. We will focus on the commands for the fourth workflow, and it
will be very similar for the others:

$ cwl-runner --streamflow-file streamflow.yml

docker_VisIVO_ImpFilterView_Workflow_GADGET_PD.cwl

docker-job_VisIVO_ImpFilterView_Workflow_GADGET_PD.yml

The .cwl file import three inner .cwl files, corresponding to each step
of the workflow. Workflow4 is represented pictorially in 5.3, respectively.
The docker_VisIVO_ImpFilterView_Workflow_GADGET_PD.cwl scripts declares

7The names of the two .cwl and .yml files are reported in the corresponding sections of the
README.md files in the VisIVOCWL repository.
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a CWL Workflow class whereas each .cwl step called within each of the two
workflows contains a CWL CommandLineTool class. All VisIVO Docker contain-
ers are bound to their related steps by means of the CWL DockerRequirement

feature.
Finally, the streamflow.yml file, the entry point of StreamFlow, is in charge

of relating each workflow step with the best suitable execution environment,
actually plugging the hybrid layer in the workflow execution process. As a
first step, StreamFlow translates the CWL dataflow semantics into an internal
workflow representation, explicitly modelling a macro dataflow graph [27]. To
provide enough flexibility, StreamFlow adopts a three-layered hierarchical rep-
resentation of execution environments:

• a deployment is the unit of allocation, i.e., all its components are always co-
allocated when executing a step;

• a service constitutes the unit of binding, i.e., StreamFlow users can map each
workflow step to a single service for execution;

• a resource is a single instance of a potentially replicated service and con-
stitutes the unit of scheduling, i.e., each step of a workflow is offloaded to a
configurable number of resources to be processed.

5.2.3 CWL Script Example

In this section the CWL defined for Workflow 1 will be presented to show how
it was exploited to create a reproducible pipeline for VisIVO. The complete set
of CWL files for all the presented workflow are available in Appendix B.

The listing 5 show the CWL code for Workflow 1. It defines how
many inputs are required to the workflow and their types, in this case
they are all files. Then, it defines the output, which in this case is an ar-
ray of file, more precisely four ".png" images and the folder where they
will be stored. This inputs are defined in the following ".yml" file "docker-
job_VisIVO_ImpView_Workflow.yml". The listing 6 show the YML file defined
for this example.

Moreover, it defines the two execution steps that compose the pipeline.
The first step, importer, invokes docker_VisIVOImporter.cwl, which takes the
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cwlVersion: v1.0
class: Workflow

inputs:
srcImpW0: File
srcImpW1: File
srcViewW0: File

outputs:
outViewW:

type: File[]
outputSource: viewer/outView

steps:
importer:

run: docker_VisIVOImporter.cwl
in:

srcImp0: srcImpW0
srcImp1: srcImpW1

out: [outImp0, outImp1]

viewer:
run: docker_VisIVOViewer.cwl
in:

srcView0: srcViewW0
srcView1: importer/outImp0
srcView2: importer/outImp1

out: [outView]

LISTING 5: CWL describing Workflow 1

two inputs (srcImpW0 and srcImpW1) and produces two intermediate outputs
(outImp0 and outImp1). These outputs are not directly returned by the work-
flow but are instead used during the second step. The CWL file for the importer
step is defined as follows:

Listing 7 defines how the importer step is executed within the workflow.
The DockerRequirement ensures that this step runs inside the VisIVO Server
container image (visivolab/visivoserver:latest), guaranteeing a consistent
and reproducible software environment, independently of the user’s system.

The two inputs are declared explicitly, with srcImp0 bound to the
first command-line position of the VisIVOImporter executable through the
inputBinding directive. The outputs, outImp0 and outImp1, are collected using
the glob directive, which matches the binary VBT file and its associated header
generated by the importer. These files are then passed to the second step of the
workflow, completing the first step of the pipeline.

The second step, viewer, invokes docker_VisIVOViewer.cwl. It receives as
input the file required for visualization (srcViewW0), which is the parameter
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srcImpW0:
class: File
path: paramFile_Imp.txt

srcImpW1:
class: File
path: clusterfields4.ascii

srcViewW0:
class: File
path: paramFile_View.txt

LISTING 6: YML file describing the inputs

cwlVersion: v1.0
class: CommandLineTool
baseCommand: VisIVOImporter
requirements:

DockerRequirement:
dockerPull: visivolab/visivoserver:latest

InitialWorkDirRequirement:
listing:

- $(inputs.srcImp1)
inputs:

srcImp0:
type: File
inputBinding:

position: 1
srcImp1:

type: File
outputs:

outImp0:
type: File
outputBinding:

glob: VisIVOServerBinary.bin
outImp1:

type: File
outputBinding:

glob: VisIVOServerBinary.bin.head

LISTING 7: CWL describing Importer Step for Workflow 1

file, together with the two intermediate products generated by the importer.
This step will generate the final visualization outputs, four PNG images, which
are collected by the workflow’s outViewW output field.
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5.3 Results

5.3.1 Data description

The presented workflows have been developed to support the studies of the
effects of massive neutrinos on the large-scale structure of the Universe through
visualization.

Cosmological neutrinos strongly affect the evolution of the largest struc-
tures in the Universe, i.e., galaxies, galaxy clusters, cosmic voids, and filaments.
In this work we use large box-sized cosmological N-body simulations, the so-
called “Dark Energy and Massive Neutrino Universe” (DEMNUni) suite [22,
95]. The DEMNUni simulations have been performed using the tree particle
mesh-smoothed particle hydrodynamics (TreePM-SPH) code GADGET-3 [110],
specifically modified by [119] to account for the presence of massive neutrinos.
This modified version of GADGET-3 follows the evolution of Cold Dark Matter
(CDM) and Hot Dark Matter (HDM) neutrino particles, treating them as two
separated collisionless species.

For the particular case of this work, we have considered the DEMNUni
sub-set of simulations with a starting redshift zin = 99, and characterised by
a comoving volume of (500 h−1 Mpc)3 filled with 20483 dark matter parti-
cles and, when present, 20483 neutrino particles [54, 118]. Given the large
amount of memory required by the simulations, baryon physics is not in-
cluded. We consider two different simulations, with a baseline Planck cosmol-
ogy [97], namely a flat ΛCDM model generalized to a νΛCDM framework
by changing only the value of the sum of the three active neutrino masses
Mν = ∑i mν,i = 0.16 eV, and keeping fixed Ωm and the amplitude of primor-
dial curvature perturbations. This sub-set of simulations is characterised by a
softening length ε = 5 h−1 Kpc, and has been run on the Marconi100 super-
computer at CINECA8, Italy. For each simulation, we have produced 64 output
logarithmically equispaced in the scale factor a = 1/(1 + z), in the redshift in-
terval z = 0 − 99, 50 of which lay between z = 0 and z = 10. For each of the
64 output times, we have dumped on-the-fly a particle snapshot composed by
both CDM and neutrino particles.

8http://www.cineca.it/
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5.3.2 Rendering results

FIGURE 5.4: Volume rendering of cold dark matter particles, in
the presence of neutrino particles.

The rendering was done using VisIVOViewer volume rendering implemen-
tation on the volume generated by the pointdistribute filter. A rendering
option that was considered was to show the density of the CDM particles de-
scribed in Section 5.3.1. Figure 5.4 shows the results of the volume rendering of
the simulation. In addition to this, we are currently working on the rendering
of an animation which shows the evolution of the simulation over time.

Then, we also compare the densities between the cases where neutrino par-
ticles are present and absent. In comparing the two densities, we calculated
the difference between the densities in the volumes for the simulation with
neutrino particles, ρ1 and the case without, ρ2, and divided this value by the
absolute value of the density without neutrino particles, ∆ρ = (ρ1 − ρ2)/|ρ2|.
Figure 5.5 shows the visualization of the particles in the case ∆ρ > 0.

Another rendering result shows the time-evolution of the density of both
CDM and neutrino particles as a movie of the different snapshots. The figure
5.6 shows the results of the volume rendering of the density of cold dark mat-
ter particles on the final snapshot of the simulation (corresponding to redshift



Chapter 5. Workflow Management System integration 92

FIGURE 5.5: Volume rendering of ∆ρ > 0

z = 0). For a visual comparison, the figure 5.7 shows a rendering of the den-
sity of the neutrino particles on the same snapshot. The two visualizations use
different scales because they represent different density fields in separate do-
mains. The first one for neutrino particles and the second one for cold dark
matter particles, both occupy the same spatial region but can be represent with
different scales. Different color maps were selected to better capture the char-
acteristics of each particle type.

5.4 Conclusion

Astronomy and Cosmology (A&C) face the challenge of managing and ex-
tracting valuable insights from data sets at the petabyte scale generated by
observations and simulations. The scale of these data volumes requires the
development of innovative solutions to address storage, access, and analysis is-
sues. The Visualization Interface for the Virtual Observatory (VisIVO) enables
multi-dimensional data analysis and knowledge discovery within complex as-
trophysical and cosmological datasets.

In this chapter, we presented the implementation activities to realize high-
performance visualization of outcomes coming from modern HPC applications
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FIGURE 5.6: Volume rendering of Cold Dark Matter particles.

FIGURE 5.7: Volume rendering of neutrino particle density.

in A&C (such as large-scale cosmological simulations). In particular, we pre-
sented the integration of VisIVO with workflow abstractions and the Stream-
Flow execution models to enhance the portability of its modular applications
and the related resource requirements, fostering reproducibility and maintain-
ability, taking advantage of a flexible resource exploitation over heterogeneous
HPC facilities, and including mixed HPC-Cloud resources.

We also presented a series of workflows that illustrate typical pipelines built
with the VisIVO modules, and then demonstrated how they can be used to
support the studies of large-scale cosmological simulations of the DEMNUni
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project, highlighting the capability to produce complex visualization for ana-
lyzing the formation and evolution of cosmic structures.
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Chapter 6

In-situ visualization with Hecuba

6.1 Introduction

The Astronomy and Cosmology (A&C) community is currently experiencing
an unprecedented growth in the volume and complexity of data produced by
both simulations and observational instruments. These datasets may reach
petascale or exascale levels, thus they present significant challenges in terms
of storage, analysis, and visualization. In particular, the traditional approach
of storing simulation results on disk and then handled with post-processing
has become a major bottleneck in high-performance computing infrastructures.
The sheer size of the data means that I/O operations can dominate computa-
tional time, and storing the complete output becomes unfeasible.

One promising solution to these problems is the adoption of in-situ process-
ing, where data analysis and visualization are performed concurrently with the
simulation software using the same computational infrastructure. By eliminat-
ing the need to write results to disk, this approach not only reduces I/O over-
head but also enables researchers to interact with their simulations in real-time.

In this chapter, we present our implementation of an in-situ visualization
approach based on Hecuba, a distributed toolset designed to efficiently manage
and access scientific data. Hecuba can retrieve data from streams using Apache
Kafka or from a database (built on top of Apache Cassandra) that Hecuba uses
internally to manage its own data structures, allowing to perform in-transit vi-
sualization, a particular form of in-situ visualization that exploits an I/O trans-
port infrastructure[88]. Hecuba is intended to be integrated into the ChaNGa
cosmological simulator, which generates large-scale N-body simulation data.
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To prepare for this, we detail the modifications made to the VisIVO Server to
support in-situ visualization using data streamed through Hecuba, bypassing
the need for intermediate file storage.

6.2 Methodology

To perform in-situ processing using the multiple VisIVO Modules it is neces-
sary to perform multiple steps.

The first step will be to understand well the type of data that we need to
handle, in this case ChaNGa simulation data, and define a specific data model
to adapt ChaNGa data to the Hecuba format.

The second step is to retrieve this simulation data using Hecuba within Vi-
sIVO, leveraging Hecuba’s C++ API to access memory, in database or using
streams.

The final step focuses on adapting the internal modules of VisIVO to operate
directly on in-memory data structures. Since VisIVO traditionally relies on file-
based data storage using the VisIVO Binary Table (VBT) format, this transition
requires careful redesign to support in-situ workflows without intermediate
file output.

6.2.1 ChaNGa using Hecuba Data Model

In chapter 2 we presented ChaNGa and Hecuba data formats, and to imple-
ment an in-situ pipeline there is the requirement to adapt ChaNGa data format
using the available Hecuba data types in the most efficient way. For this reason,
we worked with BSC’s partner to define a possible prototype for the Hecuba’s
data structures that will be used to store the simulation data.

At the moment the chosen structure is based on Hecuba’s StorageDict

structure. The StorageDict is a dictionary that requires a specific Key and Value,
in this case the key is defined using the following format:

KeyClass<double, float, float, float, float, float, float>.

This key format allows us to split the simulation domain into regular three-
dimensional spatial blocks (referred to as data cubes). These cubes are simply
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subregions of the 3D simulation volume used to partition the particle distribu-
tion. The six floats values in the key represent the lower and upper bounds of
the cube along the x, y, and z axes: the first pair defines the cube’s extent in
x, the second in y, and the third in z. The leading double represents the simu-
lation time in code units. The six float values in the key represent the spatial
extensions of each data cube along the x, y, and z axes, precisely, the first couple
of float parameters represents the x extension, the second couple represents y
extension, and the third couple represents the z extension.

The value class at the moment is defined as:

ValueClass<StorageNumpy>.

This single StorageNumpy represents an array of gas particles in the data
cube. At the moment we focused to make a working prototype with only a
type of particles, we defined also a possible alternative value class for handling
all the three type of particles available in ChaNGa datasets as follows:

1 class particleObject: public StorageObject {

2 public:

3 HECUBA_ATTRS(

4 StorageNumpy, gas,

5 StorageNumpy, dark,

6 StorageNumpy, star

7 );

8 };

9

10 ValueClass<StorageObject>;

11 }

In which we have three StorageNumpy as attributes of a StorageObject, one for
each type of ChaNGa particles, inside a StorageObject.

Each StorageNumpy has two dimensions: the first corresponds to the num-
ber of particles of that type, while the second corresponds to the number of
particle features, that is, the physical attributes stored for each particle. In the
case of ChaNGa, these features typically include positions, velocities, mass,
density, internal energy, smoothing length, and any additional fields defined
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in the simulation. These sizes can be retrieved directly from the StorageNumpy

metadata. This structure allows us to retrieve all the needed data at once, from
the simulation side it is also possible to send to the database just one type of
particle if it’s the only one required.

For this solution, we also considered to adapt some header information in
the form of Hecuba data model, using this simple StorageObject:

1 class headerObject:public StorageObject{

2 public:

3 HECUBA_ATTRS (

4 double, time,

5 int32_t, nbodies,

6 int32_t, ndim,

7 int32_t, nsph,

8 int32_t, ndark,

9 int32_t, nstar,

10 int32_t, pad,

11 )

12 };

6.2.2 Integrating Hecuba within VisIVO Server

To enable VisIVO Server to retrieve simulation data directly from streams or
databases, rather than reading from disk, we integrated it with Hecuba. This
integration allows simulation data to be streamed or queried on demand. To
achieve this, we developed a new VisIVO Importer that interfaces directly with
Hecuba’s C++ API.

Figure 6.1 represents the UML diagram of the implemented Hecuba reader.
All VisIVO reader modules are built on top of the abstract base class Abstract-
Source. The HecubaSource class does this too and has to implement the two
virtual methods: readHeader() and readData().

The readHeader() method gathers metadata from headerObjects and stores
the number of particles for each type (gas, dark matter, stars) in the class vari-
ables nsph, ndark, and nstar.
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The readData() method is responsible for actually retrieving simulation data
using the Hecuba API. For this first implementation we focused on working
with the Gas Particles but we already defined the interface for the future meth-
ods to handle also Dark Matter and Star particles, each method corresponds to
the different particle type available in ChaNGa, and they are used to delegate
the handling of the data and they are name: writeGasParticles(), writeDark-
Particles(), and writeStarParticles(). These methods extract the particle fields
from the StorageNumpy and rearrange them to match the VisIVO Binary Table
format or the in-memory structure that we will define in the following section.
This step is necessary because ChaNGa stores data in an Array-Of-Structures
format, whereas the VBTs use a Structure-Of-Arrays layout.

AbstractSource

- m_pointsFileName : string
- m_nRows : long long int
- m_nCols : int
- m_fieldsNames : vector<string>

+ readHeader(): int
+ readData(): int
+ setPointsFileName(...): void

GadgetSource

# nsph: int
# ndark: int
# mstar: int

+ readHeader(): int
+ readData(): int
- writeGasParticles(): void
- writeDarkParticles(): void
- writeStarParticles(): void

FIGURE 6.1: UML diagram of Hecuba reader class
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We present the details of the code for handling the data:

1 Dict particleDict;

2 particleDict.getByAlias("simulationdata");

3 Key pk;

4 Value v_read;

5 StorageNumpy testNumpy;

6 for (auto it = particleDict.begin(); it != particleDict.end(); ++it) {

7 pk = *it;

8 v_read = particleDict[pk];

9 testNumpy = Value::get<0>(v_read);

10 writeGasParticles(testNumpy);

11 }

In the first five lines we just define all the required variables that are needed,
in particular the StorageDict particleDict variable is defined and retrieved us-
ing Hecuba’s API call getByAlias(). Hecuba exposes an iterator that allows us
to define the right key to pass to the StorageDict to retrieve a specific Value
element, this operation is handled in the lines 6-11 using the for cycle. The
operation in line 9 retrieves the first StorageNumpy from the dictionary and
passes it to the writeGasParticles method we defined previously.

6.2.3 Handling data in-memory

VisIVO modules rely heavily on the VisIVO Binary Table (VBT), a file-based in-
ternal data format. After the importer generates a VBT, the Filters and Viewers
modules read from it directly. However, to support in-situ processing, these
modules must be adapted to operate without relying on VBTs.

VisIVO Server uses a support class called VSTable, which is the core data
container within VisIVO, designed to manage tables stored in the VisIVO Bi-
nary Table (VBT) format, in figure 6.2 we can see the details and its interface,
it encapsulates metadata such as the number of rows and columns, column
names, data types, and endianness, and provides I/O methods to read and
write data from binary files. VSTable assumes a file-backed backend, meaning
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that all read and write operations are performed on disk. For example, the get-
Column() and putColumn() methods rely on seek operations and assume data
is organized in a row-major layout across files.

VSObject

- m_description : string
- m_name : string

+ printSelf(): void
+ getDescription(): string
+ getName(): string
+ setDescription(string): void
+ setName(string): void

VSTable

# m_nCols: int
# m_nRows:int

+ setNumberOfRows(int): void
+ addCol(string): void
+ getColumn(...): int
+ getColumnList(...): int
+ putColumn(...): int
+ putColumnList(...): int
+ writeTable(): void
+ createTable(): void

FIGURE 6.2: UML diagram of VSTable class inheriting from
VSObject.

To support in-situ visualization, in which simulation data resides in mem-
ory and must be visualized without intermediate disk I/O, we used VSTable
as a base because it provides all the operations that we need to handle and
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developed a new subclass, named VSTableMem, that implements the same in-
terface but stores data entirely in memory. This class replaces the use of bi-
nary files with a std::vector<std::vector<float» structure (fieldArray), allowing
data columns to be accessed and modified directly. All read and write opera-
tions (getColumn, putColumn, etc.) were overridden to operate on in-memory
buffers, while maintaining compatibility with VisIVO’s existing module expec-
tations. This approach allows the other modules to handle data in the preferred
way by using either the parent class or the subclass VSTableMem.

Below we show a simplified example of the overridden putColumn() and
getColumn() methods:

1 int VSTableMem::putColumn(const std::string &name, float *data) {

2 int col = getColumnIndex(name);

3 if (col < 0) return -1;

4

5 fieldArray[col].assign(data, data + m_nRows);

6 return 0;

7 }

8

9 int VSTableMem::getColumn(const std::string &name, float *buffer) {

10 int col = getColumnIndex(name);

11 if (col < 0) return -1;

12

13 std::memcpy(buffer, fieldArray[col].data(),

14 m_nRows * sizeof(float));

15 return 0;

16 }

In the original VSTable, these methods relied on fseek() and fread() op-
erations to access data stored in a VBT file. In the in-memory version, the con-
structor allocates an array of column buffers: one std::vector<float> per col-
umn, each sized to the number of particles. These buffers replace the file-based
backend and allow all getColumn() and putColumn() operations to operate di-
rectly on memory. By fully overriding them in VSTableMem, we allow the rest
of VisIVO Server to operate unchanged, while transparently selecting between
disk-based and memory-based solutions.



Chapter 6. In-situ visualization with Hecuba 103

This new implementation must be integrated to the various VisIVO com-
ponents, here we show an example of how it can be done on the new im-
porter based on Hecuba, implemented with the HecubaSource class, which can
choose the desired implementation creating an instance of VSTableMem instead
of a file-backed VSTable. The behavior of one of the reader support function
writeGasParticles() is illustrated in the following code in a simplified form.
After retrieving aStorageNumpy from Hecuba, the importer extracts each field
and writes it directly into the in-memory table:

void writeGasParticles(StorageNumpy s) {

nParticles = s.metas[0];

nFeatures = s.metas[1];

data = (double*) s.data;

// Select solution

if (useMemory) {

table = new VSTableMem();

table->setNumberOfRows(nParticles);

for each field in types:

table->addCol(field);

} else {

open output file "GAS.bin";

}

// For each feature, extract column and write it

for (t = 0; t < types.size(); t++) {

fill buffer[] with feature t for all particles;

if (useMemory)

table->putColumn(t, buffer);

else

write buffer to file;

}

if (useMemory)



Chapter 6. In-situ visualization with Hecuba 104

VSTable

# m_nCols: int
# m_nRows:int

+ setNumberOfRows(int): void
+ addCol(string): void
+ getColumn(...): int
+ getColumnList(...): int
+ putColumn(...): int
+ putColumnList(...): int
+ writeTable(): void
+ createTable(): void

VSTableMem

+ getColumn(...): int
+ getColumnList(...): int
+ putColumn(...): int
+ putColumnList(...): int
+ createTable(): void

HecubaSource

+ readHeader()
+ readData()

FIGURE 6.3: Class diagram for in-memory data handling.
‘VSTableMem‘ is a subclass of ‘VSTable‘, while ‘HecubaSource‘

depends on the interface provided by ‘VSTable‘.

memTables.push_back(table);

else

write VBT header for GAS.bin;

}

In figure 6.3 we show the UML diagram of the new VSTableMem subclass
and the HecubaSource dependency.

We show the detailed sequence diagram on figure 6.4.
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readHeader()
ok

readData()
ok

getByAlias(string)(retrieve data)

return StorageDict

putColumn()

main:ImporterMain src:HecubaSource vst:VSTableMem hec:Hecuba Server

FIGURE 6.4: Sequence diagram detailing the execution of the
HecubaSource class in VisIVO: data are fetched from Hecuba and
stored in a VSTableMem, which is then available for future pipeline

steps.

6.2.4 Extending VisIVO Library

The last work to obtain the possibility to create fully functional in-memory
pipeline, that would allow in-situ visualization is to extend the already exist-
ing VisIVO Library API to support the new features presented in the previous
sections.

VisIVO Library is organized using environments that are represented using
a variable that contains all settings for a specific operation.

The first step is trivial, and it consists just in adding the Hecuba Importer
to the supported importers. So a user will be capable to setup the Hecuba
importer using the API by setting the format attribute like this:

VI_SetAtt(&importerEnv, VI_SET_FFORMAT, "hecuba")

The second step consists of adding a new environment setting to let the
module use the in-memory version of the importer and the viewer classes. This
was also a trivial step and the user just needs to setup the variable using this
call:

VI_SetAtt(&importerEnv, VI_SET_INMEMORY, "")
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Furthermore, a new library function was implemented to allow users to re-
trieve in-memory vectors generated by the importer with the new VSTableMem
class and pass them to the Viewer. The std::vector can be easily retrieved and
passed from the importer to the viewer, this operation is rather simple and just
takes advantage of the new implementation.

The new function is defined as follows:

int VV_SetTableFromImporter(VisIVOViewer* viewer, VisIVOImporter*

importer, size_t tableIndex);

The first parameter is the VisIVOViewer environment, the second is the
VisIVOImporter environment, and the third specifies the index of the desired
table to retrieve. This is required because each VisIVOImporter can generate
multiple tables, for example, if the simulation contains different types of parti-
cle.

6.3 Results

As a result we will present an example of possible complete in memory pipeline
that simulates a typical usage of the VisIVO Library API while performing in-
situ visualization.

6.3.1 In-situ Pipeline

Using the new added functionalities to VisIVO and its integration with Hecuba,
it is possible to create a simple pipeline that uses the new Hecuba importer and
then the VisIVO Viewer to visualize test data using VisIVO Library.

As for the first step, it consists on executing a producer that retrieves
ChaNGa data from a reading a TIPSY sample file, and then it uses Hecuba
API to send the data to the importer.

For the second step we implemented a pipeline using the VisIVO Library
API. We present a snippet of code from the pipeline:

1 VisIVOImporter importer;

2
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3 VI_SetAtt(&importer, VI_SET_FFORMAT, "hecuba");

4 VI_SetAtt(&importer, VI_SET_INMEMORY, "");

5

6 int result = VI_Import(&importer);

7 if (result != 0) {

8 std::cerr << "Import failed with code: " << result << std::endl;

9 return 1;

10 }

11

12 VisIVOViewer viewer;

13 VV_SetAtt(&viewer, VV_SET_FIELD, "POS_X POS_Y POS_Z");

14 VV_SetAtt(&viewer, VV_SET_LOGSCALE, "");

15 VV_SetAtt(&viewer, VV_SET_USEMEMORY, "");

16 VV_SetAtt(&viewer, VV_SET_AXES, "");

17 VV_SetAtt(&viewer, VV_SET_BOX, "");

18 VV_SetAtt(&viewer, VV_SET_COLOR, "");

19 VV_SetAtt(&viewer, VV_SET_COLORSCALAR, "VEL_X");

20 VV_SetAtt(&viewer, VV_SET_COLORTABLE, "volren_glow");

21 VV_SetAtt(&viewer, VV_SET_OUT, "./output.png");

22 VV_SetAtt(&viewer, VV_SET_IMAGESIZE, "medium");

23

24 if (VV_SetTableFromImporter(&viewer, &importer, 0) != 0) return 0;

25 int visResult = VV_View(&viewer);

The VisIVO Importer environment is defined in the first 11 lines, the re-
quired attributes are set in line 3 and 4, in this case we set the format and the
"use_memory" attribute, using two library calls. Then the importer operation
is executed in line 6.

Subsequently, the VisIVO Viewer environment is also defined with the re-
quired attributes in lines 12-22, in this case the particle coordinates are defined
in line 13 and the "use_memory" attribute in line 15. We also define the required
color settings and the desired filename for the output.

As a final step, in line 24 we use the new function that allows us to retrieve
the data from the Importer, At the moment for our case having only one type
of particle, it retrieves the first table that uses 0 as index, representing the gas
particles.
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The pipeline was tested using a Tipsy file of 2.6 million particles (which
occupies 109MB). And the rendering results showed that it is working correctly,
demonstrating that now VisIVO is capable of performing in-situ visualization.

Currently Hecuba’s C++ API does not support streaming capabilities for the
StorageDict data structure, but it is supported by the Python API. Currently,
we could test the streaming capabilities on a Paraview plugin implemented in
Python on the same Tipsy file. The execution time using a file based approach
was 3.02s, but reduced to 0.91s when using Hecuba to stream data, that means
that it achieave a speed-up of ~3.3×. This test shows what kind of of improve-
ments we can expect when the C++ API will be updated.

Figure 6.5 represents a visualization that is possible to obtain using the pre-
sented pipeline from ChaNGa simulation output.

FIGURE 6.5: Visualization of ChaNGa simulation output.
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6.4 Conclusion

In-situ processing is increasingly adopted to overcome the I/O bottlenecks as-
sociated with storing large-scale simulation outputs. This paradigm is espe-
cially useful in the context of Astrophysics and Cosmology, where the capabil-
ity to analyze data during run-time enables more efficient workflows.

This chapter presents the development and refinement of an in-situ process-
ing strategy leveraging the Hecuba toolset, integrated into the VisIVO visual-
ization environment, to enable in-situ visualization during runtime.

For future work, we are working on adding the capability of in-memory
data handling also to the VisIVO Filter module. This enhancement will enable
more complex workflows, such as the generation of volumetric data using the
data received by the Hecuba importer and then performing volume rendering
without intermediate storage.

The second step would be to perform performance testing to compare the
advantage of the in-situ pipeline and the scalability on simulations of various
sizes. At the moment Hecuba’s C++ API does not fully support the streaming
capabilities, but the current integration in VisIVO will be capable to support
the streaming capabilities as soon as Hecuba will be updated in the following
months.
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Chapter 7

Interactive High-Performance
Visualization

7.1 Introduction

In recent years, Jupyter Notebooks have emerged as an interface for scientific
computing, data analysis, and interactive research workflows. Jupyter Note-
books are incredibly powerful tools as it allows to interactively develop and
present data science projects. Its versatility makes it a powerful tool not only
for education and prototyping but increasingly as a point-of-entry to high-
performance computing (HPC) infrastructures[84].

The shift towards notebook-based interfaces allow to lower the barrier of
entry to new users while maintaining access to powerful computational back-
ends. Traditional HPC environments often rely on command-line tools and
batch scheduling systems, which can be efficient but intimidating for new users
or researchers whose primary expertise is not computer science, as an exam-
ple physicists that may need to visualize simulation data using a tool like Vi-
sIVO Server. Notebooks help improving the usability by offering an interactive,
scriptable, and highly visual interface that brings HPC resources closer to the
flexibility of cloud platforms.

For this reason, it would be useful to allow user to access in a easier way to
VisIVO functionalities.

In this chapter, we discuss the innovative incorporation of VisIVO into the
InterActive Computing (IAC1) service [2] provided by the Cineca HPC centre.

1IAC, https://jupyter.g100.cineca.it/

https://jupyter.g100.cineca.it/
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IAC service allows end users to obtain access to HPC compute nodes via the
web browser, replacing the traditional approach to HPC resources which is
limited to a command line interface via ssh and a queued batch system. Typical
usage scenarios for IAC are interactive analyses, visualizations, and steering
of simulations running on scalable compute services that abstract large-scale
computing resources, which can be used for running highly parallel simulation
applications, but are also suitable for data analysis tasks, involving extreme-
scale data sets.

7.2 Methodology

Integrating the VisIVO kernel into the InterActive Computing service simpli-
fies user workflow, eliminating the need for manual module loading. Previ-
ously, users logging into the Galileo 100 (G100) cluster had to rely on ssh and
command line interface to enable VisIVO functionalities. Still, with such an
approach the generated PNG files were not easily accessible within the cluster.
On the other hand, in the alternative approach we tested in this work, we cre-
ated a dedicated Jupyter kernel for VisIVO inside the InterActive Computing
interface. The VisIVO kernel is now pre-configured, allowing users to log into
the InterActive Computing service and select the VisIVO kernel, which auto-
matically loads the VisIVO module. It enables seamless execution of VisIVO
commands without additional configuration, ensuring that all generated PNG
files are instantly visible within the web interface. The integration simplifies
the process and enhances efficiency, allowing users to focus on their scientific
visualization tasks without dealing with command-line complexities.

7.2.1 VisIVO wrappers

VisIVO is implemented in C/C++; thus, its compilation provides binary ex-
ecutables. Jupyter allow to integrate binary executables in its interface, but
it provides out-of-the-box support for adding interaction with custom Python
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environments. For this reason, we implemented a Python wrapper2 to con-
nect Python and the compiled VisIVO binaries and then executing VisIVO com-
mands within a Python environment.

We mainly rely on the standard library from Python; in particular, we used
the subprocess package to run the available VisIVO commands. Execution de-
tails are recorded using the logging package, which also will be useful the future
developments[47].

The Python wrapper program uses multiple functions to manage the three
main VisIVO commands: VisIVOImporter, VisIVOFilter, and VisIVOViewer.
This is done with the idea of using decorators in the future for those functions
and enhance Visivo functionalities.

This structure ensures that each function is dedicated to a specific com-
mand, each one will focus on the execution of CLI command while also manag-
ing the logging, and validating the passed arguments with the allowed option
to the underlying command.

We focus on the importer function, but the work done on the other function
is very similar. The options from the VisIVOImporter binary are converted as
arguments of the function:

1 def importer(input_file, *flags, mpi=False, tasks=None,

2 fformat=None, out=None, volume=None,

3 compx=None, [...]):

each of the options will be processed to check the variable type usin an
options dictionary defined as follows:

1 options = {

2 "fformat": (fformat, str),

3 "out": (out, str),

4 "volume": (volume, str),

5 "compx": (compx, float),

6 "compy": (compy, float),

7 "compz": (compz, float),

8 "sizex": (sizex, float),

9 [...]

2VisIVO Python Wrapper: https://github.com/VisIVOLab/VisIVOPythonWrapper

https://github.com/VisIVOLab/VisIVOPythonWrapper
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This dictionary is also passed to a function that will pipe the options to the text
command:

1 command = "VisIVOImporter"

2 _corefunction(command, input_file, *flags, mpi=mpi,

3 tasks=tasks, options=options)

We chose this approach over more compact alternatives because we wanted
to hide as much as possible the VisIVO CLI in the background to the user. For
this reason, we opted to list all the possible options as function arguments,
rather then embedding them in a single optional list of tuples.

We present now the main aspects of the execution of the _corefunction. At
first it checks the type of the options values passed from the outer function:

1 worked_options = {}

2 if options:

3 for key, (val, expected_type) in options.items():

4 if val is not None:

5 if not isinstance(val, expected_type):

6 raise TypeError(f"'{key}' must be of

7 type {expected_type.__name__}")

8 if expected_type is bool:

9 if val: # add only if True

10 worked_options[key] = val

11 else:

12 worked_options[key] = val

Then, it converts the boolean variables into options without values, and the
other ones into options with values:

1 for option, value in worked_options.items():

2 if isinstance(value, (list, tuple)):

3 command.append(f"--{option}")

4 command.extend(map(str, value))

5 elif value and type(value) != bool:

6 command.append(f"--{option}")

7 command.append(str(value))

8 else:
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9 if value != False:

10 command.append(f"--{option}")

Finally, the VisIVO command requested to run is completed by adding the in-
put file:

1 command.append(input_file)

Such a command run either using MPI or serially, if the desired imported mod-
ule supports, and depending if the variables mpi and tasks are set or not:

1 if mpi:

2 mpi_command = ["mpirun", "-n", str(tasks)]

3 + command

4 logging.debug(f"Running MPI command:

5 {mpi_command}")

6 result = subprocess.run(mpi_command, capture_output=

7 True, text=True)

8 else:

9 logging.debug(f"Running command: {command}")

10 result = subprocess.run(command, capture_output=

11 True, text=True)

We also integrated within the VisIVO wrapper the Pillow module to im-
prove image visualization efficiency, especially for PNG files. Viewing images
directly from the command line can be time-consuming, often requiring exter-
nal tools or manual file opening. By incorporating Pillow, users can display im-
ages seamlessly within the VisIVO Python environment, eliminating the need
for additional steps. This enhancement significantly speeds up the workflow
and provides the convenience of immediate image rendering within Jupyter
notebooks, making graphical output analysis easier.

7.2.2 Deployment

In this section we present the details of the deployment. This work was per-
formed in collaboration with CINECA colleagues, and it is useful to illustrate
the steps required to have a fully functional VisIVO environment on the IAC
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platform. The deployment was achieved using Ansible consistently with what
it was done for ICE4HPC3 by E4 analytics. The creation of the environment
involves four steps:

1. Spack module compilation for VisIVO

2. conda environment creation via Ansible on the IAC backend nodes

3. installation of the Python wrappers from the GitHub repository

4. customization of ipykernel.

The first step consisted of compiling VisIVO and its dependencies using
Spack[43]. While this appears straightforward, the IAC environment had some
limitations that required several adjustments. In particular, the IAC service
does not support a graphical display server (such as X11 or Wayland), because
users access the interface exclusively through the web. As a consequence, all
rendering performed by VisIVO, especially in the Viewer component, which
relies heavily on VTK, must use off-screen rendering.

To satisfy this requirement, we modified the Spack package recipes of VTK,
Glew, Mesa, and other graphical libraries to force the OSMesa backend. This
implicitly disables any OpenGL implementation that requires a windowing
system. Because VTK depends on a large number of optional rendering mod-
ules, each one had to be configured manually to ensure full compatibility with
the headless pipeline. The resulting Spack module is completely self-contained:
it provides a version of VisIVO compiled against a consistent stack of off-
screen-capable graphics libraries. This guarantees that any rendering opera-
tion invoked from a Jupyter notebook can produce images without requiring
an actual display.

The second step consisted in creating a conda environment on every back-
end node that participates in the IAC service. Because Jupyter notebooks may
be executed on any of these nodes, the environment must be identical and lo-
cally available everywhere. Installing the environment on the cluster’s parallel
file system proved impractical: conda environments contain thousands of small
files, which the parallel file system handles very inefficiently. Our tests showed

3ICE4HPC, https://www.e4company.com/ice4hpc/
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that loading the environment from the parallel file system resulted in Jupyter
start-up delays of several tens of seconds, due to metadata access bottlenecks.

To solve this problem, Ansible was used to deploy the conda environment
directly onto the local storage of each backend node. Ansible playbooks auto-
mate environment creation, package installation, path configuration, and val-
idation. The deployment is performed in parallel using the Ansible controller
running on the login node, and the inventory explicitly lists all nodes in the
IAC partition. This ensures that every node contains an identical Python envi-
ronment, independently of the parallel filesystem. The environment includes:
the Python standard library (used by the VisIVO wrappers); scientific pack-
ages such as NumPy, Pillow, and Matplotlib; supplementary tools required for
interactive plotting and in-notebook image display.

Python provides a clear advantage over the traditional VisIVO experience
by allowing the users to perform their data analysis combining both the VisIVO
tools and the traditional Python tools, and also by allowing to display the gen-
erated images on the fly using IPython display functionalities inside the Jupyter
web interface.

Once the base environment is in place, Ansible retrieves the VisIVO Python
wrappers directly from the project’s GitHub repository. These wrappers expose
the C++ functionality of VisIVO (Importer, Filters, Viewer) as high-level Python
functions, making it possible to script visualization workflows directly in the
notebook. After installation, the playbooks perform a validation phase that
checks:

• whether the Python modules can locate the VisIVO executables installed via
Spack;

• whether the OSMesa-enabled Viewer can produce an image when invoked
from Python;

• whether the wrappers correctly load, display, and manipulate a simple test
dataset.

This step ensures that Python, VisIVO, and the headless rendering backend are
correctly integrated before exposing the environment to users.
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The final step consists in adapting Jupyter’s kernel configuration so that
every notebook session automatically loads the correct execution environment.
In the VisIVO kernel, we added a Bash prolog that:

• loads the Spack module containing the VisIVO installation;

• exports environment variables required by OSMesa and VTK;

• activates the conda environment configured in the previous step;

• adjusts the Python path so that the VisIVO wrappers are immediately avail-
able.

This ensures that users launching a VisIVO notebook do not need to perform
any manual setup. The kernel environment is guaranteed to be consistent
across all nodes and across all sessions.

FIGURE 7.1: IAC launcher, showing the available VisIVO note-
book.

In figure 7.1 we show the selection of the available environments within the
IAC platform and the button for selecting VisIVO for both notebooks or console
environment.
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7.3 Results

In this section, we demonstrate the successful integration of VisIVO within the
InterActive Computing environment through a set of interactive notebooks,
each base on the CWL workflows defined in the Results section in Chapter
5. These notebooks will show the correctness of the previously presented Vi-
sIVO wrappers by showing the support of all VisIVO functionalities and the
improvement on usability provided.

7.3.1 Interactive Notebooks

FIGURE 7.2: Jupyter notebook running VisIVO via web browser
on a compute node of Galileo 100 cluster

Within the InterActive Computing infrastructure the VisIVO module is
available to be launched as a notebook or console environment, in Figure 7.2
we show how the platform presents to the end user.

Notebook Workflow n. 1

This notebook reproduces the operations of Workflow1 using the VisIVO mod-
ule in an interactive environment. This workflow consisted of a simple point



Chapter 7. Interactive High-Performance Visualization 119

rendering of particles; the same sequence is now executed step-by-step inside
a Jupyter notebook.

All the interactive notebooks require the VisIVO wrappers module to be
loaded, so the first step of each of the notebook will need to do this and it will
also load the iPython package to display images and plots. The first cell of the
notebook will have the following commands:

1 import visivo

2 from IPython.display import Image

Then, the second cell uses the importer function in the visivo module, in this
case it will pass an ascii file and indicate the fformat value. The ascii importer
does not support mpi, so it will also set the mpi option as false:

1 visivo.importer("clusterfields4.ascii", fformat="ascii",

2 out="NewTable", mpi=False, tasks=1)

The third cell uses the viewer function, passing the expected VBT and all the
required options:

1 visivo.viewer("NewTable.bin", x="X", y="Y", z="Z", logscale=True,

2 glyphs="pixel", out="img")

The last cell consist on simply displaying inside the notebook the image gener-
ated by the viewer:

1 display(Image(filename='img0'))

Notebook Workflow n.2

This notebook reproduces the operations of Workflow2 using the VisIVO mod-
ule in an interactive environment. The original CWL workflow applied a ran-
domization filter to a GADGET snapshot and performed point rendering on the
resulting data subset. In this case we show that the wrapper supports parallel
importing via MPI in an interactive mode.

The first cell loads the VisIVO wrapper and IPython display utilities as
shown in the previous workflow.

The second cell imports a GADGET snapshot using MPI (4 processes):
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1 visivo.importer("snapdir/snap_091.0", fformat="gadget",

2 out="NewTable", mpi=True, ntasks=4)

This generates a VBT for each particle type in the snapshot (e.g., ‘NewTable-
HALO.bin‘, ‘NewTableGAS.bin‘). The third cell applies a randomization filter
to the HALO data:

1 visivo.filter("NewTableHALO.bin", op="randomizer",

2 perc=50.0, out="NewTableHALORand.bin")

The last cell performs point rendering of the randomized VBT and displays
the output image:

1 visivo.viewer("NewTableHALORand.bin", x="POS_X", y="POS_Y", z="POS_Z",

2 out="img")

3 display(Image(filename='img0'))

Notebook Workflow n.3

This notebook reproduces the operations of Workflow3 using the VisIVO mod-
ule in an interactive environment. The original workflow applied two filters,
PointProperty and Merge, to a GADGET snapshot, and then rendered the par-
ticle distribution using a scalar color map based on computed densities.

The second cell imports a GADGET snapshot using MPI:

1 visivo.importer("snapdir/snap_091.0", fformat="gadget",

2 out="NewTable", mpi=True, ntasks=4)

This generates separate VBTs for each particle type. The third cell applies a
PointProperty filter to the HALO data, computing a density field:

1 visivo.filter("NewTableHALO.bin", op="pointproperty",

2 resolution="512 512 512",

3 points="POS_X POS_Y POS_Z",

4 out="density.bin", outcol="density")

The fourth cell merges the original HALO VBT and the new density VBT
into a single table:
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1 visivo.filter(op="merge", filelist="tabselection.txt",

2 out="NewTableHALOMerge.bin")

The final cell visualizes the merged table, using the density field for color
mapping:

1 visivo.viewer("NewTableHALOMerge.bin",

2 x="POS_X_tab_1", y="POS_Y_tab_1", z="POS_Z_tab_1",

3 color=True, colorscalar="density_tab_2",

4 colortable="volren_glow", logscale=True, out="img")

5 display(Image(filename='img0'))

Notebook Workflow n.4

This notebook reproduces the operations of Workflow4 using the VisIVO mod-
ule in an interactive environment. The original CWL workflow applied a
PointDistribute filter to a GADGET snapshot to compute a 3D density volume,
which was then visualized through volume rendering.

The second cell imports a GADGET snapshot using MPI as the previous
workflows:

1 visivo.importer("snapdir/snap_091.0", fformat="gadget",

2 out="NewTable", mpi=True, ntasks=4)

The third cell applies a PointDistribute filter to the HALO data to compute
a volume-based density field:

1 visivo.filter("NewTableHALO.bin", op="pointdistribute",

2 resolution="256 256 256",

3 points="POS_X POS_Y POS_Z",

4 out="densityvolume.bin")

The final cell performs volume rendering of the generated density volume
and displays one of the resulting images:

1 visivo.viewer("densityvolume.bin", volume=True, vrendering=True,

2 vrenderingfield="Constant", color=True,

3 colortable="volren_glow", showlut=True, out="img")

4 display(Image(filename='img0'))
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7.4 Conclusion

This chapter presented the integration of VisIVO within the InterActive Com-
puting (IAC) service to enable interactive, high-performance scientific visual-
ization using a Jupyter-based environment. By developing a set of custom
Python wrappers around the core VisIVO command-line tools, we created a
modular and user-friendly interface that allows the user to interact with Vi-
sIVO for scientific visualization.

The deployment strategy, implemented using Ansible and Spack, ensures
consistent software environments across compute nodes and supports off-
screen rendering through OSMesa. Through a set of interactive Jupyter note-
books mirroring the CWL workflows introduced earlier in the thesis, we
demonstrated that all core VisIVO functionalities can be executed seamlessly
in a notebook interface, with support for MPI and image display. This work
improves usability for HPC users.

As for future work there is the possibility to add multiple extensions to the
already developed wrappers. For example, specific functions to display images
with embedded plots might be easily added relying on the wide availability of
Python graphical tools.

A second future development could be to exploit the function-based struc-
ture and avoid VisIVO local installation by using a REST API built using Flask
Library to enable remote execution of VisIVO on a server. The main goal would
be to expose the application’s functionality through HTTP endpoints and pro-
vide an interactive interface that abstracts the complexity of back-end opera-
tions and it would be also easy to obtain using Flask decorator applied directly
to the already defined functions without the need of refactoring the code.
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Chapter 8

Conclusion

8.1 Conclusion and remarks

This thesis proposed multiple solutions to evolve VisIVO in order to exploit
heterogeneous HPC environments, following the objectives set in Chapter 1.

First, we identified code mantainability and modularity as an important re-
quirement to be able to add functionalities. We started the work by doing an
analysis of the C++ codebase and then focused on refactoring some classes of
the Importer, Filter, and Viewer modules. By decomposing monolithic meth-
ods, clarifying data structures, and removing dead code, the most critical hot
spots saw large reductions in cyclomatic complexity, making the software eas-
ier to test, extend, and improving the readability. At the moment this refactor-
ing has been applied on three main classes, one for each of the VisIVO Server
modules.

Second, we addressed the limitations imposed by storage. One of the im-
porters was parallelized to exploit distributed filesystems, using a hybrid MPI/
OpenMP strategy capable of execution on multi-node and multi-core plat-
forms. The design emphasized file-per-process access and large, positional
I/O, which delivered consistent speedups on HPC systems, up to 5.47x on 8
nodes.

In addition, an in-situ approach was implemented by integrating Hecuba
in VisIVO to limit storage usage. An in-memory data structure based on the
already available VSTable interface bypassing disk I/O; coupled with a new
HecubaSource, this enabled pipelines using importer and viewer to operate
directly on in-memory data. Preliminary tests on similar pipelines with the
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Python API showed speedups of 3.3× compared to file-based approaches, indi-
cating the potential performance gains once the C++ API fully supports stream-
ing.

Third, portability and reproducibility were addressed by adapting common
VisIVO pipelines as CWL workflows and executing them with StreamFlow as
hybrid workflows. Separating workflow logic from execution environments al-
lowed the same pipelines to run on cloud and HPC backends easily by defining
them with CWL standard. This approach was tested on the HPC4AI platform,
and together with containerization demonstrated improved ease of use, porta-
bility and reproducibility of VisIVO’s workflows.

Finally, to improve usability of VisIVO on HPC platforms, we integrated Vi-
sIVO into Cineca’s InterActive Computing platform. The Python wrappers and
a dedicated Jupyter kernel lowered the entry barrier for interactive, notebook-
driven usage, while still supporting MPI and OpenMP execution, thus combin-
ing ease of use with scalable performance.

All of these contributions show a coherent route for the evolution of VisIVO
that addresses maintainability, I/O bottlenecks, portability, and usability, mak-
ing it better suited for modern and future HPC infrastructures.

Future work

Related to chapter 3 it will be needed to perform the same refactoring tech-
niques also on other critical classes that have functions with high cyclomatic
complexity such as the VolumePipe class for volume rendering, which is a fun-
damental function for many VisIVO workflows.

Two of the simpler future works related to chapter 6 are natural and ex-
pected. First, completing the in-memory pipeline by adding the support to the
in-memory data structure to multiple filters, this would remove the file depen-
dencies in common workflows. Second, testing the pipeline when streaming
support in Hecuba’s C++ API is added.

Another required future development will be to parallelize other importers
similarly as the work done in chapter 4. It will also be required to explore
the parallelization for filters and viewer classes, which will need a different
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Refactor VisIVO classes

Parallelize importer
(MPI/OpenMP)

In-situ visualiza-
tion with Hecuba

Model pipelines in
CWL with StreamFlow

Python wrappers +
Jupyter integration at IAC

Reduced cyclomatic
complexity by up to 94%

Importer speedups up
to 5.47× on 8 nodes

Prototype in-situ pipeline,
speedup ∼3.3× expected

Portable workflows with
CWL + StreamFlow

Interactive HPC
use through

Jupyter notebooks

FIGURE 8.1: Thesis objectives (left) and achieved results (right).

approaches and we are currently exploring the possibility to perform the par-
allelization exploiting GPUs on filters using CUDA or VTK-m[16], a toolkit of
scientific visualization algorithms for emerging processor architectures, sup-
porting fine-grained concurrency for data analysis.
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Appendix A

AppendixA

This appendix reports extended results obtained from the static analysis of Vi-
sIVO Server code before refactoring that we presented in part in chapter 3.

A.1 Inheritance Graphs

The following figures represent the inheritance graph for each VisIVO Server
modules: Importer, Filters and Viewer. The inheritance graphs are all similar
and are useful to show graphically the modularity of VisIVO’s code given by a
single abstract class.
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AbstractSource

AsciiSource

BinSource

CSVSource

ChangaSource

FitsImageSource

FitsTableSource

FlySource

GadgetSource

HDF5Source

MuPortalSource

RamsesSource

RawGridSource

RawPointsSource

VOSource

VOSourcenew

VTKSource

XmlSource

FIGURE A.1: Inheritance Graph Importer Module
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VSTableOp

VSAddIdOp

VSAhfHaloGalaxyExtOp

VSAhfHaloListOp

VSAppendOp

VSChangeColNameop

VSClusterCellOp

VSCoarseVolumeOp

VSCutOp

VSDecimatorTableOp

VSExampleOp

VSExtractListRowsOp

VSExtractSubVolumeOp

VSGrid2PointDistr

VSIncludeOp

VSInterpolateOp

VSMRCamPos

VSMathOp

VSMergeOp

VSModuleOp

VSMuPortalOp

VSPointDistributeOp

VSPointPropertyOp

VSPolarOp

VSPrintTableOp

VSRandomizerTableOp

VSSelectColumnsOp

VSSelectFieldOp

VSSelectVolOp

VSShowTableOp

VSSigmaContoursOp

VSSphereOp

VSSplitTableOp

VSStatisticOp

VSSwapOp

VSVisualOp

VSVolLimitOp

VSWriteVotableOp

VSvbt2ahf

VSObject

FIGURE A.2: Inheritance Graph Filters Module
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Pipe

IsosurfacePipe

PointsPipe

PointsSmoothPipe

SlicerPipe

SplotchPipe

SplotchPipeCamera

VectorPipe

VolumePipe

VtkImagePipe

FIGURE A.3: Inheritance Graph Viewer Module
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A.2 Procedural Metrics - General

This section presents procedural metrics obtained with CCCC tool of the class
for the three VisIVO modules. The metrics considered for this section are LOC,
MVG and COM.

A.2.1 Importer

Class Name LOC MVG COM

AbstractSource 107 6 65
AsciiSource 242 60 71
BinSource 203 79 63
CSVSource 163 41 56
ChangaSource 172 39 70
FitsImageSource 177 32 16
FitsTableSource 553 114 77
FlySource 389 95 83
GadgetSource 557 116 88
HDF5Source 394 104 106
HecubaSource 146 15 25
MuPortalSource 213 54 69
RamsesSource 269 49 141
RawGridSource 236 55 64
RawPointsSource 359 76 82
VoSource 233 48 45
VoSourcenew 443 116 46
VTKSource 165 31 12
XmlSource 654 160 101

TABLE A.1: General Procedural Metrics — Importer Classes
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A.2.2 Filter

Class Name LOC MVG COM

VSTableOp 108 25 81
VSAddIdOp 145 26 23
VSAhfHaloGalaxyExtOp 261 63 27
VSAhfHaloListOp 197 40 26
VSAppendOp 193 36 69
VSChangeColNameop 69 15 32
VSClusterCellOp 475 102 55
VSCoarseVolumeOp 463 104 55
VSCutOp 437 95 45
VSDecimatorTableOp 303 61 22
VSExampleOp 100 19 68
VSExtractListRowsOp 643 149 33
VSExtractSubVolumeOp 359 88 45
VSGrid2PointDistr 681 214 71
VSIncludeOp 263 59 32
VSInterpolateOp 593 129 41
VSMRCamPos 473 86 64
VSMathOp 347 77 198
VSMergeOp 335 76 78
VSModuleOp 227 53 10
VSMuPortalOp 313 52 150
VSPointDistributeOp 901 267 126
VSPointPropertyOp 447 102 55
VSPolarOp 262 54 17
VSPrintTableOp 24 3 54
VSRandomizerTableOp 311 64 21
VSSelectColumnsOp 180 29 12
VSSelectFieldOp 469 102 47
VSSelectVolOp 438 98 46
VSShowTableOp 240 44 33
VSSigmaContoursOp 375 112 53
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Class Name LOC MVG COM

VSSphereOp 430 82 49
VSSplitTableOp 420 96 45
VSStatisticOp 294 121 40
VSSwapOnOp 195 48 33
VSVisualOp 381 86 52
VSVisualLimitOp 349 83 42
VSWriteVotableOp 242 43 49
VSvbt2ahf 279 53 30

TABLE A.2: General Procedural Metrics — Filter Classes

A.2.3 Viewer

Class Name LOC MVG COM

Pipe 816 177 256
IsosurfacePipe 200 36 87
PointsPipe 507 140 160
PointsSmoothPipe 298 55 75
SlicerPipe 258 42 121
SplotchPipe 31 3 27
SplotchPipeCamera 398 69 88
VolumePipe 862 129 321
VolumeSlicer 668 137 85
VtkImagePipe 328 70 78

TABLE A.3: General Procedural Metrics — Viewer Classes
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A.3 Procedural Metrics - Specific Classes

This section presents the same metrics considered in the previous one for some
of the more critical classes from the VisIVO modules. In this case the metrics
are more specific for each of the functions of each class.

A.3.1 GadgetSource Class

Function Name LOC MVG COM

checkMultipleFiles 14 4 0
readData 361 78 71
readHeader 83 23 8
readMultipleHeaders 16 3 1
swapHeaderType1 29 4 3
swapHeaderType2 37 4 4
updateNpart2 1 0 0

TABLE A.4: Procedural Metrics — GadgetSource Functions
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A.3.2 VSPointDistributeOp Class

Function Name LOC MVG COM

VSPointDistributeOp 54 0 4
allocateArray(int) 192 50 6
allocateArray(int,bool) 2 0 0
computeModelBounds 94 30 20
execute 1152 386 160
executeArray 1 0 0
getOrigin 20 6 4
getSpacing 20 6 4
printHelp 52 2 4
setArray 1 0 0
setOrigin 40 14 2
setSpacing 94 34 2
~VSPointDistributeOp 24 6 4

TABLE A.5: Procedural Metrics — VSPointDistributeOp Func-
tions
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A.3.3 Pipe Class

Function Name LOC MVG COM

colorBar 45 3 6
constructVTK 21 0 51
createPipe 15 3 6
destroyVTK 30 9 6
getCamera 14 3 6
readData 14 3 6
saveImageAsPng 181 46 26
setAxes 74 3 11
setBoundingBox 96 15 19
setCamera() 1 0 0
setCamera(...) 2 0 0
setCamera(SplotchCamera*) 287 92 119

TABLE A.6: Procedural Metrics — Pipe Functions

A.3.4 VolumePipe Class

Function Name LOC MVG COM

VolumePipe 62 0 89
colorBar 15 1 2
createPipe 515 95 186
destroyAll 53 0 11
setLookupTable 127 33 18
~VolumePipe 57 0 11

TABLE A.7: Procedural Metrics — VolumePipe Functions
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A.4 Object-Oriented Metrics

This section presents object-oriented metrics obtained with CCCC for the class
of each of the three VisIVO modules. The specific metrics are the following
ones: DIT, NOC, CBO.

A.4.1 Importers

Class Name DIT NOC CBO

AbstractSource 0 18 18
AsciiSource 1 0 1
BinSource 1 0 2
CSVSource 1 0 1
ChangaSource 1 0 4
FitsImageSource 1 0 3
FitsTableSource 1 0 3
FlySource 1 0 3
GadgetSource 1 0 4
HDF5Source 1 0 4
HecubaSource 1 0 3
MuPortalSource 1 0 1
RamsesSource 1 0 4
RawGridSource 1 0 3
RawPointsSource 1 0 3
VoSource 1 0 2
VoSourcenew 1 0 6
VTKSource 1 0 1
XmlSource 1 0 5

TABLE A.8: Object-Oriented Metrics — Importer Classes
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A.5 Filters

Class Name DIT NOC CBO

VSTableOp 1 38 44
VSAddIdOp 2 0 1
VSAhfHaloGalaxyExtOp 2 0 3
VSAhfHaloListOp 2 0 3
VSAppendOp 2 0 2
VSChangeColNameop 2 0 1
VSClusterCellOp 2 0 1
VSCoarseVolumeOp 2 0 2
VSCutOp 2 0 2
VSDecimatorTableOp 2 0 2
VSExampleOp 2 0 1
VSExtractListRowsOp 2 0 4
VSExtractSubVolumeOp 2 0 2
VSGrid2PointDistr 2 0 2
VSIncludeOp 2 0 2
VSInterpolateOp 2 0 1
VSMRCamPos 2 0 1
VSMathOp 2 0 3
VSMergeOp 2 0 3
VSModuleOp 2 0 1
VSMuPortalOp 2 0 1
VSPointDistributeOp 2 0 2
VSPointPropertyOp 2 0 1
VSPolarOp 2 0 1
VSPrintTableOp 2 0 1
VSRandomizerTableOp 2 0 2
VSSelectColumnsOp 2 0 1
VSSelectFieldOp 2 0 2
VSSelectVolOp 2 0 2
VSShowTableOp 2 0 1
VSSigmaContoursOp 2 0 2
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Class Name DIT NOC CBO

VSSphereOp 2 0 2
VSSplitTableOp 2 0 2
VSStatisticOp 2 0 1
VSSwapOnOp 2 0 1
VSVisualOp 2 0 3
VSVisualLimitOp 2 0 2
VSWriteVotableOp 2 0 3
VSvbt2ahf 2 0 1

TABLE A.9: Object-Oriented Metrics — Filter Classes

A.5.1 Viewers

Class Name DIT NOC CBO

Pipe 0 9 15
IsosurfacePipe 1 0 2
PointsPipe 1 0 12
PointsSmoothPipe 1 0 6
SlicerPipe 1 0 4
SplotchPipe 1 0 1
SplotchPipeCamera 1 0 12
VolumePipe 1 0 12
VolumeSlicer 1 0 10
VtkImagePipe 1 0 12

TABLE A.10: Object-Oriented Metrics — Viewer Classes
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Appendix B

AppendixB

This appendix reports the CWL and YML files used to define the workflows
we presented in part in chapter 5.

B.1 Workflow 1

B.1.1 Workflow CWL

The listing 8 show the CWL code for Workflow 1 defining the inputs are re-
quired to the workflow and their type, the outputs and the folder where they
will be stored.



Appendix B. AppendixB 140

cwlVersion: v1.0
class: Workflow

inputs:
srcImpW0: File
srcImpW1: File
srcViewW0: File

outputs:
outViewW:

type: File[]
outputSource: viewer/outView

steps:
importer:

run: docker_VisIVOImporter.cwl
in:

srcImp0: srcImpW0
srcImp1: srcImpW1

out: [outImp0, outImp1]

viewer:
run: docker_VisIVOViewer.cwl
in:

srcView0: srcViewW0
srcView1: importer/outImp0
srcView2: importer/outImp1

out: [outView]

LISTING 8: CWL describing Workflow 1

B.1.2 YML file for inputs definition

The following listing 9 show the definition of all the inputs of Workflow 1.

srcImpW0:
class: File
path: paramFile_Imp.txt

srcImpW1:
class: File
path: clusterfields4.ascii

srcViewW0:
class: File
path: paramFile_View.txt

LISTING 9: YML file describing the inputs
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B.1.3 Workflow Steps CWL

This section shows the CWL for all the steps of Workflow 1, it consists of two
steps: Import and Viewer.

B.1.4 VisIVO Importer Step

Listing 7 shows the CWL code for the importer step of Workflow 1.

cwlVersion: v1.0
class: CommandLineTool
baseCommand: VisIVOImporter
requirements:

DockerRequirement:
dockerPull: visivolab/visivoserver:latest

InitialWorkDirRequirement:
listing:

- $(inputs.srcImp1)
inputs:

srcImp0:
type: File
inputBinding:

position: 1
srcImp1:

type: File
outputs:

outImp0:
type: File
outputBinding:

glob: VisIVOServerBinary.bin
outImp1:

type: File
outputBinding:

glob: VisIVOServerBinary.bin.head

LISTING 10: CWL describing Importer Step for Workflow 1

B.1.5 VisIVO Viewer Step

Listing 11 shows the CWL code for the viewer step of Workflow 1.
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cwlVersion: v1.0
class: CommandLineTool
baseCommand: VisIVOViewer
requirements:

DockerRequirement:
dockerPull: visivolab/visivoserver:latest

InitialWorkDirRequirement:
listing:

- $(inputs.srcView0)
- $(inputs.srcView1)
- $(inputs.srcView2)

inputs:
srcView0:

type: File
srcView1:

type: File
srcView2:

type: File
arguments:

- position: 1
valueFrom: $(inputs.srcView0.basename)

outputs:
outView:

type: File[]
outputBinding:

glob: VisIVOServerImage*.png

LISTING 11: CWL describing Viewer Step for Workflow 1

B.2 Workflow 2

B.2.1 Workflow CWL

The listing 12 show the CWL code for Workflow 2 defining the inputs are re-
quired to the workflow and their type, the outputs and the folder where they
will be stored.
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cwlVersion: v1.0
class: Workflow

inputs:
messageW: int
srcImpnpW: int
srcImpW0: File
srcImpW1: Directory
srcFilterW0: File
srcViewW0: File

outputs:
outViewW:

type: File[]
outputSource: viewer/outView

steps:
importer:

run: docker_VisIVOImporter_Par_OpenMP_MPI_1.cwl
in:

message: messageW
srcImpnp: srcImpnpW
srcImp0: srcImpW0
srcImp1: srcImpW1

out: [outImp0, outImp1, outImp2, outImp3]
filter:

run: docker_VisIVOFilter.cwl
in:

srcFilterF0: srcFilterW0
srcFilterF1: importer/outImp0
srcFilterF2: importer/outImp1

out: [outFilterF0, outFilterF1]
viewer:

run: docker_VisIVOViewer_GADGET_Post_F.cwl
in:

srcView0: srcViewW0
srcView1: filter/outFilterF0
srcView2: filter/outFilterF1

out: [outView]

LISTING 12: CWL describing Workflow 2

B.2.2 YML file for inputs definition

The following listing 13 show the definition of all the inputs of Workflow 2.
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messageW: 2
srcImpnpW: 4
srcImpW0:

class: File
path: paramFile_Imp_Par_MPI.txt

srcImpW1:
class: Directory
path: snapdir

srcFilterW0:
class: File
path: paramFile_Filter.txt

srcViewW0:
class: File
path: paramFile_View_GADGET_Post_F.txt

LISTING 13: YML file describing the inputs

B.2.3 Workflow Steps CWL

This section shows the CWL for all the steps of Workflow 2, it consists of three
steps: Import, Filter and Viewer.

B.2.4 VisIVO Importer Step

Listings 14 and 15 show the CWL code for the importer step of Workflow 2.
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cwlVersion: v1.0
class: CommandLineTool
baseCommand: mpirun
requirements:

DockerRequirement:
dockerPull: visivolab/visivoserver:latest

InitialWorkDirRequirement:
listing:

- $(inputs.srcImp1)
EnvVarRequirement:

envDef:
OMP_NUM_THREADS: $(inputs.message)

arguments:
- "--allow-run-as-root"
- valueFrom: "VisIVOImporter"

position: 2

LISTING 14: CWL describing Importer Step for Workflow 2 (Part
1)
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inputs:
message: int
srcImpnp:

type: int
inputBinding:

position: 1
prefix: --np

srcImp0:
type: File
inputBinding:

position: 3
srcImp1:

type: Directory
outputs:

outImp0:
type: File
outputBinding:

glob: NewTableHALO.bin
outImp1:

type: File
outputBinding:

glob: NewTableHALO.bin.head
outImp2:

type: File
outputBinding:

glob: NewTableGAS.bin
outImp3:

type: File
outputBinding:

glob: NewTableGAS.bin.head

LISTING 15: CWL describing Importer Step for Workflow 2 (Part
2)

B.2.5 VisIVO Filter Step

Listing 16 shows the CWL code for the filter step of Workflow 2.
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cwlVersion: v1.0
class: CommandLineTool
baseCommand: VisIVOFilter
requirements:

DockerRequirement:
dockerPull: visivolab/visivoserver:latest

InitialWorkDirRequirement:
listing:

- $(inputs.srcFilterF0)
- $(inputs.srcFilterF1)
- $(inputs.srcFilterF2)

inputs:
srcFilterF0:

type: File
srcFilterF1:

type: File
srcFilterF2:

type: File
arguments:

- position: 1
valueFrom: $(inputs.srcFilterF0.basename)

outputs:
outFilterF0:

type: File
outputBinding:

glob: NewTableHALORand.bin
outFilterF1:

type: File
outputBinding:

glob: NewTableHALORand.bin.head

LISTING 16: CWL describing Filter Step for Workflow 2

B.2.6 VisIVO Viewer Step

Listing 17 shows the CWL code for the viewer step of Workflow 2.
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cwlVersion: v1.0
class: CommandLineTool
baseCommand: VisIVOViewer
requirements:

DockerRequirement:
dockerPull: visivolab/visivoserver:latest

InitialWorkDirRequirement:
listing:

- $(inputs.srcView0)
- $(inputs.srcView1)
- $(inputs.srcView2)

inputs:
srcView0:

type: File
srcView1:

type: File
srcView2:

type: File
arguments:

- position: 1
valueFrom: $(inputs.srcView0.basename)

outputs:
outView:

type: File[]
outputBinding:

glob: VisIVOServerImage*.png

LISTING 17: CWL describing Viewer Step for Workflow 2

B.3 Workflow 3

B.3.1 Workflow CWL

The listing 18 shows the CWL code for Workflow 3 defining the inputs are
required to the workflow and their type, the outputs and the folder where they
will be stored.
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cwlVersion: v1.0
class: Workflow

inputs:
messageW: int
srcImpnpW: int
srcImpW0: File
srcImpW1: Directory
srcFilterF1W0: File
srcFilterF2W0: File
srcFilterF2W1: File
srcViewW0: File

outputs:
outViewW:

type: File[]
outputSource: viewer/outView

steps:
importer:

run: docker_VisIVOImporter_Par_OpenMP_MPI_1.cwl
in:

message: messageW
srcImpnp: srcImpnpW
srcImp0: srcImpW0
srcImp1: srcImpW1

out: [outImp0, outImp1, outImp2, outImp3]
filter1:

run: docker_VisIVOFilter_F1.cwl
in:

srcFilterF10: srcFilterF1W0
srcFilterF11: importer/outImp0
srcFilterF12: importer/outImp1

out: [outFilterF10, outFilterF11]
filter2:

run: docker_VisIVOFilter_F2.cwl
in:

srcFilterF20: srcFilterF2W0
srcFilterF21: srcFilterF2W1
srcFilterF22: filter1/outFilterF10
srcFilterF23: filter1/outFilterF11
srcFilterF24: importer/outImp0
srcFilterF25: importer/outImp1

out: [outFilterF20, outFilterF21]
viewer:

run: docker_VisIVOViewer_GADGET_Post_F2.cwl
in:

srcView0: srcViewW0
srcView1: filter2/outFilterF20
srcView2: filter2/outFilterF21

out: [outView]

LISTING 18: CWL describing Workflow 3
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B.3.2 YML file for inputs definition

The following listing 19 show the definition of all the inputs of Workflow 3.

messageW: 2
srcImpnpW: 4
srcImpW0:

class: File
path: paramFile_Imp_Par_MPI.txt

srcImpW1:
class: Directory
path: snapdir

srcFilterF1W0:
class: File
path: paramFile_Filter_F1.txt

srcFilterF2W0:
class: File
path: paramFile_Filter_F2.txt

srcFilterF2W1:
class: File
path: tabselection.txt

srcViewW0:
class: File
path: paramFile_View_GADGET_Post_F2.txt

LISTING 19: YML file describing the inputs

B.3.3 Workflow Steps CWL

This section shows the CWL for all the steps of Workflow 3, it consists of four
steps: Import, two Filters and Viewer.

B.3.4 VisIVO Importer Step

Listings 20 and 21 show the CWL code for the importer step of Workflow 3.
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cwlVersion: v1.0
class: CommandLineTool
baseCommand: mpirun
requirements:

DockerRequirement:
dockerPull: visivolab/visivoserver:latest

InitialWorkDirRequirement:
listing:

- $(inputs.srcImp1)
EnvVarRequirement:

envDef:
OMP_NUM_THREADS: $(inputs.message)

arguments:
- "--allow-run-as-root"
- valueFrom: "VisIVOImporter"

position: 2

LISTING 20: CWL describing Importer Step for Workflow 3 (Part
1)
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inputs:
message: int
srcImpnp:

type: int
inputBinding:

position: 1
prefix: --np

srcImp0:
type: File
inputBinding:

position: 3
srcImp1:

type: Directory
outputs:

outImp0:
type: File
outputBinding:

glob: NewTableHALO.bin
outImp1:

type: File
outputBinding:

glob: NewTableHALO.bin.head
outImp2:

type: File
outputBinding:

glob: NewTableGAS.bin
outImp3:

type: File
outputBinding:

glob: NewTableGAS.bin.head

LISTING 21: CWL describing Importer Step for Workflow 3 (Part
2)

B.3.5 VisIVO Point Distribute Filter Step

Listing 22 shows the CWL code for the Point Distribute filter step of Workflow
3.
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cwlVersion: v1.0
class: CommandLineTool
baseCommand: VisIVOFilter
requirements:

DockerRequirement:
dockerPull: visivolab/visivoserver:latest

InitialWorkDirRequirement:
listing:

- $(inputs.srcFilterF10)
- $(inputs.srcFilterF11)
- $(inputs.srcFilterF12)

inputs:
srcFilterF10:

type: File
srcFilterF11:

type: File
srcFilterF12:

type: File
arguments:

- position: 1
valueFrom: $(inputs.srcFilterF10.basename)

outputs:
outFilterF10:

type: File
outputBinding:

glob: density.bin
outFilterF11:

type: File
outputBinding:

glob: density.bin.head

LISTING 22: CWL describing Point Distribute Filter Step for
Workflow 3

B.3.6 VisIVO Merge Filter Step

Listing 23 shows the CWL code for the Merge filter step of Workflow 3.
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cwlVersion: v1.0
class: CommandLineTool
baseCommand: VisIVOFilter
requirements:

DockerRequirement:
dockerPull: visivolab/visivoserver:latest

InitialWorkDirRequirement:
listing:

- $(inputs.srcFilterF20)
- $(inputs.srcFilterF21)
- $(inputs.srcFilterF22)
- $(inputs.srcFilterF23)
- $(inputs.srcFilterF24)
- $(inputs.srcFilterF25)

inputs:
srcFilterF20:

type: File
srcFilterF21:

type: File
srcFilterF22:

type: File
srcFilterF23:

type: File
srcFilterF24:

type: File
srcFilterF25:

type: File
arguments:

- position: 1
valueFrom: $(inputs.srcFilterF20.basename)

outputs:
outFilterF20:

type: File
outputBinding:

glob: NewTableHALOMerge.bin
outFilterF21:

type: File
outputBinding:

glob: NewTableHALOMerge.bin.head

LISTING 23: CWL describing Merge Filter Step for Workflow 3

B.3.7 VisIVO Viewer Step

Listing 24 shows the CWL code for the viewer step of Workflow 3.
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cwlVersion: v1.0
class: CommandLineTool
baseCommand: VisIVOViewer
requirements:

DockerRequirement:
dockerPull: visivolab/visivoserver:latest

InitialWorkDirRequirement:
listing:

- $(inputs.srcView0)
- $(inputs.srcView1)
- $(inputs.srcView2)

inputs:
srcView0:

type: File
srcView1:

type: File
srcView2:

type: File
arguments:

- position: 1
valueFrom: $(inputs.srcView0.basename)

outputs:
outView:

type: File[]
outputBinding:

glob: VisIVOServerImage*.png

LISTING 24: CWL describing Viewer Step for Workflow 3
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