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Abstract

This project explores the development of an interactive 3D visualization tool
based on lunar observations and machine learning (ML) analysis, combining
data from remote sensing imaging and spectroscopy. Data visualization is an
important tool for analysis and for science communication, especially in the field
of planetary surface exploration. Building an interactive 3D map -compared to
the static maps that already exist- is a novel tool for data analysis regarding the
comparison of the spectral and mineralogical characteristics of the lunar surface.
Based on ML plots, new global maps can provide more accurate visualization
regarding mineral abundances, results that can be used to build a scientific tool
for per pixel analysis and further mineral comparison. For the Moon multiple
missions provided various datasets of spectroscopy, and they are available on-
line on NASA and ESA platforms. This study investigates the Aristarchus crater,
one of the largest craters with olivine observations. Applying principles from
human-centered design, the objective is to create a scientific tool and investigate
if interactive 3D data visualization can enhance the analysis of machine learning
results in lunar mineralogy with comparison to the 2D outputs. Early testing shows
promising results, as the 3D version revealed spatial correlations with spectral
data and improved users’ understanding of mineralogical distribution compared
to the 2D version.
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1. Introduction

1.1 Background

Data visualization plays a crucial role in modern science, both for science com-
munication and research. However, the need to visualize what we observe is not
a novel thing. Visualization has its roots in early cave drawings, since humanity
began to observe the world around us and for the need of communication. From
Leonardo da Vinci's scientific illustrations to the computer revolution, data visual-
ization has become an important tool over the years with applications in many
domains such as medicine, engineering and science (Brodbeck et al., 2009).

Today, in fields like astronomy and space exploration, where datasets are large
and expanding daily, visualization becomes the bridge between the numbers
and the human interpretation (Dykes et al., 2018). Visualization in astronomy
can be used for many purposes (Hassan and Fluke, 2011) and we can classify
the astronomical visualization in five data tasks: data wrangling, data exploration,
feature identification, object reconstruction, and outreach (Lan et al., 2021).

In planetary science, visualization is an essential tool and is commonly used for
planetary mapping. Remote sensing missions scan our solar system, collecting
data from the planets, satellites, and smaller bodies. The purpose of remote
sensing missions is to study the mineralogy, geology, and resource potential
of our terrestrial neighborhood. The Moon was one of the first bodies to be
observed and studied. Its exploration is important because it can provide useful
insights regarding the early Earth-Moon system, terrestrial planet differentiation
and evolution, the solar system impact record, and the lunar environment in
general (National Research Council, 2007).

These missions collect extensive datasets, both topographic and spectro-
scopic, allowing us to reconstruct the lunar surface with great detail. Spectro-
scopic observations of the Moon focus mostly on mineral distribution. Spec-
troscopy is very important for lunar exploration, and extensive research has been
done on it over the last few years (Wu and Hapke, 2018; Thoresen et al., 2024;
Thapa et al., 2025). All of these spectroscopic datasets are being processed
today with the help of multiple machine learning techniques, mostly to classify
mineral types and estimate the abundances of the minerals. Thus, there are a
great number of existing studies that depict 2D static maps of the Moon or regions
of the Moon, usually depicting the mineralogical abundances with false colors.

1



1.2. Research Gap 2

1.2 Research Gap

VR and AR have been used extensively by NASA and ESA, combining principles
from Human-Computer Interaction (HCI) in space exploration (Olbrich et al.,
2018) . Space agencies use emerging technologies in cases such as digital twins
and simulation, training, operations support, psychological countermeasures
in space and outreach (Sharp et al., 2025; Kuhail et al., 2025; Garcia et al.,
2020). In 2023, during a workshop organized by ESA/ESTEC (Figure 1.1),
many XR applications were presented, highlighting the importance of further

Figure 1.1: AR/VR for Space Programs workshop (2023) at ESA/ESTEC. XR projects
were presented, varying from remote operation, outreach, simulations, data visualization
and astronaut training applications

investigation of emerging technologies for the future of space exploration. In
addition, although visualization has been extensively used in astronomy and
space exploration, many previous works also highlight the fact that interactive
and comparative visualization are underdeveloped, especially in 3D and need
further research (Punzo et al., 2015; Lan et al., 2021). Particularly in planetary
mapping, the majority of existing representations are either focusing on 2D or
lack interactivity. For instance, one of the most characteristic examples is NASA's
MoonTrek. MoonTrek is an online visualization website for science communication
that allows users to navigate through our solar system and the moon, combining
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both topographic and spectroscopic datasets.

From the existing research and applications the three following problems arise:
1. Maps are mostly 2D and lack interactivity.
2. Interactive 3D Visualizations focus on topography and not spectroscopy.
3. Most of the interactive 3D visualization in planetary mapping is used for

public outreach rather than a scientific tool for.

1.3 Research Question and Goal

From the existing research, the following question arises:

�Can interactive 3D visualization enhance analysis compared to 2D maps in
spectroscopy?�

To answer this question, we will develop a 3D visualization applying Human-
Computer Interaction (HCI) principles and investigate how interactivity could help
improve our understanding of complex datasets. Through this project, not only will
topographic datasets be used, but the main focus will be on the 3D visualization
and comparison between spectroscopic observations derived from Chandrayaan-
1 Moon Mineralogy Mapper (M „ ) and JAXA's MI Kaguya (SELENE). The purpose
is to develop a high-fidelity prototype based on the above spectroscopic datasets
that serves as an interactive research tool for astronomers. The final 3D product
will be compared with a 2D version for evaluation.

The following sections introduce the project's case study and outline the
importance of mineralogy in planetary science and specifically the relationship
between minerals and elements, such as olivine and FeO. Moreover, the related
research around interactive data visualization in planetary science will be explored
as well as the use of Machine Learning for lunar exploration, in order to provide a
clear picture of the use of data visualization in the field of planetary science.

To continue, in the section "Datasets" the necessary datasets for this project
are introduced and the reasons why they were chosen, to continue with the
"Methodology" chapter, where the full processing pipeline is described in details.

After the description of the project's steps that led to the development of the
prototype version of the interactive 3D crater, the "Results" are presented. In
this chapter, the interaction is discussed first with the evaluation outcomes of the
testing to follow.

In the last chapter, the findings are described, leading to the answer of the
Research Question. Afterwards, the "Limitations and the Future Improvements"
are highlighted, where the limitations that were faced during the different stages of
the development and evaluation of this project are being discussed. Thus,future
implementations are being suggested to improve or expand the current project.
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1.4 Case Study: Aristarchus Crater

To eliminate the computational effort and to make the project less time consuming,
the idea of generating a global lunar map had been rejected. Thus, we have
chosen to focus on one region of the Moon, and, specifically, the Aristarchus
crater. Aristarchus is an impact crater, located on the near side of the Moon. It
has a diameter of approximately 40 km with a 2,7 km depth from rim to floor.
It is also one of the brightest and easily recognized spots on the lunar surface,
even with a small amateur telescope. It owns its brightness to the high aldebo
(reflectivity), and this is because, in lunar terms, Aristarchus is considered to be
a relatively young crater with age of around 180 million years (König et al., 1977;
Lucey et al., 2000; Grier et al., 2001; Zanetti et al., 2011a,b). Hence, its materials
have not been darkened yet by space weathering as has happened with older
craters (Gold, 1955; McKay et al., 1991; Hapke, 2001).

1.5 Olivine and FeO relationship

Regarding mineralogy, Aristarchus is a well-studied crater with evidence of the
presence of olivine (Lucey et al., 1986; Le Mouélic et al., 2000; Yamamoto et al.,
2010; Isaacson et al., 2011), mostly concentrated on the southeastern rim and
the exterior of the crater (Mustard et al., 2011). Not only this, but also, Yamamoto
et al. (2010) based on spectroscopic observations from Kaguya MI reported
that olivine-rich areas are found in younger craters. In addition, Liu et al. (2011)
using classification methods on multispectral data from Clementine analyzed
the mineral composition of the lunar surface. In their study, one of the minerals
examined was olivine, and specifically the correlation of FeO (ferrous oxide) and
MgO (magnesium oxide) with olivine. Compared to pyroxene and plagioclase,
olivine exhibits higher values of FeO and MgO contents. This observation helps
to distinguish olivine from pyroxene, which has lower FeO and MgO contents,
and together olivine and pyroxene also have higher concentrations of FeO and
MgO compared to plagioclase. This is explained by the fact that pyroxene and
olivine are both mafic-rich minerals. At the same time, a region with higher
FeO and Mg but lower Al (aluminum) and Ca (calcium) content is potentially
an area with olivine existence (Zongyu et al., 2012). This shows that FeO is a
bulk composition, meaning that precise mafic-rich minerals like olivine cannot
be detected by considering FeO alone. It is a combination of different minerals
that indicates this. Spectroscopically, olivine has a broad 1 µm absorption band
Figure 1.2, while pyroxene exhibits in both 1 µm and 2 µm bands. Thus, to
separate olivine from pyroxene we should look at the percentages of FeO and Mg
of the Region of Interest (ROI) along with the percentages of other minerals. This
leads to the conclusion that mineral distribution and identification are complex
processes that requires spectroscopic observations and analysis of multiple
contents, like FeO/MgO and Ca/Al.

Since the concept of this project is the visualization of the spectroscopic data,
it would be interesting to develop multiple maps for comparison, however, for
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simplicity we focus only on FeO and olivine in the prototype. Data will be further
explained later in the section �Datasets�.

Figure 1.2: The reflectance spectrum and the absorption band of olivine, as it is observed
near 1 µm. Data from USGS Digital Spectral Library (Clark et al., 1993)



2. Related Work

2.1 Human-Computer Interaction and Data Visualization in Planetary
Science

2D datasets for planetary mapping already exist in the literature. A typical example
of 2D analysis and comparison of a lunar crater based on two different instruments
and missions can be seen in Surkov et al. (2025). This study investigates ways
to improve the resolution of mineralogy maps combining the datasets from M „

(offers high spectral and low spatial resolution) and Kaguya MI (offers high spatial
but low spectral resolution). Although the scope of this study was to improve the
resolution rather than the visualization and the comparison between the datasets,
it is a clear example of the 2D maps available today that lack interactivity.

However, as discussed previously, building a 3D interactive map of the lunar
surface is not novel. Similar works already exist, such as Dong et al. (2013), but
were mostly developed for outreach while focusing on the topology of the lunar
surface excluded features like the per pixel analysis for mineralogical exploration.
Other studies refer to 3D visualization based on Digital Elevation Models (DEM)
with combination of spectroscopic observations (Barker et al., 2016; Thesniya
et al., 2020), however they lack on interactivity. Their approach is limited to
visualization rather than developing a 3D interactive map.

Furthermore, projects like DUST (Digital Lunar Exploration Sites Unreal Sim-
ulation Tool), a graphical environment for desktop application, was developed
by Bingham et al. (2023) to support the Artemis program. The project focuses
on surface level features on the contrary with similar applications and tools, like
NASA's Moon Trek, which is entirely for visualization and not a tool for analysis.
DUST is mostly developed for operational conditions, terrain and lighting, without
focusing on mineralogy and spectral data. Another interactive desktop applica-
tion is 3DView, developed by Génot et al. (2018). Although it is an interactive
3D visualization tool, it mainly focuses on 3D generated scenes for spacecraft
trajectories and plasma.

At the same time, VaMEx-VTB, a VR project for planetary exploration and
mission planning has been developed by Weller et al. (2021), however, it focused
on topography and mission logistics rather than spectroscopic observation. A
project that combines planetary exploration and spectroscopy in VR is VISor
(Gold et al., 2021), which is based on in-situ and remote sensing data. Through

6
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this emerging environment the users can walk around the 3D visualization of
the surface (lunar or Martian) and from any point/pixel they can retrieve its
reflectance spectrum. Thus, unlike other applications, it is an interactive tool
based on spectroscopy, but not on Machine Learning analysis and does not
explore nor compare extensively the mineralogical relations, an aspect that this
thesis aims to investigate.

2.2 Machine Learning in Lunar Exploration

In recent years, Machine Learning (ML) has been a powerful tool used in As-
tronomy to extract information of existing datasets. As the datasets are rapidly
growing and becoming more complex, the need for faster and more accurate
data processing and analysis is also increasing. In astronomical research, two
types of ML are mostly being used, Supervised and Unsupervised Learning. In
Supervised Learning the model is trained based on an input dataset (ground
truth), while in Unsupervised Learning the outcome is unpredicted and it is not
based on any pattern or structure(Baron, 2019; Fotopoulou, 2024).

In supervised learning one of the most used algorithms is the Support Vector
Machine (SVM) developed in 1995 by Vapnik et al. (1996) and it can be applied
for both classification and regression problems. In this current study, one of
the maps that has been used is the result of Support Vector Regression (SVR),
which is a type of SVM and can be applied in fields such as lunar exploration and
mineralogy.

In mineralogy and hyperspectral imaging, ML is used to study the lunar geology
(Kodikara and McHenry, 2020), to compare and define similarities between earth
and lunar basaltic rocks such as olivine and pyroxine (Fazel Hesar et al., 2025)
as well as to extract mineralogical maps of specific elements in order to study
the evolution of planetary surfaces like the moon (Bhatt et al., 2012, 2015; Bhatt,
M. et al., 2019). Elemental and mineralogical maps of the lunar surface, in our
case FeO abundance maps, are helping to study the evolution of the basaltic
volcanism on the Moon, using multiple spectroscopical datasets.

Apart from mineralogy and lunar geology, ML is also important for future lunar
missions, such as the Artemis program, planning to investigate the lunar surface
and topography. From that perspective, ML can support future landing sights and
classify minerals on the lunar surface using in orbit instruments (Liu et al., 2025;
Peña-Asensio et al., 2025).



3. Datasets

3.1 Topography

Because of the numerous space missions related to lunar exploration, a huge
amount of data already exists and are accessible online on NASA and ESA plat-
forms. One of these platforms is trek.nasa.gov , from which the first datasets
were downloaded for the purpose of this project.

More specifically, for visualizing the Aristarchus crater and any lunar area,
topographic data are required. Through this website, a Digital Elevation Model
(DEM) using data from Lunar Orbiter Laser Altimeter (LOLA), an instrument on-
board Lunar Reconnaissance Orbiter (LRO), can be generated. Hence, the 3D
topographic version of the Aristarchus crater was generated and downloaded as
a 3D OBJ file from this platform (Figure 3.1).

Figure 3.1: The window of the Aristarchus crater, as it was cropped from trek.nasa.gov.

8
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3.2 Spectroscopy

Despite the topographic data, spectroscopic ones were also important for the
visualization. The JAXA/SELENE/Kaguya MI mission was selected, and more
specifically a mosaic from the topographically corrected Multiband Imager re-
flectance data of the Moon (Ohtake et al., 2013). These corrected reflectance
data were processed to a global mosaic by Lemelin et al. (2016), which presents
the abundance of olivine on the lunar surface expressed as weight percent (wt%).
In the colorized mosaic (Figure 3.2), and thus in our Region of Interest (RoI),
higher abundance of olivine is presented in green color, while lower abundance
of the mineral is depicted in blue. Also, the MI instrument is a high-resolution
multiband imaging camera that consists of five sensors in visible bands (415,
750, 900, 950, and 1000 nm) and four in near-infrared bands (1000, 1050,
1250, and 1550 nm) (Figure 3.3). In our case, the chosen mosaic was resampled
to 512 ppd (which corresponds to 59 meters/ pixel) from the original resolution
of 2048 ppd (15 meters/pixel). From this mosaic, the same region as the DEM
was selected and the file was downloaded in PNG file format to be used as texture
layer for comparison.

All of the datasets from the space missions can be also found on Planetary
Data System (PDS), however in raw format and in need for pre-processing before
they can be used for visualization.

For the comparison, a second global mosaic was used. The mosaic was
based on datasets from Moon Mineralogy Mapper (M „ ), a hyperspectral imager
on Chandrayaan-1 (CH-1) spacecraft (Figure 3.4). The final map was generated
using Support Vector Regression (SVR) by Bhatt, M. et al. (2019). In order to train
and validate the SVR model for FeO abundances on the Moon, the authors used
as reference data from the Kaguya Gama-Ray Spectrometer (KGRS). The final
global SVR_FeO map (Figure 3.5) was in GeoTiFF file format with a resolution
of 20 ppd (pixel per degrees). This map was used as the second texture for
the visualization and the comparison with the olivine map. The exact stages of
processing are described in the following section.

Figure 3.2: Global map of Olivine. Data produced by JAXA/SELENE Kaguya MI (Ohtake
et al., 2013)and processed from Lemelin et al. (2016). Blue shows low concentration of
olivine and green higher.
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Figure 3.3: KAGUYA Multiband Imager (SELENE mission) illustration, credit: JAXA.

Figure 3.4: Chandrayaan-1 M3 instrument and reflectance spectra, credit: NASA / JPL /
ISRO / M3 team.

Figure 3.5: Global map of FeO, as it was generated using ML SVR by Bhatt, M. et al.
(2019). Blue color represents low FeO abundances, while yellow is used medium to
higher values.



4. Methodology

4.1 Pre-Processing

The processing can be divided in two stages: the Pre-Processing and the Main
Processing - Visualization stage. After data collection it was important to crop the
exact area of Aristarchus crater at the SVR_FeO map, matching the same Field of
View (FoV) of the Kaguya's area. In the pre-processing stage python was used
to calculate the window, crop the area and generate a similar LUT to the one as
used in Bhatt, M. et al. (2019).

First, the exact geographic bounds of the SVR_FeO map were known because
of the metadata that a GeoTiFF file format holds. Additionally, the exact coordi-
nates for the Kaguya texture and the 3D terrain were also known and provided
when downloading through NASA Trek website (-48.4150 to -46.5188 (lon),
22.7728 to 24.6625 (lat)). Knowing that, the geographic coordinates were con-
verted to pixel indices in the SVR_Feo GeotiFF using rasterio.index(). Thus, the
cropped region of the Aristarchus FeO map was cropped to match the exact same
spatial extent of the Kaguya's olivine map and the LRO DEM terrain ( 53 x 57 km).
The coverage in kilometers was important to be calculated:

� …‡:†‚‰‰� ¹� …‰:…‚†•º = ‚ :‰Š‡ƒ� for Longitude Range

ƒ…:‡‡ƒ†� ƒƒ:ˆˆƒ‰ = ‚ :‰‰Šˆ� for Latitude Range

We also know that on the Moon:

‚ � latitude � „• :„ km

‚ � longitude at � ƒ„ � N � ƒˆ :Škm ¹cos ¹latitude º � lunar radius scaling º

Thus, the coverage in approximation is:

East�West � ‚ :‰Š‡ƒ� ƒˆ :Š� †ƒ:Škm

North�South � ‚ :‰‰Šˆ� „• :„ � †ˆ :ƒkm

11
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After cropping the RoI, a colormap Look-Up Table (LUT) was applied on the
FeO texture. The Jet version was selected for the generated LUT with fixed
normalization, in order to match the global FeO w% scale in Bhatt et al. (2019).
The image was resized to 400 x 400 pixels, matching the Kaguya's resolution
and then saved as a PNG file.

4.2 3D Visualization

For the main processing and development of the interactive visualization, Godot
v4.3 was used, which is an open-source game engine, suitable for 3D and
VR development environment. For the 3D terrain representation the LRO LOLA
elevation model was used. On top of the terrain, the two textures (Kaguya's
olivine map and Bhatt's FeO map) were added. To the interface, a slider was
added to control the transparency of the overlapping texture, revealing the bottom
texture for comparison. In the main scene, apart from the 3D object, additional
aspects were also taken into account, such as the direction of light, and the
camera settings, providing a more realistic final result. Furthermore, two side bars
were also added to the interface, giving a visual explanation of the mineralogical
distribution of the textures (Figure 4.3). In Figure 4.2 a general workflow diagram
is presented and in Figure 4.1 a visualization of the used datasets.

Figure 4.1: Representation of the project's workflow.
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Figure 4.2: The 3 different inputs used for the visualization. In the middle, the cropped
version of the crater and the topographic data from LRO-LOLA, dowloaded as 3D OBJ
to serve as mesh terrain. On the left, cropped version from Kaguya MI and olivine
representation, used as the first texture on top of the mesh terrain. On the right side
cropped version of FeO, data from M „ processed by Bhatt, M. et al. (2019), and used as
the second layer-texture.

4.2.1 FeO w% Calculations

What makes this project an analysis tool for mineralogy rather than a basic 3D
visualization is the addition of per-pixel analysis across the Aristarchus region.
The idea behind this feature was to create an interactive visualization making use
of Machine Learning output. The FeO global map is the result of SVR and depicts
the abundances (w%) of iron oxide with false colors. Visually, the LUT map is
very useful for providing an overview of the mineralogical distribution. However,
the map by itself cannot provide precise information, especially for every pixel
separately. To do so, further processing was needed.

Luckily, the initial global map was in GeoTiFF file format, meaning that allows
georeferencing and retains hyperspectral information. Thus, the result for every
pixel was preserved and it was easy to be retrieved and used at the visualization.
Once again the exact same region around the Aristarchus crater was cropped
using the given coordinates and following the same technique as above with the
terrain's geographic footprint and rescaled to 400 x 400 to match the terrain's
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resolution. The cropped image was exported as an RGBA PNG file format, where
RGB = Red, Green, Blue, and Alpha = Opacity, to avoid blending or transparency
issues during import to Godot. RGBA means that every pixel has Red, Green, Blue
and Alpha channels, with integer values ranking from 0 to 255. On the other
hand, FeO values are decimals (e.g. 10.57 w%) and because RGB channels store
integers, each FeO decimal was multiplied by 100 (e.g. 10.57 x 100 = 1057).
However, the resulted integers exceeded 255, thus every integer was split into
two channels, Red and Green, with Blue = 0 and Alpha = 255 (100% opacity).
To retrieve the FeO w% value back we combine Red and Green channels and
divide the result by 100. This can be expressed by the formula:

FeOw% =
R � ƒ†‡¸ G

‚••
where R is the most significant byte.

Afterwards, this image was imported to Godot and used as a hidden data map.
To link the coordinates of the 3D mesh with the 2D image we first have to define
the coordinates (UVs) of the hit-point P. By clicking on a point at the 3D mesh we
hit a spot inside a triangle (ABC), because 3D objects are made of small triangles.
The exact UV coordinates of the triangle can be calculated as:

P = u � A ¸ v � B ¸ w � C

where u;v; and w are the weights. These are called barycentric coordinates
¹u;v;wº.

Thus, barycentric coordinates describe how close to each corner is the hit point.
To calculate the coordinates of that specific point and knowing the barycentric
coordinates of the vertices, we compute barycentric interpolation. The formula
of the UVs of the hit point P inside a triangle ABC is computed by the weighted
average of the UVs at the triangle's vertices and it can be expressed as:

UVP = u � UVA ¸ v � UVB ¸ w � UVC

Lastly, to match the UV coordinates with a pixel on the 2D hidden map we
multiply the U with the image width and the V with the image height, which in our
case is U x 400 and V x 400.
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Figure 4.3: Godot architecture pipeline. The prototype is designed for desktop and VR
environments.
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4.3 Evaluation Design

An evaluation test was designed in order to assess the project. However, before
outlining the test design it is crucial to point out the main goal of the evaluation,
present the further steps required and defined the target group of participants.

The primary objective, which was also the research question, was whether
an interactive 3D visualization can enhance analysis in spectroscopy compared
to a static 2D map. Thus, the effectiveness of the 3D visualization needs to be
examined and compared with the effectiveness of the same 2D version of the
map. For this reason, prior processing was needed. As it was already described
above, a region around the Aristarchus crater was cropped from the global FeO
map, generating a LUT to represent the w% of iron oxide. To improve this 2D
version and in order to add interactivity, the same RGBA PNG file previously used
in the FeO hidden map on the 3D was applied. This image was then aligned with
the texture and placed on top of that with an opacity set to 0, creating an invisible
FeO heatmap. Consequently, when any pixel on the image was clicked, a box
displayed the pixel's coordinates and the FeO w% for the exact same pixel. An
example of the 2D version of the visualization can be seen in the Figure 4.4.

Another important aspect to take into account was the definition of the partici-
pants. At the beginning the target group was specifically consisting of astronomers
and planetary scientists, however this was shifted to a broader audience includ-
ing people from the STEM domains. This parameter changed to simplify the
experiment and attract more participants.

After developing the interactive 2D version for the testing and defining the
target group of the participants it was time to receive consultation from the experts.
To be more exact, one expert came from the field of computer science, one from
physics, and two from astronomy. In general, their opinions and suggestions
regarding which areas to test and what is important to include in the evaluation
were valuable as they shaped the final form of the test.

The testing was divided and developed in the following three parts:

Part 1. Task Performance (Quantitative Data)
Part 2. Questionnaire (Quantitative Data)
Part 3. Open Feedback (Qualitative Data)

Part 1
Tasks in Part 1 were design based on Shneiderman's Visual Information-

Seeking Mantra (Shneiderman, 1996) and the mantra of designing the evaluation
for information visualization. Based on Shneiderman (1996) overview comes
first, then zoom and filter and lastly the details on demand. Users have first to
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overview the visualization, to get a clear and general picture of it. Then, zooming
in they focus on specific areas of interest, filtering unnecessary data. Lastly,
users had to interact with a specific element of the visualization, to evaluate the
details on demand.

Having Shneiderman's principals on mind, in the first part, three easy and short
analysis tasks were assigned to the participants. The concept of task 1 was to
give the users a short task for the 2D version, such as reporting the FeO values
of 2 different spots on the rim. The second task was the same, but this time was
on the 3D version. The idea behind that was to examine if the geological features
were easily recognizable in a spectroscopy map resulting from ML and compare
the 2D and 3D version respectively. In this way, accuracy and understanding were
tested. Task 3 was focused on the effectiveness of the transparency slider on the
interface and the comparison of the 2 overlapping maps (FeO and olivine). At this
stage, a random region was chosen for visual comparison based on the LUTs,
the sidebars and the transparency feature, in order to test data interpretation. For
all the tasks in Part 1 the time to complete the exercises was recorded (for further
task performance analysis) and the users had to answer whether or not the task
was easy after the completion of every step.

Part 2
In this part users had to answer 6 questions in total and reply using a Likert

scale, choosing between 1 and 5 (1 = strongly disagree, 5 = strongly agree). This
stage was designed to evaluate usefulness and perceived usability. The purpose
was to examine how easy and clear the tool was to use compared with the 2D
version, the visual comparison using the slider and whether they were willing
to use a similar tool again in research or teaching. In total, six questions/items
formed part 2.

Part 3
In this last part the users had to provide feedback through two open questions.

The first one was �What did you like the most about the 3D visualization� and
the second one �What was confusing, difficult, or could be improved?". The aim
of the questions was to ask for one positive (first) and one negative (second),
which would provide feedback for future improvements.
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