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Abstract

Visualization enables experts to interpret domain-specific data through cycles of exploration
and decision-making. Immersive visualization—via VR, AR, and MR—has gained attention
for spatial data analysis due to stereoscopic rendering and embodied 6DOF interaction.
Despite progress in immersive analytics, spatial data exploration continues to present
challenges across multiple levels of immersion. This thesis addresses the central ques-
tion: How immersive environments should be designed to support spatial data exploration
effectively and efficiently? First, we investigate imprecise mid-air input for spatial data
selection and introduce target- and context-aware selection techniques for cosmological
data that infer user intent from approximate pointing or stroke input combined with data
properties such as density, generating accurate selection volumes despite occlusion, het-
erogeneous density, and complex geometry. A controlled study shows that these methods
outperform region-based techniques in accuracy and intent alignment. Second, because
our selection techniques depend on computationally expensive scalar fields, we present a
GPU-accelerated adaptive kernel density estimation method that recomputes the field at
finer resolution as users navigate to smaller scales, providing real-time evaluation of fine-
grained structures without perceptible latency. Third, to support multi-scale visualization
while preserving global context, we propose two interfaces that maintain users’ awareness
of scale, position, and orientation, enable smooth transitions across spatial scales, and
support multi-user collaboration. Finally, recognizing that scientific workflows often require
both 2D and 3D representations, we develop a cross-reality environment that unifies a 2D
surface with a 3D AR workspace, allowing visualizations to be placed on the surface, in
space, or both, while maintaining spatial perception and enabling flexible hybrid interaction.
Together, these contributions provide visualization methods, interaction techniques, and
high-performance computing solutions that collectively answer the thesis’s central question
and outline a path toward effective immersive spatial data exploration.
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CHAPTER 1
Introduction

Visualization plays a crucial role in helping experts interpret and understand the complex
phenomena behind the domain-specific datasets [1]. Modern datasets in science and
engineering—whether collected through advanced sensing instruments or generated by
large-scale simulations—contain massive volumes of numerical information that are far too
abstract for direct human interpretation. Visualization addresses this challenge by trans-
forming numerical values into perceptually accessible representations, revealing structures
and patterns that would otherwise remain hidden. Visualization for data from scientific
computing, in particular, focuses on information derived from scientific measurements
or computational simulations. For example, in the medical field, CT and MRI scanners
produce volumetric datasets encoding intensity values throughout the body. Visualization
techniques such as volume rendering convert this data into anatomical structure represen-
tations that clinicians can inspect, slice, and manipulate to support diagnosis and treatment
planning. In astronomy, large-scale N-body simulations generate time-varying particle
data describing galactic evolution. Rendering these particles allows researchers to explore
spatial organization, examine gravitational interactions, and select regions of interest.

These examples illustrate that effective visualization depends not only on how informa-
tion is presented, but also on how users are supported in interpreting and exploring the
underlying features. For decades, traditional 2D displays—such as desktop monitors and
large projection environments—has been the primary medium for examining spatial data.
More recently, immersive environments such as virtual reality (VR), augmented reality (AR),
and mixed reality (MR) have introduced new opportunities for visualizing and interacting with
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complex datasets (shown in Fig. 1.1), attracting growing attention within the visualization
community. A growing body of work over the past decades has demonstrated the value of
immersive environments for spatial data exploration in scientific contexts. In recent years,
advances in simulation techniques and sensing instruments have continued to increase
the size, complexity, and scale of modern scientific datasets. Such datasets are often
large-scale, multi-scale, unstructured, and computationally demanding, placing increasing
demands on visualization, interaction, and computational techniques that help researchers
explore, interpret, and analyze complex spatial data structures. These developments raise
a critical design question for immersive spatial data exploration: How should immersive
environments be designed to support spatial data exploration effectively and effi-
ciently? This question forms the central question of this thesis. Understanding when
and how immersive environments effectively support scientific exploration is essential for
realizing the immersive environments’ potential and avoiding inappropriate or ineffective
use. To investigate this question, we begin by analyzing the challenges that arise when
exploring inherently three-dimensional spatial data in immersive environments, taking into
account both the characteristics of the data and the properties of the environment. Such
considerations are essential, as they encourage us to re-examine common assumptions,
for example, whether all 3D data truly benefits from a 3D immersive environment, and
what specific challenges or limitations immersive systems introduce. Understanding these
factors provides a foundation for selecting or designing appropriate immersive environments,
visualization methods, and interaction techniques that effectively support scientific analysis.

A natural starting point is the inherent properties of spatial datasets, which already
make efficient exploration difficult. Many spatial datasets contain millions or even billions of
elements, placing heavy computational demands on processing and rendering pipelines.
Their structures are often multi-scale, with meaningful features distributed across widely
varying spatial resolutions. In addition, spatial data frequently exhibits complex spatial
organization, such as heterogeneous density distributions, irregular geometries, and strong
occlusion, which challenge users’ ability to perceive relationships and identify patterns.
Comprehensive analysis typically requires navigating between visual representations or
levels of abstraction, which increases cognitive load and demands interaction support.

Given these complexities, it is helpful to reflect on the long-standing role of traditional
2D displays in visualizing spatial data. These systems offer clear advantages: large,
high-resolution screens support detailed inspection, and mouse or touch-based input
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Figure 1.1: A domain expert is exploring the volume data in the immersive environment [2].

enables familiar, direct interaction. Yet, because 2D displays project three-dimensional
structures onto flat surfaces, users must mentally infer depth and spatial relationships from
perspective cues. Interaction is also constrained to the screen plane, limiting the ways
users can physically relate to or navigate within the data. Immersive environments, by
contrast, provide a fundamentally different set of affordances. By placing users inside a
stereoscopic, three-dimensional space, they align more closely with natural human spatial
perception. With six degrees of freedom (6DOF), users can walk around structures, change
viewpoints through natural head movement, and interact with data using mid-air gestures
or tangible controllers. Such embodied interactions can enhance spatial awareness and
make depth, orientation, and structural relationships more perceivable than on 2D displays.

However, immersive environments also introduce significant challenges for spatial data
exploration. First, 6DOF input modalities lack physical support, making precise or fine-
grained operations difficult to perform in mid-air. Second, immersive systems require much
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higher rendering performance—often above 60 frames per second—to maintain visual
stability and prevent motion sickness. These constraints place substantial pressure on
computational pipelines and interaction design, particularly when working with large-scale or
complex spatial datasets. Addressing these challenges requires an integrated perspective
that connects three tightly coupled aspects: visualization, interaction, and computing.
Visualization determines how complex spatial structures are represented and perceived;
interaction determines how users specify intentions, navigate scales, and manipulate data;
and computing determines whether these visualization and interaction can be supported
responsively under the data and latency constraints of immersive environments. This thesis
focuses on visualization, interaction, and computing because these aspects are necessary
foundations for representing spatial structures, supporting user intent and action, and
sustaining responsive performance in immersive environments. Together, these aspects
provide the basis for formulating the research questions addressed in this thesis.

1.1 Visualization

Visualization is the first and most fundamental step in any data exploration workflow. Before
performing analytical tasks, users must perceive, observe, and cognitively interpret visual
representations of the underlying data. Effective visualization provides the essential entry
point for understanding the spatial structure and organization of complex spatial datasets. In
immersive environments, this role becomes even more critical: stereoscopic rendering and
embodied viewpoints allow users to inspect structures from arbitrary angles and perceive
spatial relationships in ways that traditional 2D displays cannot support [3].

In this thesis, we investigate how three core visualization challenges can be addressed
in immersive environments: (1) presenting complex 3D structures, including how to encode
spatial organization in ways that make use of immersion-specific depth cues; (2) visualizing
multi-scale patterns, exploring how users can transition between scales while maintain-
ing orientation, continuity, and a coherent mental model; and (3) integrating 2D and 3D
representations, examining how different immersive levels and display modalities can be
combined to support multi-view analysis without disrupting users’ understanding of the
data. These considerations aim to clarify how immersive environments can be designed to
present spatial datasets in ways that preserve spatial understanding, support multi-scale
reasoning, and maintain mental continuity as users move across immersive levels.
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1.2 Interaction

Once users gain an initial perceptual understanding through visualization, interaction
becomes essential for transforming perception into meaningful analysis. In the context of
three-dimensional spatial datasets, interaction is not merely a mechanism for manipulating
geometry; rather, it is a core component of sense-making. Unlike interactions applied to
predefined geometric objects, interaction techniques for spatial data must support operations
on complex, data-driven structures whose boundaries, shapes, and scales are not known
in advance. Users must be able to adjust viewpoints, select fine-grained regions of interest
in 3D space, and manipulate visualization widgets to reveal internal properties or structural
relationships within the data. Interaction, therefore, plays a critical role in enabling users to
construct analytical understanding-bridging the gap between visual perception and deeper
scientific insight. However, interaction in immersive 3D environments introduces additional
challenges. While 6DOF input affords flexible, embodied manipulation, its lack of physical
support leads to imprecise or unstable actions, making it difficult for users to express
fine-grained intentions or perform targeted operations.

In our scenario, we explore the possibilities of spatial data analysis in immersive envi-
ronments where both visualization of high-volume spatial data and precise interaction are
required. To address these dual challenges, we examine how users act and reason while
engaging with spatial datasets in immersive 3D spaces. Building on these observations, we
develop context-aware and target-aware interaction techniques that account for both users’
intentions and intrinsic characteristics of the data. These techniques are designed to clarify
how precise and meaningful operations can be supported in immersive environments—even
when user input is imprecise—thereby enabling natural and intuitive scientific exploration.

1.3 Computing

Spatial datasets are often massive, high-resolution, and computationally intensive to pro-
cess. They can contain millions of elements, require complex filtering or aggregation,
and frequently involve multi-scale structures and multiple representations that demand
adaptive level-of-detail management. Interactive visualization makes this even more chal-
lenging, as each user action may trigger expensive view-dependent or data-dependent
computations that must update immediately to support analytical continuity. In immersive
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environments, these computational demands become even more pronounced. Render-
ing must remain smooth, latency must be minimal, and system responsiveness must be
preserved to maintain visual comfort and a stable sense of presence.

In this thesis, we investigate how computational techniques can support smooth, re-
sponsive, and scientifically meaningful interaction with large-scale datasets in immersive
environments. We explore GPU-accelerated data structures and real-time algorithms that
reduce latency, adapt rendering fidelity to users’ visual focus, and ensure that interaction
remains fluid even under substantial computational load. Together, these techniques clarify
how immersive systems can remain responsive while handling the complexity of modern
scientific spatial data, which is a critical prerequisite for evaluating whether immersive
environments are suitable for scientific exploration.

1.4 Thesis Statement

Scientific spatial datasets pose substantial challenges for immersive exploration due to
both their inherent properties and the limitations of immersive systems. These challenges
motivate four research questions presented below.

First, although 6DOF input in immersive 3D environments offers flexible navigation
and manipulation, it lacks physical support, reducing the precision required for fine-grained
actions. This limitation raises important concerns about how interaction techniques should
be designed to support the detailed, targeted operations often required in scientific explo-
ration. This leads to our first research question: (RQ1) How can immersive environments
support precise, fine-grained scientific spatial data exploration despite the inherent
imprecision of 6DOF input modalities?

Second, immersive environments place high demands on system performance, as
smooth and stable rendering is essential for maintaining visual comfort and a consistent
sense of presence. At the same time, the large-scale nature of modern scientific spatial
datasets imposes substantial computational burdens on rendering and interaction systems,
making it challenging to sustain the responsiveness required for exploration. This tension
leads to our second research question: (RQ2) How can immersive environments main-
tain responsiveness when exploring computationally demanding spatial datasets?

Third, many spatial datasets exhibit inherently multi-scale spatial structures, with mean-
ingful features distributed across several orders of magnitude. Effective analysis requires
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seamless transitions between large-scale overviews and fine-grained details, yet immersive
environments can make it difficult for users to maintain awareness of position, orientation,
and scale during such transitions. This leads to our third research question: (RQ3) How
can immersive environments support effective navigation across multiple spatial
scales in spatial datasets?

Fourth, spatial datasets often require the examination of multiple data features, which
are commonly visualized through a combination of 2D projections and 3D spatial repre-
sentations. Exploring such heterogeneous representations frequently requires switching
between or integrating across multiple views, which can disrupt visual continuity and in-
crease cognitive load. Immersive environments offer opportunities to spatially arrange these
representations around the user, or even merge views within the surrounding 3D space.
However, it remains unclear how these affordances can be leveraged to meaningfully sup-
port multi-feature scientific exploration. This leads to our fourth research question: (RQ4)
How can immersive environments support the effective presentation and integration
of spatial datasets that rely on multiple 2D and 3D visual representations?

This thesis contributes to:

• three target- and context-aware selection techniques for scalar-field-based spatial
data in immersive environments, addressing RQ1 by enabling accurate interpretation
of user intent and supporting precise, fine-grained operations despite the inherent
imprecision of 6DOF input (refer to Chapter 3);

• a fast, GPU-based kernel density estimation (KDE) method for real-time density
computation, addressing RQ2 by sustaining responsiveness during the exploration of
large-scale and computationally demanding spatial datasets (refer to Chapter 4);

• a hierarchical WiM-based interface that visualizes the multi-scale structure of spatial
data, addressing RQ3 by helping users understand hierarchical relationships and
navigate across different spatial scales in immersive environments (refer to Chapter 5);

• a set of overview+detail layouts that organize global context and local structures
across multiple views, addressing RQ3 by enabling users to access both overview and
fine-scale details and navigate complex multi-scale spatial data (refer to Chapter 5);

• a cross-reality environment that seamlessly integrates monoscopic 2D and stereo-
scopic 3D spaces, addressing RQ4 by providing a unified platform for presenting and
combining multiple 2D and 3D visual representations, thereby supporting coherent
multi-feature spatial data exploration (refer to Chapter 6).
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1.5 Thesis Overview

This thesis is organized into eight chapters, each summarized below:

• Chapter 2: Background and Overview of Related Work. This chapter introduces
the general properties of scientific spatial datasets and illustrates their structural and
computational characteristics through examples including cosmological simulations,
medical CT/MRI volumes, and biomolecular data. It then reviews visualization, in-
teraction, and high-performance computing methods in immersive environments,
situating our research questions within existing work and identifying the gaps that
motivate this thesis.

• Chapter 3: MeTACAST: Target- and Context-aware Spatial Selection in VR. This
chapter addresses RQ1 by introducing three spatial selection techniques for scalar-
field datasets in VR, each designed to support different user intents. We evaluate the
techniques in a controlled user study and derive guidelines for choosing appropriate
3D selection strategies.

• Chapter 4: ScaleFree: Dynamic KDE for Multiscale Point Cloud Exploration in
VR. This chapter addresses RQ2 by proposing a GPU-accelerated adaptive KDE
method enabling real-time density computation for multiscale point cloud exploration.
We incorporate this method into adaptive selection and progressive navigation, and
assess performance and usability through a controlled study.

• Chapter 5: Collaborative Multi-scale Spatial Data Exploration in VR. This chapter
addresses RQ3 by introducing two interfaces: one linking World-in-Miniature repre-
sentations for multiscale visualization and navigation, and the other one using an
overview+detail paradigm to organize global context and fine-scale structures.

• Chapter 6: SpatialTouch: Exploring Spatial Data Visualizations in Cross-Reality.
This chapter addresses RQ4 by presenting a cross-reality system integrating a 2D
interactive surface with an AR-based 3D visualization space. We introduce three
domain-specific prototypes and evaluate the system with domain experts.

• Chapter 7: Discussion and Conclusion. This chapter answers the four research
questions and the central thesis question. We then summarizes the key findings and
outlines the future research directions.
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CHAPTER 2
Background and Overview of Related Work

2.1 Background Features of Spatial Data

Spatial datasets in the scientific domain possess structural, computational, and perceptual
characteristics that make effective visualization particularly challenging in the immersive
environment. To ground the challenges introduced in Chapter 1, which arise from the
properties of spatial data, in this section we introduce three representative types of spatial
data in scientific domain that are used throughout this thesis: cosmological simulations
(Sec. 2.1.1), medical CT/MRI volumetric scans (Sec. 2.1.2) and biomolecular structural
data (Sec. 2.1.3). These datasets were selected not only because they serve as the
primary data sources for our technique designs and studies, but also because, together,
they span a broad spectrum of data characteristics commonly found in scientific domains,
as summarized in Sec. 2.1.4.

2.1.1 Cosmological Simulations

Cosmological simulations (shown in Fig. 2.1) model the formation and evolution of the uni-
verse by numerically evolving large ensembles of particles under gravity. These simulations
capture the emergence of the cosmic web—filaments, sheets, clusters, and voids—that
defines the universe’s large-scale structure [5]. The resulting particle datasets span spatial
extents from megaparsec to gigaparsec scales and include structures ranging from diffuse
filaments to dense halos and subhalos. The spatial distribution is heterogeneous: com-
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Figure 2.1: The renderings of the Millennium simulation in various scales [4].

pact, high-density regions are embedded within low-density voids, resulting in frequent
occlusions. Because meaningful features arise across several orders of magnitude, these
datasets exhibit multiscale behavior, with global web morphology and halo substructure
coexisting within the same volume. These properties characterize cosmological simulations
as large-scale, multiscale, and structurally complex particle datasets with heterogeneous
and unstructured spatial organization.

2.1.2 Medical CT/MRI Volumetric Data

Figure 2.2: Volume renderings of the tooth dataset using different transfer functions [6].

Medical imaging technologies such as computed tomography (CT) and magnetic reso-
nance imaging (MRI) generate volumetric datasets that capture anatomical structures as
dense 3D scalar fields (shown in Fig. 2.2). Each voxel stores an intensity value derived from
underlying tissue properties, producing millions of samples per scan and forming a continu-
ous volume without explicit geometric boundaries. Anatomical structures are distributed
throughout these volumes, resulting in substantial internal occlusion and making it chal-
lenging to isolate or interpret specific regions without appropriate visualization techniques.
Because scalar intensities do not directly correspond to distinct anatomical entities, visual
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Figure 2.3: Multi-scale visualization of biological genome data [10].

meaning is established through volume rendering techniques [7, 8] and transfer functions
[9], which map intensities to color and opacity to reveal tissues, boundaries, and internal
structures. In clinical and research practice, clinicians examine these datasets through a
combination of orthogonal 2D slice views and 3D volume renderings, each emphasizing
different spatial or quantitative aspects of the same data. These properties characterize
medical imaging volumes as dense, continuous scalar fields with high internal complexity
and a natural need for complementary 2D/3D representations.

2.1.3 Biological Molecular Data

Biological molecular data encompasses a wide range of information describing the com-
position, structure, dynamics, and interactions of biomolecules such as proteins, nucleic
acids, and large molecular complexes (shown in Fig. 2.3). These datasets store atomic
coordinates and bonding relationships for thousands to millions of atoms, capturing spatial
arrangements from global molecular folds to local secondary structures and atom-level
interactions. Molecular organization is inherently multiscale: global folds and domain ar-
rangements coexist with local secondary structures and atomic-level interactions. Spatial
density is strongly heterogeneous—compact protein cores, helices, and binding pockets
contrast with flexible loops or extended chains—resulting in substantial geometric intricacy
and frequent self-occlusion. To manage this complexity, molecular visualization commonly
employs multiple representational abstractions [11], such as space-fill, licorice, backbone,
or ribbon views, each revealing different structural or functional aspects. Analysts often
switch between or combine these representations to understand both global organization
and fine-grained atomic relationships. Together, these properties characterize biomolecular
datasets as dense, highly detailed, and multiscale spatial structures that require layered
abstraction and flexible representation for effective interpretation.

11



2.1.4 Data Features

Spatial datasets across cosmology, medical imaging, and molecular biology share several
intrinsic characteristics that make interactive visualization, particularly in immersive environ-
ments, especially challenging. Although these datasets differ in origin and representation,
they exhibit common structural, spatial, and computational properties of spatial data, which
directly motivate the research questions of this thesis.

Large-scale Data Magnitude

Spatial datasets often involve a large number of spatial samples and a broad spatial
extent. In this thesis, data magnitude refers to the number of particles, voxels, atoms,
or geometric primitives that must be stored, processed, and rendered during exploration.
For example, cosmological simulations can track millions to trillions of particles; medical
CT/MRI scans produce volumetric grids with millions of voxels; and molecular models may
contain thousands to millions of atoms. These data characteristics place demands on
memory capacity, data transfer, filtering and rendering. During exploration, view-dependent
structures often need to be updated or recomputed, which further increases computational
load. These requirements become even more demanding in immersive environments, where
real-time responsiveness and stable high-frame-rate rendering are critical for maintaining
visual comfort and a consistent sense of presence. As a result, the magnitude of large-scale
data becomes a central bottleneck for effective visualization in immersive systems.

Multiscale Structural Complexity

A defining characteristic of spatial data is that essential structures and phenomena are
distributed across multiple, nested spatial scales, with each level revealing qualitatively
different patterns. This multiscale nature is evident across domains: cosmological sim-
ulations contain hierarchical structures from large filaments to small subhalos; medical
volumes encode features ranging from entire organs to fine tissue boundaries; and molecu-
lar systems include global folds, local secondary structures, and atomic-level details. In
practice, experts must explore features across these heterogeneous levels of detail to
derive meaningful insight. However, visualizing such structurally diverse scales within a
unified immersive environment is challenging. Fine-scale structures often require high-
resolution sampling or on-the-fly recomputation, while larger-scale context must remain
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visible to preserve a coherent understanding of the data. Immersive systems therefore
must reveal detailed structures without losing global context and support smooth transitions
across widely different scales, all while maintaining user orientation, visual continuity, and
interpretability. These issues represent a central challenge for working with multiscale
spatial data in immersive environments.

Reliance on Multiple 2D and 3D Representations

Across scientific domains, effective analysis often relies on a combination of 2D and 3D
visual representations, as no single view can capture all relevant structural or quantitative
information. This requirement is evident in the three dataset types considered in this thesis.
Cosmological simulations benefit from 3D spatial views to understand the distribution of
particle-based structures, yet 2D projections and statistical summaries remain essential
for examining density fields or comparing large-scale distributions. Medical CT/MRI scans
offer volumetric insight through 3D renderings, while 2D slice views are essential for in-
specting anatomical boundaries or performing precise clinical measurements. Molecular
datasets rely on 3D structural depictions to reveal global folds and spatial interactions,
complemented by 2D schematics or projected abstractions that highlight functional regions
or sequence-related attributes. Because these representations reveal different but comple-
mentary aspects of the same data, scientists routinely move between them or use them in
tandem to form a coherent understanding. This dependence places analytical demands
on visualization systems: spatial relationships must remain consistent across views; links
between 2D and 3D representations must preserve users’ mental models; and interactions
within one representation must trigger updates in others in a way that maintains visual
continuity and interpretability.

2.1.5 Summary

Across cosmology, medical imaging, and molecular biology, spatial datasets share three
characteristics that are central to this thesis: many spatial samples, structures distributed
across multiple scales, and reliance on multiple 2D and 3D representations. While immersive
environments offer multiple levels of immersion and flexible spatial presentation, how to
leverage these capabilities to present heterogeneous representations coherently—and to
help users maintain a stable mental model across them—remains an important design
problem for immersive visualization. These considerations motivate us to rethink how
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visualization, interaction, and computation strategies should be designed to support spatial
data exploration in the immersive environment.

2.2 Overview of Related Work

Creating effective exploration methods for large-scale spatial datasets in immersive envi-
ronments requires addressing the distinct challenges arising from both the characteristics
of spatial data and the constraints of immersive systems. As indicated in Chapter 1, it is
crucial to start fundamentally and adopt an integrated perspective—spanning visualization,
interaction, and computation—to address challenges in immersive spatial data exploration.
In this chapter, we present an overview of related work including three aspects in the
immersive environment: immersive visualization (Sec. 2.2.1), spatial interaction techniques
(Sec. 2.2.2) and high-performance computing (Sec. 2.2.3).

2.2.1 Immersive Visualization

Immersive visualization has long been researched and employed in domain studies and
applications. To contextualize immersive technologies within the broader spectrum of
user–environment relationships, Milgram et al. proposed the well-known reality–virtuality
continuum [12]. This model describes a continuous range of environments spanning from
the real world on the far left to fully virtual environments on the far right. On the left side of
the continuum, users directly perceive the physical environment with no computer-mediated
content. Moving slightly toward the virtual side, traditional 2D displays (such as desktop
monitors or large projection screens) introduce virtual imagery, but only through a framed,
non-immersive “window-on-the-world” view. Further along the continuum, AR systems
primarily present the real environment while overlaying virtual information onto it, allowing
users to see and interact with both real and virtual elements simultaneously. The right
endpoint corresponds to a fully VR environment, which creates a completely enclosed
environment for the user that is independent of the physical world, providing a dedicated
space for data visualization and interaction in which users cannot see the real world through
the virtual display. The intermediate region spanning AR to VR is referred to as MR,
encompassing technologies that blend the real and virtual worlds.

Immersive visualization experienced via VR, AR and MR techniques has emerged as a
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Figure 2.4: The illustration [15] shows the Nanotilus system exploring the HIV model in VR
and the corresponding first-person view.

medium for spatial data exploration due to its ability to simulate real-world visual perception
within computer-generated environments. By combining stereoscopic rendering with 6DOF
motion tracking, the immersive environment enables users to view and manipulate spatial
data from arbitrary perspectives [13]. This ability significantly enhances spatial understand-
ing [14] and facilitates the exploration of complex spatial datasets that consist of millions or
trillions of intricately detailed components.

One challenge for spatial data visualization in immersive environments is presenting
multi-scale patterns of spatial data and enabling users to transition between different
spatial scales. Previous work commonly employs techniques such as Worlds in Minia-
ture (WIM) [16] and teleportation [17] to transition between spatial locations and levels
of scale. Immersive systems also support pan-and-zoom interactions to let users focus
on fine-scale structures; however, as Yang et al. [18] observed, repeated zooming and
frequent perspective shifts can easily disorient users, emphasizing the importance of main-
taining a global context. To address this point, Kuť’ak et al. [19] introduced Vivern , a
multi-scale molecular visualization technique for DNA nanostructures that uses a lens:
fine-grained nucleotide details are revealed within a spherical lens region, while the sur-
rounding single- and double-strand structures are shown at more abstract scales, enabling
seamless focus+context exploration across multiple semantic levels. Another strategy is
overview+detail, which separates broad structural information from fine-grained details
across distinct views, preserving visual continuity. This technique enables simultaneous
access to global and local data representations, supporting user orientation and analysis.
Prior work has applied overview+detail techniques to point cloud [18] and volumetric medi-
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Figure 2.5: Abstractocyte [20] visualizes neurons and astrocytes with different levels of
abstraction from left to right.

cal data [2] within single-user VR environments. To summarize, although prior work has
proposed various techniques for scale transitions and multi-scale visualization in immersive
environments, the problem remains underexplored—particularly for large, unstructured
spatial datasets where users must maintain spatial, orientation, and scale awareness while
navigating across multiple orders of magnitude. In this thesis, we introduce two interface
designs that support multi-scale data exploration in immersive settings. The first, L-WiM,
extends the classic World-in-Miniature concept into a linked representation, enabling users
to maintain awareness of scale, position, orientation, and nearby structures through linked
miniature views. The second approach adopts an overview+detail design. It includes four
layouts that integrate global context with local structure, providing a complementary viewing
strategy for multi-scale exploration of complex spatial datasets.

Besides presenting multi-scale patterns, another aspect we focus on in this thesis is
how to present and integrate multiple visual representations in immersive environments.
When exploring spatial datasets, experts frequently need to examine different forms of
representation and switch between or combine them to form a complete understanding of
the data. For instance, Abstractocyte [20] (shown in Fig. 2.5) enables users to transition
between the detailed 3D structure of neurites and abstract 2D node–link diagrams; the
two visualizations share a common data foundation and replace one another in the main
view, offering complementary perspectives on neuronal morphology. Mota et al. ’s 3De
Lens [21] introduces a unified focus+context technique that combines volumetric 3D lenses
with decal-style surface lenses, enabling users in VR to selectively reveal, inspect, and
manipulate multiple geometric representations—such as surfaces and streamlines—within
an integrated visualization (shown in Fig. 2.6). Lee et al. [22] proposed a comprehensive
design space that characterizes the possible states of data visualizations in mixed reality and
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Figure 2.6: The illustration [21] shows a VR focus+context lens that integrates surface and
streamline representations to support interactive exploration of aneurysm vessel geometry
and blood-flow patterns.

the transformations that enable fluid transitions between 2D surface-based and 3D spatial
representations. Coffey et al. [2] introduced Slice WIM, a hybrid tabletop-VR interface
that enables interactive exploration of medical volumes by combining a floating miniature
3D view with touch-driven slice navigation on a 2D surface (shown in Fig. 1.1). This work
demonstrated how tightly coupled 2D and 3D views can help users navigate volumetric data
while maintaining spatial context, and it provides an important inspiration for later hybrid
visualization systems. Building on this line of work, this thesis further investigates how 2D
and 3D representations can be coordinated in a cross-reality setting, where a conventional
2D display and an AR workspace are used together for spatial data exploration. Our goal
is to support flexible placement, transition, and interaction across physical screens and
situated 3D space. This setting raises design questions about how different representations
can be hosted across devices, how users can move visualizations between 2D and 3D
contexts, and how spatial relationships can be preserved during such transitions. To explore
these questions, we proposes a CR environment (Chapter 6) that combines traditional 2D
displays with an AR workspace to jointly support the visualization and exploration of spatial
data. Our environment unifies 2D display and 3D immersive environments into a single
cross-reality workspace, allowing spatial data to be visualized and interacted with at any
location across the reality–virtual continuum while ensuring that users always maintain a
correct understanding of the spatial data’s underlying three-dimensional structure.
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Figure 2.7: Uplift [31] integrates (a) a shared tabletop display for group discussion, (b)
tangible widgets for intuitive parameter control, and (c) AR visualizations that extend data
into 3D space above the table, together supporting casual collaborative visual analytics.

2.2.2 Spatial Interaction Techniques

Interactive data visualization [23] and embodied user interaction [24] are essential for
enabling experts to engage with complex spatial data in the scientific domain, allowing grad-
ually understand the data through direct manipulation and experiential learning. Previous
surveys [25, 26] have categorized 3D spatial interaction based on tasks such as selection,
manipulation, navigation, and system control. Recent taxonomy proposed by Besançon
et al. [27] classified spatial interaction paradigms into the tactile interface, mid-air gestures,
tangible interaction, and hybrid interaction.

Tactile interaction. Tactile interaction is well-suited for direct interaction scenarios
[28], allowing users to place their fingers directly on the 2D or 3D representation of the
data they want to manipulate. This provides a sense of immersion and enables intuitive
data manipulation. For instance, FI3D [29] enables direct tactile interaction for exploring
data in three-dimensional visualization environments. Recent projection-based AR visu-
alization systems [30] have shown that combining stereoscopic 2D displays with precise
screen-based interactions can significantly improve depth perception and support accurate
exploration of complex 3D structures. However, tactile interaction can present challenges
when the finger size is larger than the content displayed on the relatively small touchscreen,
making it challenging to interact accurately with the intended elements.

Tangible interaction. Tangible interaction enables users to perform intricate 3D ma-
nipulations using intuitive gestures inspired by the real world [32]. For instance, Uplift [31]
(shown in Fig. 2.7) demonstrates the effectiveness of tangible interaction in collaborative
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Figure 2.8: A set of techniques for transitioning 3D objects between desktop and augmented
reality environments [37].

visual analytics by using physical widgets on a shared tabletop to let stakeholders intu-
itively manipulate temporal parameters and explore complex data. Embodied Axes [33] is
designed to facilitate spatial data selection in augmented reality for 3D images and data
visualizations. This innovative device acts as a tangible representation of the 3D data
space, where its three orthogonal arms correspond to distinct data axes or specific domain
reference frames. Jackson et al. [34] presented a tangible 3D interface that enables the
selection of fibers with a matching orientation to the tangible prop. Sereno et al. [35] pro-
posed a hybrid interface that leverage tangible touch tablets to perform spatial 3D selection
tasks within the AR environment. Overall, tangible interaction, as demonstrated by studies
such as Besançon et al. [36], effectively mimics the familiar interactions we engage in
with the physical world on a daily basis. This inherent replication of real-world interactions
grants tangible interaction a greater degree of flexibility when compared to other interaction
paradigms.

Mid-air gestures. Similar to tangible interaction, mid-air gesture interaction replicates
the physical actions we perform in the real world [38]. This paradigm focuses solely on input
performed in the air without holding an object. Such gestures can be tracked using wearable
technologies such as gloves or optical methods. For instance, Rau et al. [37] (shown in
Fig. 2.8) designed three canonical transition techniques centered on mid-air gestures to
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Figure 2.9: An illustration of the neuron tracing tool [43]. From left to right: a connected
graph of neurons is reconstructed; users trace a neuron by drawing a path with the controller;
and they can choose to add the traced path to the graph.

move and manipulate 3D objects between desktop and AR environments, thereby supporting
seamless workflows across dual realities. There are also contributions to improving the
accuracy of gesture tracking and the precision of control. Frees et al. [38] introduced
PRISM, a technique that dynamically adjusts the control–display ratio to compensate for
hand instability in immersive environments, enabling more accurate object translation,
rotation, and selection while preserving fast, unconstrained movement. Hinckley et al. [39]
proposed a set of one-handed and two-handed 3D manipulation techniques for immersive
VR, showing through comparative evaluation that two-handed control enables more precise
and efficient position and viewpoint adjustments than one-handed methods, while combining
both does not necessarily yield further usability benefits.

Hybrid interaction. amalgamates the advantages of multiple spatial interaction paradigms,
for instance, mid-air gesture and tangible interaction [33], tactile interaction and tangible
interaction [40, 41], mid-air gesture interaction and tactile interaction [42], etc. Hybrid
interaction, by combining the strengths of different interaction paradigms, offers signifi-
cant potential in handling complex data and exploration tasks. However, it requires more
thoughtful design considerations. For example, when dealing with a complex exploration
task, careful consideration must be given to how to combine different interaction paradigms
and determine the appropriate timing for employing each interaction paradigm.

A major challenge for interaction in immersive environments is the intrinsic imprecision
of mid-air input, which results from the absence of physical support. This limitation has been
well documented in previous literature. McDonald et al. [43], for example, found that it is
difficult for users to trace a well-aligned path along filament-like neurons using VR controllers.

20



Arora et al. [44] also reported that drawing mid-air curves that lie precisely on the surface of
a virtual 3D object in AR/VR is inherently difficult. Yao et al. [45] systematically examined
how different levels of embodiment affect asymmetric two-handed interactions in VR and
showed that varying embodiment conditions significantly influence users’ input precision
during immersive data exploration. The input imprecision makes it challenging to interpret
user intent directly from raw mid-air input, especially when users attempt fine-grained
operations on complex spatial structures. As a result, semi-automatic algorithms become
essential for assisting users in performing precise or intent-aligned actions. To address this
issue, McDonald et al. [43] developed a semi-automatic method that leverages topological
features to guide users during neuron tracing (shown in Fig. 2.9). There are also approaches
that leverage traditional 2D displays to perform precise input in the immersive environment.
For example, DesignAR [46] combines a high-precision pen-and-touch interactive surface
with stereoscopic AR to form a unified 2D–3D design workspace, enabling precise sketching,
manipulation, and placement of 3D models beyond screen boundaries through coordinated
surface input and spatial feedback (shown in Fig. 2.10).

In this thesis, we use data selection as a representative scenario for studying precise
interaction in immersive environments (Chapter 3). Data selection is a fundamental step in
data exploration and has been studied for decades [47, 27]. In spatial datasets, selection
often requires users to specify regions of interest in 3D space based on point locations,
local structures, density distributions, or other data-derived features. A wide range of
techniques has been proposed for spatial selection in 3D environments. These include
raycasting techniques for object or point selection [48, 49, 50], volume-based techniques that
use predefined geometric shapes [51, 52], freeform lasso techniques that specify regions
through strokes or sketches [53, 54, 55]. Other approaches further combine tangible devices,
touch surfaces, or hybrid interaction setups to improve users’ control over 3D selection
volumes [56, 33]. However, precise spatial selection remains challenging in immersive
environments, especially when the target regions are small, occluded, embedded in dense
backgrounds, or do not correspond to explicit object boundaries. Prior work has shown
the potential of incorporating user intention, local density, and contextual data features into
selection processes [57, 58, 59]. Building on this direction, we develop target- and context-
aware selection techniques that leverage users’ intentions together with the structural
properties of spatial datasets to enable precise and meaningful operations in immersive
environments. By interpreting mid-air input in relation to spatial context, density patterns,
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Figure 2.10: An illustration of a general overview of DesignAR [46], showing (a) the
augmented workstation setup, (b) the AR object browser, (c) contour sketching, (d) surface
construction for modeling, and (e) creating rotational solids and AR instances.

and salient features within the data, our techniques mitigate the inherent imprecision of
6DOF interaction and allow users to effectively explore complex structures.

2.2.3 High-Performance Computing

High-performance computing (HPC) has become a foundational technology in both sci-
entific research and industrial applications. It leverages powerful, large-scale computing
systems to perform complex numerical simulations, computationally intensive tasks, and
massive data processing workloads. In recent years, rapid advances in parallel architec-
tures, accelerator technologies, and programming models have significantly expanded the
capabilities of HPC, driving breakthroughs across numerous domains, including molecular
biology [60], astrophysics [61], climate modeling [62] and artificial intelligence [63] and
other interdisciplinary sciences.

HPC plays a crucial role in enabling interactive visualization of large-scale spatial
datasets. Recent advances in high-resolution imaging, volume acquisition, and large-
scale simulation have dramatically increased data sizes. For example, high-throughput
electron microscopy can acquire brain-tissue volumes at rates exceeding 10–40 megapixels
per second [64], producing nearly a terabyte of raw data per day. While the Square
Kilometer Array (SKA) [65] is expected to generate raw data streams of roughly 2 PB/s,
reduced to about 600 PB per year even after hierarchical beam-forming. These extreme
data volumes far exceed the memory and computational limits of conventional rendering
pipelines, presenting challenges for interactive processing, manipulation, and visualization.
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To sustain real-time responsiveness, visualization systems must efficiently manage
massive data movement, execute computation-intensive operations, and maintain high-
throughput rendering under the strict latency constraints (typically>60 FPS) imposed by
immersive environments. As a result, HPC techniques—such as GPU parallelism, multi-
threaded data streaming, out-of-core data management, and multi-resolution representations—
have become essential for supporting interactive exploration of large, complex spatial
datasets. These strategies constitute the computational backbone required for interactive
large-scale visualization. Prior work has further shown that HPC-driven designs make
it possible to achieve real-time performance even when interacting with extremely large
and complex spatial datasets. Usher et al. [66] developed a VR-based neuron tracing
system that achieves real-time exploration of terabyte-scale microscopy data through a
tightly budgeted 90 FPS GPU pipeline, multi-threaded asynchronous streaming, and a
two-level CPU-GPU caching architecture using sparse 3D textures and PBO-based parallel
uploads. FiberClay [67] uses GP-GPU parallelism to render thousands of 3D trajectories
simultaneously in immersive environments, enabling interactive selection and comparison of
large trajectory sets. Mota et al. [21] further demonstrated that VR lens techniques depend
on optimized GPU pipelines to support heterogeneous geometric primitives and update
focus+context visualizations in real time. VR-GS [68] introduces a real-time, physics-aware
Gaussian Splatting framework for VR, combining a highly efficient two-level embedding
strategy with deformable-body simulation to enable realistic dynamic responses and intuitive
3D content manipulation. VR-Doh [69] enables intuitive sculpting and editing of elastoplastic
objects in VR by combining a real-time material point method simulation with optimized
Gaussian Splatting rendering, allowing natural contact- and gesture-based interactions
through localized computation and particle-level collision handling . Zhang et al. [70] pro-
pose a perception-driven NeRF representation that reduces neural rendering workloads
according to gaze-dependent acuity, yielding up to orders of magnitude latency reduction
and achieving high-FOV, stereo VR view synthesis in real time.

Beyond rendering, computational support is also required when derived data repre-
sentations must be updated during interaction. KDE [71, 72] is widely used to transform
discrete point samples into continuous density fields, which can reveal clusters, density
variations, and structural patterns in spatial datasets. Such fields have been used for feature
detection [73, 74, 75, 76] and for density- or context-aware spatial selection [58, 59, 77].
However, adaptive KDE is computationally expensive because the bandwidth varies with
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local point density [78, 79]. As a result, prior density-based interaction techniques often
rely on precomputed density fields, which limits their ability to respond to changes in scale,
viewpoint, or region of interest during immersive exploration. This issue directly motivates
the studies presented in this thesis. In Chapter 3, we use scalar-field representations to
make spatial selection more target- and context-aware. In Chapter 4, we further support
multiscale exploration by dynamically recomputing density fields as users move between
global context and local detail. These studies motivate our use of GPU acceleration and
parallel spatial queries to support on-the-fly density estimation during interaction, instead
of relying solely on precomputed single-scale or multi-resolution fields.

2.2.4 Summary

In summary, this section review prior work across three key areas that underpin immer-
sive spatial data exploration: immersive visualization, spatial interaction techniques, and
high-performance computing. First, we examined how VR, AR, and MR systems have
been used to enhance spatial understanding, engagement, and awareness, and how ex-
isting approaches address challenges such as multi-scale visualization and transitions
across heterogeneous representations. Second, we reviewed spatial interaction paradigms
ranging from tactile and tangible interfaces to mid-air gestures and hybrid techniques,
highlighting both their expressive potential and the inherent limitations of mid-air input,
especially for precise operations on complex 3D structures. Third, we discussed the critical
role of high-performance computing in supporting real-time interaction with large-scale
spatial datasets, emphasizing how GPU parallelism, multi-threaded streaming, out-of-core
data management, and optimized rendering pipelines enable responsive visualization in
immersive environments.

Across these three domains, the challenges of multi-scale visualization, precise spatial
interaction, and high-performance data processing represent fundamental barriers for
immersive spatial data analysis. Prior work has proposed promising techniques in each
area, underscoring the importance of solving these challenges. However, when applied
to complex, large-scale, and inherently multi-scale spatial datasets, these challenges
remain not fully addressed. The following four chapters are organized around the four
challenge-driven research questions introduced in Sec. 1.4. Each chapter begins by stating
its connection to the research question, followed by the project that addresses it.
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CHAPTER 3
MeTACAST: Target- and Context-aware Spatial Selec-
tion in VR

In the first project, we address RQ1: How can immersive environments support precise,
fine-grained spatial data exploration despite the inherent imprecision of 6DOF input
modalities? Among the tasks involved in handling spatial data, we focus on spatial data
selection, one of the most fundamental and precision-demanding interactions. Selection
requires users to accurately specify regions of interest that reflect their analytical intent,
often at fine spatial granularity and within complex 3D structures. However, achieving such
precision with 6DOF controllers is inherently challenging due to limited hand stability and
the absence of physical support in mid-air operations. Thus, spatial selection provides an
ideal task for examining whether interaction techniques can enable precise, fine-grained
operations even when user input is inherently imprecise in the immersive environment.

In this chapter, we develop three target- and context-aware selection techniques for
particle-based spatial data in VR. Each technique is tailored to a specific selection inten—
dense regions, filament-like structures, and spatial clusters—and supports flexible point-
or path-based input as well as interactive threshold refinement. These methods allow
users to select complex 3D structures accurately, even under occlusion, heterogeneous
density, and irregular geometry. We evaluate techniques in a controlled user study against a
region-based 3D painting baseline. Results show our methods support more accurate and
intent-aligned selections across diverse scenarios. We further synthesize design guidelines
for choosing spatial selection strategies according to data features and interaction needs.
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Figure 3.1: MeTACAST: Target- and context-aware spatial selection techniques in VR.

3.1 Introduction

Immersive environments experienced via virtual, augmented, and mixed reality HMDs are
increasingly receiving attention from visualization researchers who aim to improve ways of
understanding and exploring complex data. HMD-based immersive visualization is now an
important research field with applications in natural sciences, in contexts that require users’
comprehension and exploration of three-dimensional spatial data.

Likewise and due to the rapid development of scientific simulation and computing
technologies, the size, scale, and complexity of datasets in the natural sciences have grown
exceptionally. This development substantially increases the challenges of spatial data
exploration in immersive environments. Astronomical datasets today, e. g., usually consist
of multiple billions of spatial points. According to the cold dark matter paradigm [5, 80],
cosmological simulations predict that a cosmic web is formed of the matter in the universe
and that filaments transport matter to dense centers of clusters (formed by galaxies). To
comprehend such vast amounts of spatial data, researchers need to observe the 3D space
to gain an overview of the data, zoom in and out of the data space to find a clear view of
the structures, and select and explore important subsets of clusters such as those linked
by cosmic filaments (Shneiderman’s mantra [81]). Dealing with multiple billions of data
points, however, is a significant challenge in exploratory visualization on a 2D interface,
for two reasons. First, a 2D planar surface cannot portray well the 3D shape or spatial
positions of the points without constant animation. Second, it may be difficult for scientists
to identify a specific target, define a precise location, and select particular parts with 2D
input. These challenges motivate us to enhance the users’ ability to explore massive 3D
point cloud datasets in immersive contexts.
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Data selection is a fundamental and prerequisite step of data exploration and has been
explored for many years [47, 27]. Spatial selection, by selecting sub-regions in point cloud
data in 3D space, is often based on the locations, structures, and density distribution of
the 3D points. The goal of our paper is to investigate effective techniques for selecting
large-scale point cloud data in a VR environment. In contrast to interactions on 2D monitor
screens, immersive 3D spatial interactions are not limited by a static and planar screen
for selecting objects—so interactive selection has the potential to be more expressive. In
an immersive 3D space, however, users have not only the ability but also the need for
six degrees of freedom for a single point of input, leading to substantial differences in
their spatial interaction and selection strategies compared to those on 2D monitor screens.
Nonetheless, we can take inspiration from 2D selection strategies, in particular those that
use a structure- or context-aware approach [58, 59] as this technique allows us to limit the
input complexity and adjust it to people’s mental abilities and expectations. These strategies
then have to be adapted, in particular, to unstructured point cloud data that contain vast
amounts of detail distributed across multiple levels with unknown spatial distributions.

To understand these constraints and ultimately develop a suitable approach, we con-
ducted a think-aloud user study to observe users’ perception, interpretation, and actions
when they were asked to select point cloud data in VR. The study was conducted with
local university students, as we were specifically interested in how selection strategies
might differ when users were asked to select parts of unknown and unstructured point
cloud data. Based on the findings, we developed MeTAPoint, MeTABrush, MeTAPaint,
three context- and target-aware selection techniques for point cloud data rendered in an
immersive VR environment (shown in Fig. 3.1). All three methods analyze the density
distribution of the local area where users interact and as such, users can select the crucial
features without precise input. MeTAPoint selects the cluster that is closest to the location
where the user is pointing, and then changes its selections as the user continues to provide
input. MeTABrush examines the user’s input stroke and uses this information to infer their
intention by identifying the primary filament that is closest to the path. Finally, MeTAPaint
selects targets based on the user’s perception of the structure and how well they can
distinguish it from the surrounding context. To achieve real-time feedback, we compute the
density distribution and generate the selection volume on the GPU. Thus, immediate results
are shown, and based on these, users can further adjust the density threshold. We then
conducted a controlled experiment to test the efficiency, accuracy, and user preferences
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for our three selection techniques in an immersive environment, which demonstrated their
effectiveness and suitability for different data scenarios.

In summary, we make the following four main contributions:

• a study on users’ behavior in selecting point cloud data in an immersive environment;
• a toolbox of three context-aware and target-aware selection techniques that allow

users to precisely select regions of space they intend to further explore with simple
and approximate actions;

• techniques to compute density fields and generate selection volumes on the GPU to
facilitate fast exploratory visualization; and

• guidelines for designing and selecting appropriate 3D spatial selection techniques in
diverse environments and contexts.

3.2 Related Work

Several methods exist for selecting data points in visualizations, which differ based on the
data type, user requirements, and the environment and platform used for data visualization.
Our primary focus in this work is spatial selection, which entails defining a ROI in 3D space
to specify a 3D subspace. We are specifically interested in selections in unstructured
datasets that do not feature explicit objects (e. g., particle or volumetric data) based on
their unique properties (e. g., density, spatial distribution, or given scalar fields). Below we
review relevant work on spatial selection in general as well as on techniques specifically
designed for immersive environments.

3.2.1 Spatial Selection Techniques

Raycasting techniques are commonly used for selecting single objects in 3D space (in both
immersive and projected settings) and are found in many applications [48, 49, 50, 82, 83].
The concept relies on 3D pointing: the user selects a specific pre-defined shape or object
in 3D space by pointing at it, and a 3D ray is cast from the pointer to the object. The target
object is identified by finding the first shape or object that intersects the ray. Adjusted
techniques for selection in dense environments exist as well [84]. Raycasting techniques
can operate at a distance, are fast, and are easy to understand. Precise input, however, is
critical for selecting the correct object, in particular when dealing with small objects that
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are possibly occluded. To address this occlusion issue, Kopper et al. [85] designed a
progressive refinement technique to reduce the required precision of the selection task.
Many 3D selection approaches have been proposed to provide precise input for selection
tasks, such as 3D picking [86] and 3D lasso [53]. The use of raycasting can also facilitate
the identification of a point of interest (POI) in spatial data, such as in scalar fields. Wiebel
et al. [87], e. g., devised WYSIWYP to analyze the scalar values along the selection ray to
assist users in pinpointing a POI in medical volume data.

Raycasting approaches, however, are often not ideal for handling complex data distribu-
tions such as a 3D space with millions of particles. In such scenarios, selecting a single
particle is often not meaningful because users are more interested in particle groups than
in single data items. Selection of multiple targets or regions of interest (ROI) is often accom-
plished using various volume-based selection techniques that involve the use of pre-defined
basic geometric shapes. These shapes can easily be manipulated in three-dimensional
space, such as the use of cones to select multiple data points [51] or the use of cubes to
select brain fibers [52]. Nonetheless, these techniques’ ability to select target objects far
from a pre-defined shape is restricted. Therefore, freeform lasso methods are proposed
to offer more flexible input to select objects or ROI in 3D space based on the 2D lasso or
stroke. Lazy Selection [55], e. g., allows users to quickly select one or more desired shape
elements with a novel scribble-based tool by roughly sketching through them. The Tablet
Freehand Lasso (Cylinder Selection) [88] and Volume Catcher [54] allow users to flexibly
select an ROI in 3D space based on a 2D lasso or a stroke. Besançon et al. [56] proposed
a hybrid approach that emphasizes the level of user control in defining the selection volume
in 3D space. They introduced Tangible Brush, a technique that provides manual control
over the final selection volume and which combines 2D touch lasso input with 6-DOF 3D
tangible brushing to allow users to perform 3D selections in volumetric data.

Compared to the use of pre-defined shapes, freeform lasso selection offers greater
adaptability and flexibility, in particular when it comes to manual control over the final
selection volume in 3D space. This approach allows users to customize their ROIs based
on the local data characteristics—which is why we also target a freeform technique. These
fully manual techniques, however, may not be efficient for complex selection tasks such
as identifying small, dense, or complex clusters in noisy backgrounds that may be difficult
to visually recognize. Several approaches have been proposed to address this limitation.
Chen et al. proposed LassoNet [57], a deep learning-based approach to lasso selection
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for 3D point clouds. It aims to learn a latent mapping from viewpoint and lasso to point
cloud regions, enabling users to select particles that best match their selection intention.
Structure- and context-aware selection techniques [58, 59] have also been designed to take
data features such as the local density into account. With these techniques, users draw a
2D lasso around the target, and only clusters with densities above a certain threshold are
selected. While context-aware approaches have been effective, they are not designed for
immersive environments—which we target with our paper—, where users do not have a
dedicated 2D surface for drawing the lasso.

3.2.2 Spatial Selection in Immersive Environments

In immersive visualization settings, researchers can gain a clearer understanding of the
data, not only through interaction and exploration but also simply through the stereoscopic
projection. Studies have also demonstrated [89] that users can perform better in cluster
identification tasks when using immersive scatterplot visualizations compared to traditional
3D-to-2D projected representations.

Also in immersive VR, raycasting is a common technique to help determine where a user
is looking or pointing at. It is frequently used for various interactions such as object selection,
manipulation, and action triggering. Hurter et al. [67] introduced FiberClay, a raycasting-
based approach to brush paths using two VR controllers to select paths that connect both
targeted points. Selecting multiple objects in VR, however, can be challenging and imprecise,
especially when the objects are small, moving, occluded, or complex. To improve interaction
precision, researchers have proposed various approaches. De Haan et al. [90] developed
IntenSelect to aid users in selecting objects in motion within cluttered and occluded VR
environments with a scoring function. Baloup et al. [91] introduced a controllable cursor
positioned on top of a ray, allowing users to select nearby or occluded objects. Maslych
et al. [92] showed how to select fully occluded objects in dense environments. Their
two approaches maintain the spatial relations between minimized versions of the original
objects by displaying the objects that collide with a cone-shaped selection volume in a
flat or cylindrical mini-map. Wei et al. [93] recently proposed a user intention model for
gaze-based selection techniques based on eye and head endpoint distributions to estimate
the intended targets. Adaptive pointing [94] also enhances the accuracy of pointing devices.
Finally, Stenholt [95] designed a magic wand, a novel multiple-object selection technique
based on local proximity, enabling users to select hundred or thousands of objects. We
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also aim for precise selection, yet one in which the input imprecision is mediated by context-
aware selection processing as well as one in which the user can easily adjust the selection
after the initial specification—like in the projected 3D settings we reviewed above.

Compared to interaction on a 2D surface, selecting within immersive VR is conceptually
more straightforward and is more preferred by users than using traditional 2D monitors [96],
as users can view the data in stereoscopic 3D and have manual control over the final
selection. To facilitate 3D input, various techniques have been developed, such as user-
defined box virtual tool [97, 98] and cone-based selection volumes [99]. Spatio-Data
Coordination [100] and the Embodied Axes [33] proposed by Cordeil et al. enable users to
accurately determine the selection region of the spatial data using sliders on the tangible
axes. These techniques rely on predefined 3D selection volumes such as boxes, cones,
and cylinders to select multiple objects within the space. Several approaches have also
been proposed to select within complex datasets using freeform methods. Lubos et al.
[101] introduced a bi-manual user interface for selecting point cloud data. Their approach
involves tracking the users’ hands and enabling them to touch and select a 3D point cloud
in an immersive environment. Similarly, Gemoz et al. [102] proposed a contacting method
with a spherical input to select neural fiber tracts. In addition, various hybrid approaches
have been proposed to improve selection accuracy by using hybrid approaches. They
leverage different technologies and techniques to make the selection process more efficient
and intuitive for users. Sereno et al. [35], e. g., integrated an AR device with a tablet
that acts as a tangible device for 3D selection. Montano-Murillo et al. [103] proposed a
hybrid VR selection technique that allows users to place a selection volume at a specified
position in the VR environment. The volume is initially attached to a virtual tablet and can
be adjusted for size and thickness to better fit the target object. Researchers have also
focused on incorporating data features or geometric features into the 3D selection process.
For example, Malmberg et al. [104] used surface generation based on a 3D live-Wire
drawn by the user to segment and select within volumetric images. This approach enables
users to select objects based on their volumetric value as well as geometric properties.
Torin et al. [43] introduced a semi-automatic neuron tracing method based on the Morse-
Smale complex in an immersive environment. This approach enables users to select the
desired region even with inaccurate trace input, reducing fatigue during the exploratory
task. Jackson et al. [105] proposed Force Brushes, a haptic-based selection technique for
multivariate flow visualization that enables users to snap to streamlines and progressively
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filter regions of interest based on underlying data features. Jackson et al. [34], finally,
proposed a tangible 3D interface that is capable to select the fibers that own the same
orientation as the tangible prop.

All these spatial selection techniques for immersive environments can select single
objects or regions based on the data’s location and/or distribution. They employ tangible
and hybrid interaction techniques to improve the selection accuracy for complex data. In
our work, we aim for selection directly within the HMD-based VR environment, without
any additional required hardware, and for an interaction design that is as flexible as the
traditional context-aware techniques, but without any need for a planar interaction surface.
We work toward this goal by studying users’ strategies in various situations to be able to
incorporate data features and user intention into the selection process.

3.3 Think-aloud Elicitation Study

To gain a deeper understanding of how users adopt selection strategies within VR in
various contexts and for various targets, we began by conducting a think-aloud study with
six participants from our local university. Here we present our findings and discuss the
resulting design considerations related to selection context, target, action, and strategy. The
think-aloud study received approval from the University Ethics Committee.

3.3.1 Study Design

Various factors such as the size of the visualization, the interaction environment, the
characteristics of the data (e. g., context, data distribution, density), and input precision
requirements can influence the selection strategies employed by users. To design effective
selection techniques we need to understand the users’ selection strategies in VR envi-
ronments as they deal with these situations. In a think-aloud elicitation study we thus,
instead of teaching them any specific selection methods, showed participants datasets and
selection targets and first asked them to freely explore the 3D point cloud data. We then let
them demonstrate selection strategies with a 3D drawing tool and asked them to explain
why they thought it was the most appropriate and direct way to select crucial features or
regions. We recorded all user actions and input trajectories for further analysis.

The size of the visualization is a crucial factor for users’ selection strategies, especially
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Figure 3.2: Three visualization sizes: (a) hand, (b) table, and (c) room size.

in VR. In the physical world, perspective distortion causes objects located closer to the
human eye to appear larger than their actual size. This effect is even more obvious when
viewing point clouds in VR due to the narrower field of view. As a result, gaps between 3D
points that are closer to the user appear larger than those between points further away.
This effect can make it challenging for users to accurately estimate the density distribution
and, thus, to identify a dense cluster when they are “within” it. Kraus et al. [89] found cluster
identification task performance differs between different visualizations (monitor screen
for 2D/3D scatter plot, table-size VR, and room-size VR) in terms of accuracy, efficiency,
memorability, sense of orientation, and user preference. To answer the question about
whether users could find the entire cluster and further investigate how visualization size
would impact the users’ selection strategies, following Danyluk et al. [106] we investigated
three different sizes (shown in Fig. 3.2): hand-size, table-size, and room-size:

Hand-size: We adopted a hand-size scale of 30 cm for the data visualization—a suitable
size to observe the detailed structures clearly in most cases. The data is controlled by
the left and, its center is attached to the left controller with a 35 cm offset to prevent the
left hand from obstructing interactions with the right hand in the data.

Table-size: We placed the data statically 1 m above the floor with a base length of 64 cm;
users can walk around and reach inside.

Room-size: In this setting we also do not allow users to manipulate the data placement
and for the selection, they have to rely on the picking/raycasting metaphor to reach
far-away data locations.

We used four distinct datasets (shown in Fig. 3.3). We rendered the target particles
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(a) (b)

(c) (d)

Figure 3.3: User input trajectories in selecting four point cloud datasets employed in the
think-aloud study: (a) Clusters; (b) N-body Simulation; (c) Filament; (d) Complex geometries.

in yellow, while we presented the interfering particles in blue. We selected each dataset
based on its unique features:

Clusters: a synthetic dataset generated for the study, containing five uniformly dense
ellipsoidal clusters in a noisy setting.

N-body simulation: a cosmological N-body simulation that comprises a huge, extremely
dense cluster at the center, which is surrounded by multiple smaller clusters (from [107]).

Filament: a cosmic web simulation with thin filaments (from [108]).
Complex geometries: a synthetic dataset, containing an empty half-box outside and a

half-ball combined with a cuboid of particles located inside the half-box.
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3.3.2 Findings

Preferred visualization size. All participants preferred hand-size and table-size visual-
ization settings that allowed them to select data directly. Moreover, these settings also
facilitated easier recognition of point cloud clusters and their boundaries by the participants.
Thus, in the following, we focus on analyzing users’ actions and selection strategies with
hand- and table-size environments.

Target: Dedicated cluster. When we asked participants to select clusters that are
visually clearly separable from the background (e. g., a separate ball-shape cluster or small,
isolated clusters), most pointed at the target clusters directly and hoped that the target
clusters could be selected with minimal actions. This observation aligns well with traditional
3D selection, which relies on picking and raycasting.

Target: Regular, simple shape. When the shape of the target particles is simple,
many participants attempted to draw lassos in the air that followed the geometric features
of the target, while a minority also mentioned that pointing was also possibly applicable if
the selection range could be determined in some way.

Target: Filament-like structure. In this case some participants brushed the points
following the dominant branch, while others tried to separate the target points from the
noisy context through a helix in 3D space. Both strategies seem to be valid approaches.

Context: Unclear boundary. When participants were unable to distinguish the bound-
ary of clusters (e.g., many small clusters surrounded by particle noise), they attempted to
enclose the target cluster(s) by drawing a lasso around them as they would on a monitor
screen. Most of them realized, however, that drawing a 1D linear lasso to enclose points
in 3D space is insufficient. So they expressed the desire for a way to define a 3D region
around the input location that would allow them to include the target points.

Context: Occlusion. We found that, for easy shapes, participants were able to estimate
the 3D location and shape of target clusters even when the particles were fully or partially
occluded. In the complex geometries dataset, e. g., participants placed a contact point (the
interacting point in 3D) on the opposite side of the target without the need to rotate the data
or selected occluded geometries by placing the contact point inside directly. This ability
may allow us to design an effective 3D interaction for clear target clusters.

Accuracy. In comparison to screen-based selection, in VR participants were generally
able to mark the targets closer to their actual locations. We observed, however, that
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participants often had difficulties accurately clicking on, for instance, the exact position of
an intended cluster. When attempting to select data by drawing lines directly in VR using
controllers (6DOF input), participants also often failed to align their input precisely with
target filaments. Even the input lasso looked as if it would precisely follow the filament.
After rotating the data to observe it from another viewpoint, participants saw that the input
lasso was at a distance from the target due to VR’s imprecise depth perception—an issue
that was also noted in related work [43].

3.3.3 Design Considerations

Based on these findings, we propose the following design considerations and requirements
for the design of selection techniques in VR.

• Target-aware selection. The techniques should be capable of handling various target
shapes, such as clusters, filaments, partially occluded structures, and structures inter-
twined with others.

• Context-aware selection. The techniques should be capable of handling various challeng-
ing situations, including non-uniform feature density, unclear boundaries, and occlusion.
Users should not be limited or hindered by these interfering factors but, instead, should
be able to focus on their selection tasks, including identifying the shape, location, and
critical features of the data.

• Accurate and intuitive selection. The techniques should minimize a user’s need to move
and, instead, infer their selection intention from the approximate location and path of the
input, precisely adjusting the selection to crucial data features such as geometric shape
and region density. Users should be able to use simple, natural, and approximate input
to select intended regions precisely in VR.

• Exploratory selection and immediate results. When dealing with a complex dataset that
contains a large number of noisy points and unclear boundaries, it is crucial for users to
visually examine the selection results and receive them without delay. This is important,
e. g., in astronomical data exploration where numerous unknown features are concealed
within the data and noise is prevalent.

• Partial selection and threshold adjustment. Enabling post-selection threshold adjustment
is important for our selection tool to be flexible in handling various situations such as
selecting complex data shapes, partial regions, and non-homogeneous density.
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3.4 Selection Techniques

Based on these design considerations, we developed the MeTACAST family for selection
in HMD-based VR environments, which consists of three spatial techniques, each tailored
to a specific selection intent.

3.4.1 Interaction Metaphor

Our think-aloud study showed that participants preferred visualization tools that rely on
direct interaction with data. We thus adopted the Worlds in Miniature (WIM) metaphor
[16, 109, 110] and developed a hand-held miniature of the 3D point cloud data to facilitate
data selection in a virtual environment. We attached the WIM to the VR controller of the
non-dominant hand, providing users with an exocentric view of the 3D data and facilitating
correct density comprehension of the point clouds. To select points, the user can use their
dominant hand to control a red sphere. We positioned the sphere 1 cm above the top of
the VR controller to prevent collisions between the two VR controllers. This red sphere
follows the movement of the controller, allowing users to have full control in 3D space to
point, brush, or paint within the data.

Similar to CloudLasso [58] and CAST [59], instead of relying on particle positions we
use a continuous density field ρ(r) that represents the particle density at position r in space.
We compute the field at all nodes i of a regular 3D grid (box B) that covers the dataset as
ρ(r(i)). We then derive the value ρ(r) of the field at any other point r in space through linear
interpolation from the values ρ(r(i)) at the grid-nodes that are closest to r. This approach
enables us to apply our method not only to particles but also to volumetric data that samples
a scalar field representing any visually salient data aspect, rather than just density.

Based on this field concept we can now design interaction techniques that are adjusted
to our VR environments. In contrast to projection-based approaches such as CloudLasso
and CAST, we need to allow users to directly point, brush, or draw on the dataset in the 3D
virtual space according to their preferred strategies. We aim to meet the design goals we
formulated in Sec. 3.3.3 and developed three techniques—MeTAPoint, MeTABrush, and
MeTAPaint—that we describe next.
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(a) (b) (c)

(d) (e) (f)

Figure 3.4: MeTAPoint: (a) the user points at the target cluster (red); (b) we derive the closest
maximum point (blue) and density threshold (schematic representation); (c) we compute
the selection volume; (d) the user drags the controller to adjust the density threshold; (e, f)
we recompute the density threshold and selection volume.

3.4.2 MeTAPoint

The problems in VR with general free-hand input imprecision and placement with respect to
a 3D structure (Sec. 3.3.2) lead to users wanting to test their initial selection results through
interactive exploration to better understand the data distribution. Users attempted to draw a
stroke on the target to explore the boundary of the target cluster. To address this need, we
propose our first selection technique MeTAPoint. With it, the user begins by pointing at the
target cluster, or near it, and the initial selection is based on this input position. To account
for imprecision, we attempt to determine the intended target by analyzing the input position.
Specifically, we follow the direction of the gradient from the input position r(s) (red point
in Fig. 3.4(a)) to find the local maximum r(m) of the scalar field (blue point in Fig. 3.4(b)).
We use this input adjustment in all MeTACAST techniques and discuss technical details in
Sec. 3.4.5.

Next, we determine the selection volume V that surrounds the local maximum r(m),
based on the density field. To enable users to explore the edges of the target cluster, we
derive the density threshold based on the density at the initial input position ρ(r(s)). Using
the Marching Cubes algorithm [111, 112] we identify all volumes where the density ρ is
above ρ(r(s)) in the whole space, and we pick the volume that encloses r(m) as the initial
selection volume V (blue area in Fig. 3.4(b, c)).

The user can continue to explore the target boundary by dragging the controller with
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Figure 3.5: MeTABrush: (a) the user draws a 3D stroke (red); (b) the stroke points (red) are
extracted; by following the direction of gradient (blue arrow), we identify the local maximum
points (blue); (c) we construct a tunnel-like volume (yellow dotted region) based on the
MaxLine with the radius R; Vinit is derived (blue dotted line); (d) the final selection.

the trigger pressed. As they drag the red point, we adjust the density threshold accordingly
(Fig. 3.4(d, e)) and compute a new selection volume (Fig. 3.4(f)). It is important to note that
we designed MeTAPoint to select the single volume that is closest to r(s). Therefore, if the
user drags the red point close to another cluster, the selected target may switch. In this
way, we provide the user with an immersive experience of testing the target volume and
selection boundary through continuous interaction in the 3D environment.

To enhance exploratory visualization and accelerate iso-surface computation, we lever-
aged a GPU-based implementation of Marching Cubes. We assign a dedicated thread to
each voxel, resulting in smooth threshold modification and efficient triangle generation.

3.4.3 MeTABrush

A potential issue for MeTAPoint is that it requires users to carefully adjust the contact
point—the input position has a direct impact on the selection result, including the target
and threshold. Consequently, it may be challenging for MeTAPoint to select a part of a
filament in a complex dataset, which is a common task, e. g., in astronomical exploration.
In our elicitation study, we observed that users usually want to brush the points following
the dominant branch or create a helix in 3D space to separate the target points from the
noisy context (Fig. 3.3(c)). While their input may not be precise, their selection intent is
clear from the input. To address this need, we propose our second selection technique,
MeTABrush, which infers users’ intention using the entire input path, adjusts the position of
the input stroke, and then provides a precise selection—without being limited by imprecise
input, non-homogeneous features, or complex structures.

With MeTABrush, the user can brush a stroke along the target filament particles in
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3D space (Fig. 3.5(a)). We then take a sample of points r(s) = {r(s0), r(s1), ...r(sn)} on
the input stroke and follow the direction of gradient from each point (Fig. 3.5(b)) like
before. This process yields a set of destinations, that is, local maximum points r(m) =

{r(m0), r(m1), ..., r(mt)} of the density field; note that n may not equal t. Next, we connect
successive pairs of destinations r(mi) and r(mi+1) to obtain the path P (indicated as MaxLine
below) as follows:

P : x ∈ R+ 7→ R3, P (0) = r(mi), P (end) = r(mi+1),

P ′(x) =
∇f (P (x))

∥∇f (P (x)) ∥
+ 2

(P (mi+1)− P (x))

∥(P (mi+1)− P (x))∥
,

(3.1)

With this process we connect all local maximum points following roughly the direction of the
gradient, while also smoothing the MaxLine P . Based on P , we construct a tunnel-like shape
T (region circled by the yellow dotted line in Fig. 3.5(c)) that extends along the MaxLine
with a pre-defined radius of R (represented by the size of the input marker, which can be
adjusted by the user later). We then identify all particles whose destinations, following
the direction of the gradient, fall within T , using the algorithm we detail in Sec. 3.4.5. We
thus identify the set of the potential target particles J , which we indicate by the blue dotted
line in Fig. 3.5(c). Next, for each potential target particle j ∈ J , we consider the ellipsoid
with semi-axes ℓ

(j)
x , ℓ(j)y , and ℓ

(j)
z , which are the smoothing lengths along x, y, z of the jth

particle (Sec. 3.4.6 has more details on smoothing length and density estimation). We
further combine these ellipsoids into an initial volume of interest Vinit in the data box B that
covers the whole data:

Vinit = {r | r ∈ B, ∃j ∈ J, ∥r(r;j)∥ ≤ 1}, (3.2)

where r
(r;j)
k = (rk − r

(j)
k )/ℓ

(j)
k along the kth direction (k = x, y, z), and ∥r∥ denotes the

Euclidean norm of the vector r.

Next, we calculate the initial density threshold ρ0 by as the arithmetic mean of the density
of all the grid-nodes inside Vinit. Through Marching Cubes we obtain the iso-surface inside
Vinit. We then obtain the volumes inside of the iso-surface and select the volumes that
contain a segment of the MaxLine, which means that the selected volumes should contain at
least one local maximum point r(mi) on the MaxLine. We regard these volumes as the initial
selection volumes V In addition, users are able to adjust the density threshold post-selection
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(a) (b) (c)

Figure 3.6: MeTAPaint: (a) the user draws a 3D stroke (red) near the black cluster, some
parts of the input are located near the gray one; (b) the stroke is split into multiple points
(red), which flow towards local density maxima (blue and gray points) along the direction of
the gradient; (c) the black cluster is selected since it receives most seeds.

via the VR controller. They can modify the threshold in a range of [ρ0/16, 16ρ0], mapping
with the function ρs = 2sρ0 with s ∈ [−4, 4]. When s is adjusted, we thus recompute the
scalar quantity for all grid-nodes inside Vinit with ρ0 replaced by ρs and obtain the iso-surface
using Marching Cubes.

3.4.4 MeTAPaint

In our elicitation study, we observed users trying to select regular points shapes. These
strategies allowed users to depict the geometric features of their target accurately. The
provided input, however, was inherently imprecise. To address this issue, we thus introduce
MeTAPaint, a technique that interprets the 3D path of a drawn selection stroke and selects
the candidate cluster that best fits the drawn stroke.

With MeTAPaint, the user brushes a target cluster with a 3D stroke (Fig. 3.6(a)). We first
identify the initial density threshold ρ0 by sampling the density of the grid-nodes surrounding
the input stroke. We define a tunnel-like region T that extends along the input stroke
with a radius of (ℓx + ℓy + ℓz)/3, where ℓx, ℓy, ℓz are the smoothing lengths along x, y, z,
respectively ([58, 59]). We then calculate the initial threshold ρ0 as the arithmetic mean of
the grid-nodes’ density r(n) within T , given by

ρ0 =
1

NT

NT∑
n=1

ρ(r(n)), (3.3)

whereNT is the number of the nodes in T . Then we take a sample of points {r(s0), r(s1), ...r(sn)}
on the input stroke and follow the direction of gradient from each point to obtain the desti-
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nations {r(m0), r(m1), ..., r(mt)} (Fig. 3.6(b)), as we did in MeTABrush. We then count the
number of r(si) that contribute to each r(mj), and find r(mmax), that is, the destination for
the most stroke points r(si). Using Marching Cubes, we obtain the iso-surface with density
ρ0, and the corresponding enclosed volumes. Finally, we regard the volume containing
the destination r(mmax) as the initial selection volume V (Fig. 3.6(c)). The post-selection
threshold adjustment follows the same procedures as we described for MeTABrush. Note
that MeTAPaint selects the cluster that is most heavily brushed by the input stroke, meaning
that users only need to brush on or around the geometric features of their target, and the
intended single cluster gets selected.

3.4.5 Local Maximum Point Extraction

To increase input precision, in all MeTACAST methods, we adjust the positions of the input
point/stroke by extracting local maxima. For a smooth density field ρ : R3 → R, a point r is
a local maximum of ρ, if

∇ρ(r) = 0 and λ1 < 0, (3.4)

where λ1 is the largest among all the eigenvalues λ1 ≥ λ2 ≥ · · · ≥ λn of the Hessian of ρ
at r. To follow the user input point r(s) along the direction of the gradient of ρ and find the
local maximum point r(m) for the density field, we define the path P as

P : t ∈ R+ 7→ R3, P (0) = r(s), P ′(t) = ∇ρ(P (t)). (3.5)

We take r(m) as the destination of the path P , that is, r(m) = dest(P ) = limt→∞ P (t).
According to Morse theory [113], for a smooth function with a non-degenerate Hessian
matrix, the path P converges to a local maximum except in the case when r(s) is located
on the stable manifold of a saddle or is a minimum of the density field.

Given a position P (t) along the path P , we compute P (t + δt) along the direction of
∇ρ(P (t)), which is calculated by linear interpolation from the values of ρ at the closest
grid-nodes to P (t), obtained in Sec. 3.4.6. Finally, we obtain the local maximum point
rm = dest(P ) at the end of the path P . In the case where the user’s input is a stroke,
we compute the destination points for all the sample points on the stroke with a parallel
algorithm to increase computation speed.
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3.4.6 Kernel Density Estimation

We used the same density estimation method as Yu et al. [58, 59]. For efficiency reasons
we implemented it on the GPU. We define a box B covering the point cloud data and divide
the space into a 100 × 100 × 100 grid. For each direction k = x,y,z, we define the smoothing
length

ℓk = 2(P
(80)
k − P

(20)
k )/ logN (3.6)

where N is the particle count in the box B and P
(q)
j is coordinate k′s q-th percentile value.

For the ith grid-node at position r(i), we compute the density ρ(r(i)) using the modified
Breiman kernel density estimation with a finite-support adaptive Epanechnikov kernel [114],
given by a

ρ(r(i)) =
15

8πN

∑
j

1

ℓ
(j)
x ℓ

(j)
y ℓ

(j)
z

E(∥r(j;i)∥), (3.7)

with
r
(j;i)
k = (r

(j)
k − r

(i)
k )/ℓ

(j)
k (3.8)

where r(j) is the position of the jth particle and ℓ
(j)
k are the smoothing lengths of the jth

particle along the kth direction (k = x, y, z) generated from the pilot density calculation
[58, 59]. The Epanechnikov kernel E(x) is given by

E(x) =

{
1− x2, |x| < 1,

0, |x| ≥ 1.
(3.9)

The density field of the data is pre-computed offline and the selection geometry con-
struction with Marching Cubes is performed on GPU.

3.4.7 System Performance

We have tested the performance of the MeTACAST with Unity on Intel Core™ i9, GeForce
RTX3090. All experiments were conducted under identical conditions to ensure fair compar-
isons across datasets. The evaluation focuses on three major computational components
of the system: density estimation, the selection algorithm, and geometry construction using
marching cubes. Tab. 3.1 shows the performance measured by execution times. We report
the average execution time over 10 runs for all tests.
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Table 3.1: MeTACAST performance. Times are in seconds.

Dataset Particle
Size

Density
Estimation (offline)

Selection
Algorithm

Marching
Cubes

Fig. 3.1(left) 76k 0.38 0.06 0.005
Fig. 3.1(mid) 442k 3.47 1.69 0.008
Fig. 3.1(right) 146k 0.80 0.17 0.009

3.5 User study

We conducted a controlled experiment to evaluate the performance of the MeTACAST
methods in identifying various target structures with uniform or non-uniform density and
shape. We compared our three MeTACAST methods to a conventional, region-based
method, to which we refer as Baseline. We directly derived the Baseline method based on
Touching the Cloud [101], a technique designed for selecting particles within the region
where the user brushes using 3D input in a VR environment. We compared all methods
based on the accuracy and time taken for particle selection. We pre-registered the user
study plan, our analysis code, and our hypotheses at osf.io/dvj9n.The user study received
approval from the University Ethics Committee.

3.5.1 Study Design

Participants. We recruited 32 unpaid participants (17 male, 15 female) from the local
university, 18–33 years old (M=23.1, SD=2.8), all of whom reported to be right-handed.
Among them, 15 use VR at least once per week, 14 at least once per year, and 3 had never
used VR devices before. Furthermore, 18 participants had obtained a Bachelor’s degree
or higher. They all had normal or corrected-to-normal vision and were able to distinguish
clearly the colors used in our application.

Apparatus. We used Valve Index [115], a PC-based VR HMD (1440 × 1600 resolution
per eye, 108° field of view, 90 Hz refresh rate). We carried out the study on a PC (Intel
Core™ i9, 3.5GHz, 64GB RAM, GeForce RTX3090, 24 GB video memory).

Datasets. All datasets in our study (Fig. 3.7) have target (yellow) and interfering particles
(blue). We designed or selected these datasets to have different features that made the
selection of targets challenging:
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(a) (b) (c) (d)

(e) (f) (g)

Figure 3.7: Datasets we used in our study: (a) Disk, (b) Rings, (c) Shell, (d) Strings, and
(e–g) Filaments.

Disk: This dataset (Fig. 3.7a) exhibits a gradual decrease in density from its center towards
the periphery. The high-density area around the center is the target region.

Rings: This dataset (Fig. 3.7b) consists of two half rings with uniform density, positioned
perpendicular to each other with a slight gap between them. The target area comprises
a portion of each ring.

Shell: This dataset (Fig. 3.7c) comprises a half-ball of interfering particles that are partially
surrounded by a semispherical shell of particles. Both structures have uniform densities
and are in close proximity. The semispherical shell is the target structure.

Strings: This dataset (Fig. 3.7d) comprises two string-like structures with non-uniform
density. The outer string wraps around the central string and exhibits variations in both
density and perimeter along itself. We asked participants to select the outer string.

Filaments: The Millennium-II data subset [108] (Fig. 3.7e) is a complex network of filaments
that connect high-density clusters. We chose this real-world data to represent a realistic
scenario in astronomy. Unlike the other datasets, we showed the target filaments only for
two seconds, to give the participants a general sense of their 3D location and structure.
This way we wanted to see what crucial features participants found important and
how our methods supported their selections. To avoid a learning effect we thus asked
participants to select three distinct filaments in each condition (Fig. 3.7(e–g)).

Task and Procedure. We asked participants to select the yellow and to avoid the blue
particles, and to complete the tasks as fast and as precise as possible. We split the study
into four tasks (T1–T4) with explicit goals and one task (T5) with an implicit goal. During
the explicit goal tasks, which used the datasets Disk (Fig. 3.7a), Rings (Fig. 3.7b), Shell
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(Fig. 3.7c), and Strings (Fig. 3.7d), the target particles remained highlighted in yellow until
they were selected, after which all selected particles turned red. For each combination of
trial and dataset, we chose a unique starting orientation, which changed between trials
but which we used for all participants. In the implicit goal task (with dataset Filaments,
Fig. 3.7e) we showed the yellow target particles to participants for only 2 seconds, giving
them a limited period to perceive their location and structure. We allowed them, however,
to inspect the target particles as many times as needed for an additional 2 seconds each
time but did not allow them to make any selections during this time. Once participants had
gained a general understanding of the target particles (e. g., location, structure, context,
etc.), we asked them to select the ones that possessed “important features” based on their
judgment. With this task we aimed to explore the possibility that, by employing context- and
target-aware techniques, users could rely on a general understanding of these “important
features” when identifying target points, without them continuously being visible.

To prepare participants for the actual study, we first familiarized them with the selection
techniques by practicing with additional training data. During the training trials, we instructed
the participants to perform the selection using VR controllers and allowed them to take
as much time as needed. In the actual study, however, we instructed them to complete
their selection tasks with both speed and accuracy but did not inform them if or when they
had achieved the selection goal. We provided two possible selection modes: union and
subtraction. As Yu et al. [58, 59] had previously discussed, subtraction is best done using
region-based techniques, not with structure-aware ones. We thus implemented subtraction
with the Baseline technique in all trials. Participants could use the VR joystick to adjust
the density threshold and use the VR button to adjust the size of the input marker. In
addition, we provided undo and redo functions as well as a reset to the initial unselected
state. The whole study lasted ≈ 90 minutes. Following each technique, we requested that
the participants evaluate their workload and fatigue levels using NASA’s Task Load Index
(TLX) [116]. After completing all trials, we asked them to indicate which technique they
preferred for each dataset and to provide their reasoning.

Design. For the explicit goal tasks with the first four datasets, we counter-balanced
the order for the methods and datasets. For a given participant with a specific PID, where
ID is unique and ∈ [0, 15] (the first batch of 16 participants), we presented the datasets
in the same order for each method. We counter-balanced the dataset order using a Latin
square as “(PID / 4) mod 4” and the method order as “PID mod 4”. We repeated the Latin
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square order for the second batch of 16 participants. In summary, we had 32 participant ×
4 methods × 4 datasets × 3 repetitions = 1536 trials. For the implicit goal tasks with the
last dataset (Filaments), we used the same order for the three ROIs across all methods,
but counter-balanced the method order. In the end, we had 32 participants × 4 methods ×
3 cases = 384 trials.

Measures and Analysis. To reduce the impact of the learning effect, we excluded the
first repetition of each dataset × method pairs. This left us with 1280 trials. Since NHST has
been criticized for analyzing experimental data [117, 118, 119, 120], and APA recommends
alternative approaches [121], we report results using estimation techniques with effect sizes
and confidence intervals rather than p-value statistics.

Accuracy. Similar to Yu et al. [58, 59], we calculated two distinct accuracy scores, F1
and MCC (Matthews correlation coefficient), to compare the accuracy of our techniques.
The accuracy scores for both cases are based on the identification of true positives (TP,
# of correctly selected particles, false positives (FP, # of incorrectly selected particles),
and false negatives (FN, # of target particles that were not selected). F1 is calculated
as F1 = 2 · (P ·R)/(P +R), where P = TP/(TP + FP ) and R = TP/(TP + FN). While
the F1 score provides a measure of the harmonic mean of the precision, it does not consider
the true negatives (TN,# of correctly unselected particles) rate. Thus, we also used MCC
as our second error metric which is calculated as:

MCC =
TP · TN − FP · FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
.

The accuracy scores for both cases are normalized. We computed means and 95%
bootstrap confidence intervals (CIs; all n = 32).

Completion Time. We analyzed the completion time data using exact CIs on log-
transformed data (all n = 32). We report means thus as geometric means and express
comparisons between means as ratios.

3.5.2 Hypotheses

As we designed the three MeTACAST techniques to be adaptable to specific selection
intents it is reasonable to expect that their performance varies depending on the given
scenario. To anticipate the results of our study, we analyzed the data features and made
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Figure 3.8: Predicted results are based on data features and principles of selection method:
red indicates relatively good performance, and blue indicates relatively poor performance.

predictions (Fig. 3.8) based on each technique’s principles. The hypotheses are:

H1 MeTACAST adjusts the input toward the local density maximum. All MeTACAST
techniques would thus be more accurate than the non-adjusting, region-based Baseline.

H2 Since we explicitly designed MeTABrush for filament-like structures, its completion time
and accuracy would be better than that of other techniques for the Filaments datasets,
especially when the target is part of a filament with varying density and shape.

H3 We designed MeTAPoint and MeTAPaint for selecting complete sub-structures with
simple, minimum input, so they would be generally faster than other methods for
selecting whole clusters.

H4 Technique preference would depend on the dataset features. In general, for filament-
like datasets, participants would prefer MeTABrush and Baseline, while for individual
shapes they would prefer MeTAPoint and MeTAPaint.

3.5.3 Results—Explicit Goal Tasks: T1 to T4

As we designed MeTACAST based on different selection strategies and to be able to deal
with various datasets, the analysis of the selection effectiveness based on overall completion
time and accuracy may not offer a complete picture of their capabilities. We thus discuss
the results for the four synthetic datasets and one real-world dataset separately and provide
the overall completion time/accuracy results.

Tab. 3.3 shows the overall mean task completion times, accuracy scores and their
corresponding 95% confidence intervals. Fig. 3.11 shows the overall geometric means of
completion time for each technique. Fig. 3.12 shows the pairwise ratio of completion times
for T1–T4. Fig. 3.13 and 3.14 show the overall accuracy for T1–T4. Fig. 3.15–3.24 show
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the accuracy per dataset. Fig. 3.28 shows the rank across all datasets (Disk, Rings, Shell,
Strings, Filaments): MeTAPaint (Pa), MeTAPoint (Po), MeTABrush (Br), Baseline (Ba).
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Figure 3.9: The geometric mean completion times in seconds for each selection technique
in T1 to T5; (a): Disk, (b): Rings, (c): Shell, (d): Strings, (e): Filaments. Error bars show
95% confidence intervals (CIs).
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Figure 3.10: Pairwise completion time ratio in T5. Error bars: 95% CIs.

We now focus on the statistical results for each dataset based on our hypotheses. Disk:
Given that the target area is part of the high-density region, which has varying density and
shape, we predicted that the MeTAPoint and MeTAPaint methods would outperform the
MeTABrush (designed for filament-like structures) and Baseline (region-based) methods.
This is because both MeTAPoint and MeTAPaint facilitate an easy initial selection and
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Table 3.2: The mean task completion times, accuracy scores, and their corresponding 95%
confidence intervals for T1 to T5.

Technique Time 95% CI F1 95% CI MCC 95% CI

D
is

k

MeTAPoint 11s [9,13] .95 [.94,.96] .93 [.91,.95]
MeTABrush 42s [35,50] .92 [.90,.94] .88 [.85,.91]
MeTAPaint 10s [8,11] .96 [.93,.97] .95 [.92,.96]
Baseline 37s [30,46] .88 [.84,.89] .82 [.78,.83]

R
in

gs

MeTAPoint 38s [32,45] .97 [.96,.97] .95 [.94,.96]
MeTABrush 17s [14,21] .97 [.96,.98] .96 [.94,.97]
MeTAPaint 40s [32,50] .96 [.94,.97] .94 [.92,.96]
Baseline 27s [21,33] .96 [.93,.97] .94 [.91,.96]

Sh
el

l MeTAPoint 11s [9,14] .97 [.96,.98] .95 [.92,.97]
MeTABrush 58s [49,67] .97 [.96,.97] .94 [.92,.95]
MeTAPaint 8s [6,11] .99 [.97,.99] .98 [.96,.99]
Baseline 62s [51,76] .92 [.82,.96] .88 [.79,.92]

St
rin

gs

MeTAPoint 14s [11,17] .99 [.98,.99] .97 [96,.98]
MeTABrush 40s [34,46] .99 [.98,.99] .97 [.95,.98]
MeTAPaint 12s [10,16] .98 [.97,.99] .97 [.95,.98]
Baseline 63s [51,77] .96 [.88,.98] .93 [.86,.96]

Fi
la

m
en

ts MeTAPoint 43s [35,54] .69 [.65,.72] .69 [.65,.72]
MeTABrush 33s [28,38] .87 [.85,.90] .88 [.85,.90]
MeTAPaint 39s [32,47] .66 [.59,.69] .66 [.60,.70]
Baseline 29s [23,36] .69 [.64,.72] .70 [.66,.73]

Table 3.3: The overall (T1 to T4) mean task completion times, accuracy scores, and their
corresponding 95% confidence intervals.

Technique Time CI FI CI MCC CI
MeTAPoint 16s [14,19] .97 [.96,.98] .95 [.94,.96]
MeTABrush 36s [31,41] .96 [.96,.97] .94 [.93,.95]
MeTAPaint 14s [12,17] .97 [.96,.98] .96 [.95,.97]
Baseline 44s [37,54] .93 [.87,.95] .89 [.83,.92]
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Figure 3.11: The overall (T1 to T4) geometric means of completion time for each selection
technique. Error bars: 95% CIs.
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Figure 3.12: The overall (T1 to T4) pairwise ratio of completion time. Error bars show 95%
confidence intervals (CIs).
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Figure 3.13: The overall (T1 to T4) F1 score. Error bars: 95% CIs.
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Figure 3.14: The overall (T1 to T4) MCC score. Error bars: 95% CIs.
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Figure 3.15: The F1 score for T1 (Disk). Error bars: 95% CIs.
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Figure 3.16: The MCC score for T1 (Disk). Error bars: 95% CIs.
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Figure 3.17: The F1 score for T2 (Rings). Error bars: 95% CIs.
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Figure 3.18: The MCC score for T2 (Rings). Error bars: 95% CIs.
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Figure 3.19: The F1 score for T3 (Shell). Error bars: 95% CIs.
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Figure 3.20: The MCC score for T3 (Shell). Error bars: 95% CIs.
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Figure 3.21: The F1 score for T4 (Strings). Error bars: 95% CIs.

refinement of results through density threshold adjustments. From the results, we can see
MeTAPoint and MeTAPaint were much faster than Baseline and MeTABrush, and Baseline
was less accurate than the other methods, which aligns with our prediction.

Rings: As the target area was part of two rings with uniform density and shape, we
predicted that both MeTABrush and Baseline would outperform MeTAPoint and MeTAPaint,
which were designed to select the entire component and change the overall selection based
on the density threshold. We saw that MeTABrush and Baseline were indeed faster. The
accuracy scores for all methods are equivalent as we predicted.

Shell: For the Shell dataset, the target cluster is a complete component. We thus
predicted that MeTAPaint and MeTAPoint would be more effective and that MeTAPoint may
be slightly slower than MeTAPaint since its density threshold is determined by the input
location. Due to occlusion, however, users may not have precise control over the density
adjustment. Our results show that both MeTAPoint and MeTAPaint were indeed faster than
the other two methods, with a substantial difference in average completion time. MeTAPoint
was slightly slower than MeTAPaint. These results align with our prediction. In addition, our
findings indicate that Baseline is the least accurate method.

Strings: Based on the non-uniform density and shape of the target cluster, we predicted
that all MeTACAST methods would perform better than the Baseline. We also expected
that MeTAPaint and MeTAPoint, requiring minimal input, would be faster than MeTABrush.
Although the target was filament-like, MeTABrush may not be as effective as the other two as
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Figure 3.22: The MCC score for T4 (Strings). Error bars: 95% CIs.
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Figure 3.23: The F1 score for T5 (Filaments). Error bars: 95% CIs.
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Figure 3.24: The MCC score for T5 (Filaments). Error bars: 95% CIs.

it would require participants to brush the whole ROI. Our results show that the MeTACAST
methods were both faster and more accurate than Baseline. In addition, MeTABrush was
much slower than MeTAPaint and MeTAPoint, which we expected. Moreover, our results
show that Baseline was again the least accurate method.

3.5.4 Results—Implicit Goal Task: T5

T5 was a more high-level selection task where participants could only view the features of
the target cluster within a short period and make selections based on their understanding
of the key data features. In addition to analyzing accuracy and completion time, we were
interested in how often participants required to re-check the targets and how our selection
strategies supported them in making selections based on data features. We predicted that
MeTABrush would outperform other methods since it was specifically designed for filament-
like structures in a noisy environment. The results showed that T5 had a lower accuracy level

54



compared to T1 to T4, while MeTABrush showed considerably higher accuracy (Fig. 3.25)
compared to the other methods. Both Baseline and MeTABrush techniques had a shorter

MeTAPoint
MeTABrush
MeTAPaint

0.00 0.25 0.50 0.75
MeTAPoint

MeTABrush
MeTAPaint

Baseine

Fi
la

m
en

ts Baseline

Fi
la

m
en

ts

Figure 3.25: The F1 (top) and MCC (bottom) for T5. Error bars: 95% CIs.

mean completion time than MeTAPoint and MeTAPaint (Fig. 3.9(e)), with a small difference.
We further provide pairwise ratios of completion times of the MeTACAST techniques in
Fig. 3.10. We observed that MeTABrush took only about 0.86–1.44× longer than Baseline.
MeTAPoint took about 1.04–1.64× longer, and MeTAPaint took about 1.00–1.42× longer
than MeTABrush. Although the filament-based and region-based methods were slightly
faster in selecting filament-like structures in the noisy background, the difference was not
as substantial as predicted. Overall, we have strong evidence that MeTABrush outperforms
other methods in this task.

In conclusion, as noticed in most tasks except T5 (Filaments, which also requires
user understanding about the data feature), Baseline was the least accurate technique.
Therefore, we can partially support H1. For the filament datasets (Rings, Strings, and
Filaments), the results indicate that MeTABrush was faster than other techniques only in
the Rings dataset. However, it is important to note that, for the Strings dataset where the
whole string needs to be selected, MeTAPoint and MeTAPaint were faster. In the case of
the Filaments task, MeTABrush took about 0.86–1.44× longer than Baseline, but it was
substantially faster than other techniques. Yet, MeTABrush showed considerably higher
accuracy than other techniques. While we can partially support H2, the results thus
highlight the importance of MeTABrush in selecting filament-like structures. For the tasks in
which the whole dataset needs to be selected (Shell, Strings), MeTAPaint and MeTAPoint
outperform other methods. Thus, we support H3.
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3.5.5 Results—User Workload and Preference

Workload. After analyzing the data, we found strong evidence that participants felt more
efficient, less frustrated, less time-pressured, and needed less mental effort when using
MeTAPaint and MeTAPoint in T1–T4, as shown in Fig. 3.26. These findings align with the
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Figure 3.26: User workload and performance, T1–T4. Error bars: 95% CIs.

participants’ overall completion times, which indicates that their subjective experiences
match their actual performance for these methods. However, for the more complex T5
shown in Fig. 3.27, we saw that MeTABrush was the most effective method, as it led to
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Figure 3.27: User workload and performance, T5. Error bars: 95% CIs.

higher performance, less frustration, less time pressure, and less physical and mental effort.
In addition, participants experienced higher mental and physical effort when using Baseline

56



and felt more frustrated when using MeTAPoint and MeTAPaint in T5.
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Figure 3.28: User preference for techniques with each dataset.

Preference. After analyzing the techniques’ rank across all datasets (T1 to T5) shown in
Fig. 3.28, we observe a correlation between the participant preference and their actual
performance. Specifically, for the Disk and Shell datasets, the participants demonstrated
a similar pattern in the ranking of the selection techniques (MeTAPaint > MeTAPoint
> MeTABrush > Baseline). Interestingly, for the two filament-like datasets, Rings and
Filaments, most participants preferred Baseline and MeTABrush, while MeTAPaint and
MeTAPoint were ranked higher for the Strings dataset. We believe that this observation may
be because participants were required to select the entire string, which can be achieved
more easily with MeTAPaint that allows for a large selection with minimal input. Based on
these results, we support H4.

During the study, we closely observed how participants used each technique to select
particles. Our observations revealed that participants demonstrated a clear understanding
of the methods’ designs and effectively employed strategies to complete the tasks. For
example, some participants intentionally brushed a stroke outside of the semispherical shell
to ensure that the input stroke remained far away from the half-ball of interfering particles.
They made this adjustment with the understanding that the position of the input stroke
would be adjusted to align with the shell. In addition, the Baseline technique was also
appropriately employed in the study, aligning with its intended design.

To further explore the impact of participants’ level of VR fluency, we conducted a
separate analysis of task performance on the participants’ level of VR fluency. We divided
the participants into two groups: 15VR users (weekly experience) and 17 non-experts (yearly
experience and novices). Overall, our comparison revealed that both groups exhibited
comparable task performance with MeTACAST methods. However, with Baseline method,
both groups were equally fast in the Disk and Rings tasks. In the Shell and Strings tasks,
which have more complex occlusion features as indicated in Fig. 3.8, VR users were
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slower than non-experts. On the other hand, VR users were faster in the most challenging
task, Filaments. We assume VR users were slower in the complex tasks due to the higher
demands of task completion, but they had better direction sense in VR environment and were
able achieve better performance in the task which requires a good sense of data structure.
This finding indicates performance with MeTACAST is independent of the influence of
VR experience—even novice users are able to achieve similar performance to VR users,
thanks to the intuitive and effective design of the selection techniques. The following graphs
show task performance results for the two groups (black: VR users, gray: non-experts).
Fig. 3.29–3.33 show the geometric means of completion times for each technique per
dataset, and Fig. 3.34–3.43 show the accuracy results per dataset, comparing two groups.
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Figure 3.29: The geometric mean completion times in seconds for T1 (Disk). VR users
(black), non-experts (gray). Error bars: 95% CIs.
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Figure 3.30: The geometric mean completion times in seconds for T2 (Rings). VR users
(black), non-experts (gray). Error bars: 95% CIs.
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Figure 3.31: The geometric mean completion times in seconds for T3 (Shell). VR users
(black), non-experts (gray). Error bars: 95% CIs.
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Figure 3.32: The geometric mean completion times in seconds for T4 (Strings). VR users
(black), non-experts (gray). Error bars: 95% CIs.
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Figure 3.33: The geometric mean completion times in seconds for T5 (Filaments). VR
users (black), non-experts (gray). Error bars: 95% CIs.
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Figure 3.34: The F1 score for T1 (Disk). VR users (black), non-experts (gray). Error bars:
95% CIs.
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Figure 3.35: The MCC score for T1 (Disk). VR users (black), non-experts (gray). Error
bars: 95% CIs.
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Figure 3.36: The F1 score for T2 (Rings). VR users (black), non-experts (gray). Error bars:
95% CIs.
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Figure 3.37: The MCC score for T2 (Rings). VR users (black), non-experts (gray). Error
bars: 95% CIs.
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Figure 3.38: The F1 score for T3 (Shell). VR users (black), non-experts (gray). Error bars:
95% CIs.
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Figure 3.39: The MCC score for T3 (Shell). VR users (black), non-experts (gray). Error
bars: 95% CIs.
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Figure 3.40: The F1 score for T4 (Strings). VR users (black), non-experts (gray). Error
bars: 95% CIs.
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Figure 3.41: The MCC score for T4 (Strings). VR users (black), non-experts (gray). Error
bars: 95% CIs.
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Figure 3.42: The F1 score for T5 (Filaments). VR users (black), non-experts (gray). Error
bars: 95% CIs.
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Figure 3.43: The MCC score for T5 (Filaments). VR users (black), non-experts (gray). Error
bars: 95% CIs.

3.6 Discussion

There are insightful discussion points that can be drawn from our experimental results,
as detailed below. We also position MeTACAST within the broader landscape of existing
spatial selection techniques to derive general design guidelines for 3D spatial selection.

3.6.1 Design Guidelines for 3D Spatial Selection

Different selection strategies showed advantages in dealing with different data characteris-
tics and situations. When choosing a selection technique, therefore, we need to consider
factors, such as data features, selection requirements, and interaction environment.

Target and Context Awareness. The MeTACAST techniques are both target- and
context-aware, taking into account various data features during the selection process such
as position, structure, and density distribution to realize the user’s intention based on
their input. MeTAPoint identifies the cluster nearest to the user’s pointing location and
dynamically adjusts or switches selections based on ongoing input. MeTABrush analyzes
the user’s input stroke and infers their intention by identifying the primary filament branch
close to the path. Finally, MeTAPaint selects targets based on how the user perceives
the structure and distinguishes them from the surrounding context. These strategies are
well-suited for data selection in immersive environments due to their inherent flexibility,
which enables users to focus fully on the data features without separating input location
from data position.

Density- vs. Region-based Control. Our results partially support H1: MeTACAST
techniques are generally more accurate than the region-based Baseline, except in T5 where
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the Baseline method was slightly more accurate than MeTAPoint and MeTAPaint—but the
difference was minor. In T5, MeTABrush was the second fastest technique (after Baseline),
and some participants preferred the region-based interaction when they had limited time to
see the target filaments. T5 required participants to rapidly identify features of the target
filaments (position, density). Here, if participants were able to quickly recall the target’s
location, the region-based method offers a straightforward way to complete the task. This
observation also explains why some participants ranked Baseline highly in this task, despite
being aware that their performance would not be good with this method. Nonetheless, for
this dataset, MeTABrush—which considers both the position and density distribution in the
selection process—demonstrated clear advantages in terms of accuracy, completion time,
and user preference.

Target Shape. Our findings strongly support the notion that different selection strate-
gies are well-adapted to distinct target shapes. Specifically, MeTAPoint and MeTAPaint
demonstrated substantially faster performance for Shell and Disk, whereas MeTABrush
and Baseline exhibited advantages in selecting filament-like structures such as Rings and
Filaments. It is important, however, to note that complex data environments typically involve
multiple factors, making it challenging to determine the optimal selection method based
on a single data feature alone. For instance, although MeTABrush is ideal for filament-like
structures, it was not consistently the fastest method in such tasks (e. g., Strings). This
is primarily due to the fact that, in the Strings task, participants had to brush the entire
string with MeTABrush and Baseline, while MeTAPaint and MeTAPoint require only minimal
painting/pointing on or around the target string.

Partial Selection. In general, our results provide strong evidence to support H3:
MeTAPoint and MeTAPaint are faster than the two brushing techniques in selecting whole
components such as for Disk and Shell, in particular when the target is well-separated
from other clusters. This also limits, however, their use when multiple clusters or a subset
of cluster are required to be selected (e. g., Filaments)—then MeTABrush and region-based
techniques are better.

Occlusion. Three datasets had complex occlusion features: Shell (partially surrounded
half-ball), Strings (wrapped inner string), and Filaments (comprising many small details).
Therefore, participants had to avoid mistakenly selecting interfering particles from other
clusters. Our results show that for Shell and Strings, MeTAPaint and MeTAPoint were
faster than MeTABrush and Baseline, and MeTAPaint was slightly faster than MeTAPoint.
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The main reason is that in these two tasks, the whole cluster needs to be selected. As
long as the user can recognize the partial area of the target cluster, they can accurately
and quickly select the entire cluster. A reason why MeTAPoint was slightly slower than
MeTAPaint may be that we derive the threshold of MeTAPoint from the density at the input
position. Participants thus needed to be careful when dragging the controller. In contrast,
the Filaments task was particularly challenging for MeTAPaint and MeTAPoint since they
treated clusters as individual objects. Future work could explore how to use MeTAPaint
and MeTAPoint to identify internal structures such as the half-ball (Shell) and inner string
(Strings) in situations where the user lacks a complete understanding of the target object.

3.6.2 Comparison of Existing Spatial Selection Techniques

Target- and context-aware techniques are especially important in three situations: first, when
the user is unfamiliar with the dataset’s structure and features; second, when occlusion and
perception distortion impede the user’s ability to see, judge, or reach the target, or when they
need to trace the target’s border carefully; and third, when the user has a clear idea about
the target and expects to use a simple and fast input to select it. We compared MeTACAST
with existing spatial selection techniques’ characteristics (summarized in Tab. 3.4) and now
discuss their pros and cons under various situations, to offer design guidelines and suggest
appropriate methods for different scenarios.

Previous taxonomies have categorized spatial selection techniques according to various
factors such as targets (e. g., object, ROI) [122], input strategies and degree of freedom of
the input [123], and the users’ level of control during the selection process [56]. In our own
work we emphasized different aspects of spatial selection, including data characteristics,
selection requirements (such as the selection basis and target shape), selection strategies
(such as metaphor and selection strategy), and the users’ level of control (including precision
demand and post-adjustment). Note that the required level of input precision depends on
the user’s desired level of control and the level of performance needed for the selection.
For instance, precise input (2D or 3D) could always be required (high), it could be imprecise
or incomplete (low), or imprecise input could be allowed but may cause inaccurate results
(medium). To narrow our focus, we only focus on spatial selection where the user specifies
a region in space in which the targets are located.

Partial Selection and Interaction Metaphor. An important question is to examine how
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Table 3.4: An overview of spatial selection techniques for 3D data.

technique data type selection
basis whole / partial selection strategy precision

needs metaphor shape adjustment

Cylinder Selection [88, 88] ROI region whole / partial semi-autom., 2D high lasso no control
Cloudlasso [58] point cloud / scalar value whole / partial semi-autom., 2D medium lasso threshold adjust
SpaceCAST [59] point cloud / scalar value whole / partial semi-autom., 2D medium lasso threshold adjust
Volume Catcher [54] scalar value whole semi-autom., 2D low lasso no control
TraceCAST [59] point cloud / scalar value whole semi-autom., 2D low lasso threshold adjust
PointCAST [59] point cloud / scalar value whole semi-autom., 2D low raycasting threshold adjust
LassoNet [57] point cloud deep learning whole / partial semi-autom., 2D low lasso no control
WYSIWYP [87] scalar value none semi-autom., 2D low raycasting no need to control
Slicing Volume [103] point cloud region partial manual high raycasting region adjust
Hybrid AR selection [35] point cloud / scalar region partial manual high lasso + extrusion no control
TangibleBrush [56] point cloud / scalar region partial manual high lasso + extrusion no control
Touching the cloud [101] point cloud region partial manual high brush region adjust
Embodied Axes [33] ROI region whole / partial manual high tangible (box) region adjust
Fiducial-Based Tangible [102] tensor region partial manual high brush no control
Live-Wire [104] scalar value partial semi-autom., 3D medium seed points no control
Lightweight Tangible [34] vector value whole semi-autom., 3D medium tangible (orien.) no control
Neuron Tracing [43] scalar value partial semi-autom., 3D low brush no control
MeTAPoint (this paper) point cloud / scalar value whole semi-autom., 3D low point + drag threshold adjust
MeTABrush (this paper) point cloud / scalar value whole / partial semi-autom., 3D low brush threshold adjust
MeTAPaint (this paper) point cloud / scalar value whole semi-autom., 3D low brush threshold adjust

whole or partial selection intents relate to the chosen interaction metaphor. It would be
interesting to investigate, for instance, whether the lasso approach is an effective method
for making partial selections. The lasso approach is indeed the most widely used approach
for defining selection ranges for multiple targets or partial selection on 2D surfaces (e. g.,
CylinderSelection, CloudLasso [58], SpaceCast [59], LassoNet[57], Hybrid AR selection
[35], and Tangible brush [56]). A potential approach for defining/extending the selection
range in 3D is through extrusion using mobile devices, as in Hybrid AR selection [35] and
Tangible Brush [56]. 3D brushing provides a direct and intuitive way for users to make
partial selections in 3D, as demonstrated in techniques such as Touching the cloud [101],
Fiducial-Based Tangible [102], Neuron Tracing [43], and MeTABrush. Unlike the lasso or
extrusion, however, the selection range for 3D brushing is not always clear. Designers
thus need to consider specific data features and selection contexts when developing such
techniques. In contrast to for single-object selection, Raycasting is a less commonly used
approach for making partial spatial selections—defining the selection range in 3D through
a ray can be challenging. Other possibilities for defining a 3D range include using tangible
devices such as Embodied Axes [33], which can achieve partial selection in all dimensions.

Selection Strategy and Precision Needs. Our suggestion for spatial selections is
to allow users to express the selection intent in their own way, and then employ selection
heuristics that take all relevant input information and data characteristics into account
to provide an initial result. Manual selections [103, 56, 33, 102, 35, 101] always require
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a high input precision, thus increase the users’ physical and mental workload. Several
semi-automatic methods are available for context-aware selection on 2D surfaces ([58, 59,
54, 57, 87]) and 3D space (MeTACAST, [104, 34, 43]), specifically designed to consider
users’ intention and data characteristics. They significantly enhance selection accuracy
and efficiency, while also reducing the users’ physical workload.

Partial Selection and Selection Strategy and Precision Needs. Following the previ-
ous point, a more focused question needs to investigate if the needs for whole or partial
selection increase the demand for input precision, leading to greater mental and physical
workload. In addition, it would be interesting to explore how selection strategies can mitigate
these challenges. We thus focus on selection techniques that have low input precision
needs. One scenario is that, for selecting single clusters, users may not need to provide a
precise or complete input. The whole target cluster can be selected with a short/incomplete
stroke (MeTAPaint, Volume Catcher [54], TraceCast [59]) or a single click (MeTAPoint,
PointCast [59], WYSIWYP [87]). Another scenario is that, for selecting a target subset,
users may not need to define a precise selection range. The intended selection can, e. g., be
made through a complete stroke in LassoNet [57]. Yet two powerful 3D brushing methods,
MeTABrush and Neuron Tracing [43], do not require a selection range but still precisely
select the intended partial target.

3.6.3 Limitations

As with most work, ours too has some limitations. First, for MeTABrush we currently use a
pre-defined range and search for particles that flow into this range by following the gradient
direction. While adjusting this range (spatial adjust) and adjusting the density threshold
(density adjust) are both possible, it may cause confusion for users about how far the
selection volume can expand and whether it can continue to expand as expected. A more
reliable approach would be to compute these parameters automatically based on the data
distribution, edge, or topological structures. Second, MeTACAST is currently designed for
handheld or table-size visualization, and may not be suitable for room-size settings. In such
environments users may face difficulties in accurately estimating the density distribution
and identifying dense clusters if they are located within them. Third, MeTACAST methods
are density-field-based selection techniques which perform well when variations in density
distribution are visible. When users encounter difficulties, however, in distinguishing data
features, such as when the density remains consistent across the entire point cloud, shape-
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based techniques may be more suitable choices. Last, it is important to note that our
interaction technique design requires 6DOF input devices.

3.7 Conclusion

We presented a family of spatial 3D data selection methods, MeTACAST (MeTAPoint,
MeTABrush, and MeTAPaint), for VR environments. With MeTACAST, users can explore
immersive 3D spaces and select data in their preferred way such as pointing, brushing,
or drawing. We demonstrated MeTACAST for particle data and density as the measure,
yet it can work also with volumetric data and any other scalar field. The basic idea behind
our techniques is that users select visually interesting or important locations that contain
key information (e. g., density distribution, geometric shape, and position) that causes the
feature to be visible. As such, two aspects are essential. First, we need to understand
the data and determine which features may guide users’ selection intent or attract their
attention. This aspect involves analyzing the data features and seeking the expertise of
domain specialists to determine the data characteristics and what they are trying to find.
Second, we need to understand users and their behavior when encountering data features.
To accomplish this, think-aloud studies are effective to collect behavior and intentions.

Our target- and context-aware methods can then infer user intentions from their input,
which means that more input can provide more information about the goal. 3D immersive
environments thus offer greater flexibility than 2D projection-based approaches, allowing
users to flexibly interact with data and seamlessly integrate their actions across modalities.
By incorporating information from various modalities (e. g., head and eye movements;
path, direction, and speed of input; gestures; user location) more sophisticated target- and
context-aware methods can be developed for complex data exploration.

Additional Material Pointers

We share our additional materials (appendix, study results/data and analysis scripts, videos)
at osf.io/dvj9n. We also make our prototypical implementation of the MeTACAST tech-
niques available at github.com/LixiangZhao98/MeTACAST.
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CHAPTER 4
ScaleFree: Dynamic KDE for Multiscale Point Cloud
Exploration in VR

In the second project, we address RQ2: How can immersive environments maintain
responsiveness when exploring computationally demanding spatial datasets? The
previous project described in Chapter 3 introduced efficient spatial selection techniques that
rely on natural 6DOF input. However, computing the underlying data representation—the
scalar field—remains computationally expensive, where we use a precomputation strategy.
Yet when users shift their focus to finer scales, the resolution of the precomputed scalar field
becomes insufficient to capture the necessary detail. As a result, dynamic re-evaluation of
density fields becomes essential to ensure that details are adequately sampled.

In this chapter, we present a GPU-accelerated adaptive KDE algorithm for scalable,
interactive multiscale point cloud exploration. With this technique we cater to the massive
datasets and complex multiscale structures in advanced scientific computing, such as in
cosmological simulations, which contain billions of particles. Exploring such data requires
smooth transitions between global context and fine-grained detail. With this approach
we can recalculate scalar fields dynamically as users shift their focus across scales. We
demonstrate the benefits of our adaptive density estimation through two data exploration
tasks: adaptive selection and progressive navigation. Through performance experiments,
we demonstrate that our method with GPU-parallel implementation achieves orders-of-
magnitude speedups over sequential and multi-core CPU baselines. In a controlled study,
we further confirm that our adaptive selection technique improves accuracy and efficiency
in multiscale selection tasks.
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Figure 4.1: ScaleFree dynamically recomputes density fields on the GPU, enabling on-the-
fly density estimation of ROI at any scale and position within multiscale point clouds in VR.

4.1 Introduction

Advances in scientific computing have produced datasets that are not only larger in size
but also richer in multiscale structural complexity. For example, modern cosmological
simulations produce billions of particles, with details that span several orders of magni-
tude, to capture the formation and evolution of cosmic structures [108, 107]. The fact that
meaningful features often emerge at different scales requires analysts to fluidly transition
between global and local perspectives—for instance, from cosmic filaments and clusters to
fine-grained substructures in astronomical point clouds [108, 124]. To understand the dy-
namics of structure formation, scientists need to visualize and explore the three-dimensional
spatial patterns across multiple scales. Immersive environments delivered through virtual,
augmented, and mixed reality HMDs have emerged as superior tools for interpreting com-
plex spatial relationships. Prior research has shown that immersive visualizations can
enhance users’ understanding of complex spatial structures, including volume data [125],
astronomical data [110], and node-link diagrams [126, 127]. These benefits are particularly
evident in navigation [128] and 3D manipulation tasks [129], where frequent viewpoint
changes are required to inspect spatial structures. The immersive environment not only
provide stereoscopic perception of 3D structures but also support seamless transitions
between global overviews and localized detail exploration. For instance, a user may zoom
in to inspect a galaxy cluster and then zoom out to contextualize its dynamics within the sur-
rounding large-scale structures. This process requires not only an immersive environment,
such as VR, but also high-performance computing and visualization systems capable of
supporting free navigation across space, time, and scale.

Achieving smooth transitions and effective exploration across multiple scales remains
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challenging, however, in particular when data must be transformed into an alternative repre-
sentation to support further analysis. For example, KDE [71] has been widely used in point
cloud visualization to uncover clusters and structural patterns in large multiscale datasets
by converting discrete points into a continuous scalar density field. Such density fields
are fundamental to spatial interaction, as they provide a robust basis for feature detection
[73, 74, 75, 76] and for constructing selection volumes [59, 58, 77], thereby enabling users
to identify, isolate, and manipulate regions of interest. Nonetheless, computing scalar
density fields on the fly is computationally expensive and often fails to guarantee real-time
interaction. Prior density-based selection techniques for point cloud exploration [58, 59, 77]
have typically focused on selection interaction itself and relied on precomputed, single-scale
density fields, rather than targeting dynamic multiscale recomputation during interaction.
Such precomputation, however, implies that the density fields are static during exploration,
constraining selection accuracy to the resolution defined a priori and leaving finer-scale
structures unrepresented. This limitation becomes particularly pronounced in VR. Unlike
desktop systems, VR presents users with a single, continuous egocentric view of the data
space, where navigation, selection, and scale transitions are tightly coupled with head and
body movement. Users frequently shift their focus between global overviews and localized
regions, creating a strong demand for density fields that adapt immediately to scale and
perspective changes. At the same time, VR imposes strict real-time constraints due to
high-frequency stereoscopic rendering and low-latency interaction requirements. These
challenges motivate us to explore density estimation techniques that can be dynamically
computed at varying scales during real-time immersive exploration.

We thus introduce ScaleFree, a fast, adaptive, and scalable KDE algorithm specifically
optimized for interactive point cloud data analysis. Our method leverages GPU acceleration
to perform on-the-fly density estimation, enabling scalar fields to be recomputed dynamically
as users shift their focus across scales. By maintaining density fields that adapt repeatedly
rather than relying on precomputed representations, ScaleFree facilitates more precise and
responsive support for core exploration tasks such as spatial selection, feature localization,
and multiscale navigation in large point cloud datasets. To evaluate the role of adaptive KDE
in interactive VR exploration, we adopt a multi-layered evaluation strategy. We first compare
our GPU-based implementation against CPU baselines to establish real-time feasibility,
and then evaluate how integrating adaptive KDE affects selection effectiveness through
technique demonstrations and a controlled user study, measuring accuracy, efficiency, and
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workload against state-of-the-art VR selection techniques. Specifically, we conducted a
user study with 24 participants comparing three selection techniques that employ different
density estimation approaches, including precomputed single-resolution density fields (PS),
precomputed multi-resolution mipmap density fields (PM), and our dynamic ScaleFree
approach. Results show that selections made with ScaleFree were faster and more accurate
than those using precomputed density fields. Participants also reported lower workload
and expressed a stronger preference for ScaleFree when conducting multiscale exploration
tasks in VR. In summary, our GPU-accelerated adaptive KDE makes the following main
contributions to large-scale spatial data exploration in immersive environments:

• Adaptive and smooth scale transitions: enabling continuous transitions across
scales without disruptive visual artefacts or noticeable delay (demonstrated in both
selection Sec. 4.4.1 and navigation Sec. 4.4.1 scenarios).

• Stable viewpoint-driven exploration: supporting smooth, orientation-preserving
transitions between overview and localized perspectives across scales during explo-
ration of complex datasets (demonstrated in the navigation scenario, Sec. 4.4.1).

• Fast and responsive computation: improving selection accuracy and efficiency
under varying scales, thereby supporting precise spatial interaction in immersive
analytics (shown in the user study results, Sec. 4.5).

4.2 Related Work

Our work builds on prior research in multiscale immersive exploration and density estimation
methods that support such exploration.

4.2.1 Multiscale Exploration in Immersive Environment

Multiscale exploration requires users to operate across different levels of scale, ideally
without relying on explicit mode switches or commands. Prior studies have demonstrated
the advantages of immersive environments in diverse scientific domains such as astron-
omy [130, 131], geography [132], biology [133], and architecture [134, 135]. A widely
adopted technique for multiscale navigation in immersive environments relies on a World-in-
Miniature (WIM) [136], which presents both the life-size virtual environment and a hand-held,
scaled-down replica that functions as an additional viewport. This dual representation en-
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ables users to interact with the environment at multiple scales: they can directly manipulate
objects via the miniature, specify regions of interest for navigation, and then seamlessly
“jump” to the corresponding areas in the full-scale world. Subsequent variations of WIM,
such as Scalable WIM [137] and Scaled and Scrolling WIM [138], extended the metaphor
by introducing panning and rescaling of the miniature, facilitating navigation across broader
spatial ranges and more precise exploration of fine-grained structures, overcoming the
scale and resolution constraints of the original WIM. Similarly, target-based and steering-
based approaches, such as the magnifying glass metaphor by Kopper et al. [139], enable
navigation through predefined discrete scale levels. Although these methods provide
overview-detail support, however, they often fail to preserve users’ sense of scale when
“jumping” across scale levels.

To address this issue, Zhao et al. [110] linked multiple WIMs into a hierarchical structure,
allowing users to seamlessly “jump” between different scales. Similarly, Bacim et al. [140]
incorporated a hierarchical map to aid travel and wayfinding in anatomy applications. Mov-
ing beyond hierarchical structures, label-based approaches employ meaningful anchors
that reflect data organization, as in Kouřil et al.’s [133] approach, who used active labels to
browse hierarchical molecular visualizations. Nevertheless, these methods all depend on
well-defined targets and hierarchical algorithms to compute and represent scale levels, with
transitions typically occurring in either an end-to-end or step-by-step manner. Similar transi-
tion approaches are found in molecular visualization [141, 10], where hierarchical molecular
structures provide clearly defined scale levels. By contrast, we focus on unstructured
and massive scientific datasets, such as astronomical point clouds, where predefined or
meaningful hierarchies are often absent. In such scenarios, “jumping” approaches are less
straightforward—we need more flexible techniques that support navigation and interaction
at arbitrary scales.

4.2.2 Key Aspects in Multiscale Immersive Exploration

Building on prior work in multiscale immersive exploration, we next synthesize key design
aspects and limitations identified across existing systems. In particular, we focus on
challenges related to fast and scalable computation, which motivate the need for adaptive
density estimation techniques reviewed in the following subsection.

Scalable and flexible exploration. Effective multiscale exploration should enable
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users to select or navigate any arbitrary region within an object or space, as features may
appear at any scale. When hierarchical information is not explicitly available, such as in
astronomical point cloud data [108, 124] or additive manufacturing objects [142, 143] with
dense, homogeneous internal structures, localization and navigation become particularly
challenging. In such cases, continuous zooming enables more flexible and fluid multiscale
exploration. To address this issue, Pavanatto et al. [144] proposed a progressive refinement
approach, facilitating, step-by-step, focused inspections via a selection box. Our work
shares this motivation but takes a different path: rather than refining predefined regions, we
enable users to focus on relatively dense areas across diverse scales. This approach, in
turn, requires a dynamic computation of density fields to adaptively support the exploration.

Adaptive and smooth transition. In free exploration, adaptive transitions are es-
sential to reduce disorientation and preserve a natural sense of immersion in multiscale
environments. To ensure continuity, techniques should dynamically adjust factors such
as computational scale, navigation speed [145, 134], and the visualization’s and users’
relative scale [134, 146]. Traversing multiscale data, for instance, often requires adaptive
“flying” speeds to balance comfort and continuity. Ware and Fleet [145] addressed this
point by introducing continuous depth sampling to modulate the navigation speed, while
Argelaguet et al. [134] extended the concept with an adaptive navigation technique that
facilitates direct camera control, while it also automatically adjusts speed and environmen-
tal scale based on object distance and optical flow. More recently, Weissker et al. [146]
proposed teleportation-based multiscale travel methods that integrate scale adjustments
directly into the teleportation process. All this work highlights the need for approaches that
enable users to transition smoothly through unstructured multiscale data, with navigation,
visualization, and interaction parameters continuously adapted to the new scale, all of which
we also strive for in our work.

Fast and responsive computation. Finally, achieving these interaction designs in
practice requires scalable computational support: Techniques must remain efficient and
responsive when applied to large, complex datasets, ensuring real-time performance. One
common approach is to introduce hierarchies of reduced objects or resolutions to balance
rendering and interaction costs. Gansner et al. [147], for example, precomputed a hierarchy
of coarsened graphs that could be combined on-the-fly for visualization. For massive
unstructured datasets such as point clouds, density estimation methods like KDE form the
foundation for feature detection, region-of-interest selection, and navigation across scales.
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The key challenge, however, is ensuring that KDE can be computed on-the-fly to support
such flexible and adaptive interactions across scales—on which we focus in our work and
for which we review past work next.

4.2.3 Kernel Density Estimation

KDE [71, 72] is a widely used method for computing data point distributions, which has
been applied in diverse domains such as materials science [148], astronomy [149, 150],
geoscience [151], ecology [152], and traffic accident studies [153]. Its core idea is that each
data point is represented by a probability distribution (kernel; usually Gaussian [154] or
Epanechnikov [155, 156, 157] ones) centered at its position, with the bandwidth controlling
its spatial influence. Summing all kernels yields a continuous density field.

A key computational challenge in KDE lies in selecting the bandwidth, which controls the
level of smoothing. The bandwidth can be specified as a constant (fixed KDE) or adapted
to local point densities (adaptive KDE). Fixed KDE [78, 155] applies uniform smoothing
across the dataset. While it is computationally less expensive, it often oversmooths dense
regions and undersmooths sparse ones, limiting its accuracy in heterogeneous datasets.
In contrast, adaptive KDE mitigates this issue by varying the bandwidth according to local
density [78, 79]: points in sparse areas are assigned larger bandwidths, while those in dense
regions receive smaller ones. This adaptive strategy yields more meaningful estimates in
many applications, but comes at a high computational cost. For example, Brunsdon [78]
proposed a cross-validation-based method for determining spatially adaptive bandwidths,
but its two-dimensional parameter search makes it inefficient for large datasets. For
high-dimensional data, researchers proposed hashing-based estimators [158] to achieve
sublinear query time and linear space and preprocessing time.

KDE has been widely used in data visualization, with prior work exploring the algorithmic
and system-level optimizations. Examples include GPU-accelerated KDE [159] for inter-
active streaming visualization, efficient kernel density techniques [160] for large-scale 2D
hotspot visualization, adaptive GPU-based KDE methods [161] that combine algorithmic
optimizations with parallel computation, and more recently, prefix-based spatiotemporal
KDE frameworks [162] for large-scale, high-resolution density visualization. While these
advanced KDE techniques offer improved theoretical efficiency and scalability and are
tailored to different problem settings, our work focuses on immersive interaction integration
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and GPU-parallel implementation to support real-time, interactive multiscale exploration.

KDE has also been leveraged to support in the context of immersive analytics. Prouzeau
et al. [163] introduced a VR-based technique that uses haptic feedback to convey KDE-
derived density information, helping users identify occluded features in dense point cloud
data. Zhao et al. [77] employed KDE in immersive spatial selection techniques, enabling
users to define selection regions based on density variations rather than individual points.
These approaches, however, rely on precomputed single-scale density fields, limiting their
ability to capture fine substructures across multiple levels of detail. These efficiency limita-
tions have motivated the exploration of high-performance computing strategies. An effective
interaction with large-scale datasets, however, especially in immersive environments, re-
quires not only scalability but also real-time, on-the-fly computation, which was not explicitly
addressed in prior research. To this end, we formulate a GPU-parallel algorithm based
on a modified Breiman kernel density estimation method with a finite-support, adaptive
Epanechnikov kernel, and further propose a parallel optimization method to accelerate
adaptive bandwidth calculation, together improving the efficiency of the entire KDE pipeline.
To validate our approach, we demonstrate its use in two scientific data exploration scenarios
and evaluate its effectiveness through both performance experiments and user studies.

4.3 ScaleFree

We begin our discussion with an overview of the KDE algorithm used in this work (Sec. 4.3.1),
then present ScaleFree, our GPU-accelerated KDE for multiscale analysis (Sec. 4.3.3),
and finally report on experiments that evaluate its performance (Sec. 4.3.4).

4.3.1 Modified Breiman Kernel Density Estimation

KDE methods produce a smooth, continuous density field by distributing the contribution of
each particle over a larger volume using a smoothing kernel function. This kernel function
describes the spatial influence of each particle, assigning higher weights to locations closer
to the particle center and lower weights to more distant locations. To estimate the scalar
density field, similar to past works [77, 58, 59], we apply the modified Breiman kernel density
estimation method (MBE) with a finite-support adaptive Epanechnikov kernel [155, 156, 157]
as follows: The whole dataset or region of interest is enclosed within a bounding box B
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and discretized into a uniform grid of resolution res (e. g., 1283), with grid nodes located
at positions r(n), where n denotes the node index. For each spatial axis k ∈ {x, y, z}, we
calculate the smoothing length ℓ as

ℓk =
2
(
P

(80)
k − P

(20)
k

)
logN

. (4.1)

Here, N is the number of particles in the box B, and P
(q)
k represents the qth percentile of the

coordinates along axis k. For the grid node at position r(n), we calculate the pilot density
ρpilot(r

(n)) as:
ρpilot(r

(n)) =
15

8πN

1

ℓxℓyℓz

∑
j

E(∥r(n;j)∥), (4.2)

with
r
(n;j)
k = (r

(n)
k − r

(j)
k )/ℓk, (4.3)

where r(j) is the the jth particle’s position and E(x) is the Epanechnikov kernel:

E(x) =

{
1− x2, |x| < 1,

0, |x| ≥ 1.
(4.4)

The function E(x) implies that a particle contributes to pilot density ρpilot(r
(n)) only if the

particle r(j) lies within the ellipsoid centered at the node position r(n), with semi-axes ℓx,
ℓy, and ℓz. This ellipsoidal restriction effectively limits the kernel bandwidth, ensuring that
the resulting density estimate captures the local particle distribution. Then, we compute
the pilot density ρpilot(r

(j)) at the position of the jth particle using multi-linear interpolation
with respect to the densities on nearby nodes. Next, we compute the mean pilot density
aveDen of all particles:

aveDen =
∑
j

ρpilot(r
(j)) (4.5)

We then update the j-th particle’s smoothing length by

ℓ
(j)
k = min

(
ℓk ·

(
aveDen

ρpilot(rj)

) 1
3

, 5 · sk

)
, (4.6)

where ℓk is the initial smoothing length along axis k, sk denotes the distance between
adjacent nodes along the k-axis. To prevent the kernel from becoming excessively large—
which could increase computational cost and overly smooth the density—we apply an upper
bound of 5 · sk. Then, we re-evaluate the density on all the nodes based on the updated
smoothing length. For the grid node at position r(n), we calculate the final density ρ(r(n))
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as:
ρ(r(n)) =

15

8πN

∑
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(n;j)
k = (r

(n)
k − r

(j)
k )/ℓ

(j)
k , (4.8)

Finally, we calculate the density ρ(r) at any position r via trilinear interpolation of the
surrounding grid nodes.

4.3.2 Parallel programming framework on the GPU

This part briefly introduces the GPU parallel programming model following HLSL conven-
tions, which is used later in our KDE pipeline. In this model, parallel computation is per-
formed by invoking (programming) kernels, each of which is executed concurrently by multi-
ple GPU threads. A thread is the basic unit of execution, running the same kernel function
independently. We can organize threads into groups defined by numthreads(tx, ty, tz)

before launching a kernel, which specifies the dimension of threads in the group along the x-,
y-, and z-dimensions. Threads within a group share fast group memory and can synchronize
their data exchange with group memory via the function GroupMemoryBarrierWithGroupSync().
Groups remain independent, thus, threads in different groups cannot access each other’s
group memory. All GPU threads have access to global memory, which serves as the primary
space for data exchange during computation. Before launching kernels, we need to transfer
the input data from the CPU to global GPU memory. When launching a compute kernel,
Dispatch(kernel, groupCountX, groupCountY, groupCountZ) specifies the number of
thread groups along the x-, y-, and z-dimensions, thereby defining the overall dispatch lay-
out. The total number of threads executed equals the product of threads per group and the
number of groups. During kernel execution, each thread identifies its local (within its group),
group, and global (among all threads) indices through semantics such as SV GroupIndex,
SV GroupID, and SV DispatchThreadID. Once the kernel completes execution, results are
written to GPU buffers and can be returned to the CPU for further processing. This pro-
gramming model provides the execution framework for the GPU-accelerated KDE pipeline
described in the following content.
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Figure 4.2: Workflow of the GPU-accelerated KDE algorithm.

4.3.3 ScaleFree: Fast and Scalable KDE on GPU

Building on this GPU programming model, we implement the KDE pipeline as three compute
kernels with key optimizations for on-the-fly density evaluation (Fig. 4.2). Prior to GPU
execution, we perform essential preprocessing on the CPU: we determine the smoothing
length (Equa. 4.1) and create a k-d tree spatial index for the point cloud dataset to accelerate
future neighborhood queries. We then upload the input data (k-d tree, smoothing length,
particle positions, grid node positions, grid resolution, and node spacing) to GPU global
memory. In the GPU pipeline, as illustrated in HLSL-style pseudo-code in Alg. 1, we dispatch
three compute kernels, each handling a distinct density estimation stage:

• In Pilot Density Estimation (Alg. 2) we compute a pilot density field at grid nodes by
a uniform smoothing length.

• In Adaptive Smoothing Length (Alg. 3) we update per-particle smoothing lengths
based on average pilot density.

• In Final Density Estimation (Alg. 4) we recompute the density field using the adaptive
smoothing lengths.
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Algorithm 1: Fast and Scalable GPU-accelerated KDE
1 function FSKDE(kdTree, particles, nodes, res, l, s, density):

Input: kdTree—k-d tree spatial indexing structure
Input: particles—array of positions of all particles
Input: nodes—array of positions of all grid-nodes
Input: res—resolution of the grid (e.g. 64× 64× 64 )
Input: l—array of smoothing length for every particle
Input: s—node spacing along x, y, z axis
Output: density—array of pilot density at grid-nodes

2 Dispatch ( PDE (kdTree, particles, nodes, res, l, density), resx
PDEtx

,
resy

PDEty
, resz
PDEtz

);

3 Dispatch ( ASL (particles, l, s, density), particles.count
ASLtx

, 1, 1);

4 Dispatch ( FDE (particles, nodes, res, l, density), resx
FDEtx

,
resy

FDEty
, resz
FSDEtz );

Pilot Density Estimation (PDE)

To start, we compute the pilot density at each grid node by accumulating the contribu-
tions from neighboring particles. We adopt the gather approach [164], where each thread
processes a grid node and collects contributions from neighboring particles, rather than
a scatter approach, where each thread processes a particle and distributes its contribu-
tion to surrounding nodes. This way we avoid costly atomic operations and improve the
performance and scalability for our large-scale particle datasets.

We dispatch the PDE kernel (Alg. 2) with resx
PDEtx

× resy

PDEty
× resz

PDEtz
thread groups, each

consisting of PDEtx × PDEty × PDEtz threads, to cover the entire grid domain. For each
thread with global index idx, we evaluate the pilot density ρpilot(r

(idx)) at node position
r(idx) using Equa. 4.2. Since only particles within the kernel support contribute to the
density (Equa. 4.4), we first identify candidate particles through a spherical range query
on the k-d tree, centered at r(idx) with radius max(ℓx, ℓy, ℓz), i. e., the largest of the three
kernel semi-axes ℓx, ℓy, and ℓz. This query allows us to discard of particles outside the
Epanechnikov kernel. In this way, for M nodes and N particles, we reduce the complexity
of the original KDE algorithm from O(MN) to O(M

√
N) (where k-d tree searching has

complexity O(
√
N +K), with K the number of neighbors returned [165]). Finally, we

compute the pilot density ρpilot(r
(idx)) at node position r(idx) using Equa. 4.2 and store it in

the idx-th position of density buffer.
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Algorithm 2: Pilot Density Estimation
1 numthreads(PDEtx, PDEty, PDEtz)
2 function PDE(kdTree, particles, nodes, res, l, density):

Input: kdTree, particles, nodes, res, l
Output: density

3 uint3 DTid : SV DispatchThreadID;
4 uint idx = DTidx +DTidy · resx +DTidz · resx · resy;
5 if idx ≥ nodes.count then
6 return;

7 float3 query = nodes[idx];
8 float range = max(l[0]x, l[0]y, l[0]z);
9 uint retNbrs; // the number of returned neighbor particles

10 float retDists[]; // the array of neighbor–query distances
11 KDTreeSearch(kdTree, query, range, retNbrs, retDists);
12 float sum = 0;
13 for i in 0 : retNbrs−1 do
14 float3 r = float3( retDists[i]x

l[0]x
,
retDists[i]y

l[0]y
, retDists[i]z

l[0]z
);

15 sum+ = max(0, 1− ∥r∥2)
16 i++;

17 density[idx] = 15·sum
8π·particles.count·l[0]x·l[0]y·l[0]z

;

Adaptive Smoothing Length (ASL)

Next, we update the smoothing length of each particle based on the result of pilot density
estimation. The goal is to assign larger smoothing lengths in sparse regions and smaller
ones in dense regions, thereby yielding a smoothly density field in the subsequent stage.
Since the update is particle-based, we assign one thread per particle to compute its adaptive
smoothing length, which provides a natural and efficient mapping for parallel execution.

We dispatch the ASL kernel (Alg. 3) with N
ASLtx

× 1× 1 thread groups, each containing
ASLtx × 1× 1 threads, to cover the entire grid domain. For the thread with global index
idx, we compute the adaptive smoothing length of the idxth particle as follows.

First, we compute the pilot density ρpilot(r
(idx)) of the idxth particle using trilinear inter-

polation and stores the result as pDen = TrilinearInterp(particles[idx], density).

Second, we calculate the arithmetic mean aveDen of the pilot densities across every
particle in box B, using Equa. 4.5 for efficient aggregation. To accelerate this step, we
design a hierarchical computational method (HCM) that employs parallel reduction with
shared memory, thereby reducing costly global memory accesses. Specifically, within each
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Algorithm 3: Adaptive Smooth Length
1 numthreads(ASLtx, 1, 1)
2 function ASL(particles, l, s, density):

Input: particles, l, s, density
Output: l

3 uint GI : SV GroupIndex;
4 uint3 GID : SV GroupID;
5 uint3 DTid : SV DispatchThreadID;
6 uint idx = DTidx;

7 float groupAveDen[particles.countASLtx
];

8 groupshared float sharedDen[ASLtx];
9 if idx ≥ particles.count then

10 return;

11 float pDen = TrilinearInterp(particles[idx], density);
12 sharedDen[GI] = pDen;
13 GroupMemoryBarrierWithGroupSync();

// parallel reduction
14 for i in ASLtx/2 : 0 do
15 if GI < i then
16 sharedDen[GI]+ = sharedDen[GI + i];
17 GroupMemoryBarrier();

18 i >>= 1;

19 if GI == 0 then
20 groupAveDen[GIDx] = sharedDen[0]/ASLtx;

21 WaitForAllThreads();
22 float aveDen = groupAveDen.Average();

23 l[idx]x = min

(
l[idx]x ·

∣∣∣ aveDen
pDen

∣∣∣ 13 , 5 · sx
)
;

24 l[idx]y = min

(
l[idx]y ·

∣∣∣ aveDen
pDen

∣∣∣ 13 , 5 · sy
)
;

25 l[idx]z = min

(
l[idx]z ·

∣∣∣ aveDen
pDen

∣∣∣ 13 , 5 · sz
)
;

thread group, we first allocate a shared memory array sharedDen, where each thread stores
its locally computed pilot density. We then perform a parallel reduction within the group to
compute its average density, which is written to a global memory array groupAveDen with
N/ASLtx entries. Then, we obtain the overall mean pilot density by averaging all values in
groupAveDen. Specifically, for thread with global index idx, along with other threads in the
same thread group (group index GID), we proceed as follows:

1. Thread idx stores pilot density pDen into the shared memory array sharedDen at local
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index GI (idxth thread’s index within it’s thread group), i. e., sharedDen[GI] = pDen.
2. All threads in group GID wait until every thread in the same group has updated

sharedDenwith its calculated pilot density, i. e., GroupMemoryBarrierWithGroupSync().
3. All threads in group GID perform a parallel reduction on sharedDen to accumulate all

density values. After execution, the total value is located at 0th position in sharedDen

array.
4. The 0th thread in group GID computes the average value of sharedDen and then writes

it to the global memory array groupAveDen at index GID, i. e., groupAveDen[GID x]

= sharedDen[0]/ASLtx.
5. All threads wait until every group’s 0th thread has written its result to groupAveDen, i. e.,

WaitForAllThreads().
6. Thread idx computes the global average pilot density aveDen as the mean of all

elements in groupAveDen, i. e., aveDen = groupAveDen.Average().

Third, thread idx computes the smoothing length of the idxth particle using Equa. 4.6
and stores it in the smoothing length buffer.

Algorithm 4: Final Density Estimation
1 numthreads(FDEtx, FDEty, FDEtz)
2 function FDE(particles, nodes, res, l, density):

Input: particles, nodes, res, l
Output: density

3 uint3 DTid : SV DispatchThreadID;
4 uint idx = DTidx +DTidy · resx +DTidz · resx · resy;
5 if idx ≥ nodes.count then
6 return;

7 float sum = 0;
8 for i in 0 : particles.count−1 do
9 float3 r;

10 rx = nodes[idx]x−particles[i]x
l[i]x

;

11 ry =
nodes[idx]y−particles[i]y

l[i]y
;

12 rz = nodes[idx]z−particles[i]z
l[i]z

;

13 sum+ = max(0,1−∥r∥2)
l[i]x·l[i]y·l[i]z ;

14 i++;

15 density[idx] = 15·sum
8π·particles.count ;
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Final Density Estimation (FDE)

Finally, we recompute the density at each node using the adaptive smoothing length of its
contributing particles. We dispatch the FDE kernel (Alg. 4), where each thread computes
the final density at a single grid node. To cover the grid, we launch resx

FDEtx
× resy

FDEty
× resz

FDEtz

thread groups, each containing FDEtx × FDEty × FDEtz threads. The thread with global
index of idx evaluates the final density ρ(r(idx)) at node r(idx) using Equa. 4.7 and stores
the result to the density buffer at position idx. After all threads have completed, we transfer
the density buffer from GPU to CPU memory.

4.3.4 Performance Analysis

Before we report our empirical results, we briefly analyze the algorithmic complexity of
ScaleFree to highlight its fundamental sources of speedup. These optimizations target
the density field computation, which requires recomputation whenever the view changes
(e. g., transitioning to a new scale). For pilot density computation, we use a k-d tree to
reduce neighborhood search complexity from O(MN) for M grid nodes and N particles
to O(M

√
N). To achieve an adaptive smoothing length, we employ a hierarchical method

that utilizes thread-group shared memory and parallel reduction, thereby lowering the
aggregation complexity from O(N) to O(logN) within each group of size N . Combined with
GPU parallelism, these optimizations enable ScaleFree to scale efficiently to hundreds of
thousands of particles and deliver low-latency density field recomputation. To demonstrate
performance in practice, next we evaluate our approach on astronomical point cloud data.

Design. To assess the efficiency of ScaleFree, following prior work [161], we imple-
mented three density estimation strategies: a sequential version on a single CPU core (SC)
as baseline, a parallel version on a multi-core CPU (MC), and the GPU-parallel version
(ScaleFree) as described in Sec. 4.3.3. These CPU-based baselines provide a controlled
reference that allows us to establish real-time feasibility and to attribute performance dif-
ferences specifically to GPU parallelization and dynamic recomputation, rather than to
algorithmic variation. We compared execution time across the three strategies using the
acceleration factor (AF) [166] as a performance metric, defined as AF = Tbaseline/Ttarget.
We report the average execution time over 10 runs for all three strategies, with GPU-parallel
ScaleFree results excluding CPU–GPU data transfer.

Environment and Implementation. We conducted the experiment on a workstation
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(a) (b) (c)

Figure 4.3: Experiment datasets: (a) Nbody 1 (76k points), (b) Nbody 2 (164k points), and
(c) Filament (442k points).

running Windows 11 on Intel’s 13th generation Core™ i9-13900KF processor (3.0 GHz,
64 GB RAM) and an NVIDIA GeForce RTX 4090 GPU (24 GB of memory) for acceleration.
We implemented ScaleFree in Unity3D, with GPU computations realized through compute
shaders. We set the resolution res of box B to 643 (262k nodes) and the configuration of
the thread group dimensions (i. e., PDEtx, PDEty, PDEtz, FDEtx, FDEty, FDEtz) as 8
and ASLtx as 1024. In addition, we implemented the sequential CPU strategy (SC) using
C# and the multi-core CPU strategy (MC) using C#’s Task Parallel Library (TPL).

Datasets. We used three cosmological point cloud datasets: Nbody 1 (76k points,
Fig. 4.3(a)), Nbody 2 (164k points, Fig. 4.3(b)), and Filament (442k points, Fig. 4.3(c)). The
two N-body datasets feature a dense central cluster surrounded by smaller ones [107],
while the Filament dataset depicts a cosmic web with thin filaments[108].

Efficiency. Our results (Tab. 4.1) show that ScaleFree ran substantially faster than
SC and MC, with standard deviation consistently within 5% of the mean, indicating stable
performance. As dataset size increases, ScaleFree becomes increasingly more efficient
relative to CPU implementations, with the acceleration factor rising accordingly. For the
76K-point dataset discretized on a 643 grid, ScaleFree achieved an execution time of 0.042 s,
corresponding to a sustained rate of about 20 FPS if executed continuously. Although the
computation time does not meet the standard 60 FPS, density recomputation only needs to
be triggered occasionally, when the view changes substantially. Moreover, the execution
times of ScaleFree were generally in the order of 0.3–0.1s or substantially lower, so that
the “illusion of animation” remains unaffected [167]. The overall runtime and system fluidity
thus remain unaffected.
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Table 4.1: Execution time (seconds) and acceleration factor of SC, MC (32 cores), and
ScaleFree on a 643 grid (262k nodes).

metric algorithm Nbody1 (76k) Nbody2 (164k) filament (442k)
mean std. dev. mean std. dev. mean std. dev.

execution time (s)
SC 7.689 0.161 58.373 6.643 395.675 12.458
MC 1.542 0.041 7.244 0.264 48.514 1.567
ScaleFree 0.042 0.002 0.119 0.003 0.309 0.011

acceleration factor SC/ScaleFree 183.1 – 409.5 – 1280.5 –
MC/ScaleFree 36.7 – 60.8 – 157.0 –

4.4 Multiscale Exploration with ScaleFree

We now discuss how our dynamic KDE approach contributes to improving large-scale
scientific data exploration in VR.

4.4.1 Scalable Selection Technique

Selection is a fundamental operation for many subsequent data analyses [47, 27]. Main-
taining both efficiency and accuracy, however, is particularly challenging in multiscale point
cloud datasets due to their inherent features: highly complex structures, multiple levels of
scale, occlusion, and unclear or overlapping boundaries. Designing selection techniques
for multiscale point cloud data requires an understanding of user interaction. Users navigate
across scales to find a suitable view that allows them to see targets clearly. For ease of
use, however, they may also select point clouds even when not at the ideal scale. Selection
must thus be supported anywhere and at any scale. As users move across scales, fur-
thermore, they may not want to manually adjust selection parameters—they expect these
adjustments to happen automatically. In sum, a selection technique should be dynamic,
adaptive, accurate, and efficient, which is exactly what we can realize by fitting our dynamic
KDE into the selection workflow. A workflow visualization is provided in Fig. 4.4.

At the start of an interactive session, the global view is initialized. As users navigate to
a new scale, we recompute the density field on the GPU using our KDE (Sec. 4.3.3) and
then transfer it back to the CPU for subsequent operations. Although we update the density
field whenever the scale changes, the GPU pipeline enables rapid recomputation, ensuring
smooth navigation.

When users initiate a selection, we invoke a GPU kernel to compute the selection
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Figure 4.4: Workflow of adaptive selection method.
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volume. Specifically, once a selection is initialized, we determine a density threshold for
the interacting area and transfer it to the GPU. A kernel then executes the Marching Cubes
algorithm [111, 112] to extract the selection volume as an iso-surface based on this threshold.
We then select points within the extracted volume. Thanks to our optimized computation,
the selection volume is generated rapidly. Even with the MeTAPoint technique [77], which
detects density thresholds on-the-fly at the user’s interaction point, users can observe
updates to the selection volume and assess whether the result aligns with their intent.

Overall, our framework supports adaptive and smooth scale transitions during selection
by recomputing density fields on the fly to match users’ interactive focus. This enables
users to navigate and zoom across scales without noticeable delay. Since the density field
is recomputed with our optimized KDE approach once after a view change and remains
available for subsequent selections, the technique supports fluid interaction at any scale.

4.4.2 Progressive Navigation Technique

Beyond being a selection technique, in fact, ScaleFree also integrates navigation and
zooming into a unified workflow. Navigation is a fundamental exploration task that relocates
the viewpoint toward a region of interest while preserving spatial context. It has been widely
studied in visualization research across different scenarios, such as gaining insights from
volumetric [168] and abstract data [18]. Navigation techniques consist of several compo-
nents, including wayfinding, travel, and context switching. In large multiscale point clouds,
navigation becomes particularly challenging because salient structures are distributed
across multiple scales, and dense spatial distribution introduces severe occlusion and
clutter. These issues complicate wayfinding and travel, increase the number of travel steps
that often occur across scales, and intensify context switching, making it easy for users to
lose orientation and spatial context when moving across scales. Navigating such data in
immersive environments is even more demanding, as the strong sense of presence can
amplify both perceptual challenges and spatial disorientation. To address these challenges,
we propose a scale-aware progressive navigation technique that enables users to explore
multiscale point cloud data across scales. By defining a region of interest (ROI)—essentially
a selection interaction that we have just described—our technique guides users through
successive scales (i. e., a combined navigation and zooming interaction) to reach the most
suitable viewpoint for observation. Next, we demonstrate how our dynamic KDE can fit
into the navigation/zooming workflow to support this process. A workflow visualization is
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Figure 4.5: Our progressive navigation technique.

provided in Fig. 4.6.

An interactive session starts from a global view of the dataset. As before, we recompute
the density field on the GPU using our KDE (Sec. 4.3.3) whenever the view changes
substantially. To navigate/zoom to a specific area, users define an ROI with our scalable
selection technique (Fig. 4.5(a), Sec. 4.4.1). Because we compute the density field at
the current scale, the ROI is immediately identified and we can smoothly transition the
viewpoint to the ROI’s center (from Fig. 4.5(b) to (c)). We adjust the size of the new
viewport to adequately cover the ROI (e. g., the identified selection volume), guiding users
to an appropriate scale for observation. Together, this process supports stable viewpoint-
driven exploration by preserving spatial orientation and contextual continuity across scale
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Figure 4.6: Workflow of progressive navigation method.
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changes. While the current implementation focuses on the orientation consistency, a
promising extension could also be to combine our scale-aware navigation with feature-
aware techniques (e. g., [169, 170]) to automatically compute an optimal view orientation,
enabling users to travel across scales and arrive at the most informative perspective.

After each viewpoint update, we recompute the density field for the new scale, allowing
users to effectively perform further ROI selections that guide subsequent navigation steps
(as shown in Fig. 4.5(d)). This progressive “targeting-travel-context switching” workflow
ensures smooth viewpoint transitions and multiscale navigation without the need for manual
wayfinding. In addition, these travel steps can be recorded to enhance spatial awareness
during progressive navigation. Overall, our dynamic KDE enables seamless, scale-aware
navigation by continuously updating density fields to support progressive ROI selection and
smooth view transitions.

4.5 User Study

To evaluate whether our scalable selection method meets the goals of being dynamic,
adaptive, accurate, and efficient, we conducted a within-subjects controlled user study com-
paring it against two density-based strategies: one using a precomputed single resolution
and the other using precomputed multiple resolutions. We focus on the selection interaction,
as it serves as the foundation for both pure data selection (Sec. 4.4.1) and selection-based
progressive data navigation/zooming (Sec. 4.4.1). We pre-registered our study (osf.io/
hfu6e) and received IRB approval for the protocol (XJTLU University Research Ethics
Review Panel, № ER-LRR-0010000120520250813002121).

4.5.1 Study Design

Participants. We recruited 24 unpaid participants (11 male, 13 female) from the local
university, aged 19–30 years (M=23.25, SD=3.22). Among them, 21 were right-handed, two
were left-handed, and one was ambidextrous. Twelve participants reported using VR at
least once per week, 11 at least once per year, and one had no prior experience with VR
devices. Furthermore, 16 participants had obtained a Bachelor’s degree or higher. All
participants had normal (n = 16) or corrected-to-normal (n = 8) vision and could clearly
distinguish the colors we used in our study.
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Apparatus. We used the Vive Pro 2 [171], a PC-based VR head-mounted display
(HMD; 2448 × 2448 resolution per eye, 116° field of view, 120 Hz refresh rate). The study
was carried out on a PC (Intel 13th Gen Core™ i9-13900KF processor, 3.0 GHz, 64 GB
RAM and an NVIDIA GeForce RTX 4090 GPU, 24 GB of memory).

Datasets. We extracted five timesteps from a cosmological N-body simulation [107]
and used them as our datasets (shown in Fig. 4.7). These datasets feature stellar clusters
distributed across multiple scales, where zoomed-in views reveal progressively detailed
substructures. Each dataset contained eight to ten target structures highlighted in yellow,
distributed across different scales. Tasks began at varying scales, with all targets becoming
visible as participants zoomed in.

Task and Procedure. We instructed participants to select the yellow particles while
avoiding the blue ones. Prior to the main experiment and after we had obtained their
informed consent, we trained them on the MeTAPoint selection technique [77] using practice
datasets. Unlike what Zhao et al. [77] did in their MeTAPoint study, we allowed participants
to freely adjust scales (via zooming) and to perform selections at different levels. We also
provided undo, redo, and reset functions to restore the initial state if needed. In the main
experiment, we asked participants to complete the selections as quickly and accurately
as possible. We did not, however, provide suggestions on whether or when the selection
was complete. After each condition, we asked participants to report their workload and
fatigue using NASA’s Task Load Index (TLX) [116]. At the end of all trials, we asked
them to indicate their preferred technique and explain their choice, focusing on perceived
fluency in multiscale selections. During the interview phase of our user study, we asked
our participants the following questions: Q1. Perceived delay during interaction. Did
you perceive any noticeable delays, lags, or interruptions during scale changes or while
making selections when using each technique (PS, PM, and DR)? If yes, please describe
when the delay occurred (e.g., during scale transitions, selection, or navigation) and how
noticeable it was. Q2. Impact of delay on interaction experience. If you noticed any
delays or performance slowdowns, did they affect your ability to navigate or select regions
effectively? Please explain your reasoning. All participant responses are shared on OSF. A
whole session lasted approx. 45 minutes.

Density Field Conditions. We asked our participants to perform all selections using
the same density-based MeTAPoint method [77]: they initiated a selection by pointing at or
near a target cluster and then dragged along its boundary while holding the VR controller

92



Figure 4.7: Full datasets we used in the study.
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trigger. The underlying density field computation, however, differed across approaches,
resulting in three experimental conditions:

Precomputed Single-resolution (PS): The density field is precomputed once at a fixed
resolution (643) before the task. During the task, participants interact with this static
field, which remains unchanged across all scale levels.

Precomputed Multi-resolution (PM): The density field is precomputed at two resolutions
(643 and 1283). Users interact with the precomputed field interpolated by fields
according to their scale level. We use two reference scales, Smax and Smin, which
are predefined—at Smin the highest-resolution field is used, whereas at Smax the
lowest-resolution field is employed. For the current scale Sc during exploration we
determine the corresponding mipmap level ml ∈ [0, 1] by

ml =
Sc − Smin

Smax − Smin
. (4.9)

and use ml to obtain the immediate density field via linear interpolation between the
two fields with different resolutions.

Dynamic Resolution (DR): We compute the density field in real time via ScaleFree (Sec. 4.4.1).
We set the field resolution to 643 and configure the thread group dimensions as PDEtx,
PDEty, PDEtz, FDEtx, FDEty, FDEtz = 8, and ASLtx = 1024.

While PS represents the conventional approach of using a fixed-resolution density field
for density-based selection [58, 59, 77], PM further optimizes this strategy by adopting a
mipmap-inspired hierarchy from computer graphics, enabling multiscale access through
precomputed density levels without real-time recomputation. By comparing DR against two
representative paradigms, we assess dynamic KDE performance in selection tasks.

Design. We counterbalanced the three density field conditions using full permutation
(in total six possible orders). We assigned the first six participants one order each based
on PID mod 6, and repeated the scheme for every subsequent group of six. In total, 24
participants × 3 methods × 5 datasets yielded 360 trials.

Measures and Analysis. We recorded accuracy, completion time, as well as the
transition times in the study. Given the criticism of NHST in the analysis of experimental
data [117, 118, 119, 120], and APA’s advice to seek other methods [121], we present our
findings using estimation techniques that report effect sizes and confidence intervals instead
of relying on p-value statistics.
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Accuracy: Similar to Yu et al. [58, 59, 77], we evaluated the accuracy using two metrics:
F1 and MCC (Matthews correlation coefficient). To calculate these, we identified true
positives (TP; correctly selected particles), false positives (FP; incorrectly selected
particles), false negatives (FN; target particles that were not selected), and true
negatives (TN; correctly unselected particles). We defined precision as P = TP/(TP+

FP ) and recall asR = TP/(TP+FN), and calculated F1 asF1 = 2 · (P ·R)/(P +R).
While F1 reflects the harmonic mean of precision and recall, it does not account for
TN. Thus, we also computed MCC, defined as:

MCC =
TP · TN − FP · FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
.

We normalized all accuracy scores, and computed means and 95% bootstrap confi-
dence intervals (CIs; n = 24).

Completion Time: We analyzed completion times using exact CIs on log-transformed
data (n = 24), reporting geometric means and mean-comparison ratios.

4.5.2 Hypotheses

We formulated the following hypotheses:

H1: DR yields higher accuracy than PM and PS.
H2: PM yields higher accuracy than PS.
H3: DR requires less completion time than PM and PS.
H4: PM requires less completion time than PS.
H5: DR has a lower cognitive load than PM and PS.
H6: DR has a higher preference than PM and PS.

The rationale behind H1 is that density fields in DR are dynamically adjusted to the
current scale during navigation and zooming. At any scale, the density field is recomputed
with a resolution 643, ensuring consistent accuracy. By contrast, PS and PM rely on pre-
computed density fields: when zoomed in, they use coarser grids that reduce precision.
Nevertheless, PM integrates density fields at two scales rather than just one as in PS.
Therefore, selections made with PM should be more accurate than those with PS, as stated
in H2. The rationale behind H3 is that DR provides the most accurate results, making
selections easier for users to accept and thereby reducing completion time. Although the
density fields in PS and PM are pre-computed and do not require on-the-fly computation,
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Figure 4.8: The mean of (a) F1, (b) MCC, and (c) time, with 95% CIs.

users may spend additional time refining their selections to achieve greater precision.
A similar reasoning applies to H4: because PM yields more accurate results than PS,
users are more likely to accept the selection outcomes with less refinement, resulting in
shorter completion times. In addition, DR enables users to select target points accurately
at any scale without the need to find an optimal view or repeatedly refine their selections,
which reduces both effort and mental demand—thereby lowering cognitive load (H5).
Consequently, users are more likely to prefer DR over PS and PM (H6).

4.5.3 Results

In Fig. 4.8 we show the mean completion times and two accuracy metrics (F1 and MCC) with
95% confidence intervals across density field conditions (Precomputed Single-resolution
(PS), Precomputed Multi-resolution (PM) and Dynamic Resolution (DR)). We further provide
the pairwise ratio with 95% confidence intervals in Fig. 4.9. Tab. 4.2 reports the numerical
values of average mean task completion times and accuracy scores, whereas Tab. 4.3
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presents the pairwise ratios.

We now report statistical results in relation to our hypotheses.

Accuracy. For F1, a score of 1 indicates perfect performance and 0 the worst. For MCC, a
score of 1 indicates perfect performance, while −1 represents the worst performance. As
shown by the mean F1 scores (Fig. 4.8(a)) and MCC scores (Fig. 4.8(b)), DR outperformed
both PM and PS in accuracy. The pairwise comparisons reveals that DR achieved 1.21–
1.44× higher F1 score and 1.22–1.49× higher MCC than PM, and 1.58–1.92× higher F1
and 1.67–2.18× higher MCC than PS. H1 is supported. In addition, PM outperformed PS
in both mean F1 and MCC. The pairwise comparisons show that PM achieved 1.21–1.53×
higher F1 and 1.26–1.75× higher MCC than PS. Thus, H2 is also supported.

Completion Time. Fig. 4.8(c) shows that selections with DR required less completion time
than PM and PS. The pairwise comparisons indicate that DR took 0.70–1.08× as long as
PM and 0.66–1.08× as long as PS, suggesting that most of participants completed the
tasks more quickly with DR. In a few cases, ratios were only marginally above 1.0, reflecting
participants who finished marginally faster with PM or PS. We made related observations
during the study: 4 participants ended the tasks early once they realized that they could
not achieve satisfactory outcomes with PS or PM. These behaviors, however, do not affect
the overall result. We confirm that H3 is supported. Our results also showed that PM had
a slightly shorter mean completion time than PS. The pairwise comparisons indicate that
PS took 0.87–1.40× longer than PM, suggesting that the advantage of PM over PS was
modest rather than substantial. Thus, H4 is not fully supported.

Table 4.2: The mean task completion times, accuracy scores, and their corresponding 95%
confidence intervals.

Technique Time CI FI CI MCC CI
PS 136s [113,161] .50 [.44,.55] .46 [.41,.52]
PM 131s [113,151] .64 [.59,.69] .63 [.58,.68]
DR 100s [90,112] .85 [.79,.88] .83 [.78,.87]

Table 4.3: The pairwise ratio of task completion times, accuracy scores, and their corre-
sponding 95% confidence intervals.

Technique Time CI FI CI MCC CI
DR/PM 0.83 [0.65,1.02] 1.33 [1.21,1.44] 1.35 [1.22,1.49]
DR/PS 0.80 [0.60,1.02] 1.74 [1.58,1.92] 1.90 [1.67,2.18]
PM/PS 0.89 [0.63,1.14] 1.36 [1.21,1.53] 1.48 [1.26,1.74]
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Figure 4.9: Pairwise ratio of (a) F1, (b) MCC, and (c) time, 95% CIs.

Workload and Preference. As shown in Fig. 4.10, participants reported greater efficiency,
lower frustration and time pressure, and reduced mental and physical effort with DR com-
pared to PM and PS. They ranked the conditions consistently (DR > PM > PS) across
speed, accuracy, preference, and fluency (Fig. 4.11). Thus, H5 and H6 are supported.

Interview. In follow-up interviews, we asked participants whether they perceived delays
during scale changes (where recomputation happens at the end of scale change) and
selections across the three techniques. Most participants (n = 20) reported no noticeable
recomputation delay with DR, while four noted slight delays only when the number of points
in view was very large. These delays, however, did not affect their navigation experience. In
contrast, a majority of participants (n = 18) identified PM as producing the most prominent
lag: when using MeTAPoint to select large regions and generate extensive selection
volumes, they observed noticeable drops frame rate. This performance degradation stems
from the underlying characteristics of PM: higher-resolution grids increase the number
of triangles needed to construct the selection volume and impose heavier computational
demands when determining selection thresholds. These findings highlight scenarios where
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Figure 4.10: User workload and performance. Error bars: 95% CIs.

Figure 4.11: Participant rankings on task performance and preference.

dynamic density fields offer substantial advantages over precomputed higher-resolution
fields, particularly for sparse or large-scale datasets. In such cases, precomputed fields must
rely on densely sampled grids to capture comparable detail, whereas dynamic estimation
adapts density computation on demand, enabling the capture of fine-grained structures
while maintaining smooth frame rates.

Summary. Improvements in F1 and MCC (H1) and reduced completion time (H3) show
that our dynamic KDE improves both selection accuracy and efficiency over precomputed
methods. By maintaining scale-accurate density fields, it enables high-fidelity selection with
less effort and lower mental demand (H5), and was therefore preferred by participants (H6).
These results highlight that on-demand recomputation is essential for precise immersive
interaction, as precomputed methods miss fine-scale details and require adjustments.
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4.6 Discussion

In this section, we discuss how ScaleFree extends to support broader tasks, analyze the
trade-offs between dynamic and precomputed fields, limitations and future directions.

4.6.1 Extending ScaleFree

Point cloud data often lacks a natural scale. Such datasets consist of unstructured points
scattered unevenly across scales, sometimes with vast empty ranges, as in astronomical
simulations. As a result, interaction and visualization approaches must help users orient
themselves within scales and navigate across them. Such tasks require effective methods
to compute key features, such as density, as the data changes—forming the starting point
of our work. Multiscale data often contains fine details embedded within broader structures,
creating large gaps between scales. A key feature of our dynamic KDE is that it allows
users to explore subtle or complex structures on demand, with control remaining in the
users’ hands. For example, by dynamically adjusting resolution based on the interaction
history and on the local data distribution, the navigation approach can guide users toward
scale levels where meaningful features emerge. A future direction of research, however, is
to determine how our KDE method can be adapted to better handle time-varying particle
distributions in dynamic simulations, where particles move and clusters evolve over time.

4.6.2 Trade-offs

We conducted performance experiments to evaluate ScaleFree, comparing its execution
time against density estimation on single-core and multi-core CPUs. We also compared
selection techniques using ScaleFree with those based on precomputed density fields
in terms of accuracy and efficiency. These experiments highlight the trade-offs between
dynamic and precomputed approaches, offering guidance for future researchers in selecting
suitable solutions.

When designing an appropriate strategy, factors such as data scale, hardware capacity,
and algorithmic complexity must be considered. Our results show that dynamic KDE
consistently delivered higher accuracy and faster computation than precomputed density
fields. We also found that multi-resolution density fields achieved better accuracy than single-
resolution ones, though with only marginal gains in speed. This suggests that for datasets
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of moderate scale, precomputing a few density fields may be sufficient—especially when
there is only limited memory available—since users can quickly access and switch values
without recomputation. For datasets spanning multiple scales, however, dynamic KDE
offers clear advantages by computing density fields on demand and supporting seamless
multiscale exploration—yet these advantages come with a higher demand for GPU support
and GPU/CPU memory and a more complex implementation. Still, an effective strategy is
needed to determine when recomputation should occur, as users may notice delays during
density field updates. To address this point, we trigger recomputation after users transition
to a new scale. While users take time to observe the data at this scale, the system prepares
the density field on the GPU, ensuring readiness for subsequent operations.

4.6.3 Limitations and Future Work

Several limitations remain that open avenues for future work.

First, although DR dynamically recomputes the density field at a fixed resolution of
643, fine details may still be missed. Although progressive navigation can reveal these
features step by step at finer levels, it remains ineffective. Future work could adopt adaptive
resolution schemes that allocate denser sampling to regions with high particle density,
strong density gradients, or boundary-like structures, so that fine structures within the
region of interest can be better preserved.

Second, our dynamic KDE can be further optimized. Currently, recomputation is trig-
gered even for minor scale changes, leading to unnecessary overhead during frequent
zooming. To address this issue, we can introduce a threshold for scale changes, ensuring
that recomputation occurs only when the change exceeds a meaningful level. This improve-
ment would reduce redundant updates while maintaining responsiveness. Similarly, we
could only compute the KDE for subsets of the dataset at any given zoom level (as opposed
to the whole data space), such as the size of the viewport plus some margin around it.
Then, recomputation for other regions would be triggered when the user approaches the
boundary of the currently computed density field during navigation.

Third, the main time cost of the current recomputation delay in our selection technique
lies in transferring the computed density field from the GPU back to the CPU. Future
implementations could eliminate this bottleneck by migrating the selection algorithm, or any
other interaction entirely onto the GPU, thereby avoiding density transfer from GPU to CPU.
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Finally, this work is driven by the demands of immersive multiscale point cloud exploration
and therefore focuses on GPU-parallel implementation and system-level optimization of
adaptive KDE, rather than proposing new density estimation formulations. While recent
KDE methods [162, 172] improve theoretical efficiency and memory usage, integrating
them into a real-time interactive VR pipeline remains an important direction for future work.

4.7 Conclusion

In this work, we present a GPU-accelerated adaptive KDE technique that dynamically
recomputes density fields for interactive multiscale exploration. Through two use cases—
navigation and selection—we demonstrate that, as an independent module, our ScaleFree
can be directly integrated into diverse pipelines requiring high-performance density estima-
tion in large-scale scientific simulations.

Beyond its technical optimization, our ScaleFree allows us to explore and pursue a novel
interaction paradigm for immersive data exploration. Rather than requiring users to learn
dedicated 3D navigation techniques—a long-standing challenge due to the complexity and
inherent imprecision of 3D interaction—users essentially simply issue commands akin to
“show me that in more detail.” The structure- and context-aware selection paradigm that we
paired with the rapid KDE enabled through our ScaleFree approach allows users to simply
indicate desired regions of interest to steer their exploration. They can then zoom in to
reveal fine-scale detail or adjust their target to focus on another part of the data—ultimately
fluidly crossing the scales to find the most informative perspective.

Additional Material Pointers

We share our additional materials (study results/data and analysis scripts, videos) at
osf.io/hfu6e. We also make our prototypical implementation of the ScaleFree available
at the github repository github.com/LixiangZhao98/ScaleFree.
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APPENDIX 5
Collaborative Multi-scale Spatial Exploration in VR

In this chapter, we address RQ3: How can immersive environments support effective
navigation across multiple spatial scales in spatial datasets? By default, the user
usually explore the spatial data visualization on a single view in the immersive environment.
ScaleFree (Chapter 4) supports the efficient construction of field representations across
scales through a single view. However, a single view offers limited support for understanding
the broader multi-scale structure of the data. Without an overview of the global context
and the detail views, users often struggle to maintain awareness of their current location,
orientation, and scale they are involved in. This chapter focuses on complementary interface
designs that provide contextual grounding for navigation across large, unstructured, and
multi-scale spatial datasets.

In this chapter, we propose two interface designs that support multi-scale spatial data
visualization and navigation in immersive environments. The first design leverages an
overview+detail representation to facilitate multi-scale data exploration by managing both
global context and local detail view. The second design introduces a linked World-in-
Miniature interface, which connects multiple user-specific WiMs, enabling users to easily
perceive essential contextual information at a glance, including the relative scales, spatial
locations, viewing directions, and surrounding structures.
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5.1 Introduction

The immersive environment proposes new prospects for multi-user collaborative data
exploration and information exchange in a shared space via HMDs. For instance, the use of
immersive environments has applicable potential in the field of astronomy, helping scientists
explore the unknown and verify research predictions. Through cosmological simulations,
scientists predict that dark matter generates cosmic webs, and the filaments in the web
deliver the energy and matter to the high-density cluster area such as galaxies. To discover
patterns and confirm their prediction, scientists need to select and explore astronomical
data, such as 3D cloud point data from the cosmological simulation [5, 80]. However,
one of the inherent features of astronomical data is that these points are widely spread in
enormous spatial ranges and contain abundant details at different levels of magnitudes. An
immersive virtual reality environment can facilitate user engagement in the data exploration
process so that the data can be examined at vastly different spatial resolutions to unveil
interesting or unexpected patterns. Moreover, collaborative interaction in such an immersive
environment shows great potential in strengthening teamwork and communication, allowing
more holistic and efficient spatial exploration.

The awareness of collaborators plays a significant role in effectively exploring the
immersive environment, including awareness of presence, location, actions, and activities
[173]. The awareness can influence the quality of collaborative work by allowing users to
find and feel each other at any time. First, visualizing the location, actions and activities
of their collaborators improves the user’s spatial and situational awareness. It endows a
sense of knowing where the user is, where other collaborators are, what other collaborators
are doing and what is happening around them. Second, the opportunity to visualize
collaborators within a shared virtual space prompts insight sharing. Insight sharing is one
of the critical features of collaborative exploration, especially when the data is unknown
and with exhaustive details.

The goal of our study is to design an intuitive and effective VR interface that enhances
collaborators’ spatial awareness and supports them in sharing views and insights for
astrophysical data exploration. For visualizing and representing collaborators, a common
approach from the literature is using VR avatars, the virtual representations of users.
However, when navigating a large-scale virtual environment, such as the simulation of the
astrophysical universe, collaborators may focus on specific parts in different spatial scales

104



and lose sight of the big picture and other collaborators’ locations. More specifically, we
identify three challenges as follows:

C1: Multi-scale. The astrophysical data often contains a large number of astronomical
structures distributed on numerous scales in the Universe dominated mostly by emptiness. If
the collaborators are represented as scaled avatars, visualizing other collaborators becomes
challenging since their virtual avatars may look too large or too small in the user’s scale of
observation. Furthermore, in order to reach another user’s location, they need to navigate
across huge spatial scales.

C2: Large and empty space. On a specific scale, the astronomical data distributes
widely, and empty spaces occupy most regions of the environment [174]. As a result, ROI
are spatially segregated from each other. Thus, in the exploration, users may not be able
to see their collaborators if they are exploring different parts of the data.

C3: Communication and assistance. In order to identify ROI in the immersive
environment, users may need assistance from a third-person point of view. However, sharing
views and findings about the large-scale point cloud data in the immersive environment is
extremely challenging due to the complex data environment.

In this work, we propose two layouts. One is a set of four Overview+Detail layouts
designed to support collaborative exploration of unstructured, multi-scale scientific data
in VR. These layouts vary in how global context and local details are distributed, shared,
or individualized across collaborators. These four layouts examines what information
should be shared—overview, details, or both—and how these representations should be
organized to preserve context, support multi-scale navigation and facilitate joint analysis
of large-scale structures. The other one is L-WiM (Linked World-in-Miniature), an intuitive
and effective user interface for collaborative data exploration in an immersive environment.
We used astrophysical data as an example application. With L-WiM, users can observe
rendered images of other collaborators and their views, including the contextual environment
and the tasks being processed. Users are aware of information about their collaborators’
locations and scales. Furthermore, users can share and communicate their insights through
interactions and visual cues.

In summary, we contribute

• design considerations for collaborative multi-scale spatial data exploration, focusing
on how collaborators maintain shared context, individual exploration space, and
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awareness of others’ positions and scales.
• a set of four Overview+Detail layouts that distribute overview and detail views across

shared and individual workspaces.
• a linked World-in-Miniature interface that organizes collaborators’ local exploration

contexts into a tree structure, enabling users to be aware of collaborators’ positions,
scales, and focus regions.

• interaction mechanisms that support communication, information sharing, and navi-
gation among collaborators.

5.2 Related Work

This section reviews the recent work related to collaborative data exploration in VR and, in
particular, the world-in-miniature technique and Overview+Detail technique.

5.2.1 Collaborative Data Exploration in VR

Collaborative exploration is an effective approach for analyzing complex datasets [175].
It supports a group of users to perceive, observe, and manipulate the data in a shared
space [176]. Users are supported to collaborate in two ways: 1) in the same physical
space (co-located collaboration) with distinct virtual avatars in the shared and physical
space, communicating via discourse, gestures and gaze or 2) link to the same immersive
environment via different hardware in multiple physical locations (remote collaboration).

The Cave Automatic Virtual Environment (CAVE), the responsive workbench [177] and
Fishtank [178] were a few of the earliest immersive techniques for co-located collaborative
data exploration [179]. Later, the new generation of the CAVE style product CAVE2 was
developed [180] and the use cases were proposed by Marai et al. [181]. However, the CAVE-
style immersive environment requires multiple screens projected on walls in a large room,
which can be costly. In addition, only one tracked user can receive accurate stereoscopic
vision, which makes it even less cost-effective.

In recent years, VR HMDs have been gradually employed in immersive collaborative
data exploration. Users connect to the shared virtual space via different hardware and
possess a unique view. Previous research has studied the relative merits of VR HMDs for
collaborative work. The results indicated that VR HMDs achieved the same level of accuracy
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as CAVE-based systems while being more portable and affordable in the meantime [182].
Hence, VR HMDs have been utilized in many collaborative system designs. Several notable
designs are iVIZ [175], an internet-based collaborative platform for immersive visualization,
Telearch [183], a collaborative and interactive archaeological exploration platform and
FIESTA [184], a system concentrated on the collaborative pattern in a free-organizing
co-located immersive environment with multiple users.

Collaboration is built on the foundation of workspace awareness: the understanding
of one’s collaborators’ activities and the status of the environment [185]. People obtain
workspace awareness through conversations, gestures, and information produced by
bodies and artifacts, which help them coordinate, anticipate each other’s actions, and solve
problems together [186]. VR environments facilitate workspace awareness by offering a
shared workspace for multiple collaborators, enabling them to see each other’s embodiment
or avatars [173]. Visual cues such as field-of-view frustum and gaze rays, moreover, can
be implemented in VR to further indicate each person’s focus [187]. Workspace awareness
is especially important for the collaborative exploration of large-scale unstructured data,
on which we focus in this work, as collaborators may explore features at different scales,
rendering themselves invisible to each other in a VR environment. To enhance workspace
awareness among collaborators, we employ indicator boxes in the overview to represent
each user’s location and scale of exploration.

Given VR’s support for shared workspaces, prior research has explored collaborative VR
environments in various domains, including education [188], training [189], and gaming [190].
Donalek et al. [175] emphasized VR’s potential in facilitating collaborative data exploration,
highlighting that it allows users to interact with both data and collaborators in an immersive
environment. Previous research in VR-supported data exploration, however, has focused
more on integrating traditional visualization techniques into immersive environments [191,
192], while studies examining how users employ VR for collaborative data exploration remain
relatively limited. We aim to fill this gap by analyzing users’ collaboration in conducting
visualization tasks through a mixed-methods approach.

Notably, when collaborating in a shared space, collaborators tend to retain individual
spaces for personal use, which is identified as territoriality [193]. VR supports this behavior
by offering flexible mechanisms for users to establish personal workspaces and engage
in independent interactions. One method, known as subjective views [194], relies on cus-
tomized content based on individual tasks and preferences. While effective, this approach
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can introduce perceptual discrepancies, potentially impairing workspace awareness and
communication. An alternative approach involves partitioning the VR space into multiple
subspaces [195, 196], creating separate manipulation areas within a cohesive shared
workspace. These subspaces can be further configured with access controls to balance
collaborative and individual work. Questions remain, however, on which content should be
shared and which should remain private.

5.2.2 Overview + Detail

The core idea of the Overview+Detail paradigm is to provide two coordinated display spaces
that present the same underlying data at different levels of scale. By separating global
structure from fine-grained details across distinct views, Overview+Detail maintains visual
continuity and allows users to access both contextual and local information simultaneously.
This technique enables simultaneous access to global and local data representations,
supporting user orientation and analysis.

Prior work has applied Overview+Detail techniques in the single-use immersive environ-
ment. Yang et al. [197] conducted a systematic study of immersive navigation techniques for
3D scatterplots, by comparing room-sized visualization and zooming interfaces, each evalu-
ated with and without an overview visualization. Coffey et al. [2] introduced Interactive Slice
WIM, a table+wall VR framework that extends the World-in-Miniature metaphor to provide
an Overview+Detail visualization of volumetric data by combining a floating 3D miniature
with touch-controlled 2D slice projections for efficient navigation and interactive exploration.
Sorger et al. [198] introduced an Overview+Detail navigation metaphor for large dynamic
network exploration that combines flying for global overview with controller-based teleporta-
tion to view the detailed structures, showing through expert feedback that maintaining an
overview is essential for preserving users’ spatial orientation. Usher et al. [66] proposed
a VR-based neuron tracing system that incorporates a minimap-style Overview+Detail
design, where the global dataset visualization, current focus region, and previously traced
structures are presented in a compact overview to support spatial orientation while users
perform fine-grained tracing operations in the detailed 3D focus view.

Building on this line of work, our research investigates how Overview+Detail visualiza-
tion can be extended to collaborative settings. Specifically, we evaluate multiple layout
configurations and how they support shared awareness, coordinated navigation, and joint
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reasoning during multi-scale scientific data exploration in VR.

5.2.3 World-in-Miniature

World-in-Miniature (WiM) [16] is a technique that provides a scaled-down version of the
whole or a part of the virtual environment. The technique has been effectively applied to
architecture [199, 200, 201] and medical visualization [2]. More recently, Danyluk et al. [202]
defined WiM as “a scale replica within and linked to the original region through virtual
feedback or interaction”. When a user manipulates objects through a WiM, the changes
to the WiM will be synchronized into the original world. Similarly, modifications to items
from the original world will be reflected in WIM objects. Users can utilize WiMs to edit items
that are out of reach. Furthermore, WiM can also be utilized as a navigation tool [2, 203].
A limitation of WiMs is that the data visualized with a broad scope (large-scale) contains
many invisible details. Li et al. [174] proposed SWiM to support fast scale transition in an
astronomical environment based on the Power-law spatial scaling method. They leveraged
logarithmical mapping approach to visualize the miniature spaces, providing an overall view
of the whole astronomical spreading on a wide range. Wingrave et al. [138] introduced
SSWIM to overcome the large-scale problem in city simulated data. SSWIM allows the
WiM to show parts of the whole data with a user-defined visualization scale and region,
supporting the navigation and manipulation of the buildings in a vast city in an immersive
environment. Although the exploration of large-scale data via WiM has been investigated, a
relatively small body of literature is concerned with collaborative application with WiMs [202].
Stafford et al. [204] proposed “god-like collaborative interaction” in which the user indoor
manipulates a WiM projected by a tabletop display system, while the user outdoor observes
the reconstructed model reflected from the indoor WiM via a mobile augmented system.
Chheang et al. [205] developed the group WiM (GWiM) system, which provided a team
navigation method via WiM guided by a leader. The WiM technique in collaborative data
exploration has not been studied. A single WiM is able to display the contextual information
and support interactions that are out of reach. We believe WiMs, combined with small
multiples [206], is an effective technique for collaborative exploration in spatial data.
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5.3 Design One: Overview + Detail

In the first design, we present Overview+Detail techniques that allow collaborators to
perform fine-grained exploration in their own spaces while simultaneously accessing a
shared global view, aligning with the multi-view, multi-scale, and semi-public workspace
considerations for immersive large-scale 3D data exploration.

5.3.1 Design Considerations

Drawing on the characteristics of large-scale data and prior work in data exploration,
collaboration and Overview+Detail, we propose three design considerations.

DC1: Multi-view exploration. As users are prone to losing orientation after navigating
across scales in VR [197], the environment design should enable users to maintain
an awareness of the overall data distribution. To achieve this goal, multiple views are
needed: an overview to provide contextual awareness and support orientation, and
detail views that allow users to focus on specific areas of interest.

DC2: Multi-scale transition. Exploring large-scale scientific data with complex structures
and rich detail requires users to frequently zoom and shift positions. Therefore,
the camera movement speed over vast distances, multiple instances, and multiple
orders of magnitude must be carefully controlled to achieve seamless transitions
between spatial locations of significantly varying scales. An alternative approach is
teleportation [17], where users define spatial points and jump directly between them
without physically traversing the distance. This approach, however, may confuse
users when determining locations and understanding transitions across scales.

DC3: Semi-public workspace. Considering that collaborators often engage in group
and individual tasks in different areas [193], it is essential to provide a semi-public
workspace. This setup allows users to communicate and coordinate with partners
in a shared space while independently exploring their personal areas, promoting
collaboration and minimizing mutual interference, particularly when collaborators
focus on different scales.
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Figure 5.1: Four Overview+Detail designs in VR, developed based on two key perspectives:
shared content and view size, including (a) RO (Room-size Overview and hand-size detail),
(b) TO (Table-size Overview and hand-size detail), (c) RD (Room-size Detail and hand-size
overview), and (d) TD (Table-size Detail and hand-size overview).

5.3.2 Four Overview + Detail Designs

Based on DC1, we adopt Overview+Detail designs, which fulfill the need to view both overall
and detailed information. The overview provides a global context, helping users orient
themselves within the data space, while the detail view facilitates a close examination of
specific regions of interest (ROI). We limit each type of view to one to investigate their roles
in collaborative exploration within a controlled setting. To facilitate seamless multi-scale or
long-distance navigation as emphasized in DC2, we incorporate indicator boxes into the
overview to represent each user’s focus area. These boxes are visible to all collaborators,
thereby enhancing workspace awareness. If a user zooms in or out, the corresponding
indicator box dynamically resizes to reflect the current scale. As the focus location shifts,
the box transitions smoothly across the overview, visually tracing the transition path.

We explored three sizes for both the overview and the detail view:

Hand-size: A cubic space of 30 cm side length, held by the user’s non-dominant hand. We
attached the center to the controller with a 35 cm bias to ensure it does not interfere
with dominant hand interactions, similar to MeTACAST [77].

Table-size: A 1 m cubic space placed 1 m above the floor.
Room-size: A 2 m cubic space placed on the floor where users are immersed, similar to

Yang et al.’s room-sized interface [197].
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The table- and room-size views are visible to all users, whereas the hand-size view
is only visible to the individual holding it, creating a semi-public workspace (DC3). While
users may desire to move content between private and shared spaces, we fixed the visibility
of each view to assess the impact of view shareability on collaboration. Thus, we have two
types of views—overview and detail—and two size options for shared views: table-size
and room-size. This setup results in the following four combinations (shown in Fig. 5.1):

RO: (Room-size Overview + Hand-size Detail). RO features a large, shared overview at
room-size and individual detail views at hand-size. As shown in Fig. 5.1(a), the room-
size overview immerses users in the data. A hand-size detail view is attached to each
user’s non-dominant hand, allowing users to explore different details independently.

TO: (Table-size Overview + Hand-size Detail). As illustrated in Fig. 5.1(b), similar to RO,
TO provides hand-size individual detail views to users. However, it employs a shared
overview smaller than RO and positioned in front of users.

RD: (Room-size Detail + Hand-size Overview). RD offers an individual hand-size overview
and a collaborative room-size detail view. As shown in Fig. 5.1(c), the overview is
anchored to the user’s non-dominant hand. Users project selected features from the
overview into the detail view, and if another user initiates this action, the content in
the detail view is replaced.

TD: (Table-size Detail + Hand-size Overview). As presented in Fig. 5.1(d), users share a
table-size detail view, with each person controlling an individual hand-size overview.
Compared to RD, detailed features in TD are more centrally concentrated.

The abbreviations signify the content in the shared view and whether a table-size or
room-size view is being employed. RO, for instance, indicates the use of a room-size view
to present the overview of the dataset, which is accessible to multiple users, while the
individual hand-size view is used to show detailed data specific to the data subset onto
which the user currently focuses.

5.4 Design Two: Linked World-in-Miniatures

In the second design, we propose a WiM-based method for multi-scale data collaborative
exploration. In previous design, users reference indicator boxes in the overview to under-
stand their and collaborators’ positions, scales, and workspace context. As the number of
collaborators grows beyond two, however, these indicator boxes begin to overlap and nest
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Figure 5.2: Seven users are exploring a large-scale simulation of astronomical data in the
immersive virtual reality environment. The blue user possesses a larger scale, viewing the
cosmic web, while the red user is observing the galaxy in a relatively small scale. Each
user is assigned a WiM which shows a miniature of the virtual environment at the level of
the scale. All the WiMs are connected in the L-WiM tree.

within one another, significantly reducing the clarity of each collaborator’s information. In
this section, each collaborator is given a WiM as their personal exploration space, and all
WiMs are linked together through a connecting thread, forming an L-WiM (Linked World-in-
Miniatures) tree. This L-WiM tree provides an all-knowing third-person perspective on the
collaborators’ collective observations.

5.4.1 Design Considerations

The system aims to enhance the collaborator’s context, position, and scale awareness in
immersive exploration work. Therefore, we summarize four design considerations (DCs).

DC1 Context Awareness: Illustrate the virtual environment at the user’s level of scale.
The main idea of the WiM metaphor is to offer a dynamic view through a miniature of
the virtual environment so that the users are aware of the surrounding data. Therefore,
it is critical to provide contextual information in the WiM, including the surrounding
virtual environment, the user’s position and orientation in that environment.

DC2 Position Awareness: Demonstrate the relative positions among the collabo-
rators. The relative positions of collaborators are vital for collaborative exploration,
especially when exploring multi-scale data in the immersive VR environment. Thus,
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it is important to display all users’ WiMs in one view so that people will know where
their partners are or how to find them.

DC3 Scale Awareness: Indicate the level of scales among collaborators. The unique
feature of exploring multi-scale astrophysical data in the immersive environment is
that people can navigate through different scales and focus on the data in different
regions. Thus, the system should indicate users’ scales in the view and display what
people are looking at from their positions.

DC4 Collaboration: Support communication and information sharing. There are many
ways to achieve communication and information sharing, for instance, co-located and
synchronous sharing through voice messages, visual highlights, viewpoints sharing.
To ensure effective collaboration, the system should provide an optimized way to
support people 1) to focus on their own data analysis, and 2) to exchange their insights
and share their findings when needed.

5.4.2 WiM

To address DC1, every user is assigned a WiM that miniaturizes the virtual environment at
the level of scale where the user is. Immersed in astronomical data that spans multiple
orders of magnitude, users can traverse multiple scales and explore different regions.
Through the WiM, the user can see a scaled-down copy of the contextual environment,
where the user perceives their location, view direction, surroundings, as well as other
collaborators’ avatars if they are on the same scale.

We introduce the “size” and “scope” concepts used in the L-WiM system. Dany-
luket al. [202] explains these two terms, where “size” refers to the spatial size of a WiM,
and “scope” refers to the range of miniature data visualized by the replica. For instance,
a cube-shaped WiM (size: 1 meter on each edge) in the immersive environment holds a
replica of the Milky Way galaxy with a radius of 520 thousand light-years (scope).

We constructed the user’s surrounding environments using a spherical WiM (see
Fig. 5.3). Within the spherical WiM, the user’s location is represented as a cone, and
the user’s view direction is illustrated by the opening (base) of the cone. For ease of
visualization, the user is always placed in the center of the WiM sphere. Note that the WiM
only highlights data that is within the visible scope of the user. The scope of the visualization
is computed by c · suser, in which suser refers to the size of the user and c is a user-defined
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Figure 5.3: The WiMs of the blue user and the red user are shown. The user-centered WiM
demonstrates the virtual environment at the corresponding level of scale.

constant factor (for our use case, the value is set to 5). We calculate the distance between
the datapoints and the user (located in the center of the WiM)

||puser − pparticle|| < c · suser (5.1)

where puser is the position of the user and pparticle is the position of each particle in the
dataset. The particles located within the scope are visualized in the WiM.

5.4.3 L-WiM

To address DC2 and DC3 and guide the design of the L-WiM tree, we propose the following
design principles:

DP1 If a user (Ui) travels to a different scale and appears in another user’s (Uj) virtual
environment, i.e., if Ui is located within the scope of the Uj ’s world, the two WiMs are
connected directly.

DP2 If two WiMs are connected through a thread, the user can learn the relative position
of the other user by looking at the endpoints of the thread.

DP3 The position of WiM in the tree along a pre-defined axis indicates the user’s level of

115



Figure 5.4: The father node (WiM with the purple user) and the child node (WiM with the
orange user) are connected through the yellow thread. The endpoint of the thread located
within the father node illustrates the relative position of the orange user to the purple user
in the purple user’s world.

scale compared to other users.

To address DP1 and DP2, we leverage a father-child relation to demonstrate the relative
position among collaborators. We define WiM W2 as the father node of WiM W1 if W1 is
located in the scope of W2 and has a smaller scale than W2, i.e.,{

||p1 − p2|| < c · s2
s1 < s2

(5.2)

where p1 and p2 are the positions of W1 and W2. s1 and s2 are the scale of W1 and W2. If
such a father-child relation holds, the two WiMs can then be connected by yellow threads
(shown in Fig. 5.4). The thread’s endpoint in the father node indicates the relative position
of the child node to the father node. However, in some cases, one WiM may have multiple
father nodes or none. In order to obtain an intuitive and clear hierarchical L-WiM tree, we
determine the father node for each WiM by the following steps. We first sort the n WiMs
based on the corresponding user avatar scale from the largest value to the smallest, where
n represents the number of the WiMs, and create a WiM list (shown in Fig. 5.5a). Then, we
pick one WiM Wi from the list. Following a bottom-up order from the list, we search for its
father node Wj which meets two requirements: 1) user i’s avatar appears within the scope
of Wj and 2) Wj ’s avatar has a greater value of scale than Wi until we find the first satisfied
WiM. We perform this bottom-up search on every WiM in the list and eventually obtain the
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Figure 5.5: The building process of the L-WiM tree

hierarchical relationships among the WiMs (shown in Fig. 5.5b). Note that, not all WiMs in
the list can be connected in the same branch, and some WiMs may have no father node
because they do not belong to any scope of the other WiMs. For instance, node #3 and
node #5 are isolated from the main tree without a connection. Finally, in order to link all the
WiMs to the tree, we add a node #0 at the top of the L-WiM tree (shown in Fig. 5.5c). The
node #0 illustrates the replica of the whole environment to ensure all WiMs are eventually
included in the tree. It is highlighted in yellow (shown in Fig. 5.2) and has a larger size than
the other WiMs.

To address DP3, initially we attempted to map the scale information to the size of the
WiMs, i.e., users observing at a larger scale owns a bigger WiM. However, visual depth
perception in immersive environment influences the judgement of the WiM size. A large size
WiM located far away might look smaller than a nearby WiM with a small size. Therefore,
we decided to illustrate the spatial scales through the vertical organization of the individual
WiMs in the L-WiM tree. We leverage an additional axis to map the users’ scale information.
In other words, the WiM projected on a higher-up position in the tree along the axis indicates
that the user is at a larger level of scale of observation. To implement this, we first set the
position of the node with the minimum scale (node #7) as (Pxmin , Pymin , Pzmin) in the virtual
view, the direction of the scale axis denoted by the unit vector −→n and a total length L for
the L-WiM. Next, we map the user scale interval (smin, smax) to the range (0, L) based on
the function

f(s) ∈ (0, L), s ∈ (smin, smax), f(smin) = 0, f(smax) = L (5.3)
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and it also satisfies

s1 ∈ (smin, smax), s2 ∈ (smin, smax), s1 < s2, f(s1) < f(s2) (5.4)

In terms of the design of f(s), we considered the situation that many users may explore
data at a similar scale. Thus, to avoid clustering of WiMs within a small-scale range, we use
the non-linear f(s). In our design, the first derivative of f(s), denoted by f(s)′, is related to
the WiM distribution density spread in (smin, smax). In a dense distributed region, f(s)′ has
a large value. This way, if many WiMs have similar scales, bigger range along the scale
axis will be preserved and these WiMs with similar user scales will distribute sparser. The
position of WiM along the scale axis (Pxaxisi , Pyaxisi , Pzaxisi) is calculated as:

(Pxaxisi , Pyaxisi , Pzaxisi) = (Pxmin , Pymin , Pzmin) + f(si) ∗ −→n (5.5)

Subsequently, the WiMs are ranked vertically along the scale axis so that the higher-up
WiM possesses a bigger scale (shown in Fig. 5.5d). Furthermore, to avoid the overlapping
issue and maintain the correct scale information, we push the WiMs one by one to the
sparse area in the direction perpendicular to the scale axis, denoted by the unit vector −→vi
until they do not overlap and are separated by a certain distance away from each other.
The final position of the WiM (Pxi , Pyi , Pzi) is:

(Pxi , Pyi , Pzi) = (Pxaxisi , Pyaxisi , Pzaxisi) + ri ∗ −→vi (5.6)

where ri is an adaptive constant representing the distance being pushed and −→vi is an adap-
tive unit vector indicating the most sparse direction at (Pxaxisi , Pyaxisi , Pzaxisi) perpendicular
to −→n :

−→vi · −→n = 0 (5.7)

The interface is shown in Fig. 5.6. To demonstrate the direction of spatial scale, we provide
an additional yellow arrow on top of the #0 node showing the direction of increasing scale.

5.4.4 Communication and Information Sharing

To address DC4, we design a direct approach to support users to “visit” others’ WiMs (sharing
findings, observing data, offering guidance) through visual cues and voice messages. We
consider the key principles of communication and information sharing in collaborative
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Figure 5.6: The structure of L-WiM tree in a front view (left) and side view (right). The yellow
arrow on top of node#0 indicates the positive direction of the scale axis.

exploration from two aspects.

DP4 The user should be able to decide if they want to be observed or visited by others.

DP5 The user should be able to communicate with voice.

DP6 The user can select the data in their collaborators’ WiMs.

DP7 The user can visit their collaborators’ WiMs whenever they want if it is allowed.

DP4 is proposed for personal focus and productivity. The users should be able to focus
on their own work without being disturbed. Thus, they should have the option to decide
if they would like to receive messages and allow others to see what they are doing. To
achieve DP4, our L-WiM provides a switch-like functionality. By default, all WiMs can be
visited. However, if a user chooses to disable visitor view permission by turning off the
switch, the user’s WiM is rendered invisible in other’s view (the grey WiM in Fig. 5.7).

DP5 ensures that users can establish direct and immediate communication whenever
needed. In L-WiM, users can initiate communication by selecting any collaborator’s WiM
in the L-WiM tree with the controller by the ray interaction (shown in Fig. 5.7(a)). The
chosen WiM is highlighted, and a copy of it is attached to the user’s VR controller (shown
in Fig. 5.7(b)). With this hand-held WiM, users are able to activate voice communication
with the corresponding collaborator.
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Figure 5.7: (a): The WiM is highlighted in white when the user is pointing at it with the write
ray. (b): A copy of the selected WiM is attached to the hand by clicking the “trigger”. After
that, both the WiM in the L-WiM tree and the copy will be highlighted with the same color
as the corresponding collaborator, indicating the selected state. The grey opaque WiM is
inaccessible.

DP6 enables users to select regions of interest, allowing them to initiate discussions
about specific data structures whenever necessary. After selecting another collaborator’s
WiM, a duplicated copy is held in the user’s hand. Users can then directly select data on
the WiM using the MeTACAST technique introduced in Chapter 3 (shown in Fig. 5.7(b)).
The selected data on the WiM copy is also synchronized in the collaborator’s environment.
Thanks to the fast GPU-accelerated KDE method introduced in Chapter 4, the density field
within the data space enclosed by the WiM can be recomputed in real time whenever the
underlying data changes—for example, when the collaborator moves to a different location.

DP7 supports users in navigating across scales. After selecting a collaborator’s WiM,
users can navigate to the collaborator’s environment through two mechanisms: (1) by
specifying a destination via clicking on the handheld WiM using the controller, similar to
the point-and-click teleportation metaphor [18]; and (2) by using the progressive navigation
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technique introduced in Chapter 4, which enables scale transitions to finer levels by directly
selecting target structures with the MeTACAST technique. The virtual camera then moves
smoothly to the target region, adjusting the user’s scale accordingly.

5.4.5 Interactions

Our prototype supports the manipulation of the L-WiM and the individual WiMs. We leverage
the “World grab” metaphor [3] for manipulating the L-WiM. By holding the trigger button on
the right VR controller, users can drag, push and rotate the L-WiM in the view. Users can
also use the left-hand VR controller to select and manipulate an individual WiM through the
Ray-casting pointing method by the white ray. The boundary of the WiM being pointed will
be highlighted in white when the ray moves over (shown in Fig. 5.7(a)). Users can press the
trigger button to select the WiM. The selected WiM will be highlighted in the same color as
the corresponding user, and at the same time, it will be copied and attached to the virtual
left-hand controller (shown in Fig. 5.7(b)). Users can manipulate the controller to get a
closer look at the selected WiM from different directions. The WiM can be deselected and
detached from the left-hand controller by pressing the trigger button again.

5.5 Discussion

Our design—Overview+Detail and L-WiM techniques—both support multi-user collaborative
exploration of spatial data in immersive environments, allowing collaborators to move across
spatial scales, inspect fine-grained structures, and remain aware of each other’s positions,
scale and contextual information.

The two designs are different in many aspects. First, they differ substantially in how
they manage views. In L-WiM, the full dataset is rendered as a global overview in the
immersive space, while each user’s WiM acts as a detail view; the linked collection of
these WiMs allows collaborators to see all users’ detailed focus regions simultaneously.
By contrast, Overview+Detail gives each user a single handheld view—either overview or
detail—encouraging focused local exploration while referencing the overview only when
needed. The second difference lies in the awareness of scale. In L-WiM, a user’s current
scale is explicitly encoded by the vertical position of their WiM, allowing collaborators to
precisely compare who is operating at a smaller or larger scale. In contrast, Overview+Detail
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provides only a coarse indication of scale: users infer another’s viewing scale from the
size of the color-coded cubic frame shown in the overview. This cue does not support
precise comparison. When a collaborator inspects very small-scale details, the frame can
become too small to perceive, making it difficult—or sometimes impossible—to estimate
their current scale. Third, they differ in collaborator awareness. In L-WiM, users transition
across scales by resizing their avatars. At very small scales, collaborators can no longer
perceive a user’s physical avatar and must rely on the user’s WiM to infer their location
and focus. In Overview+Detail design, collaboration occurs at a constant spatial scale, so
avatars remain visible, enabling partners to observe gestures, identify whether others are
viewing overview or detail, and communicate through pointing and embodied cues.

5.6 Conclusion

Despite extensive research into collaboration in VR, the challenges of exploring complex
data visualization and large-scale features remain significant, which are very commonly
used in scientific domains, such as astronomical and physical simulations. However, the
inherent advantages of a 3D perspective view make VR ideal for exploring such data,
which motivated us to initiate this study. Collaborative exploration goes beyond sharing
understanding and completing well-defined tasks. More importantly, it enhances collabora-
tors’ experiences and leverages their diverse knowledge and creativity, especially when
navigating unknown and complex environments. In VR, this exploration requires enhanced
awareness, robust support, and the flexibility to experiment and share new findings. This is
exactly the key elements that come into play: shared spatial/scale awareness, storing find-
ings, flexible content sharing, adjustable view size, and importantly, individual exploration
space. These elements create a dynamic and effective collaborative environment, allowing
participants to seamlessly integrate their insights while fostering a shared understanding.
We acknowledge several limitations and directions for future exploration. The effectiveness
of L-WiM requires further evaluation through a formal user study. Future work will examine
how the linked WiM structure supports collaborator awareness, cross-scale navigation, and
shared understanding during collaborative multi-scale exploration. In addition, a broader
understanding of the needs of collaborative exploration across research domains is still
required. Future work may extend our design to other collaborative settings involving
large-scale datasets from fields such as geography and environmental science.

122



APPENDIX 6
SpatialTouch: Exploring Spatial Data Visualizations
in Cross-Reality

In the fourth project, we address RQ4: How can immersive environments support the
effective presentation and integration of spatial datasets that rely on multiple 2D
and 3D visual representations? In many scientific workflows, researchers rely heavily
on 2D representation—such as slice views, projections, quantitative plots, or abstract
diagrams—to support domain-specific analysis tasks. Although VR/AR techniques can also
host 2D visualization, 2D displays remain the native and effective medium for presenting
and interacting with 2D visualizations. This need for 2D information raises an important
question regarding how immersive settings can incorporate both 2D and 3D views in a
coherent and meaningful way.

In this chapter, we propose and study a novel cross-reality environment that seamlessly
integrates a monoscopic 2D surface (an interactive screen with touch and pen input) with
a stereoscopic 3D space (an AR HMD) to jointly host spatial data visualizations. This
innovative approach combines the best of two conventional methods of displaying and
manipulating spatial 3D data, enabling users to fluidly explore diverse visual forms using
tailored interaction techniques. Providing such effective 3D data exploration techniques is
pivotal for conveying its intricate spatial structures—often at multiple spatial or semantic
scales—across various application domains and requiring diverse visual representations
for effective visualization.
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(a) (b) (c)

Figure 6.1: Data exploration in SpatialTouch: (a) select astronomical points, (b) navigate
molecular visualization, (c) annotate medical data.

6.1 Introduction

As computing and simulation technologies have advanced, the complexity of 3D structures
within scientific datasets, alongside their contextual information, has grown substantially. Ap-
proaches to interactively explore 3D data have emerged to help users understand complex
spatial structures across various disciplines. These datasets often encompass elaborate
details, comprising millions of intricate components such as unstructured points in astronom-
ical simulations [107, 108], flood simulation [207] or biological structures spanning multiple
scales [208]. To gain a deeper understanding of such complex data, researchers often need
to selectively focus on different regions. They may adjust visualization parameters to filter
the data, emphasize key features, or alter data representations to highlight specific data
attributes. This exploration can involve switching between 2D and 3D representations or
displaying a combination of both for an in-depth analysis of data structures. Abstractocyte
[20], e. g., is an interactive system designed to assist biologists in exploring the morphology
of astrocytes using various levels of visual abstraction, while simultaneously analyzing
neighboring neurons and their connectivity. This tool allows users to manipulate a visual-
ization widget of 2D abstraction space to smoothly transition between the different 3D and
2D abstraction levels, to identify morphological features for cells of interest. Furthermore,
various visual representations, such as ball-and-stick models, are employed in molecular
visualization to display 3D structures with different data features [209, 210, 211].

A common approach for supporting researchers to observe diverse combinations of
data features, whether in 2D [212, 213, 214] or in 3D [215, 216], is through multiple linked
views, facilitating connections among different representations. An alternative approach
is to integrate 2D and 3D visual representations within a unified view [217]. Achieving a
seamless interpretation of visual transitions and interaction with the data in such combined
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representations, however, is challenging—especially when dealing with complex data that
contains a lot of detail. These challenges prompted us to explore a different display envi-
ronment for presenting complex 3D data, one that integrates various visual representations
and enables users to work with and seamlessly switch between different representations in
a single setting.

To this end, we introduce SpatialTouch—a CR environment [218] that merges a mono-
scopic interactive 2D surface (an interactive screen with touch and pen input) with a
stereoscopic 3D space (an AR HMD). We can visualize data simultaneously on both the
2D surface and in the 3D space such that the depiction on both displays remains in sync.
Rather than imposing restrictions on which visual representations should be displayed in
each space, we approach our setup as an integrated system in which the user decides
where to display the data and how to interact with it. The integration of both views facilitates
smooth transitions for data visualization between the 2D surface and the 3D space, ensuring
a continuous situational awareness. With our CR SpatialTouch environment, we establish a
platform that is capable of accommodating a wide range of data types that can be displayed
and interactively explored as needed. While creating many possibilities for visualization
and interaction design, our setup also poses questions on how to best organize the data
exploration.

A central question when hosting data visualizations within SpatialTouch is how interaction
techniques should be designed, ensuring that users can seamlessly continue their tasks,
without having to consider how interactions should be performed in the respective other
display space. Touch-enabled screens facilitate direct input on the 2D screen that typically
shows projected views of the spatial 3D data; and many interaction techniques have been
developed for such settings (e. g., for navigation [219, 220, 221, 29], selection [222, 58, 59],
positioning [223, 224]). While the exploration of 3D spatial visualizations via a 2D view can
pose challenges (e. g., it often requires users to rotate the data to explore its 3D aspects),
due to the ubiquity of monoscopic screens, people have already developed a solid mental
concept of how interactions are performed on the 2D screen. At the same time, however,
they have also established a solid understanding of how gesture interactions are performed
in the 3D space. When a visualization spans both of these spaces as with SpatialTouch,
the question arises whether people can maintain their spatial awareness and are able to
seamlessly transition between the different interaction techniques in the hybrid environment.
To clarify, “spatial awareness” in our context refers to users’ understanding of both the
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spatial position of interactions within the CR environment and the spatial status of the data,
including its structure, orientation, and position, which guides to perform specific actions.

Another crucial question is, when users explore spatial data, how they react as they
engage with diverse data representations within a CR environment. We can assume
that people decide how interactions should be executed based on their perception and
understanding of the specific data structures. When selecting subsets of unstructured
point cloud data, e. g., individuals may circle around them to define a range, whereas when
selecting string-like structures they may brush along the structure. Any interaction pattern,
however, may undergo additional alterations when the data transitions from 3D space to
the 2D surface or vice versa. When selecting point cloud data which is rendered partially
on the 2D screen and partially in 3D space, for instance, people may realize at some point
during the selection action they can no longer circle around the target points in the depth
direction. Consequently, the question arises if people maintain or change their interaction
strategies when a visual representation is used to depict data across both spaces.

Other important considerations when merging 2D and 3D display spaces and construct-
ing a CR environment include the challenge of effectively presenting 2D/3D visualizations
and determining the appropriate level of detail. We can often choose from a diverse set
of visual representations that each focus on a particular set of features or contain various
scales or visual abstractions, which in our case may be partially rendered stereoscopi-
cally in 3D space and partially projected on the 2D screen. We thus ask: how should we
represent the data such that users gain a comprehensive understanding of it? Moreover,
understanding the best specific setup of our CR environment (in particular, the optimal angle
or angle range for the 2D surface) is crucial to facilitate the user’s interaction experience.
In summary, we contribute

• a CR environment that combines a monoscopic 2D surface with a stereoscopic 3D
space to facilitate joint spatial data exploration;

• a study on user actions and interaction strategies while interacting with spatial data;
• a design space of how CR supports 3D spatial data analysis across various visual

representations, scales, and data abstractions; and
• three uses cases for demonstrating data manipulation, selection, annotation and

measurements in three distinct domains.
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6.2 Related Work

Our work focuses on three key aspects of CR environments: the environment itself, data
visualization, and interaction techniques employed within these CR settings. We review
related work on these topics next.

6.2.1 Cross-reality Environments

The reality-virtuality continuum, as conceptualized by Milgram and Kishino [12], provides a
framework for data analysis and visualization techniques. It spans from visual analytics
on 2D displays, to stereoscopic visualizations with immersive technologies, including aug-
mented reality (AR), augmented virtuality (AV), and virtual reality (VR). Cross-reality [218]
emphasizes seamless integrations and transitions among these visualization environments,
offering users effective visual and algorithmic assistance tailored for maximal cognitive and
perceptual suitability based on data, tasks, and user requirements.

Recent surveys have extensively explored cross-reality/virtuality environments from
various perspectives, such as design and human factors [225], visualization and interaction
techniques [27] and collaborative analysis [226]. Fröhler et al. [227] and Auda et al. [228]
conducted comprehensive reviews of existing work, classifying the literature regarding
different stages in the reality-virtuality continuum, visualization and view transition tech-
niques, collaboration, visualization and visual analytics techniques, evaluation methods,
and application domains. These opportunities and challenges have been recognized by
many researchers and extensively discussed in conference workshops [229, 230, 218].

The main purposes of CR environments for domain research span from observation to
collaborative analysis. An initial CR prototype was created by Kijima and Ojika [231] based
on a projective see-through HMD (PHMD) and 2D monitor, demonstrating how object
manipulation can be performed using keyboard and mouse. The most obvious benefit of
combined 2D and 3D environments is the inherent display environments for observing
2D and 3D data representations. Seraji and Stuerzlinger [232] introduced an immersive
visual analytics tool that allows users to conduct analysis at either end of the reality-virtuality
continuum. It demonstrates that users can experience a lower cognitive load while viewing
both 2D and 3D representations from two environments and task-switching between these
virtuality modes. CR environments are also employed for displaying and connecting
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different views. Reipschläger et al. [233] proposed the combination of large interactive
displays with personal head-mounted AR for displaying information in various views to
facilitate data analysis. Their approach demonstrates how CR can be designed to address
challenges encountered in solely large displays, such as perception, multi-user support,
and managing data density and complexity. Such environments also show great benefits
in making the best use of 2D and 3D interfaces and providing users with familiar ways
perceiving, creating and manipulating 3D contents. Dedual et al. [234] explored hybrid
user interfaces that combined a 2D multi-touch tabletop display with a 3D head-tracked
video see-through head-worn display, including an urban visualization scenario in which the
tabletop provided a 2D map while the head-worn display showed complementary 3D building
information above the tabletop. Reipschläger and Dachselt presented an augmented design
workstation [46], which seamlessly integrated an interactive surface displaying 2D views
with a stereoscopic AR HMD, demonstrating how this combined space facilitates 3D model
creation. For facilitating complex data exploration, decision making, and collaborative
analysis, Butscher et al. [235] investigated the combination of AR and touch-sensitive
tabletops for collaborative multi-dimensional data analysis through 3D parallel coordinates,
using established touch interactions with visualizations anchored to the tabletop.

All these purposes for using CR heavily inspired the design of our own CR environment,
including the selection of devices, layout, and setup. Typical such devices encompass 2D
desktops, tablet/mobile devices, tabletop, wall displays, CAVEs, as well as AR and VR
HMDs. We discuss these devices and the implication of their use in detail related to our
intended visualization tasks and domains in Chapter 7.

6.2.2 Visualization and its Tasks in Immersive Environments

Immersive environments provide a stereoscopic view to convey complex 3D structural
arrangements, with great potential in exploring many types of scientific data. Molecular
data, e. g., often consists of densely packed 3D structures with intricate internal detail that
spans multiple scales—making it challenging to comprehend the contextual information
of the data. Alharbi et al. [15], e. g., introduced a guided-tour generator for immersive
environments to navigate and communicate multi-scale, crowded, scientifically accurate
3D models. Similarly, point clouds such as astronomical simulations exhibit complexities:
3D occlusions, non-uniform feature density, or intricate shapes. Zhao et al. [77] proposed
target- and context-aware selection techniques for users to select sub-regions based on

128



understanding of the 3D structures yet without the need for high input precision.

A key aspect of these visualizations lies in their emphasis on spatial attributes and
their positions within the data context. When exploring or creating data of this nature,
researchers often consider these spatial features displayed in different views or using
different representations. That is where CR comes into play. In medical imaging, e. g.,
detailed views that focus on key regions are crucial while maintaining the overall data
context. Coffey et al. [2] addressed this issue by presenting 3D medical data in the air
alongside a detailed stereoscopic 3D view. This 3D data was complemented, moreover, by
a 2D overview presented on a table, enabling users to interact with the data using familiar
2D touch gestures. Furthermore, Sereno et al. [35] proposed a spatial selection technique
for 3D point data, wherein selections are performed on a tablet, while a stereoscopic view
is provided by an AR HMD. With AR showing an overview of the point distribution, users
can perform selections on the tablet and precisely control the selection in depth.

When CR is used to expand the limited display space, various visual representations
can overlay the presented information to indicate connections or provide additional context.
Langner et al. [236], e. g., introduced a conceptual framework that extends a 2D scatterplot
displayed on a mobile device with superimposed 3D trajectories shown in AR. Similarly,
Reipschläger et al. [233] proposed a system that augments data on large displays via
AR. Satriadi et al. [40, 237] envisioned how to present multivariate data around physical
scale models such as tangible globes, with relevant data attributes being displayed on and
around the display or tangible interfaces. There are usually no strict constraints on how
data should be displayed within and across multiple views, as different views may show
different aspects. The crucial issue is that the provided information should be spatially
linked to facilitate easy interpretation. This point is particularly important in our context.
When using multiple visual representations to illustrate complex spatial data, it is crucial
to ensure that users consistently perceive and understand the spatial relationships and
features of the data.

When transitioning a data visualization across various spaces, a central design principle
is to ensure that users understand this transformation and can seamlessly continue their
tasks, without losing focus. For this purpose, Schwajda et al. [238] developed and evaluated
different variants of transformation to seamlessly transition graph visualizations from 2D to
3D representations and from a 2D surface to 3D AR space, facilitating the development
of a mental model in both environments. Fröhler et al.’s survey [227] introduced various
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visual/view transition techniques, including portal, fade, and off-screen transition. These
techniques guide users when a visualization shifts along the reality-virtuality continuum,
such as moving from reality to AR. Lee et al. [22] presented a design space for data
visualization transformations between a 2D screen and 3D AR, along with the interactions
that facilitate this transformation. Their focus primarily lies on abstract data, such as
transforming between 2D and 3D scatterplots, histograms, and parallel coordinate plot
extrusions. To the best of our knowledge, there has been limited research addressing
visual transitions for spatial data visualization. In our work we thus target smooth visual
transitions of spatial data visualizations between 2D and 3D spaces, with an emphasis
on preserving the intrinsic 3D structures and spatial distribution to maintain continuous
situational awareness in CR environments.

6.2.3 Spatial/touch Interaction in Cross-reality

Drawing from the CR environments we discussed, typical input techniques include touch
input, mid-air gestures, pen input, tangible and haptic interactions, as well as input through
mobile devices or HMD controllers. This input predominantly occurs “inside” the stereo-
scopic view of 3D data presented in the air, on the 2D visualization displayed on a 2D
interface, or directly with the mobile devices. Jackson et al. [239], e. g., proposed a prop-
based tangible interface to control visualizations of thin 3D fiber structures. Fröhlich
et al. [240] created a cubic tangible input device to precisely manipulate the slice with data
visualization on a stereoscopic display. In the realm of model design or 3D content creation,
multiple interactions facilitate the checking a 3D design, while creating and revising on
2D surfaces. DesignAR [46], e. g., allowed users to create and refine 3D models on a
2D surface with touch and pen input, while manipulating the virtual model with mid-air
gestures in 3D. Similarly, Mockup [241] used sketching tools to construct models on a
tabletop, extruding the sketches from the 2D surface to 3D space using mid-air gestures.
Hybridaxes [232] demonstrated how to transition 2D or 3D data from a display to AR,
allowing users to switch interfaces using free-hand interaction or controllers. Wu et al.
[242] proposed interactions that harnesses physical affordances to assist digital interaction
in AR with hand gestures.

Interestingly, regardless of where these interactions occur, people typically have a
solid mental concept of how interactions should be performed on a selected interface. On
mobile/touch interfaces, e. g., users usually use two touches for scaling, and one touch for
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Figure 6.2: SpatialTouch’s placement within the reality-virtuality continuum.

either x- and y-translation or trackball rotation [29]. Inspired by touch-based interaction,
users tend to use two pinch gestures in the air to zoom content in or out [243]. As users
perform a pinch gesture, their fingers naturally come into physical contact, creating explicit
haptic feedback to reinforce the virtual action [242]. Thus, Lubos et al. [101] allow users to
touch a 3D point cloud in mid-air and transform it with pinch gestures.

To maximize the benefits of CR environments, interactions can be performed on familiar
interfaces or interfaces best suited for the task. The Interactive slice WIM [2], for instance,
projected a data overview on the table and allows users to interact with the 3D data through
familiar touch interaction. Similarly, López et al. [244] allowed viewers to use touch-based
interactions to navigate and control the visualization on a monoscopic tablet, while observing
data on a large stereoscopic display. In these cases, however, it is crucial to define how 2D
interactions can be effectively mapped to the 3D visualization tasks.

In conclusion, we saw that most studies typically regard the CR environment as compris-
ing distinct environments, each with its inherent and tailored interaction paradigm. It is thus
interesting to investigate seamless interactions across different levels of virtuality—which is
what we do. If users perceive the entire CR as an integrated environment, there is likely a
substantial potential for interactions across the diverse interfaces to facilitate continuous
actions, in a way that eases also the mental connection between the different output spaces.

6.3 SpatialTouch: A Cross-reality Rnvironment

Before we detail our experiments, we first introduce our CR environment SpatialTouch
(for its placement in the reality-virtuality continuum see Fig. 6.2) with its camera settings,
input techniques, interaction devices, and general implementation. As we do so, we
discuss the key considerations drove the design. Our focus lies solely on creating an
integrated visualization environment for displaying spatial data, without yet considering
specific interaction designs.

SpatialTouch comprises two dedicated display areas: a monoscopic 2D interactive
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Figure 6.3: The configurations of the AR camera and the Surface camera c are depicted,
illustrating how the virtual content below the Surface (marked by a blue dotted line) is
projected onto the Surface (a red solid line). The HoloLens view shows what users perceive
in SpatialTouch.

surface (Microsoft Surface Studio) and a stereoscopic 3D space (Microsoft HoloLens). We
designed it to accommodate 3D spatial data and its associated information. As an integrated
(hybrid) visualization space, the data can be positioned and manipulated anywhere within
the CR environment—above, on, or below the surface, or spanning across it. To emphasize
3D structures with different data features, we want the visual representations that we use to
show it to be able to take various forms, including 2D or 3D representations, various scales
and forms of visual abstraction [245, 246], or combined forms such as the ball-and-stick
representation in molecular visualization [210]. These requirements of having multiple
forms of representation—later to be adjusted to the specific depiction location—set our
approach apart from others as most existing CR applications fully transition data from one
visual format to its 3D counterpart when moving it across different spaces (e. g., converting
a 2D node-link diagram into a 3D visualization [238]). In addition, we not only focus on how
data or views should be presented, arranged, and transformed in CR but we also provide a
perspective view of the spatial data within the whole environment to ensure that viewers
correctly perceive the 3D structures and their spatial distribution, to be able to maintain a
continuous situational awareness while transitioning the data between both display spaces.

Camera Settings. In our design, regardless of the viewing angle, the data rendered on
the surface and through the Hololens seamlessly combines into a cohesive 3D representa-
tion. To achieve this effect, we developed a rendering algorithm that aligns the visualization
content displayed on the 2D surface with the AR visualization. We set two virtual cameras
in our system, (1) an AR HMD camera rendering the 3D view and (2) a surface camera c for
rendering 2D view (Fig. 6.3). For the AR HMD camera, we employ a perspective projection,
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a standard method used in AR/VR applications. For the Surface camera c, inspired by the
Fishtank VR concept [247], we first align c to the HMD’s position and then adopt an oblique
perspective projection. This way we dynamically calculate c’s parameters—position r(c),
orientation, and projection matrix m(c)—in each frame based on the AR HMD camera’s
position r(h) and screen surface sc’s center position r(sc). The whole configuration process
of c’s parameters involves the following five steps in each frame:

1. We translate c to the HMD’s position, in which r(c)=r(h).
2. We adjust the forward direction of the c (negative z-axis) to s perpendicularly, in which

the z-axis of c aligns with the z-axis of sc.
3. We modify the x-axis of c to align with the x-axis of sc, maintaining consistency in

horizontal orientation between c and sc.
4. We compute the surface’s center position r(sc), the bottom-left corner r(bl), and the

top-right corner r(tr) in local coordinates w.r.t. r(c).
5. The screen surface sc serves as the near projection plane of c. The distance of c’s far

projection plane is denoted by f . Then, we subsequently derive the projection matrix
m(c) as:

m(c) =
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(6.1)

We share an open-source simulator of the camera setup in our supplemental material.

Touch/Pen/Mid-air Interactions. Microsoft’s API Surface Studio captures multi-touch
input, while we can obtain mid-air input from the AR HMD. For precise interaction needs
such as selection and annotation, however, we want to augment touch and mid-air input
from the Surface Pen—both on the surface and in mid-air. While the Surface Pen input
can easily be captured on the Surface, it is normally not detected when used in the air. To
overcome this limitation, we attached an Arduino board to the pen, allowing us to detect
events when users press the physical button on the pen without it resting on the surface.

Devices and Implementations. A 28-inch Microsoft Surface Studio (637 mm ×
438 mm; 4,500 × 3,000 px) serves as the 2D surface of our SpatialTouch CR setup, which
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captures both pen and multi-touch input. It can be adjusted smoothly from a vertical position
to a nearly horizontal orientation, the latter resulting in a slight inclination of ≈20° from
the horizontal. As AR HMD we used Microsoft’s HoloLens 2 (2,048 × 1,080 px per eye,
52° FoV), equipped with spatial tracking and gesture recognition. We connected both to
a PC (Intel Core™ i9, 3.5 GHz, 64 GB RAM, GeForce RTX3090, 24 GB video memory),
the AR HMD via holographic remoting. We attached a physical button to the Surface pen,
along with the Arduino nano board on the back so that users could initiate actions both in
3D space and on the 2D surface. When the Arduino detects a button press, we compute
the pen position based on the user’s index finger position—tracked by the HoloLens using
computer vision—, to which we add a constant offset to arrive at the pen tip. The resulting
pen precision was sufficient for our prototype implementation. For more precise input,
however, we could explore advanced technologies such as Logitech’s VR Ink Pilot Edition.

We developed our prototype implementations with C# in the Unity 3D engine and ran
on both the Surface and the HoloLens. We realized the communication between both
display spaces through Universal Windows Platform sockets. After starting the program on
the Hololens, we calibrate the setup by aligning the two coordinate systems via QR code
tracking and manually manipulating the anchor point, as in past work [46]. After calibration,
we employ HTC Vive trackers to follow the position and orientation of the Surface Studio.

6.4 Elicitation Study

To explore potential interaction designs for SpatialTouch, we conducted an elicitation
study to gauge users’ reactions to this new environment. Similar to Wang et al. [248],
our study encouraged participants to propose any interactions they could imagine. We
captured their responses and interactions, subsequently incorporating this feedback into
our final interaction techniques design. We pre-registered our study (osf.io/avxr9) and
received IRB approval for the protocol (XJTLU University Research Ethics Review Panel,
№ 20240201174957).

6.4.1 Study Setup

Based on SpatialTouch that we just introduced in Sec. 6.3, we had the following goals: (G1)
to determine whether an optimal position (or range) exists for the 2D surface to facilitate
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Figure 6.4: Elicitation study datasets: (a) Protein data (data from [249]) , (b) MRI multi-slice
anatomical data, (c) filament.

the observation of 3D data and to enhance user interaction; (G2) to understand how
users perceive information within a CR environment; and (G3) to observe the participants’
interactions and strategies while they complete exploration tasks with 3D spatial data, as
well as to identify the physical locations of where the interactions occur.

Participants. We recruited eight voluntary participants from the local university, with
ages ranging from 24 to 41 years old (mean 26.5, SD 5.5). The participants’ past VR/AR
experience included weekly use (3×), annual use (3×), and no past experience (2×). On
average, they had 5.3 years of experience in the visualization or human-computer interaction
fields. One participant was left-handed. All participants had normal or corrected-to-normal
vision with no color deficiency, ensuring a clear ability to perceive the data visualization
and colors in our study.

Datasets. To represent a variety of application domains, we used five datasets with a
diverse set of data features, including:

Structured surface data: The molecular structure data (Fig. 6.4(a)) is a spike protein from
the SARS-CoV-2 virus [249], reconstructed from the electron microscopy images. It is
rendered as a ribbon diagram, which includes lines, sheets, and helix structures.

Volume visualization data: The MRI volume data (Fig. 6.4(b)) comprises multiple slices
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and facilitates interactive cutting plane exploration to focus on specific regions of the
anatomical structures.

Unstructured point cloud data: We used three point cloud datasets: (1) a synthetic semi-
spherical shell of particles (Fig. 6.4(c)) that partially encompasses a half-ball of interfering
particles; (2) a cosmological N-body simulation [107] (Fig. 6.4(d)) with densely populated
central cluster encircled by numerous smaller clusters; and (3) Millennium-II data subset
[108] (Fig. 6.4(e)), a complex network of filaments connecting high-density clusters.

Task and Procedure. After providing their written informed consent, we asked partici-
pants to comfortably sit on a chair ≈ 0.5 m above the floor. We placed the surface screen on
the table, ≈ 0.75 m from the floor, with an initial angle of ≈ 20° to the horizontal. Participants
could adjust the chair height if desired. We then asked them to complete the three tasks
described below. Importantly, for both manipulation and selection tasks, we did not show
any feedback to the participants on their proposed interactions. We only provided them
with a data context with highlighted (exploration or selection) targets and asked them to
imagine how actions should be performed according to the given tasks.

Task 1. We instructed the participants to adjust the screen angle to achieve a suitable
position for an optimal observation of the 3D structures. In addition, we reminded them of
the importance of considering interaction on both the 2D Surface and in 3D space for a
comprehensive understanding. We also informed the participants that they could re-adjust
the screen angle whenever needed, throughout the study.

Task 2. We asked the participants to manipulate the five spatial datasets. In all
manipulation tasks, we provided them with a target object and a target position. Specifically,
we asked them to: (1) translate data displayed below and above the surface within each
display space; (2) translate data displayed below and above the surface to the other display
space; (3) translate data displayed partially in both spaces to a target position above or
below the surface; and (4) rotate and scale data located in 3D space, within a 2D surface,
or partially in both spaces.

Task 3. We asked the participants to select a given highlighted target object or high-
lighted regions of interest.

We recorded the screen angle chosen by participants, their actions (incl. head/hand
position, orientation), and device input events for our analysis (which we make available at
osf.io/avxr9). After completing the three tasks, we conducted semi-structured interviews
with them to discuss their thoughts and suggestions on the interaction.
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6.4.2 Findings

Our participants demonstrated that the integrated 3D data visualization in our environment
allowed them to gain a comprehensive understanding of the 3D content. They mainly
concentrated on the 3D visualization in the AR space and attempted to view it from various
angles. Their decision on where to interact with the data was influenced by the location of key
information such as target data or target location. Their preference for direct manipulation
methods remained consistent, however, such as touching the data on the surface or brushing
it in the air. Below we present our findings on surface angle, visualization techniques, and
interaction techniques tailored to our CR environment.

Surface Angle

From the initial ≈20° incline w.r.t. the horizontal table, some participants made slight
adjustments at the beginning of the study, with angles ranging from 18.2° to 22.6° (mean
21.0°). After the initial setup, however, they did not make any further adjustments, despite
being informed that they could do so. During interviews, they said the initial setting provided
adequate space for observing stereoscopic 3D data through the AR HMD, while offering a
convenient position and orientation for interacting with data presented on the surface.

We also found that, when comparing our setup with a past stereoscopic multi-touch
system [250, 223], a notable difference in display orientation: Butkiewicz et al.’s screen
was nearly perpendicular to the table. This difference initially seems strange because
Butkiewicz et al. [250, 223] had also relied on innovative interaction techniques using two-
finger pinch gestures on the touch screen for tasks such as positioning the cursor under the
display for 3D exploration and selection. The only difference appears to be that they had
employed an auto-stereoscopic touch display, while we used an AR HMD. A main reason
for the difference then appears to be the additional 3D space visible through the AR HMD,
decoupled from the touchscreen, which substantially reduced people’s reliance on the 2D
surface. In the recorded data, in tasks where the visualization spanned both two spaces
we saw that ≥67.5% of the time was spent on observing 3D data in AR space. Users
apparently preferred the stereoscopic AR space and only referred to the 2D surface when
needed. Our environment also encouraged users to actively move around to find a good
view, rather than adjusting the surface angle. All these factors diminished the importance
and constraints of the surface angle. Moreover, the ≈20° angle is also appropriate for
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Figure 6.5: Design space for interaction techniques for two visualization tasks: data
manipulation and selection. Red: interactions on 2D surface; Blue: interactions in 3D
space. Below, Across, and Above: positions of target data/location. (a), (d), (f): move
data above the surface for interaction. (b) (c) and (e): interaction transitions across spaces.

design work [46] as it provides stability and physical support from the base, enabling users
to interact confidently and securely.

Visualization in CR

In addition to the Fish Tank VR view [247] on the 2D surface, we also asked participants to
compare it with a static orthogonal view and a 2D slice view as alternatives. All participants
expressed a strong preference for the perspective Fish Tank VR view, highlighting its
effectiveness in creating a seamless 3D experience. Several participants recognized the
significance and necessity of 2D slice view on the surface, particularly for tasks such as
adjusting 2D image slices or marking MRI volume data. Furthermore, they also noted that
the see-through AR HMD allowed them to look through the stereoscopic rendering directly to
the 2D surface visualization. The resulting experience thus combined a comprehensive 3D
data understanding with the ability to observe projected information, and the environment
is flexible in how and where the information should be presented.
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User Interaction in CR

Interactions in 2D or 3D display spaces. When observing our participants engaging
in either of the two individual methods of displaying and manipulating spatial 3D data—
projected on the 2D surface or stereoscopically in 3D space—we noticed that they have a
well-established mental concept of how an interaction should be performed. As we show in
Fig. 6.5 (Manipulation, Below), when participants manipulated data presented below the
surface, they used one finger to pan the visualization and two fingers to rotate and scale
it on the surface. Conversely, when they saw data rendered in the AR HMD above the
surface (Fig. 6.5, Manipulation, Above), they used one or two hands to grab and manipulate
the data directly. Similarly, for the selection tasks, when the data was presented below
the surface (Fig. 6.5, Selection, Below), participants preferred to brush or circle data on
the surface. When the data was entirely above the screen (Fig. 6.5, Selection, Above),
however, brushing and circling interactions were performed in 3D space.

Interestingly, some participants also used the benefits of the environment to aid their
understanding of the data structure or to make more precise inputs. When both the target
data and target location were below the surface, for instance, some participants would grab it
out and put it back underneath to position the target. They explained in the interview that this
extra action would provide them with more precise control over the depth in the positioning.
Another example is that, to make precise selections, some participants would pull the
data entirely out of the surface so that they can see the whole dataset stereoscopically or,
alternatively, push it entirely below the surface for precise selection input. We highlighted
these interactions in Fig. 6.5 (a) and Fig. 6.5 (d,f).

Interactions across Two Display Spaces. Two types of tasks required interaction
across both spaces: if the data was visualized across both spaces or needed to be translated
from one to the other. We show actions in Across in Fig. 6.5 (Manipulation, Selection).

In the rotation and scaling tasks with a visualization spanning both spaces, participants
performed actions on either the surface, in 3D space, or using both spaces for different
tasks. They mainly made this decision based on where they perceived the key information.
In addition, 4 participants favored using both spaces, most of them with a notable strategy:
they (3×) used one finger to designate a rotation/scaling center on the surface, while
using their other hand to execute the rotation or scaling actions around the selected center
(Fig. 6.5(b)). In the interviews, these participants mentioned for them that this approach
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was a more precise and secure method of manipulation.

In the selection tasks in which we placed the data across both spaces, we also observed
intriguing patterns. Most participants (6×) approached our environment as an integrated
system and used consistent selection strategies across both spaces. For example, partici-
pants followed the 3D structure and brushed along the data in 3D space, then continued
brushing the rest along the structure projected on the 2D surface (Fig. 6.5 (e, left)). Or they
drew a large lasso across both spaces to enclose the data (Fig. 6.5 (e, middle)). These
selection strategies remained consistent even when they physically reached the surface
and noticed that they could no longer follow the spatial structure in the depth direction.

The most interesting finding is that participants maintained their mental model when
interacting with data across both display spaces. Some employed a mixed approach,
brushing data in 3D space and circling data on the 2D surface, or vice versa (Fig. 6.5 (e,
right)), which indicates that they maintained spatial awareness and seamlessly transitioned
between different interaction techniques in the hybrid environment.

In tasks requiring transition across both spaces, we observed two distinct transition
methods (Fig. 6.5 (c)). First, when the data was situated below the surface and needed to
be moved out, some participants initially employed 2D pinch gestures to pull it out. Once
their two fingers naturally came into physical contact, they seamlessly transitioned to 3D
pinch gestures to continue the action. They used the same method to put the data back
in its original position. Second, some participants pointed at the data on the 2D surface,
assuming that it would automatically approach their finger position. They then continued
the manipulation using 3D pinch gestures to pull it out. In the AR space, all participants
uniformly used 3D pinch gestures, which facilitated positioning of the data—whether in 2D
or 3D space—in a rapid manner.

Interactions on Visual Representations. Participants employed a consistent approach
in manipulating all three datasets. They exhibited, however, varied approaches for selecting
data with different representations in our environment. For the structured surface data,
participants selected it by adhering to its 3D structure, such as wrapping a protein helix with
a helical stroke. Conversely, for the unstructured point cloud data, they attempted to enclose
it with a freeform lasso, such as drawing a lasso around the astronomical point cloud data.
We observed that participants relied on their established mental models to determine how
the data should be selected, based on their perception and understanding of the specific
data structures. Therefore, most participants did not alter their selection strategies when
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interacting across both spaces—even though their interactions were physically limited to
reach the visualization below the surface: they believed that through continuous input they
could successfully select data within the CR environment.

6.5 SpatialTouch for Domain-specific Use

Based on these findings, we then focused on developing SpatialTouch sample applications
tailored to three distinct domains: astronomical point cloud analysis, molecular visualization,
and medical anatomy imaging—each with its unique challenges for interactive visualization.
Based on the optimal angle for the 2D surface identified in the elicitation study (G1), we set
the angle of the surface at a 21° incline w.r.t. the horizontal table. We use the Fishtank VR
view on the Surface camera and a perspective projection in AR HMD camera to ensure a
seamless visualization (G2). In the following description we highlight, in particular, specific
realizations within SpatialTouch for the given type of data or domain.

6.5.1 Astronomical Point Cloud Visualization

Astronomical simulation datasets typically comprise billions of spatial points [107, 108].
Researchers often need to navigate in 3D to obtain a clear view of the structures to select and
explore the regions of interest. The task of data selection becomes paramount in this context,
serving as a critical step in data visualization and exploration [47, 27]. While much research
has been dedicated to developing selection techniques for 2D surfaces [58, 59, 251, 57, 88]
and in 3D space [77, 103, 96, 252, 253], these methods are predominantly designed for a
single display. In 3D space, although users can clearly see the spatial data distribution,
limitations persist in their ability to precisely delineate selection regions. Conversely, the
2D surface facilitates accurate input for target inclusion but struggles with depth prediction,
posing a challenge for selecting specific data regions. SpatialTouch bridges this gap by
supporting data observation in AR, affording users a comprehensive understanding of
data density distribution and context, while also facilitating precise data selection on a 2D
surface. As an integrated environment—users are empowered with the flexibility to decide
both where the selection occurs (whether on the 2D surface, within 3D space, or spanning
both) and how selections are made (via a freeform lasso or a brush).

Based on the interaction techniques detected from the elicitation study (G3, Fig. 6.5), we

141



developed two new spatial selection techniques to facilitate a seamless transition from 3D
selection to 2D selection, and vice versa. These techniques are based on the context- and
target-aware selection metaphors CloudLasso [58], WYSIWYP [87], and MeTABrush [77].
These methods analyze the density distribution and data features within the local area of
user interaction so that users can identify and select critical features of interest, without
the need for precise input. Our first new technique, BrushWYP, draws inspiration from
the user interactions illustrated in Fig. 6.5 (e, left), MetaBrush [77], and WYSIWYP [87]. It
enables users to trace the string-like shape of 3D point cloud data by brushing over these
structures in the 3D space and continuing to brush the rest along the structure on the 2D
surface. We designed our second new technique, BrushLasso, based on Fig. 6.5 (e, right),
MetaBrush [77], and CloudLasso [58]. This method allows users to begin their selection by
brushing over the data in the 3D space and draw a lasso on the 2D surface to enclose the
targeted points. Beyond the ability to transition between two spaces, both techniques are
flexible in that they also allow users to brush the target points on the 2D surface and in 3D
space, or encircle the target points on the 2D surface. Moreover, similar to our previous
works [58, 59, 77], subtraction can be achieved using region-based techniques. A potential
action to activate subtraction could be, for instance, to turn the Surface pen over and to rub
the end of the pen over the selected data.

Technically similar to MeTACAST [77], we leveraged a continuous density field ρ(r)

to represent the particle density at location r. We pre-compute the density of the field at
all nodes i of the regular 128×128×128 3D grid box B that covers the dataset, denoted
as ρ(r(i)), offline on GPU. We use the modified Breiman kernel density estimation with a
finite-support adaptive Epanechnikov kernel [114]. This approach allows us to apply our
selection not only to point clouds but also to volumetric data, which samples a scalar field
that represents important data aspects in a visually salient way (not limited to density).

BrushWYP. We employ MeTABrush to allow users to select structures in 3D space by
direct tracing along 3D structures. When the input transitions from the 3D space to 2D
surface, however, the direct brushing on the target location is constrained. We address this
issue with a modified WYSIWYP method, enabling users to select points below the surface
by identifying the correct depth of the point of interest (POI).

Our algorithm initiates by sampling points along the input stroke on the surface, de-
noted as r(s) = {r(s0), r(s1), ...r(sn)}, as well as above the surface, represented by r(a) =

{r(a0), r(a1), ...r(am)}. For each sampled point r(si) in r(s), we project a ray from r(si) toward
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(a) (b)

Figure 6.6: Point cloud data selections: (a) BrushWYP, (b) BrushLasso.

the direction of r(si) − r(h), where r(h) denotes the position of the AR HMD (Fig. 6.6(a)).
Then we traverse along each emitted ray in fixed steps and search for the POI r(pi) that
exhibits the maximum density along the ray. This approach is different from the original
WYSIWYP [87], which identifies the highest jump of accumulated scalar value along the
ray. After traversing r(s), we get a list of POIs, r(p) = {r(p0), r(p1), ...r(pn)}. Subsequently,
we obtain the input array of MeTABrush as r(i) = {r(p), r(a)} and select the target points
with the MeTABrush method.

BrushLasso. We integrate MeTABrush and CloudLasso to provide users with the
ability to brush target points in mid-air and encircle points on the surface through a single,
seamless input. The original CloudLasso selects point cloud clusters of high density that fall
within the input lasso. Directly merging both methods, however, could lead to disconnected
selection volumes—one above the surface and several isolated ones below the surface—
which might not align with the user’s intention of making a continuous selection from the
3D space to the 2D surface. To solve this issue, we implemented a modified CloudLasso
method that ensures that the selection volume is smooth and continuous.

This algorithm initiates by sampling points along the input stroke on the surface. For
each sampled point r(a) above the surface, we calculate an initial volume of interest (VOI)
Vinit with MeTABrush algorithm [77]. We then remove the parts below the screen and keep
only the VOI above the surface Va = Vinit ∩ V3D, where V3D is the space above the surface.
We then connect the sampled points on the surface, r(s), to form a lasso, L (Fig. 6.6(b)).
We then map the particle coordinates to the view coordinates of the surface camera, c,
using the model-view transformation. Similar to CloudLasso [58], we then compute the
lasso frustum F based on the first-level binding stage. We can then obtain the VOI below
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the surface Vb = F ∩ V2D, where V2D is the space below the surface. Finally, we combine
both VOIs to get the interconnected VOI, VCR = Vb ∪ Va. We compute the initial density
threshold ρ0 as:

ρ0 =
1

NVCR

NVCR∑
n=1

ρ(r(n)), (6.2)

where NVCR
is the number of grid-nodes, r(n), inside of the combined VOI, VCR. We select

the volume V with density ρ above ρ0 within VCR:

V = {r | r ∈ B, r ∈ VCR, ρ(r) > ρ0}, (6.3)

We generate the iso-surface with Marching Cubes based on the density threshold ρ0. Both
resulting selection techniques facilitate a seamless and natural transition between 2D and
3D selections.

6.5.2 Molecular Visualization

Molecular visualization is a field rich with diverse data representations, each designed to
highlight various aspects of molecular structures and interactions. These include space-
filling diagrams, ball-and-stick models, ribbon models, licorice visualization, backbone,
and surface visualizations, etc. Given the complexity of molecular interactions, it is com-
mon to use these representations as a combination to provide a comprehensive view of
the molecules. For biologists and chemists, gaining a deep understanding of how drug
molecules interact within larger molecular structures is essential. They require insights
into the precise location and distribution of these molecules to assess their interaction
and affinity. Traditionally, they need to select specific features or regions of interest from
biological sequences and link these on a 3D visualization rendered on a 2D display. The
task of selecting spatial features and observing the dynamic behavior of molecules through
2D display, however, presents significant challenges. Even within a pure 3D environment,
maintaining spatial awareness can be a struggle for users, given the inherent complexity of
the involved datasets.

With SpatialTouch we address this need by merging the distinct display spaces to
facilitate a concurrent visualization of different representations and abstractions. As we
illustrate in Fig. 6.7, e. g., we can show the hyperball representation [255] stereoscopically in
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(a) (b)

Figure 6.7: Proteins visualized with UnityMol [254]. PDB ID: (a) 4fpq, (b) 8rfe. Users can
“grab” the 3D visualization directly to check the local regions.

AR space for a detailed view of the molecule, while a ribbon model is rendered on the surface
for context. Alternatively, we can put a ribbon diagram in AR space, complemented by a
licorice diagram on the surface. SpatialTouch allows users to combine these representations
based on their preferences and exploration needs. In addition, we enable them to adjust
visual representations in the specific regions as needed, both in AR space and on the
surface (Fig. 6.7(a)). Users can also directly grab the visualization to check details of local
regions, as we show in Fig. 6.7(b).

We enable users to interact with data rendered below the surface using familiar touch
interactions or above the surface through gesture interactions, as illustrated in Fig. 6.5
(manipulation, Below and Above). In addition, inspired by the findings in the elicitation study
as illustrated in Fig. 6.5(c), we developed two seamless interaction transition techniques to
enable users to move data across two spaces. The first method supports users to employ
a familiar 2D pinch gesture on the touch surface to “pull” the data to the surface level
(akin to Hancock et al. [256]), then continue with a 3D pinch gesture to “grab” it further
into the air above the surface, as illustrated in Fig. 6.5(c, left) and Fig. 6.7(b). Conversely,
performing this gesture in reverse enables users to seamlessly return the data to below
the surface. This approach supports users to directly interact with and manipulate regions
of interest, whether transferring them from the 3D space directly onto the 2D surface for
extended analysis or relocating them to any other area within the CR environment for closer
inspection. It is worth noting, however, that 2D pinch gestures are typically associated
with zooming interactions. The second method thus allows users to press the screen to
“push” data further into the depth of the surface or to “pull” it to the outside. The 3D pinch
interaction in AR HMD remains, as we illustrate in Fig. 6.5(c, right). While both methods

145

https://doi.org/10.2210/pdb4FPQ/pdb
https://doi.org/10.2210/pdb8RFE/pdb


provide seamless translations across two spaces, we also implemented scaling and rotation:
users can point at a particular feature on the 2D surface and use 3D pinch gestures to
rotate or scale the data around that chosen point, as illustrated in Fig. 6.5(b).

6.5.3 Medical Anatomical Visualization

Medical imaging plays a central role in many healthcare practices for diagnosis, treatment
planning, and patient care. In particular, 3D anatomical visualization has been used
for treatment planning for various medical procedures in radiology [257] as well as for
teaching [13]. It often relies on volume rendering to show internal structures in detail.
While 2D slices are commonly used and are particularly effective for many diagnostic
purposes, 3D visualizations are often necessary for addressing complex cases such as
those involving intricate fractures. Physicians also frequently interact with both 2D slices and
3D visualizations for a range of tasks, including assessing injuries and devising treatment
plans [258]. When planning surgical interventions for complicated orthopaedic injuries, for
example, the integration of 2D and 3D visualizations allows surgeons to accurately visualize
and navigate the affected areas [259]. This combined approach significantly enhances the
precision of both planning and executing surgical procedures.

Prior work has explored the use of 2D displays [260] and 3D environments [261] for
exploring 3D medical visualizations within clinical research tasks. Particularly relevant is
Slice WIM [2], which uses a stereoscopic display and a multi-touch table to present both an
overview and detailed views of 3D medical data, and projects 2D slices onto a wall or table
display. For SpatialTouch, in contrast, we use an integrated environment that allows users
to view 2D slices directly on the surface, while also observing stereoscopic renderings
superimposed on these slices. Furthermore, users can use an interactive Surface pen
for precise annotation and distance measurements. Moreover, with our method selected
2D slices can be saved and set aside on the surface, facilitating quick observation and
navigating to specific local structures (Fig. 6.8(b)).

With this example we want to highlight that domain experts often need to engage in
precise interactions, based on their observations of 3D structures—our environment being
able to fulfill these requirements. Physicians can make annotations and measure distances
directly on the 2D touch surface, while simultaneously viewing the 3D representation in
AR space. To provide a clear view of the 2D slices and facilitate accurate interactions
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Figure 6.8: (a) Annotation on 2D surface while grabbing 3D data; (b) 3D visualization
superimposed on 2D slices to facilitate distance measurement.

on the surface, we implement a “lifting” feature. It is activated with a 3D pinch gesture,
which temporarily elevates the 3D volume visualization away from the 2D slice on the touch
surface. This separation facilitates unobstructed annotation or marking. Once these tasks
are complete, releasing the pinch gesture returns the 3D volume visualization to its original
position on the screen, seamlessly integrating the new annotations with the remaining data.

In addition, with SpatialTouch interaction can happen anywhere within CR, including
making annotations directly on the 2D slice (on the surface), marking features on the
3D visualization (above the surface), and selecting features that appear in depth but are
rendered below the surface. We realized the latter interaction based on the WYSIWYP
principle [87]. To identify the depth of a ROI, our method detects a significant change in
the accumulated scalar value along the ray. This ray originates from the contact point
on the surface, denoted as r(s), and projects it in the direction of r(s) − r(h), as shown in
Fig. 6.8(a). Our integrated environment thus offers users a seamless and precise interaction
with medical 3D data for a detailed immersive examination.

6.5.4 Illustrations of the Application Cases

This section presents visual illustrations of the three application cases, demonstrating how
SpatialTouch adapts to different domains.
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Figure 6.9: Protein data visualization [249] with the ribbon (shown in AR) and the licorice
(shown on the surface) visual representations.

Molecular Visualization

As shown in Fig. 6.9, we merge two distinct display spaces (AR HMD and Surface) to facili-
tate a concurrent visualization of different representations and abstractions. We developed
a seamless interaction transition technique to enable users to move data across two spaces.
It supports users to employ a familiar 2D pinch gesture on the touch surface to “pull” the
visualization below the surface to the surface level and continue to use pinch gesture in 3D
space to manipulate the visualization (shown in Fig. 6.10).

Medical Anatomical Visualization

SpatialTouch allows users to view 2D slices directly on the surface, while also observing
stereoscopic renderings superimposed to the slice (Fig. 6.11(a)). Users can pinch up the
3D volume visualization away from the 2D slice on the touch surface (Fig. 6.11(b)). In
this way, users can obtain a clear view of the 2D slices and perform accurate interaction
on the surface, such as precise annotation (Fig. 6.12(a)) and distance measurements
(Fig. 6.12(b)). SpatialTouch supports marking features on 2D slice directly (on the surface).
This method is useful when features appear in depth but are rendered on the surface.
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Figure 6.10: The interaction transition technique to move the data visualization from 2D to
3D spaces. (a) start pinching on the surface to “pull” the visualization from 2D to 3D. (b)
during the pinching, the visualization “moves towards 3D space” with the distance between
the thumb and index finger decreasing. (c) The two fingers merge and the visualization is
pulled up to near the surface. (d) Continue to move the visualization by pinching in the air.

(a) (b)

Figure 6.11: SpatialTouch allows (a) visualizing 3D anatomic data on the surface and AR
device with different transfer function settings and (b) picking up the stereo rendering with
the pinch gesture.

Astronomical Point Cloud Visualization

As shown in Fig. 6.13, users can view 3D point cloud visualizations in AR space to gain a
comprehensive understanding of data density distribution and context, while performing
precise data analysis, such as selection or annotation, on a 2D surface. We developed
two seamless spatial selection techniques for point cloud visualization. With BrushWYP
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Figure 6.12: Lifting the data and (a) annotating the features in depth, (b) measuring the
width of the lung with a pen on a 2D surface.

Figure 6.13: Cosmological N-body simulation visualization [107] across 2D (dark blue) and
3D environments (light blue).

(Fig. 6.14), users can brush over the string-like shape of 3D point cloud data in the 3D space
and continue to brush the rest along the structure on the 2D surface. With BrushLasso
(Fig. 6.15), users can brush target points in mid-air and encircle points on the surface
through a single, seamless input. In addition, users are able to brush target points only in
mid-air with MeTABrush [77] (Fig. 6.16), or draw a lasso around them on the surface with
CloudLasso [58] (Fig. 6.17).
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(a) (b)

Figure 6.14: BrushWYP: (a) direct brushing on the target points across two spaces, and (b)
the selection result.

(a) (b)

Figure 6.15: BrushLasso: (a) brushing the target points in mid-air and drawing a lasso on
the surface, (b) the selection results.

(a) (b)

Figure 6.16: MeTACAST: (a) brushing the target points directly in mid-air, (b) the selection
results.

6.6 Evaluation

We ran two evaluations with domain experts, both pre-registered (osf.io/avxr9) and
IRB-approved (XJTLU University Research Ethics Review Panel, № 20240201174957).
First, we evaluated SpatialTouch’s usability with domain experts, focusing on its use in the
domain. Second, we assessed the interaction with VR/AR/MR experts.
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Figure 6.17: CloudLasso: (a) drawing a lasso around the target points on the surface, (b)
the selection results.

6.6.1 Evaluation with Domain Experts

We presented SpatialTouch to four domain experts: two biologists and one astronomer
from the local university, and one doctor from a local hospital. All experts had ≥10 years of
professional experience.

With the biologists, our demonstration focused on the SARS-CoV-2 virus spike pro-
tein [249] (Fig. 6.1(b)). The domain experts appreciated that the 2D and 3D perspective
views offer a thorough understanding of the molecular data. They were highly interested in
transitioning the visualization between 2D and 3D spaces, finding it intuitive to grab the
visualization out from the 2D screen to check its 3D structure. They mentioned several sce-
narios where SpatialTouch could significantly benefit their research. First, the stereoscopic
rendering in 3D space enhances molecular structure comprehension. It enables them
to estimate distances between structures and gain a better understanding of molecular
interactions and alignments. Second, 3D space provides a flexible interaction platform with
more degrees of freedom. One expert noted that “this environment would be particularly
useful for data analysis. I can analyze two molecular datasets on the surface and grab
them to the 3D space to test various angles for fitting them together and observing their
interaction. Afterward, I can return them back to the surface for further analysis.” Third, the
integration of 2D surface and 3D space combines their unique strengths, enhancing usability.
Linking 2D representations on the surface with 3D visualizations in AR space, for instance,
facilitates simultaneous editing of legends and observation of molecular interactions. Users
can create and compare multiple copies within the environment. Moreover, the experts
discussed how SpatialTouch could change their approach to data selection. Currently,
they select data based on amino acid sequences. This process is cumbersome when the
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target region is spread over multiple sequence segments. To optimize the ligand affinity, for
instance, they need to check the surrounding amino acids and select the pieces one by one
from the sequence. Thus, they look forward to intelligent spatial selection techniques that
facilitate efficient selections across 2D and 3D representations to streamline this process.

The astronomer specializes in computational astrophysics, planetary system dynam-
ics, few-body systems, and star cluster dynamics. After seeing the N-body simulation
visualizations (Fig. 6.1(a)) in SpatialTouch, the expert mentioned that 3D stereoscopic
rendering enhances the understanding of data structures, providing an intuitive grasp of
spatial relationships and dynamic processes within the data. Its capability is particularly
beneficial for exploring simulations of physical phenomena and identifying specific data
patterns. Conversely, the 2D surface can be used for coding to perform complex data
analysis tasks. The combination of both visual interfaces can allow users to leverage their
existing data analysis practices, while motivating them to test their hypotheses and observe
3D simulations more easily. The expert did not show a strong preference for whether the
selection interaction should occur on the 2D surface or in 3D space. Instead, they highly
valued the flexibility to select based on where the data feature is perceived.

The doctor’s research focuses on orthopaedics. After observing and manipulating the
anatomical data visualization (Fig. 6.1(c)), he expressed strong interest in SpatialTouch
and believed that it would play a significant role in surgical planning, where multi-views of
3D structures, 2D measurements, and precise interaction are required. The smooth and
flexible transition between 2D and 3D allows doctors to view medical structures and the
surgical plan from different perspectives. In addition, he mentioned that it is often difficult to
control the depth at which a needle or a screw is inserted, which can harm neighboring
tissues or organs. With SpatialTouch, they can view specific treatment locations on the 2D
interface and test, compute, and plan where and how needles or screws should be inserted
in 3D space.

6.6.2 Evaluation with MR Experts

We then invited three MR experts with each over three years of experience and daily
technology use. After obtaining their informed consent, we introduced them to SpatialTouch,
in two sessions. First, we focused on the manipulation tasks, including translation, rotation,
and scaling. After a brief tutorial, we asked them to use our techniques to manipulate the
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molecular visualization from Sec. 6.5.2, comprising a combination of ribbon and licorice
diagrams (Fig. 6.1(b)). We particularly evaluated four interaction transitions—two for
translation (Fig. 6.5(c)) and rotation and scaling (Fig. 6.5(b))—and gathered their feedback
in interviews. Our second session focused on our two selection techniques, BrushWYP
and BrushLasso (Sec. 6.5.1). Following these two sessions, we asked them to fill in a
questionnaire to assess and compare accuracy, efficacy, and user experience of both
selection and manipulation techniques using 7-point Likert scales. In addition, throughout
the study we encouraged them to share any feedback they may have.

The experts showed high engagement with our environment and its interactivity. They
actively compared the visual effects and differences between the two visual representations
across both spaces. All three experts expressed that they enjoyed the feeling of interacting
with data seamlessly throughout the environment, appreciating the intuitive nature of the
interactions without experiencing any confusion about how interactions should be performed.
The experts particularly focused on the approaches for transferring data between the two
displays. In their comparison of the two translation techniques, they mentioned that both
methods provided a natural and fluid movement of data across spaces. They felt, however,
the 2D pinch + 3D pinch gesture to be more precise than the 2D pointing + 3D pinch one.
One reason was that the 2D pinch gave them precise control of data depth—allowing them
to directly correlate the distance between their fingers with depth adjustment of the data
below the surface. Depth control with a single finger-pointing gesture, in contrast, was
challenging as it depended on visual feedback from below the 2D surface. An interesting
observation was that all three experts did not realize that the familiar 2D pinch gesture had
been repurposed from scaling to facilitate translation from Below to Above the surface.
They seamlessly adapted to using an integrated 2D pinch + 3D pinch gesture to “grab”
data across spaces. Moreover, while finding all interaction designs intuitive and easy to
remember, the experts suggested that additional icons would be helpful visual cues for
interaction, especially for transitions between the two distinct spaces. All experts also
appreciated the design of both selection methods. Two of them favored BrushWYP for
its uniform brushing approach from start to finish, aligning with their expectation of how
data selection should work—even when transitioning across two distinct spaces. The other
expert felt that either method could be effective. In comparing the accuracy of both, all
experts felt that both methods can support them in selecting the intended target data above
and below the surface. Interestingly, we did not observe that using a lasso on the 2D screen
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would enhance their perception of accuracy. This may be because their main challenge
was not to achieve precise 2D input but rather the inability to track the data visualization
below the surface, unlike in AR space. We solved this issue, however, with our target- and
context-aware selection technique.

6.7 SpatialTouch and CR Visualization and Interaction

Based on the design considerations of SpatialTouch and other CR solutions, and their
potential use in domain research, we can now revisit the initial questions we posed: (1)
how to represent data to ensure users understand what they see and (2) how to design
interaction techniques that allow users to seamlessly continue their tasks without the need to
deliberate on how interactions translate between different display spaces. We experimented
with a variety of data representation strategies to elucidate data attributes (e. g., ball-stick,
surface, stripes). We also investigated different visualization placements, Above or Below
the surface, employing various levels of detail and abstraction. We also explored the use
of perspective views, orthographic views, or exclusively 2D cutting planes for presenting
data content on 2D surfaces. One crucial lesson emerged from this work: it is not viable
to impose strict limits on which visual representations should be displayed in each space.
Instead, we need to treat CR environments as integrated systems, in which users can decide
where data is displayed and how to interact with it. The focus of our design considerations
thus shifted toward managing transitions effectively, breaking down into two essential
facets: visualization transformation and interaction transition.

Visualization transformation involves the seamless migration of data representations
between two distinct spaces, such as from a 2D display to 3D space. This process
demands thoughtful design to ensure that the essence and clarity of the data are preserved
during the transition to not break a user’s mental model. Lee et al. [22] have thoroughly
explored visualization transformation approaches that can be optimally designed to support
visualization tasks. The transition of 3D spatial data from 2D to 3D is inherently facilitated
by the data’s existing 3D structure if perspective views are employed. The merging of 2D
visualizations on flat surfaces with 3D visualizations in spatial environments to represent
data features coherently, however, presents a considerable challenge: visual complexity.
This complexity arises as users are presented with a blend of visual representations—2D
or 3D, with varied visual elements—tailored to highlight distinct data features. For instance,
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when data moves from a 2D display to 3D space and the visual representations shift from
surfaces and lines to stripes and curves, there is a concern about whether users can maintain
their situational awareness. This challenge of visual complexity is not unique but is inherent
across many environment designs within CR settings, especially when incorporating both
situated and embedded visualizations to enhance user understanding of data features. After
discussions with domain experts, we identified that a promising approach is to enable users
to adjust visual representations locally—irrespective of being in 2D, 3D, or intermediate
space—based on their specific needs. The shallow-depth area across two spaces, in
particular, may be an appropriate place for this kind of adjustment. With SpatialTouch,
users can effortlessly switch between different representations to dynamically examine data
features. This flexibility in adapting visual representations aligns with Schwajada et al.’s
[238] findings, who highlight the benefits of user-controlled transformation in enhancing
task performance efficiency by catering to the users’ requirements.

Interaction transition. To the best of our knowledge, there has not been a thorough
exploration of interaction transition within CR environments. We thus introduce the notion
of interaction transition as the process in which interactions extend across various levels of
virtuality within a CR environment, ensuring all actions maintain coherence, thus creating a
continuous and seamless interactive experience. Several factors influence this process,
including the tactile feedback upon touching a physical surface, constraints in interacting
with both depth and 2D surfaces, established mental models guiding 2D and 3D interactions,
and how visual perception of data features impacts interaction.

Central to our understanding is the goal to preserve a user’s spatial awareness to
facilitate natural interaction within CR. This goal is twofold: first, we need to ensure that
users maintain spatial awareness of their surrounding space (whether 2D or 3D), allowing
them to seamlessly continue tasks without needing to reconsider interaction modalities for
different display spaces. When using BrushLasso (Fig. 6.6(b)) in CR, e. g., users intuitively
brush data in 3D and then draw a circle to enclose target points on the 2D surface. Second, it
is crucial that users maintain spatial awareness of their data (structure, orientation, position).
This awareness guides them in understanding where and how to perform specific actions.
Users can trace, for instance, the 3D structure of data with BrushWYP (Fig. 6.6(a)) and
seamlessly continue their interaction by following the structure onto the 2D surface.

To support such seamless transitions, our techniques need to be context- and target-
aware. While a user’s intention may be clear in one space, it may become ambiguous when
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transitioning to another. Considering the previous example, if a user is unable to trace a 3D
point cloud on the 2D surface any technique needs to predict their selection intentions. This
leads to another critical awareness we need to maintain: situational awareness—users
should be able to predict the results of their actions in CR. Fig. 6.7(b) demonstrates this
case—users use two pinch gestures to “grab” data from and to the surface. Their fingers
naturally come into physical contact, promoting a continuous 3D pinch gesture to “grab”
data into the 3D space. During this process, users have expected that the subsequent
action would extract the data further. Another interaction technique, “lifting” (Fig. 6.8(a)),
allows users to temporarily elevate the 3D volume for annotating a 2D slice, expecting that
releasing the pinch gesture returns the data to its original position on the surface once
the annotation is complete. These interaction designs preserve spatial and situational
awareness, thereby ensuring a deep engagement in task completion in the CR environment.
Thus, they were highly favored by AR/VR experts in our evaluation.

Limitations. Similar to all visualization environments, SpatialTouch has its intrinsic
limitations. SpatialTouch has limitations in hosting spatial visualizations. First, the stereo-
scopic rendering and the 2D monoscopic rendering may interfere with each other, potentially
affecting the users’ understanding of the spatial data. In our case, we use the HoloLens
optical see-through HMD (OST)—when the 2D screen is too bright, it can interfere with
the comprehension of the 3D rendering. Similarly, if a video see-through HMD (VST) is
used, the stereoscopic rendering may occlude the 2D monoscopic rendering. In addition,
the different visualization luminance between 2D displays and AR HMDs may also lead
to a sense of disconnection. Therefore, blending the two renderings to obtain a coherent
visualization is a meaningful research question for future development. Various factors
should be considered to ensure an optimal color blending method, such as the specific AR
device property (OST or VST), brightness, and other rendering-related settings. Second, 2D
rendering is limited by the size of the screen, whereas AR theoretically provides unlimited
space for 3D rendering. As a result, parts of the data visualization in the environment may
not appear complete. While domain experts tend to focus on the local region of the data
during exploration, we did not encounter any issues in the interviews. However, future
researchers may need to take this into consideration when large-size visualizations are
used in cross-reality interfaces that include fixed-size screens. Finally, collaborative data
exploration is currently limited due to the design of FishTank VR monoscopic rendering on
the 2D surface. Although users from different viewing angles can have their own view of
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the data in AR space, they share the same view rendered on the 2D surface. So only one
user is able to see a cohesive 3D representation. A potential solution for the future would
be to render several views on the screen at high frequency and use a technique similar to
“shutter glasses,” allowing each user to see their 2D rendering on the shared 2D surface.

SpatialTouch also has limitations caused by specific hardware settings (Surface Studio
and Hololens HMD). First, SpatialTouch requires high precision in the registration between
the 2D surface and the 3D space to ensure accurate alignment between the two views.
In our prototype, the HoloLens and Surface Studio run the program separately as two
clients, with visualization and interaction states synchronized via the server. Similar to
past work [46], after starting the application on Hololens, we need to manually align the
two coordinate systems. Thus, although the view synchronization algorithm presented in
Sec. 6.3 works accurately, as shown in the supplemental demo, it was time-consuming
and difficult to achieve a high level of precision in the coordinate system registration.
For future development, we recommend the researchers leverage automatic registration
techniques with high precision or develop targeted CR display ecology with a unique
coordinate system. Second, the limited FOV and the restricted gesture recognition area
of the HoloLens significantly hinder the user’s immersive experience. The narrow FOV
confines the visualization to a small window in the user’s vision, which breaks the sense
of immersion as users are constantly reminded of the boundaries of the display. The
constrained gesture recognition area means that users need to perform interactions within
a small space in front of the body. It increases the cognitive load of users as they need
to be conscious of keeping their hands within the detectable zone. We recommend that
researchers leverage HMDs or glasses with large FOVs and extensive gesture recognition
areas. For the FOV, current mainstream video see-through HMDs, such as the Oculus
Quest 3, can sample the real world and map the results onto display devices with a large
FOV. However, the video quality of VST HMDs is not yet sufficient for users to clearly observe
the data visualizations on 2D surfaces in the real world. We believe that in the future, the
image quality of VST HMDs will continue to improve, and issues such as video stream
latency and image distortion will be resolved. For gesture recognition, external sensors
such as Leap Motion can be introduced to facilitate gesture recognition and tracking.
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6.8 Conclusion

Cross-reality is thus more than simply merging various levels of virtuality, where data is
either positioned at a single space or moved to another place. Instead, it stands as an
innovative and integrated environment for data presentation and exploration. Holding this
vision, data can appear in any form and at any corner of the environment, tailored to the
specific needs of each domain. Through the interviews with domain experts, we learned
that transitioning their data between 2D and 3D spaces significantly motivates them to
view and analyze their data from previously unexplored angles. In this light, we shared
design insights we gained through experimenting with various configurations for the CR
environment, resulting in our recommendations to respect the users’ mental models of the
spaces in which they interact as well as of their data. Moreover, whether for understanding
data or completing tasks, it is crucial to allow users to control data transformations, such as
transforming data across spaces or changing representations. Yet, the most critical aspect
to consider is why CR is the appropriate choice for the task and data. This rationale shapes
all other design aspects: the choices of environment, visualization, and interaction designs.

Supplemental material pointers

We share our additional material at osf.io/avxr9. We also make our SpatialTouch simula-
tor available at github.com/LixiangZhao98/Cross-Reality-Environment-SpatialTouch
and the point cloud visualization and density estimation available at github.com/

LixiangZhao98/PointCloud-Visualization-Tool.
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APPENDIX 7
Discussion and Conclusion

Through the explorations presented in this thesis, we investigated visualization, interaction,
and computational strategies across multiple immersive environments. Specifically, we
examined how to design precise interaction techniques despite imprecise input (Chapter 3),
how to achieve responsive performance when handling large-scale spatial data (Chapter 4),
how to create layouts and transitions that support multiscale navigation (Chapter 5), and
how cross-reality approaches can present 2D and 3D representations simultaneously
while enabling seamless transitions between them (Chapter 6). Taken together, these
explorations position us to address the research questions outlined at the beginning of this
thesis. Building on these answers, we broaden the discussion to consider what the results
reveal more generally about immersive visualization—highlighting key takeaways, design
recommendations, and potential avenues for future research.

7.1 Research Questions

RQ1. How can immersive environments support precise, fine-grained spatial data
exploration despite the inherent imprecision of 6DOF input modalities?

RQ1 addresses a fundamental tension in immersive visualization: although 6DOF input
enables natural, flexible, and expressive mid-air interaction, it is intrinsically imprecise due
to depth-judgment limitations, hand instability, and the absence of physical constraints.
This raises a core question: How can immersive environments meaningfully support tasks
that require fine-grained spatial accuracy?
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We examined this question in two projects across distinct data domains. Chapter 3
explored point-cloud selection in cosmological simulations—an unstructured, large-scale
dataset with no clear boundaries and complex multiscale features. Chapter 6 investigated
precise annotation of medical volumetric data, where placing anatomical landmarks requires
accurate localization within dense 3D structures. In both scenarios, users possess clear
analytic intent (which region to select, which point to annotate), yet they cannot physically
express this intent precisely using standard 6DOF controllers or touch inputs. Interestingly,
users often do not perceive this imprecision themselves—immersive interaction feels natural,
creating the illusion that approximate pointing is sufficient.

Across both studies, we find that immersive environments can support precise scientific
operations, but only when interaction techniques explicitly account for both user input
behaviour—lasso paths, gesture shapes, pointing trajectories; and data characteristics—
density distributions, feature coherence, structural continuity, or boundary cues. User
input provides approximate evidence of intent, while data context constrains the space
of plausible interpretations by indicating which structures exist and how they are spatially
organized. By combining these two sources of information, the system can infer a more
complete model of user intention and generate precise results even when the raw physical
input is imprecise.

Collectively, these studies demonstrate that precise, fine-grained scientific exploration
is achievable in immersive environments. Precision does not come from the input device
itself, but from the design of the interaction techniques that interpret, constrain, and refine
that input. Effective methods introduce mechanisms such as:

1. inferring user intent from coarse input,
2. refining, constraining, or snapping interactions to meaningful data structures, and
3. supporting iterative refinement or threshold adjustment to confirm results.

RQ2. How can immersive environments maintain responsiveness when exploring
computationally demanding spatial datasets?

Spatial datasets in scientific domains, such as cosmological simulations, medical vol-
umes, and molecular structures, require continuous computation during exploration-filtering,
density estimation, feature extraction, and view-dependent updates. In immersive envi-
ronments, this demand becomes even more critical: users naturally walk around, change
viewpoints, and interact fluidly with the data, which forces the system to update computa-
tions in real time. If these operations cannot be performed at interactive frame rates, latency
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disrupts visual comfort and breaks users’ sense of presence. RQ2 therefore asks whether—
and how—immersive systems can remain responsive when handling large, high-resolution,
and computationally intensive spatial datasets.

We explored this question in Chapter 4 through the development of a fast GPU-based
kernel density estimation framework designed for multiscale, billion-element point-cloud
datasets. Traditional density-based methods struggle in immersive settings because they
rely on precomputed density fields for fixed scales, making them imprecise when users zoom.
In contrast, we use an adaptive, on-the-fly KDE estimator that dynamically recomputes
the density field covering only users’ current focus region with high resolution, leveraging
GPU parallelism strategy. This adjustment of computation enables the system to maintain
real-time responsiveness even as users navigate freely through massive datasets.

Taken together, these findings show that immersive environments can remain responsive
even when operating on computationally demanding spatial datasets—but only when
computation is restructured around incremental updates, multiscale efficiency, and GPU-
accelerated pipelines rather than naı̈ve full-field recomputation. Responsiveness depends
not merely on raw processing speed, but on designing data structures and algorithms that
minimize redundant work, decouple computation from viewpoint changes, and support
progressive or partial updates. Effective strategies include:

1. precomputing scale-relevant information that can be reused across multiple levels of
detail;

2. encoding multiscale structure so that fine-grained detail is accessed or computed
only when required; and

3. leveraging massively parallel GPU processing to amortize expensive operations and
sustain real-time interaction.

RQ3. How can immersive environments support effective navigation across multiple
spatial scales in spatial datasets?

Along with the previous question, spatial datasets often exhibit rich multiscale structure:
meaningful features appear at widely different spatial resolutions, and analysts frequently
need to move fluidly between global context and fine-grained detail to form a coherent
understanding. While immersive environments allow users to walk, lean, and reposition
themselves naturally around the data, such embodied interaction does not solve the percep-
tual and cognitive challenges of navigating across vastly different spatial scales. As users
transition across scales, they may lose awareness of how their current view relates to the
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larger structure, making it difficult to maintain orientation or understand where local features
lie within the global context. This challenge becomes even more pronounced in large-scale
or collaborative exploration scenarios, where users must repeatedly re-locate themselves—
and sometimes their collaborators—across multiple levels of scale. RQ3, therefore, asks
how immersive systems can support seamless, interpretable, and orientation-preserving
navigation across spatial scales.

We explored this question through a series of projects on multiscale cosmological
point-cloud exploration, where features such as halos, subhalos, and filaments emerge
only at different density scales. First, Chapter 4 introduces a scale-free KDE framework
that supports real-time density computation, adaptive refinement, and progressive updates.
This enables smooth, continuous transitions across scales while preserving structural
continuity during navigation. Chapter 5 tackles multiscale navigation through spatial framing
and hierarchical representation. Linked World-in-Miniature views let users inspect fine-
scale features locally while maintaining a persistent global frame of reference. Chapter 5
addresses cross-scale navigation using an Overview and Detail metaphor, enabling users
to manipulate detailed views while grounding their actions within a shared global overview.

Together, these studies demonstrate that immersive environments can support effec-
tive multiscale navigation, provided that visualization and interaction techniques explicitly
preserve context and orientation across scales. Effective approaches incorporate:

1. Continuous scale transitions that reveal fine detail without breaking the user’s under-
standing of the larger structure;

2. Context-preserving layouts that maintain global reference frames and prevent spatial
disorientation; and

3. Interaction techniques that allow users to fluidly move between scales without losing
their mental model or sense of place.

RQ4. How can immersive environments support the effective presentation and
integration of spatial datasets that rely on multiple 2D and 3D visual representations?

If the previous three research questions examine whether immersive environments can
overcome key challenges—precision of interaction (RQ1), computational responsiveness
(RQ2), and multiscale navigation (RQ3)—then RQ4 moves one step further. It asks not only
whether immersive environments can handle these challenges, but whether they can provide
unique advantages for scientific analysis. A central motivation for this question comes
from a defining property shared across many scientific domains: meaningful insight often
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requires switching between, or jointly interpreting, heterogeneous visual representations.
Traditional desktop systems approximate this need through multiple coordinated views, but
these are spatially constrained, visually fragmented, and cognitively demanding. Immersive
environments, by contrast, offer multiple levels of immersion and spatial presentation that
may fundamentally reshape how heterogeneous representations are integrated.

We explored this question in Chapter 6 through a cross-reality environment that unifies
a monoscopic 2D touchscreen with a stereoscopic 3D AR workspace. This system is
used to explore three spatial datasets—molecular structures, cosmological point clouds,
and anatomical CT data—each of which naturally requires both 2D and 3D visualization.
Molecular data benefit from 3D spatial understanding of folds and interactions while relying
on 2D diagrams for functional or sequence-based abstractions. Cosmological point clouds
require 3D perception of spatial distribution yet depend on 2D projections or slices for
precise quantitative inspection. Anatomical CT volumes integrate 3D context with 2D
slice-based measurement for clinical interpretation. Across all three domains, analysts
must fluidly switch between these modalities or use them in conjunction to construct
a coherent understanding. Through our domain expert interviews, we found that the
cross-reality environment can support this multi-representation reasoning effectively when
2D and 3D views are spatially co-located, embodied, and cognitively aligned. Users
consistently benefited from being able to arrange, align, and cross-reference heterogeneous
representations within a shared immersive workspace. Experts reported that this integrated
setup allowed them to maintain global spatial understanding in 3D while performing precise,
detail-oriented operations in 2D. Importantly, users preferred workflows where 2D and 3D
representations complemented, rather than replaced, one another.

These findings indicate that immersive environments have strong potential as a powerful
medium for scientific analysis—especially for tasks that require integrated 2D/3D perspec-
tives. However, this potential can be realized only if visualization and interaction designs
preserve mental continuity and cognitive coherence across representations. Several prin-
ciples emerge: immersive systems can effectively support multi-representation scientific
reasoning when they

1. preserve stable and meaningful spatial relationships between 2D and 3D views;
2. enable embodied comparison by arranging representations around the user;
3. support seamless transitions that avoid disrupting users’ mental models; and
4. provide fluid interactions that operate consistently across the entire CR environment.
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Taken all four research questions together, our findings indicate that immersive en-
vironments can not only accommodate the core challenges—precision, responsiveness,
multiscale navigation, and multi-representation integration—but can also introduce new
opportunities for richer, more integrated scientific reasoning. These insights allow us to
answer our central question:

How should immersive environments be designed to support spatial data exploration
effectively and efficiently?

Our work demonstrates that immersive environments can effectively support scientific
spatial data exploration when visualization, interaction, and computational strategies are
carefully designed to leverage their unique affordances while mitigating inherent limitations.

7.2 Key Takeaways and the Path Forward

Drawing this thread forward, we now summarize the key takeaways that emerge from our
work and outline directions for future research in immersive and CR visualization systems.
To contextualize these discussions, we refer to Fig. 7.1, which illustrates a range of existing
CR designs representing the broader solution space.

7.2.1 Motivation: Why Combine Multiple Spaces?

When designing a CR environment for spatial data, the foundational question is why multiple
spaces should be combined at all. The motivation shapes every subsequent decision—
representation, interaction, spatial alignment, and collaboration models.

Augmenting Representations for Understanding. Immersive and CR environments
allow designers to combine heterogeneous representations to reveal complementary facets
of the data. The CR designs illustrated in Fig. 7.1 all demonstrate this capability. Different
types of information—additional data dimensions, contextual cues, or regions of interest—
often require distinct visual forms and levels of abstraction, and CR environments should
be designed to accommodate these needs. Examples include AR paired with a traditional
PC-based analysis interface for 3D data [262] (Fig. 7.1(a)), overview and detail techniques
for navigating volumetric data [2] (Fig. 7.1(d)), embedded AR visualizations for multivariate
analysis [233] (Fig. 7.1(f)), and our SpatialTouch system (Chapter 6), which integrates 3D
spatial visualization with multiple 2D slice-based representations (Fig. 6.8(b)).
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Figure 7.1: Existing CR environments for visualization: (a) monitor + AR, (b) tablet + AR,
(c) tablet + Stereoscopic display, (d) tablet + stereoscopic display, (e) tablet + AR, (f) large
display + AR, (g) tablet + AR, (h) tablet + AR, SpatialTouch.

Design Takeaway: Identify focal regions, place each representation in the space
where it supports reasoning best, and structure surrounding views to preserve
continuity across representations.

Providing Interaction Spaces that Support Precision. CR environments introduce
physically grounded interaction spaces that can substantially improve precision. As users
better perceive spatial relationships and identify regions of interest, their actions become
more deliberate and targeted. For example, users can accurately place a slice view inside
a medical volume on a touch table while simultaneously maintaining awareness of the
global anatomy (Fig. 7.1(d)). In Chapter 6 (SpatialTouch), users first reason about the 3D
structure of a point cloud in AR, then perform precise lasso operations on the stable 2D
surface beneath it (Fig. 7.1(h)). By separating where coarse spatial reasoning occurs (in
3D space) from where fine-grained, stability-dependent operations occur (on 2D surfaces),
CR environments help mitigate the inherent imprecision of mid-air input. A natural design
strategy is therefore to assign rough exploration and spatial understanding to 3D space, while
offloading precise, detail-oriented actions to grounded 2D interaction surfaces. However, in
practice, users often interact wherever they find something interesting—whether in 2D or
3D—so designers must assume that both spaces may be used for both types of actions.
This highlights the need to create interaction techniques that behave coherently across
spaces and preserve users’ mental models regardless of where the interaction is initiated.

Design Takeaway: Assign coarse, spatial reasoning to 3D space and reserve fine-
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grained, stability-dependent actions for grounded 2D surfaces; CR environments
should guide—but not restrict—users toward the interaction space best suited for
their task.

Supporting Collaboration. A significant advantage of CR environments is their ability to
balance shared and personal spaces for collaborative scientific analysis. For instance, users
in a shared AR environment can manipulate the same 3D visualization while maintaining
personal tablet views for private exploration [35] (Fig. 7.1(b)). Other systems offer shared
large-display content augmented with private AR overlays [31, 233] (Fig. 7.1(f, g)). Some
integrate personal tablets directly into AR space with precise spatial registration (Fig. 7.1(e)).

Design Takeaway: Balance shared global views with personal analysis spaces,
enabling collaborators to fluidly transition between collective sense-making and
individual deep exploration.

Leveraging Multiple Levels of Abstraction. CR environments naturally support the
coordination of multiple levels of abstraction. Chapter 6 (SpatialTouch) demonstrates the
value of integrating multiple abstraction layers—raw spatial data, intermediate abstractions
such as slices or projections, and higher-level derived representations—across both the 2D
surface and the surrounding AR space. CR designs such as those in Fig. 7.1(e, h) show
how tightly coupling these abstraction layers enables users to relate structural, functional,
and contextual aspects of the data more effectively. By placing abstractions in close spatial
relation to the 3D content, users can fluidly shift between global understanding, focused
inspection, and interpretive analysis.

Design Takeaway: Design abstraction layers as an integrated ecosystem—spatially
linked, visually coherent, and cognitively continuous—so users can seamlessly
move between raw data, intermediate views, and high-level interpretations.

7.2.2 Environment & Dataset Considerations: Where and What to Visualize?

Effective immersive visualization requires aligning the environmental configuration with the
characteristics of the dataset being explored. A typical CR system combines monoscopic
displays (e. g., tablets, touch surfaces, desktops) with stereoscopic AR/VR views (Fig. 7.1).
These spaces serve complementary roles: 2D displays provide stability and precision, while
3D environments reveal spatial structure and support embodied reasoning. For certain
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analytical workflows, CR environments may also be constructed entirely from VR and AR
spaces, offering flexible combinations of immersion levels tailored to specific tasks.

Designing Coherent Connections Between Spaces. A central challenge lies in creating
meaningful, coherent connections between these heterogeneous spaces. Existing systems
(Fig. 7.1(a–d)) often rely on coordinated visual cues (e. g., color, highlighting), linked views,
or animated transitions to help users relate information across displays. More recent
designs (Fig. 7.1(e–h)) emphasize precise spatial alignment between AR and display
content, bringing representations into a shared physical frame of reference. For instance,
Reipschläger and Dachselt [46] previously defined three levels of spatial proximity: AR
content positioned in front of or behind the display, AR content arranged close to or at
the edge of the display, and AR content rendered with no spatial relation to the display.
Analyzing these setups, Fig. 7.1(f, g) use the display as a frame of reference for AR content
placement. Designs in Fig. 7.1(e, h)—including SpatialTouch—leverage the spatial nature of
3D data that is rendered in AR space and position the 2D display inside the AR visualization.
This approach is particularly effective for demonstrating the relationship between contents
in two different spaces, as demonstrated in spatial selection tasks [35] and the visualization
of medical volumes using cutting planes in SpatialTouch.

Design Takeaway: Use spatial alignment to unify 2D and 3D representations whenever
possible; alignment reduces cognitive load and strengthens users’ mental models
across spaces.

Transition Areas: Designing the “In-Between” Space. The most challenging—yet
most promising—region in any CR environment is the transition area between two distinct
spaces, such as the boundary between the AR volume and the touch screen (as seen in
Fig. 7.1) or the boundary between AR and VR spaces. These regions are where shifts
naturally occur: shifts in abstraction (from raw 3D structure to sliced or projected views),
shifts in representation (from 3D stereoscopic depth to 2D precision), and shifts in
interaction modality (from mid-air gestures to grounded touch input). Because so many
changes converge here, transition areas can easily confuse or disorient users if not carefully
designed. Yet, when used effectively, they can guide users smoothly between tasks, help
them shift analytical focus, and maintain continuity across heterogeneous representations.
The design goal is not to force users into one mode or the other, but to provide gentle
orientation cues and consistent spatial relationships that help them understand how one
interaction space leads into the next.
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Design Takeaway: Treat the transition area as an intentional design space: use
alignment, visual continuity, and interaction cues to guide users smoothly between
2D and 3D representations, preserving orientation and analytical flow.

7.3 Summary

Visualization helps the domain experts to more effectively understand the data. By sup-
porting iterative cycles of data representation, interactive exploration, and decision-making,
visualization enables users to gradually develop insights into their data. In recent years, im-
mersive visualization—delivered through VR, AR, and MR environments and technologies—
has become a major focus within the visualization research community due to its potential
for 3D spatial data analysis. Immersive environments provide stereoscopic rendering,
enabling users to examine 3D structures from arbitrary viewpoints, walk around and in-
spect them up close to understand spatial data features. Immersive environments also
support embodied interaction, allowing users to directly interact with the data visualization
through natural actions using 6DOF hand-held input devices or mid-air gestures. Despite
these advantages, their actual benefits and limitations in spatial data exploration remain
insufficiently examined.

In this thesis, we focused on answering a central question: How should immersive
environments be designed to support spatial data exploration effectively and efficiently?
We focus on the visualization of three types of spatial datasets—cosmological simulations
of galaxy dynamics, volumetric medical imaging data (CT/MRI), and biological molecular
structures—chosen for their complexity, large scale, and multi-scale characteristics, which
we described in Chapter 2. These properties pose fundamental challenges for immersive
environments, affecting users’ ability to understand and explore data visualizations across
scales, increasing the demand for precise interaction techniques, and highlighting the
importance of high-performance computing techniques.

For the first part, we focus on the precise interaction technique. Despite the intuitiveness
of 6DOF input, the inherent imprecision of the input due to the lack of physical support
prompted us to investigate whether immersive environments can truly support precise,
fine-grained interactions for spatial data exploration. We focused on selection tasks on the
cosmological simulation dataset, as the task demands a precise specification of regions
of interest of the complex target structures. In Chapter 3, we introduce the data selection
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technique for scalar-field-based data with 6DOF natural stroke and point input, called
MeTACAST (target- and context-aware selection technique). Selection is essential for
spatial data exploration, as it enables users to isolate regions of interest from complex 3D
datasets before further analysis and follow-up interactions. The challenge lies in interpreting
inherently imprecise mid-air input and translating users’ approximate gestures into selection
volumes that accurately reflect their intent. Our techniques support the selection of ROIs
through simple actions—such as pointing, dragging, or drawing strokes—while determining
the final selection volume by integrating these inputs with structural properties of the data,
including density information. Our selection technique exhibits strong generality. Although
its effectiveness is demonstrated on selecting high-density regions in cosmological datasets
in this work, it can be readily extended to any scalar-field–based data selection scenario,
provided that an appropriate target selection rule is defined.

For the second part, we focus on high-performance computing techniques. A key
fact is that our selection techniques (Chapter 3) rely on a precomputed underlying data
representation—the scalar field—because computing this field is computationally expensive
for a large resolution. However, as users navigate to increasingly fine-grained scales, the
precomputed field becomes insufficient to represent small-scale structures. To faithfully cap-
ture these finer details while maintaining interactivity, the scalar field must be (re)computed
at higher resolutions in real time. In Chapter 4, we introduce a GPU-accelerated method for
fast field reconstruction that recomputes the scalar field at higher sampling resolutions—at
a speed imperceptible to the user—whenever they shift their focus to finer scales, ensuring
that small-scale structural details remain accurately represented. This capability allows
users—true to the name “ScaleFree”—to freely query field values at any scale in real time,
thereby enabling further fine-grained interactions. The core value of ScaleFree lies in its fast
point-to-field computation capability, which enables real-time reconstruction of detailed field
representations for any local region during large-scale data exploration, thereby support-
ing not only selection but a broad range of field-based interaction techniques in real-time
interactive exploration.

For the third part, we focus on the multi-scale visualization and navigation techniques.
When exploring multi-scale datasets, a single view (Chapter 3 and Chapter 4) is often
insufficient to convey both local details and global structure. As a result, users struggle to
understand the hierarchical relationships across scales, become disoriented about their po-
sition within the data, and are unsure how to navigate toward relevant regions. In Chapter 5,
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we introduce two layout strategies—a WiM-based approach and an overview-and-detail
approach—that support multi-scale, collaborative exploration in immersive environments.
These layouts maintain users’ awareness of position, orientation, and scale throughout
transitions across multiple orders of magnitude. Combined with interactive tools that allow
users to perform any exploration or analysis operation, these techniques are well-suited
for collaborative data analysis, enabling not only contextual understanding but also the
execution of complex, detail-oriented tasks. L-WiM interface is highly extensible and compat-
ible with a wide range of collaborative tasks, enabling various interaction and computation
techniques to be embedded seamlessly. For example, the MeTACAST technique introduced
in Chapter 3 can be applied directly on the handheld L-WiM, allowing users to select data
within a collaborator’s world through the copied miniature model. Similarly, the progressive
navigation technique described in Chapter 4 can also be applied directly to the L-WiM to
support scale transitions and target-driven navigation. It is important to note, however, that
both selection and navigation rely fundamentally on the fast field-computation capability
introduced in Chapter 4. Whenever a collaborator changes their position, this capability
ensures that the density field enclosed by the WiM is updated rapidly and accurately, en-
abling responsive and reliable interaction across environments. Together, techniques such
as fast field estimation, target- and context-aware selection, and progressive navigation—
developed in earlier chapters—can be readily extended and applied within the L-WiM
interface, forming a cohesive and powerful tool for collaborative spatial data exploration.

For the fourth part, we investigate how 2D and 3D representations can be presented and
combined within immersive environments. In many scientific workflows, 2D representations
remain essential for data analysis, even when the data is explored in VR or AR. Although
immersive systems can host 2D visualizations, traditional 2D displays continue to be the
most familiar, native, and effective medium for presenting 2D content in everyday practice.
In Chapter 6, we design a hybrid display environment that integrates a touch-enabled 2D
display with an AR workspace. Before developing specific visualization and interaction
techniques, we conducted a preliminary study to understand what users expect from the
two environments and how they prefer to interact with spatial data in such a environment.
We found that preserving a accurate understanding of 3D structure is crucial for spatial data
visualization. That is why we developed a technique and environment that seamlessly aligns
the rendering on the 2D display with the stereoscopic rendering in 3D space. Interestingly,
in such an environment users naturally perceived the integrated system as a single unified
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environment and showed a strong willingness to interact across the two spaces seamlessly.
These observations provide valuable guidance for designing visualization and interaction
techniques for spatial data exploration in cross-reality environments.

Finally, in Chapter 7, we return to the four research questions and address each indi-
vidually, outlining the specific contributions our work makes toward resolving them. These
questions capture fundamental challenges in visualization, interaction, and computing that
arise when exploring large-scale spatial data in immersive environments. Our investiga-
tions thus establish the foundation needed to answer the central question of this thesis.
Moreover, the cross-reality techniques explored here demonstrate a concrete path toward
bridging immersion levels in spatial data exploration and reveal the significant potential
of cross-reality environments for immersive data analysis. While this work marks only
an initial step, much remains ahead. Future techniques and systems must be tailored to
the requirements of diverse tasks and data characteristics, with thoughtful integration of
visualization, interaction, and computing.
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