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Figure 1: A result of the DL model results for a user-given wind speed and oxygen level.

ABSTRACT

We present a lightweight visual analysis pipeline that integrates
NASA VIIRS/MODIS active fire detections with ERAS atmo-
spheric variables to produce 2D spatiotemporal visualizations of
potential fire spread in the United States. Contrary to our original
proposal for a full 3D oxygen—climate—ecology video-generation
framework, our final system focuses on a tractable subset: a
data-driven 2D fire-spread predictor conditioned on wind speed
and near-surface oxygen-related ERAS variables, paired with a
heatmap-based visualization tool. Using a small deep learning
model for 2D video generation, we produce short predictive ani-
mations of fire movement across time based on preceding observa-
tions. These results are overlaid on geographic maps and explored
in ParaView to support interpretation. Feedback from our scientific
collaborator confirms that the visualization tool is useful for qual-
itatively assessing atmospheric contributions to spread dynamics.
This report describes the implemented pipeline, its evaluation, and
limitations, as well as directions for extending the system to the full
oxygen-integrated 3D framework originally proposed.
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1 INTRODUCTION

Wildfire behavior depends strongly on atmospheric conditions, yet
most operational visualizations rely on static maps or retrospective
satellite composites. Our original project aimed to build a com-
prehensive 3D video-generation model that integrates oxygen flux,
climate variables, soil data, and ecological structure. Within the
six-week timeframe, we implemented a simplified but functional
subset: a 2D video-generation pipeline using NASA FIRMS fire
detections and ERAS reanalysis data to qualitatively predict fire
propagation patterns influenced by wind speed and oxygen-related
atmospheric variables.
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Our goals were (1) to build a minimal predictive model capa-
ble of generating short forward simulations, and (2) to produce an
interpretable visualization tool enabling our environmental-science
collaborator to explore the predicted spatiotemporal fire behavior.

2 EXPOSITION

Wildfires are an increasingly urgent environmental hazard, with
recent events in the western United States highlighting the need
for better predictive tools. Our project explores whether a deep-
learning—based visualization pipeline can help researchers under-
stand and anticipate fire movement using atmospheric and remote-
sensing data. While our goal was not to develop a state-of-the-art
forecasting model, we aimed to build a workflow that integrates
real environmental data, trains a predictive model, and generates
exploratory visualizations that support expert analysis.

We partnered with a domain expert studying wildfire dynamics
and sought to understand what types of visual outputs would be
most helpful for her analysis. We also examined previous visual-
ization approaches by replicating baseline techniques in ParaView,
which helped us understand the strengths and limitations of exist-
ing workflows. Our final tool, though limited in scope, provides a
proof-of-concept interface for visualizing predicted fire spread us-
ing wind speed, oxygen levels, and active fire detections.

2.1 Method: Data Collection and Preprocessing

We downloaded VIIRS/MODIS active fire data from NASA
FIRMS and ERAS pressure-level atmospheric variables. All
datasets were regridded to a common resolution and temporally
aligned at 3-6 hour intervals. From ERAS, we extracted wind
speed fields and oxygen-related variables (e.g., vertical wind, pres-
sure gradients) to serve as model inputs.

2.2 Model and Datasets

We implemented a 2D deep learning model to generate short pre-
dictive sequences of wildfire movement. The model takes as input:

¢ the most recent frames of observed fire detections, and

« corresponding ERA5 atmospheric variables.



It outputs a 2D predicted video of fire-spread likelihood. This
approach is data-driven rather than physically grounded, but it pro-
duces plausible directional propagation patterns influenced by wind
and oxygen-related features.

We worked with two primary datasets: (1) NASA FIRMS VI-
IRS and MODIS active fire detections, accessed through the NASA
FIRMS API. These datasets provide geolocated thermal anomalies
used as ground-truth fire points. (2) ERAS5 reanalysis data, sourced
through the Copernicus Climate Data Store, providing atmospheric
variables including wind speed, pressure-level features, and humid-
ity. ERAS served as the environmental context for predicting po-
tential fire spread.

All datasets were clipped to the continental United States and
temporally aligned to ensure consistency between meteorological
conditions and fire observations.

2.3 Baseline Exploration in ParaView

Before model development, we used ParaView to explore both
datasets and to replicate elements of previous visualization research
in wildfire modeling. ParaView helped us:

* Inspect the spatial distribution of fire detections over time
* Overlay atmospheric variables onto geospatial grids

¢ Identify which environmental parameters appeared most visu-
ally correlated with fire movement

* Understand the visual interpretability and limitations of stan-
dard scientific visualization tools

This exploratory phase directly informed our model design: it
helped us choose which ERAS variables to include and clarified
that a 2D predictive visualization would be the most interpretable
outcome for our collaborator.

2.4 Model Architecture and Training

We trained a deep learning model designed to take environmental
fields (e.g., wind speed, temperature, oxygen-related variables) and
produce a 2D prediction of likely fire spread. While the model was
intentionally simple, our goal was to evaluate whether environmen-
tal features alone could yield meaningful spatial predictions and
whether an automated output could help our collaborator see pat-
terns not obvious from raw data For the Training setup, we trained
the model on OSCAR, Brown’s high-performance computing clus-
ter and experimented with multiple epoch settings to evaluate train-
ing stability and determine whether the model benefited from longer
training cycles. Because we lacked the time and data to pursue a rig-
orous model selection process, our approach remained exploratory.
The focus was on generating usable visualizations rather than op-
timizing predictive accuracy. The model generates a 2D grid rep-
resenting the estimated probability of fire occurrence in the next
time step. These outputs were later rendered into visual heatmap
overlays.

3 EVALUATION

Our evaluation had two components: Visualization Quality and
Feedback From Collaborator (Formative Evaluation). We produced
several forms of exploratory visualizations, including:

* Heatmap overlays aligning predicted fire intensity with the ge-
ographical map

* Side-by-side comparisons between model predictions and ac-
tual FIRMS-detected fire points

* Timeline slices displaying how predictions shifted in response
to changes in wind speed

These visualizations were used qualitatively rather than quanti-
tatively; the primary goal was to understand whether the output was
interpretable and helpful.

We conducted an informal evaluation with our collaborator, ask-
ing:

¢ Whether the visualizations were understandable
* Whether the predictive outputs aligned with her intuition
¢ Whether such a tool would be useful in future research

She responded positively, noting that the pipeline could be use-
ful for quickly scanning large datasets and that the visual overlays
made it easier to identify potential regions of interest. She also indi-
cated clear directions for improvement, including longer prediction
horizons, more atmospheric variables, and higher spatial resolution.

4 CONCLUSION

Our project demonstrates that even a simple deep learning model,
when paired with meaningful visualizations, can provide insights
into wildfire spread. By integrating FIRMS and ERAS5 data, using
ParaView for preliminary exploration, and training on OSCAR, we
created a workflow that produced informative heatmap-based pre-
dictions. The project ultimately served as a prototype for what a
more advanced predictive visualization system could look like.

With more time, we would expand the dataset, improve spatial
resolution, incorporate more physically meaningful variables, and
conduct a more rigorous evaluation. Still, our collaborator found
the current tool helpful, reinforcing our main takeaway: even im-
perfect predictive models can provide valuable insights when paired
with well-designed visualizations.
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5 CONTRIBUTIONS
5.1 Olivia Heng
5.1.1 Intellectual Contributions

I contributed intellectually by leading our team’s engagement with
prior scientific and visualization work. I analyzed existing fire-
spread modeling approaches and explored them using ParaView to
understand how atmospheric variables and fire detections had been
visualized in previous research. This analysis shaped our project
direction by informing what datasets to include, what visual encod-
ings would be useful, and what types of predictions our collaborator
needed.

I also led communication and scheduling with our national-
lab collaborator, helping translate her research needs into concrete
project goals. Throughout the semester, I coordinated timelines,
guided the framing of our research questions, and helped structure
our written reports and presentations. Additionally, I contributed to
the interpretation of our model’s evaluation results, especially how
they aligned with collaborator expectations and practical wildfire-
analysis use cases.

5.1.2 Practical Contributions

I managed all exploratory visualization work in ParaView, includ-
ing importing and visualizing the FIRMS and ERAS5 datasets, re-
constructing prior workflows, and producing baseline visualizations
that informed our model design. I prepared and organized progress
reports, drafted major portions of our written deliverables, and led
our in-class presentations.



I obtained access to the OSCAR compute cluster and handled
logistics related to running our model on the system. I coordi-
nated meeting notes, organized documentation of collaborator re-
quirements, and synthesized these into explicit evaluation criteria
for the model’s usefulness. I also contributed to refining the final
evaluation section by summarizing feedback from our collaborator
and integrating it into our final report.

5.2 Aditi Kannan
5.2.1 Intellectual Contributions

I contributed intellectually by leading the development of our pre-
dictive model. I researched candidate architectures and datasets,
evaluated their suitability for wildfire-spread prediction, and se-
lected the modeling direction we pursued. I also developed ap-
proaches for evaluating the model’s predictive behavior based on
collaborator feedback, including selecting metrics and determining
how predictions should be compared to atmospheric variables.

I contributed to discussions on how to expand the dataset, identi-
fying additional ERAS variables and sources that would strengthen
the model. I also helped refine our problem framing by clarifying
what aspects of fire spread the model should learn from the avail-
able data.

5.2.2 Practical Contributions

I implemented and trained the deep learning model on OSCAR,
including preparing data inputs, running repeated training sessions
with different epoch counts, and debugging the training pipeline.
I handled integration of additional datasets once identified through
research, including preprocessing and incorporating them into the
training workflow.

I contributed to our evaluation methods by generating predicted
outputs, producing intermediate results for inspection, and helping
analyze how model behavior changed with different training con-
figurations. I also helped prepare written documentation describing
our modeling approach and contributed to finalizing the results sec-
tion of the report.
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ABSTRACT

Power transmission grids are complex systems that require exten-
sive monitoring. Visualizing the data from these complex systems
has become a challenge in recent years. Previous works ultimately
fail to completely capture all the dynamics of these multivariate sys-
tems. We show that users are both able to more accurately depict
transmission grid time-series data in a 3D environment compared
to the 2D environment. We also show that users spend less time
depicting such features in a 3D environment a 2D environment

Keywords: Virtual reality, human-computer interaction, evalua-
tion.

1 INTRODUCTION AND AIMS

The primary aim of this project to is implement a 3-dimensional
power transmission grid visualization utility. Specifically, we aim
to provide an immersive virtual reality experience for all types of
users, whether they have a background in electrical engineering
or not. The scientific contribution is that subject matter experts
(SMEs) will be able to more quickly gather insights into the dy-
namics of power grid transmission systems, specifically when there
are anomalies or other grid disruptions. Our visual contribution
will be to provide an innovative and intuitive visualization utility
that is effective at displaying the complexity of the multivariate
data that power transmission grids produce.

2 DATA

The data used for this project was obtained from the Western Elec-
tricity Coordinating Council (WECC). The WECC oversees The
Western Interconnection and is responsible for creating, monitor-
ing, and enforcing reliability standards throughout that region. The
WECC provided 200MB worth of electrical grid data in CSV for-
mat. The data contains information regarding generator location,
frequency, voltage, as well as other multivariate variables.

3 SIGNIFICANCE AND RELATED WORK

The intricate workings of power transmission grid systems are dif-
ficult to explain, even for SMEs. The current state of the art is lim-
ited as the data cannot be explained in an intuitive manner to those
that are not SMEs. Although those who work with this type of
data may have developed an innate intuition as to what features are
important during analysis, those who are not experts (such as share-
holders, executives, project managers, etc) will likely not have such
an intuition. Additionally, the current 2D representations contain
lots of visual clutter, which can make analysis tricky and features
left indiscernible. This is where 3D data representations, includ-
ing immersive virtual reality, have the potential to provide visual
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information in ways the previous state of the art has not been able
to.

The most recent work concerning the effectiveness of current
power transmission data visualization methods has explored the
usefulness and correctness of existing power grid data, such as with
2D contour maps [1], which were found to largely misrepresent the
data. The main weakness of these 2D contour map representations
is their inability to provide a streamlined representation of multi-
variate data, resulting in indiscernible data streams, particularly
for voltage violations (i.e. the voltage exceeds or goes below its
standard operating range). The human subjects tasked with finding
these violations in the data were ultimately only able to correctly
identify (on average) five out of fifteen violations. We expect 3D
representations to be a plausible solution to this problem as 3D
representations, in general, are able to display data at a higher
fidelity.

In 2011, Zhu et. al [6] took a data-driven approach to vi-
sualization of power grid data. This includes the paradigm
of “query-driven” visualization, where the authors focus their
visualization efforts on the data that users frequently query. This
only addresses the issue of how large amounts of data are filtered,
not necessarily the mechanics how it is presented. Our approach
will differ in that we propose a volume-agnostic approach in the
sense that users should be able to visualize all of the data, not just
the most frequently queried data.

In the year 2000, Overbye et al [4] provided a novel 3D
visualization method of transmission grid data. This approach was
extremely limited in the sense that the authors only provided 3D
projects on to existing 2D maps. Our approach will differ in that
we will implement a 3D visualization method with existing 3D
representations of transmission grid locations.

Other notable work includes physics-based visualizations [5],
the use of broadband cable TV data [2] and web-based applications
(3].

4 METHODOLOGY
4.1 3D Implementation

The 3D visualization tool is implemented as a Python PyVista stan-
dalone desktop application that runs with a given set of CSV files.
There are two types of CSV files the implementation expects: meta-
data and time-series readings. Metadata files contain information
about the grid’s infrastructure, such as generator locations and con-
nections between generators, buses and loads. The time-series CSV
files are expected to contain per-timestep readings for the various
entities that are seen in the metadata. Using these two types of data,
users can “walk” through the data timestep-by-timestep. This in-
cluded a “slider” bar so that the user could control the animation
speed. Users were encouraged to use this function in conjunction
with the pan function, as a way to visualize the grid flow before
starting any tests.



4.2 2D Implementation

The 2D visualization was implemented as an interactive oscilla-
tion dashboard, designed specifically for analyzing generator fre-
quency oscillations in the Western Electricity Coordinating Council
(WECC) power grid. The dashboard presents multiple coordinate
views that enable users to observe and analyze oscillator behavior
across generators and transmission lines in bot temporal and phase-
space representations.

The oscillation dashboard visualizes simulation data, displaying
three primary variables generator frequency (f) measured in Hz,
power output (P) in MW derived from frequency deviation, and
transmission line current (/) in Amperes. The dashboard enables
users to observe how oscillations propagate through the system and
identify generators exhibiting anomalous frequency behavior.

The dashboard provides interactive controls for exploration: an-
imation playback with adjustable speed, time navigation via slider
or keyboard shortcuts, multi-select lists for generators and transmis-
sion branches, and variable toggles. These controls enable users to
isolate specific generators of interest, adjust the temporal window to
observe oscillation patterns at different timescales, and customize
visual encodings to highlight features relevant to their analysis.

5 [EVALUATION

The participants in the evaluation phase of this project were
engineers from the New York Power Authority (NYPA). The
evaluation phase is split into two phases; testing and user feedback.
In the testing phase, users are tasked with completing two tests. In
the first test, we asked the participants to take WECC 3D model
accuracy test. The test tasks the participants with identifying
several specific generators within the visualization along with
navigating to specific timesteps. Once the participants navigate to
a specific timestep, they are tasked with the estimate the frequency
of the generator. The frequency guesses will be compared to
a ground truth value (which indicates the actual frequency of
the selected bus), so as to determine the accuracy of the user
participant estimates. The time it took for each participant took
identify each generator is also recorded. The idea behind recording
the time taken to identify each generator within the test is to de-
termines whether participants can quickly and accurately identify
the features within the visualizations. The second test featured
participants examining the 2D Visualization, which represents the
current state-of-the-art. User then identified the same features
within the 2D Visualization as they did the 3D Visualization and
data from both tests will be compared so as to determine which
visualization performed better empirically.

In second phase of the testing, all participants completed a
NASA Task Load Index (TLX) survey for both the 2D and 3D Vi-
sualizations. A NASA TLX is a questionnaire that assesses the
subjunctive mental workload of performing a specific task. With
regards this project, NASA TLX will help assess whether our 3D
visualization is more intuitive then the current state of the art.

6 CONCLUSION

In this work, we demonstrate that 3D visualization methods for
power transmission grid systems outperform the 2D methods.
While our experiments were limited to 3D desktop environments,
we believe there could be added value in porting the software to an
immersive virtual reality (VR) package. Additionally, our software
does not provide for geospatial context (such as with map overlays),
which could help users find the grid entities sooner.
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Figure 1: Two generators in the 3D implementation.
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Figure 2: A top-down view of the 3D implementation.
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Figure 3: A screenshot of the 2D implementation.



Userl User2 User3 User4 User5 User6 User7 User8

Generator Lolation Time (s)
Time to seek to target index (s)

Identified Frequency 100 120
Actual Frequency (Hz) 120 120 120 120 120 120 120 120
Frequency Percent Error 0.16 0.0
Identified Branch Current (a) 110 125
Actual Branch Current (a) 123 123 123 123 123 123 123 123
Current Percent Error 0.11 0.02

Figure 4: 3D Software Results

Userl User2 User3 User4 User5 User6 User7 User8

Generator Lolation Time (s)

Time to seek to target index (s)

Identified Frequency

Actual Frequency (Hz) 120 120 120 120 120 120 120 120
Frequency Percent Error

Identified Branch Current (a)

Actual Branch Current (a) 123 123 123 123 123 123 123 123
Current Percent Error

Figure 5: 2D Software Results
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7 INDIVIDUAL CONTRIBUTIONS
7.1 Yonas

As aa Co-PI on this project, I handled the evaluation phase of the project as well as the management of the logistical information. I helped
with coordination and communication between our group and Kenny and Rahul. I helped prune the WECC CSV metadata so that it was
compatible with both our 3D PyVista Visualization as well as the 2D interactive oscillation dashboard. I also created the final presentation
PowerPoint that our group will eventually present as well as providing weekly updates regarding the project’s progress.

7.2 Aidan

As PI of this project, I handled the novel contribution (i.e. the 3D software). This involved developing the codebase (with feedback from
team-mates), testing the software and communicating with collaborators about their needs/wants. I also designed experiments and methods
for the analysis of our new software. In addition to developing code, I also developed a google form survey that was key for gathering results.
Finally, I have written user-friendly documentation for our users and ensured our 3D software can be deployed on any machine that can run
python and conda.

7.3 Korey

As a Co-PI of this project, my responsibilities fell within the realm of the 2d baseline visualization for comparison and evaluation of our
proposed 3d visualization. This looked like coordinating with NYPA and NREL to gain access to the codebase that they demonstrated in an
early meeting, and configuring the method, as well as connecting it to the WECC data that we are using. Then it looked like deploying and
testing the configuration and establishing the evaluation for the 2D implementation, and packaging things for shipping to test users.



VisArch: An Interactive Dashboard for Comparing LIiDAR Preprocessing
Methods at Chachapoya Settlements

Charly Castillo*
PI Co-PI

ABSTRACT

We present VisArch, a three-part visualization for exploring how Li-
DAR preprocessing affects archaeological visibility. The approach
improves upon standard visibility modeling, which typically relies
on a single cleaned surface, making it difficult to see how alternative
preprocessing methods change results. VisArch addresses this is-
sue with side-by-side views of raw, Random Forest, and XGBoost-
classified surfaces and controls for toggling preprocessing modes
and inspecting visibility, making the interpretive consequences of
preprocessing choices more explicit. The results suggest potential
analytical value for archaeologists and may improve clarity for non-
expert users.

Keywords: Archaeological visualization, Machine learning, Spa-
tial analysis, Interpretability, LIDAR.

1 INTRODUCTION

The Chachapoya were a highland Andean culture of the Late In-
termediate Period (circa 1100-1450 C.E.), known for their hill-
top settlements characterized by dense clusters of circular stone
houses [3]. Light Detection and Ranging (LiDAR) uses automated
laser pulses to produce high-density 3D models and is now widely
applied to these sites, including those hidden beneath heavy vege-
tation [3]. LiDAR datasets can be processed through manual, semi-
automated, or machine learning (ML) methods. However, manual
labeling is slow, difficult to reproduce, and dependent on individual
expertise, limiting how quickly large datasets can be analyzed [4].
Thus, ML is increasingly used in archaeological data analysis.

By comparing raw, Random Forest, and XGBoost-based sur-
faces and their associated visibility networks, this research clarifies
how preprocessing decisions alter interpretations of Chachapoya
architecture. At the same time, highlighting previously obscured
structures contributes to broader heritage and tourism discussions.
By drawing attention to lesser-known Peruvian sites beyond the
overrun Machu Picchu, the project reinforces the value of invest-
ing in LiDAR analysis at understudied sites.

2 RELATED WORK

While ML has entered archaeological LIDAR workflows, we know
little about how specific classifiers and preprocessing pipelines re-
shape the surfaces archaeologists interpret. Most work reports ac-
curacy for a single chosen model, but says less about how different
modeling choices might change what appears as architecture, veg-
etation, or noise. This gap makes it difficult to judge the impact of
preprocessing on visibility analysis and site interpretation.
Previous research has highlighted the potential of these methods.
Abate et al. use a Random Forest classifier in CloudCompare to
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segment LiDAR data from an unmanned aerial system at the Kastri-
Pandosia site in Epirus, Greece [[1]. Cerrillo-Cuenca and Bueno-
Ramirez apply XGBoost to digital elevation models (DEMs) from
the Valdecafas Reservoir in Céceres, Spain, to predict zones of ero-
sion and sedimentation [2]]. Both studies show that ML can improve
detection, but they treat the resulting surfaces as fixed products.
This study builds on this work by directly comparing Random For-
est and XGBoost preprocessing at Ollape and beginning to examine
how those choices affect intra-site visibility. Unlike previous work,
we focus on making these differences explicitly visible to support
archaeological interpretation.

3 METHODOLOGY

This study utilized airborne LiDAR data from the Chachapoya site
of Ollape in present-day Peru, which contains approximately 240
architecture features. Our workflow included data labeling, clas-
sification, surface generation, visibility modeling, and dashboard
design. First, the full point cloud was manually labeled into two
classes: Vegetation (1) and Other (0), with the latter including struc-
tures, ground, water, and shadows. In total, the dataset included
approximately 4.83 million vegetation points and 0.48 million non-
vegetation points.

Then, we trained an XGBoost classification model using the fol-
lowing point-level features: Z coordinates, intensity, return num-
ber, number of returns, and RGB values. For comparison, we im-
plemented a Random Forest model from Abate et al. We chose
this approach because their method is open-source, implemented in
CloudCompare’s 3DMASC plugin, and has been used to detect ar-
chaeological features in areas covered by tree vegetation [1]]. How-
ever, because it was designed and tuned for the Kastri-Pandosia site,
we treat the model as a conceptual benchmark and retrain it on the
Ollape labels.

Each classifier was used to generate a surface model by removing
vegetation points, alongside an unfiltered surface from the raw point
cloud. First, we removed all points with predicted vegetation proba-
bility > 0.5 and rasterized those remaining into 0.5 m digital terrain
models (DTMs) using the knnidw spatial interpolation algorithm.
We also produced 0.5 m digital surface models (DSMs) with the
p2r points-to-raster algorithm in rasterize_canopy and de-
rived canopy height models (CHMs) by subtracting each DTM from
its corresponding DSM. Then, structure-to-structure visibility was
computed for each surface. Lastly, these outputs were visualized
using side-by-side comparisons and interactive layer controls.

4 RESULTS

Our classification results show clear differences between the RF
baseline and the XGBoost models for the Ollape dataset. For veg-
etation, RF attains a precision of 0.68, a recall of 0.79, and an F1
of 0.73, whereas XGBoost with random sampling reaches a pre-
cision of 0.9892, a recall of 0.9955, and an F1 of 0.9924. The
“Other” class shows a similar pattern, with RF scoring 0.70 preci-
sion, 0.57 recall, and 0.63 F1, compared with 0.9513, 0.8904, and
0.9198 for XGBoost with random sampling. In both classes, the
boosted model yields higher values on all three metrics reported in
Table 1 relative to the RF baseline.
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To examine spatial generalization, we trained a second XGBoost
model using a spatially blocked split based on 5 m by 5 m tiles. In
this setting, vegetation precision is 0.9891, recall is 0.9957, and F1
is 0.9924, which are effectively unchanged relative to the random
split. For the “Other” class, precision is 0.9531, recall is 0.8896,
and F1 is 0.9203. Compared with the random split, the tile split
produces a small trade-off for the “Other” class: recall decreases
slightly, while precision and F1 increase slightly.

Table 1: Classification performance at Ollape

Class Metric RF XGB (random)  XGB (tile)

Vegetation (1) Precision  0.68 0.9892 0.9891
Recall 0.79 0.9955 0.9957
Fl1 0.73 0.9924 0.9924

Other (0) Precision  0.70 0.9513 0.9531
Recall 0.57 0.8904 0.8896
Fl1 0.63 0.9198 0.9203

Note. XGB (random) and XGB (tile) denote models trained using a
standard random point-based split and a spatially blocked split based on 5
m X 5 m tiles, respectively.

The VisArch dashboard organizes the classification and surface
outputs into a single interactive view. A control panel on the left
contains a dropdown menu that selects the preprocessing method,
including the raw surface, the Random Forest baseline, and the
random XGBoost variant. Users can zoom in on the map to fo-
cus on specific areas of Ollape. Radio buttons allow the user to
switch between DTM, DSM, and CHM, and text under each label
summarizes what that surface represents. Beneath the controls, a
metrics table reports precision, recall, and F1 for vegetation and
other classes for each method, matching the values in Table 1. The
main panel displays the chosen raster layer using a continuous color
scale, so changing either the technique or surface type immediately
updates the map with the corresponding model for Ollape.

Figure 1. VisArch dashboard for exploring LiDAR preprocessing
outcomes at Ollape, showing the control panel, summary metrics,
and an interactive map view of a selected surface.

We are also adding toggles that encode model confidence and
structure-to-structure visibility, including a confidence overlay that
uses green for more confident classifications and yellow and red
for less confident classifications, once appropriate thresholds have
been defined.

5 [EVALUATION

Then, we conducted a non-expert study with six participants. All
participants were unfamiliar with LIiDAR and had no background in

archaeology. Part 1 of the survey presented images of Ollape gener-
ated by the different preprocessing methods and asked participants
to compare them. XX of 6 participants chose the RF-derived image
as the easiest to understand, while XX of 6 preferred the XGBoost
version for identifying possible structures. The raw surface was
most often described as cluttered, with participants noting issues
such as “XX” or “XX.”

Part 2 focused on the dashboard layout using Likert-style ques-
tions on a 1-5 scale. Ratings indicated that the dashboard layout
was generally understandable, with a mean clarity score of M =
XX (SD = XX). Participants also felt that comparing the three pre-
processing methods within the same view was reasonably feasible,
with M = XX (SD = XX), although several comments pointed to
specific uncertainties, such as “XX” or “XX”.

Placeholder for survey result charts.

Figure 2. Interpretation of the survey result charts will go here.

Lastly, Part 3 assessed how people directly recognize and delin-
eate non-vegetation features and how accurately they do so. The
drawing task yielded XX returned sketches. Of these, XX outlines
closely matched the reference non-vegetation regions, XX overshot
the target areas by including extra surroundings, and XX undershot
them by missing portions of the structures or ground that we labeled
as ”Other.”

6 CONCLUSION

This study helps clarify how LiDAR preprocessing choices in-
fluence interpretations of Ollape. XGBoost consistently outper-
forms the Random Forest baseline for both Vegetation and Other
classes, and this advantage remains stable under random and spa-
tially blocked sampling. These results suggest that boosting algo-
rithms can provide more reliable vegetation removal. However, the
small changes in the ”Other” class under tile sampling highlight the
need to continue checking spatial generalization in complex terrain.

Beyond raw performance, our surface models and dashboard
show how different classifiers reshape what users see. By deriv-
ing and placing DSMs, DTMs, and CHMs in a single interactive
view, we can observe when structures change during preprocess-
ing choices. The non-expert study indicates that these visual dif-
ferences are noticeable to viewers without archaeological training,
and that the dashboard helps them compare versions of the site and
reason about where structures might be.

Feedback from Dr. VanValkenburgh suggests that VisArch could
be helpful for XX. Together, these results point toward a workflow
in which archaeologists routinely inspect multiple preprocessing
pipelines rather than treating a single output as fixed. Future work
should apply this approach to additional Chachapoya sites to test
whether the patterns observed at Ollape generalize across different
topographies.
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7 CHARLY CASTILLO
7.1 Intellectual Contributions

As the Primary Investigator, I established the overall research plan
by defining our main question about how well XGBoost classifi-
cation performs in identifying vegetation compared with the pre-
existing RF method. I reviewed relevant work and used it to decide
which variables to use as features and which performance metrics
and error analyses would be most informative. I also planned how
to best incorporate the survey results into the project to assess our
dashboard’s practical usefulness. Lastly, throughout the semester, I
led the interpretation of our results in progress report presentations.

7.2 Practical Contributions

I wrote all of the project’s R scripts. I implemented the full clas-
sification pipeline, including reading in the labeled data, building
training and test sets, fitting the XGBoost model, tuning its param-
eters, computing summary statistics, and applying the final model
to the full dataset to produce cleaned .las files. Additionally, I
designed the user survey, distributed it to study participants, and
analyzed the responses for inclusion in the results. I substantially
revised the project README to clearly document how to run the
code and reproduce our outputs. In addition, I created and updated
most of our presentation materials, including progress-report slides,
and wrote all of the final paper.

8 SIR DYLAN ALLOTEY
8.1 Intellectual Contributions

I contributed intellectually by helping coordinate meetings and fa-
cilitating communication with our collaborator and segmenting our
data for training. I also suggested points to emphasize on our slides
to present our main findings clearly.

8.2 Practical Contributions

I handled cleaning and organizing the raw LiDAR data and labeling
the segments as Vegetation or Other. Additionally, I ran 3DMASC
using the agreed-upon settings and saved its outputs for comparison
with those from our XGBoost method. I drafted an initial version
of the project README and prepared preliminary, which was later
refined for the final presentation.



OLaVR: Oceanographic Layers in Virtual Reality

Juliana Escuti*

Brown University

Figure 1: Four variables visualized in Fiji: Temperature, Sea Level Anomaly, Salinity, and Windspeed

ABSTRACT

Traditional methods of visualizing multivariate oceanographic data
involve layering data points over a 2D map or comparing two 2D
maps. OLaVR (Oceanographic Layers in Virtual Reality) is a novel
method of visualizing multivariate oceanographic data in 3D. It
uses decals to represent different data sources. This will improve
accuracy in evaluation and decrease perceptual effort in compari-
son to CoastWatch.

Keywords: Virtual reality, multifield visualization, oceanography.

1 INTRODUCTION

Understanding complex ocean feedback loops requires analysis of
multiple data fields. One method of visualizing these datasets,
called a coordinated multi-view approach, described by Kehrer et
al [3], involves comparing multiple graphs and maps, displaying
coordinated data from multiple different sources. This method has
been proven to aid in hypothesis generation, but has a disadvantage
in that the viewer of these linked views must move their eyes back
and forth between visualizations to compare data at a certain point.
Lipsa et al classify multifield visualization as a current challenge
for visualization in the physical sciences [2]. They note how the
coordinated multi-view approach does not have a focus on map-
ping visualizations of natural phenomenon in physical space. In-
cluding multiple dimensions of data on a map can increase visual
clutter and decrease the effectiveness of a visualization. Lipsa et al
establish that visualizing multiple fields in an accurate way simulta-
neously to examine relationships between fields is the goal of such
a visualization.

Current state of the art visualizations include Ocean Data Viewer
(ODV) [6] and NOAA CoastWatch, available through the NOAA
website. Both of these visualizations are desktop based and primar-
ily 2D. This makes the multifield visualization problem described
by Lipsa et al inherent to these two visualizations. One solution is
reducing the dimensionality of the data by taking it from a 2 dimen-
sional map to a 1 dimensional plot along a single line of longitude
or latitude. This can obscure important spatial patterns in the data,
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like currents, which do not normally lie cleanly on a single line
of longitude or latitude [5]. To remedy this, Nobre developed a
web based tool that can visualize multidimensional oceanographic
datasets in 2D, representing points through color and tracing con-
tours in the data [4]. While this strategy was deemed effective and
accurate, it is still two dimensional, and can only visualize on field
at a time, like temperature. Another strategy involves utilizing three
dimensions, and a type of visual glyph called a ”decal” because it
sticks to the surface of three dimensional meshes. In a paper by
Rocha, this method was shown to be effective for three data fields,
density, salinity, and ocean currents. OLaVR builds off the most
successful aspects of these visualizations, decals and color maps.

2 OLAVR DESIGN

OLaVR uses decals to layer oceanographic data fields on a 3D sur-
face representing the topography and bathymetry at a certain loca-
tion. These decals include: points, continuous shading, and various
kinds of meshes. Typical mesh shapes, such as spheres and cubes
were chosen, alongside unconventional meshes such as capsules,
eggs, and prisms. These unconventional meshes were chosen be-
cause due to their tapered shape, they could allow for a better view
of distant data in a perspective camera view. While most of the
decals lie on the 3D surface, they can also be positioned along the
Y axis as appropriate or for maximum visibility. Users are able to
navigate in this 3D space in virtual reality.

2.1 Implementation

OLaVR was developed in Unity 6.3 using C#. Unity was chosen for
its ease of integration with virtual reality development pipelines [7].
To aid in performance, rather than rendering thousands of individ-
ual meshes, OLaVR uses point clouds. Out of the box, Unity does
not support point cloud visualization. However, Unity’s particle
system can be used to generate point clouds using a simple C# script
that reads data and spawns a particle for each data point. The shape,
location, and color of each particle can be customized, allowing the
particles to fit the data. The location of each particle matches the
geospatial coordinates of each data point, and the color corresponds
to the data value.

The data values are normalized before visualization to ensure the
color map shows a visible change in value. A perceptually uniform
color space had to be used to avoid subtle changes in perceived hue,
saturation, and brightness that do not match patterns in the data [1].
Several color maps are available to users: sequential and diverging.



Figure 2: Individual Decals. A- Points, B- Continuous, C- Cube Mesh,
D- Capsule Mesh, E- Egg Mesh, F- Sphere Mesh

These color maps are implemented using a custom shader script in
CH#.

Sequential (2 Color Gradient) Divergent
Sequential (Saturation Variation) Sequential (HSV Variation)

Figure 3: Sample of Color Map Options.

3 EVALUATION
3.1 User Study

Two user studies were conducted to determine the effectiveness of
OLaVR. The first user study aimed to test the understandability of
each decal. A group of users were selected who were familiar with
the Outer Banks island chain off the coast of North Carolina, with
varying levels of familiarity with oceanography. For each decal,
the coarse grained accuracy (over wide patterns in the data), fine
grained accuracy (value at each point), and perceptual effort re-
quired to understand each decal were tested. Results are shown in
Table 1. The accuracy scores were determined by averaging each
user’s score. All 6 decals scored equally well for coarse grained ac-
curacy. Points scored the best for fine grained accuracy, and spheres
scored the worst. Users were asked to score how much perceptual
effort each visualization required, and those scores were averaged
to produce the effort score. Users said the continuous visualization
required the least effort to understand, while cubes scored the most.

The second user study compared OLaVR to CoastWatch.
OLaVR scored better than CoastWatch for all sections, except for
the section with three variables. Confidence generally decreased as
more variables were added, and effort increased. Surprisingly, users
scored higher on the section with four values than the section with
three variables. Strangely, users had a relatively high confidence
level for relatively lower accuracy for Coastwatch, and relatively
lower confidence for higher accuracy with OLaVR. This could be
due to a lack of familiarity with this novel visualization.

Table 1: User Study 1

Decal Coarse Accuracy(%)  Fine Accuracy(%)  Effort (%)
Point 100% 100% 42%
Continuous 100% 71% 32%
Cube Mesh 100% 85% 54%
Capsule Mesh 100% 71% 48%
Egg Mesh 100% 85% 51%
Sphere Mesh 100% 57% 48%
Table 2: User Study 2
Accuracy(%)  Confidence(%)  Effort(%)
CoastWatch 75% 56% 70%
OLaVR (One Variable) 83.75% 52% 66%
OLaVR (Two Variables) 81.6% 71% 66%
OLaVR (Three Variables) 72.5% 52% 76%
OLaVR (Four Variables) 79.4% 42% 57%

3.2 Case Study

Collaborators Simon Su and Guangming Zheng, oceanographers at
NIST, participated in a case study to determine the effectiveness
of the visualization with experts. They found the proximity of the
rendered meshes to continuously rendered data points to be advan-
tageous, since multiple data fields could be visualized in the same
image. They noted that the diverging color map made it easy to
visualize fronts, although contouring major fronts with an outline
would have helped even further. However, they pointed out that
for areas with a sharp increase in temperature in a single spot, the
normalization process made it hard to determine changes in tem-
peratures elsewhere. They also noted that because the implementa-
tion used a point cloud, it would lend itself well to visualizing time
based motion of particles.

4 FUTURE WORK

The case study revealed two areas of interest for future work using
the OLaVR framework. The first is contouring. Fronts are areas
where significant change in the data occurs rapidly, forming a dis-
tinct boundary. A gradient could be calculated to determine where
the strongest front boundary in the data is, then that boundary could
be rendered as another layer in the three dimensional space. An-
other area of exploration is the utilization of the particle system to
show data that varies in velocity. For example, wind velocity can be
visualized as an arrow, but using the particle system, it could also
be visualized as a point moving through space.

5 CONCLUSION

Overall, this project was successful. Users, both experts and
novices at oceanography, found the visualization to be immersive
and visually compelling. Although accuracy increased overall for
OLaVR, confidence in correct answers remains low. While there
are still open threads, such as increasing user confidence and imple-
menting the features suggested in the case study, OLaVR achieved
its stated goals.
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ABSTRACT

We present a novel method called OHCA-Vis for visualizing pedi-
atric out-of-hospital cardiac arrest (OHCA) data using interactive
alluvial plots. State-of-the-art methods—Ilike registry dashboards
and static alluvial plots—can become overly convoluted and are
not conducive to interpreting key insights, such as which variables
(e.g. drug administered) are most important to survival. OHCA-Vis
addresses these limitations with two features: 1) alluvial plot inter-
activity and 2) color-encoded feature importance. Users are able to
interactively select and reorder variables of interest and visualize
their importance from color-encoded nodes based on Gini scores
of a Random Forest classifier on the selected variables. User study
results suggest that this approach improves interpretability and in-
sight generation for OHCA data.

Keywords: Alluvial diagrams, interactive visualization, pediatric
out-of-hospital cardiac arrest, emergency medical services, feature
importance

1 INTRODUCTION

Pediatric out-of-hospital cardiac arrest (OHCA) is rare but highly
lethal, with survival rates generally below 10% [7, 6]. EMS reg-
istries capture rich information about demographics, interventions,
and clinical outcomes, yet current reporting tools rely largely on
static tables and simple charts that make it difficult to understand
how multiple factors jointly shape patient trajectories [5].

Static alluvial diagrams provide an intuitive way to visualize cat-
egorical flows but can quickly become cluttered when many vari-
ables or categories are shown [2, 8]. At the same time, machine-
learning models can estimate feature importance for predicting sur-
vival, but their outputs typically appear in separate views, forcing
users to manually connect them back to patient pathways.

We present OHCA-Vis, an interactive alluvial visualization sys-
tem designed to support exploratory analysis of pediatric OHCA
data. The system enables users to reorder variables, reduce visual
clutter through lightweight layout optimization, and view random-
forest feature-importance scores directly encoded in node colors.
Our goal is to offer a more interpretable and cohesive representa-
tion of how clinical and contextual factors influence outcomes.

2 RELATED WORK

Previous work has focused on static dashboards, tables, and sur-
vival summaries that aggregate patient outcomes by individual fac-
tors such as age, sex, or intervention type [3, 4]. These methods
are limited because they obscure interactions between variables and
don’t have features for exploration on how factors affect patient out-
comes.
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Alluvial and Sankey-style visualizations have been used to sum-
marize categorical flows and transitions in various domains, includ-
ing bibliometrics and demographic studies [10]. Moreover, allu-
vial plots have been used to evaluate factors in COVID-19 survival
rates [9]. However, there has been no work in making these plots
interactive or exploratory for users to evaluate and choose which
variables to visualize. Prior studies show that increasing the number
of flows reduces diagram interpretability [1]. With the amount of
data that exists in EMS data, the number of flows would inevitably
increase. The introduction of an editable and interpretable plot is
hypothesized here to improve user understanding, as the plot would
be easily simplified and user-modifiable.

3 METHODOLOGY

Our dataset contains 133 pediatric OHCA cases with 29 variables
spanning demographics, event characteristics, and prehospital in-
terventions.

Upload File Interactive Visualization for EMS Data

. =

 Show Lavess

Reorder Columns

Figure 1: The OHCA-Vis interface, showing the variable-selection
panel, interactive alluvial plot, and integrated Random Forest feature-
importance view.

3.1 Data Preprocessing

To prepare the data for visualization, raw registry variables con-
tained heterogeneous labels, missing values, and inconsistent cate-
gory definitions. The resulting cleaned dataset was used directly by
the interactive Dash application.

3.2 Alluvial Diagram Construction

Each user-selected variable forms a column in the alluvial diagram,
with nodes representing category values and edges showing patient
flows across variables, ending in the survival outcome. The diagram
uses a simple ordering strategy to maintain a readable left-to-right
progression of pathways, while node heights scale with category
frequencies so that common trajectories occupy more visual space.

3.3 Interactive System Features

The interface allows users to upload datasets, select variables, re-
order columns, and hide infrequent categories to simplify the dia-
gram. Users can also toggle a layout optimization mode that auto-
matically reduces visual clutter by adjusting column ordering and



minimizing edge crossings. Together, these interactions support ex-
ploratory analysis by enabling users to examine alternative pathway
structures and investigate relationships between variables. The vi-
sualization updates immediately in response to user actions, allow-
ing rapid comparison of different configurations.

3.4 Feature-Importance Integration

To augment interpretability beyond visual inspection, OHCA-Vis
provides a model-driven feature-importance view. A Random For-
est classifier (100 estimators) is trained using the currently selected
variables, and normalized Gini importance scores are extracted.
These scores are mapped to a perceptually uniform color scale ap-
plied to node backgrounds, allowing highly influential variables to
stand out. Because the model retrains dynamically whenever vari-
able selections change, users can observe how feature relevance
shifts across different analytic scenarios.

4 RESULTS

To assess OHCA-Vis, 15 participants, consisting of medical school
students and faculty from the Warren Alpert Medical School, com-
pleted a series of task-based assessments designed to measure how
effectively they can extract insights from the visualization com-
pared to standard alluvial plots.

4.1 OHCA-Vis Improves Interpretation Accuracy

Average Accuracy Between Two Systems

Accuracy

OHCAVIS, static

Average Speed Between Two Systems
12 "

5.266666667

Speed(minutes)

OHCAVis Static

Figure 2: Task performance comparison. (Top) Average accuracy
between the two systems. (Bottom) Average response time.

The assessment included multiple choice questions regarding
variables and their correlation with survival rate. The speed and
accuracy of answering these questions were then measured. Partic-
ipants were determined to be able to answer the questions with 57%
higher accuracy when using OHCA-Vis compared to the static plot.

However, we find that users require more time to answer the
questions by 48% on average. We attribute this to getting familiar
with the tool. While static alluvial plots were provided as a static
image, participants had to navigate to our deployed application and
learn to use the tool as they answered the questions.

4.2 OHCA-Vis Allows Users to Gather More Insights

The assessment also included a text box for users to list insights
gained from the visualization. It was found that participants were

Number of Insights and Number of Valuable Insights

W number of Insights B Number of Valuable Insights
2.866666667

2.066666667

1.266666667

OHCA-Vis Static

Figure 3: Average number of insights and valuable insights extracted
using each system.

able to extract 38% more insights about the OHCA dataset using
OHCA-Vis compared to static alluvial plots. Moreover, these in-
sights were then assessed by an expert (our collaborator), who clas-
sified whether each insight was “valuable” or “not valuable”. It was
determined that participants using OHCA-Vis extracted 169% more
valuable insights. Moreover, the proportion of valuable insights rel-
ative to total insights was 12.6% higher when using OHCA-Vis.

4.3 Users Preferred OHCA-Vis Over Static Alluvial Plots

W statc W Neural OHCA

Preference
Distribution

Figure 4: User preference distribution between static alluvial plots
and OHCA-Vis.

Participant preferences in using the plots were also assessed. It
was found that 46.7% of participants preferred using OHCA-Vis,
40% were indifferent, and 13.3% preferred using static alluvial
plots—illustrating a slight preference for OHCA-Vis.

5 CONCLUSION

We presented OHCA-Vis, an interactive alluvial visualization sys-
tem designed to support interpretation of pediatric out-of-hospital
cardiac arrest data. By enabling users to reorder variables, explore
patient pathways, and view integrated feature-importance cues, the
system provides a more interpretable and flexible alternative to con-
ventional static alluvial plots.

Our evaluation demonstrates that OHCA-Vis meaningfully im-
proves users’ analytical performance: participants achieved higher
accuracy when answering survival-related questions, generated
more total insights, and produced substantially more valuable in-
sights, with a higher proportion of valuable-to-total insights. Partic-
ipants also expressed a clear preference for the interactive system.

While promising, the current prototype has limitations, includ-
ing the use of global feature-importance scores and the absence of
subgroup-specific explanations. Future work will focus on expand-
ing filtering capabilities, incorporating additional model-based ex-
planation methods, and conducting formal task-based studies with
EMS providers and pediatric emergency physicians. We anticipate
that the design principles underlying OHCA-Vis can generalize to
other clinical and registry-based contexts where outcomes emerge
from complex, multi-step care pathways.
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6 RYAN HUANG INDIVIDUAL CONTRIBUTIONS
6.1 Intellectual Contributions

As the Primary Investigator, I contributed to the design and imple-
mentation of the OHCA-Vis system, including interactive interface
development, feature-importance integration, and preparation of the
manuscript. I coordinated all project activities, maintained contin-
uous communication with our clinical collaborator, Latha Ganti,
and ensured scientific and clinical relevance throughout the sys-
tem’s development. Additionally, I designed and administered the
user study, including task construction, participant coordination,
and quantitative and qualitative analysis of user-study outcomes.

6.2 Practical Contributions

I implemented the core technical components of OHCA-Vis, in-
cluding the Plotly application. I also designed the entire layout
and core features, such as variable selection. I also implemented
feature-importance visualization using a Random Forest classifier.
I integrated this into the application layout and researched differ-
ent color schemes for color-encoding (ultimately deciding on color-
blind friendly colors) as shown in Figure 1.

7 HAONAN ZHANG INDIVIDUAL CONTRIBUTIONS
7.1 Intellectual Contributions

As a collaborator on the project, I contributed to the conceptual de-
velopment of the OHCA-Vis system, particularly in areas related
to data processing, layout organization, and the design of the user
study. I developed the initial user-study questionnaire, including
the design and wording of the evaluation tasks and prompts. I also
led the initial drafting of the manuscript, working with Ryan to re-
fine the writing and align the narrative with the system’s analytical
goals. Throughout the project, I collaborated closely with Ryan in
refining system behavior and incorporating feedback into both the
manuscript and the project presentations.

7.2 Practical Contributions

My practical contributions focused on implementing key technical
components aligned with our project milestones, including the data-
processing workflow and the layout-optimization feature. The opti-
mization module reduces edge crossings in the alluvial diagram us-
ing barycentric ordering and pairwise node-swapping techniques,
improving the readability of flow patterns. I also deployed the
OHCA-Vis system to a web server to enable remote participation
during the user study. In addition, I produced visual summaries of
user-study data to support the interpretation of participant perfor-
mance and feedback.
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Figure 1: Our UMAP and Overlying Radial Graph approach
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ABSTRACT

We present an interactive visualization system for revealing pat-
terns of public trust in government agencies through rich, multi-
dimensional survey data. Traditional 2D charts often oversimplify
these relationships and limit meaningful exploration. To address
this, our system extends prior radial graph approaches with support
for overlaid comparisons and introduces a dual-visualization strat-
egy: a UMAP-based overview for clustering agencies by similarity
and overlaid radial graphs for detailed, multi-attribute inspection of
selected agencies. The system is deployed as a web platform for
broad accessibility. We evaluated its effectiveness against baseline
visualizations in a controlled study with 25 participants.

The empirical results demonstrated that our system improved
overall efficiency, reducing task completion time by approximately
18.5% compared to the baseline visualizations, while maintaining
high confidence and strong accuracy in similarity-based tasks. The
system was perceived as easier to navigate, provided quicker access
to relevant information, and supported a more streamlined work-
flow for observing complex patterns and relationships across agen-
cies.

Keywords: Data Visualization, Uniform Manifold Approxima-
tion and Projection (UMAP), Dimensionality Reduction, Radial
Graphs, Multi-Dimensional Data, Interactive Visualization, Usabil-
ity Study, Human-Computer Interaction (HCI), Institutional Trust
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1 INTRODUCTION

Public trust in governmental and institutional agencies is a criti-
cal component of civic engagement, policy compliance, and social
cohesion. Accurately tracking and interpreting public sentiment
across multiple dimensions is essential for researchers, policymak-
ers, and the media. However, complex multi-attribute survey data
is often visualized using simple bar charts or static 2D displays that
fail to capture its multidimensional nature. These traditional ap-
proaches oversimplify patterns, limit exploration, and obscure rela-
tionships between agencies and trust dimensions.

To address this gap, this paper introduces an interactive, inter-
pretable visualization system for multi-attribute trust data. We com-
bine techniques from machine learning and human—computer inter-
action to provide richer insight into how government agencies are
perceived across multiple factors. Our system adapts established
visualization principles to create a tool that is both scientifically in-
formative and practically accessible. The core contributions of this
work are:

Dual-Visualization Interactive System: A deployed web plat-
form integrating two complementary techniques. UMAP provides
a dimensionality-reduced overview that organizes agencies by sim-
ilarity across their full trust profiles, enabling high-level pattern
discovery. Interactive Overlying Radial Graphs support direct,
multi-attribute comparison of selected agencies.

Empirical Validation: A controlled user study with 25 partici-
pants quantitatively and qualitatively comparing our interactive sys-
tem to conventional 2D baseline methods, evaluating task accuracy,
speed, and perceived workload (NASA-TLX).



2 RELATED WORK

Effective visualization of multi-dimensional data is a persistent
challenge in Information Visualization (InfoVis) and Data Science
[3]. Datasets with five or more dimensions, such as agency trust
profiles, exceed the limits of human perceptual capacity [6]. Tra-
ditional visualizations (e.g., bar charts, scatterplots) are typically
limited to two or three variables, forcing analysts to rely on manual
cycling of 2D views or data aggregation that obscures latent pat-
terns [2].

To address this, glyph-based visualizations encode multi-
attribute entities into single graphical objects. The radial graph
(radar chart) is a popular glyph for up to 10 dimensions [1]. While
strong for individual profile representation, radial graphs are weak
for direct inter-entity comparison due to high cognitive load from
evaluating overlapping or many separate plots [1]. Our work di-
rectly addresses this by introducing an interactive, overlying radial
graph system for immediate, efficient comparison.

Dimensionality Reduction (DR) is another approach, project-
ing high-dimensional data into a lower-dimensional space while
preserving structure. Modern nonlinear methods like t-SNE and
UMAP have replaced older linear methods (MDS, PCA) [4].
UMAP is preferred for its better preservation of global structure
and scalability, making it ideal for the high-level pattern discov-
ery stage. We employ UMAP to create a similarity map of agen-
cies, fulfilling the “overview first” step of the information seeking
mantra [5].

Our system synthesizes these two distinct paradigms: DR for
global pattern discovery and adapted glyphs for detailed compari-
son, creating a single interactive web platform that allows seamless
movement from a global agency similarity overview (UMAP) to
multi-attribute comparison (Overlying Radial Graphs).

3 METHODOLOGY

This paper details our novel visualization system for exploring
multi-dimensional institutional trust data, emphasizing the iterative
design process.

3.1 Data and Preprocessing

The underlying data contains public perception scores for approx-
imately 30 U.S. government agencies across five key trust dimen-
sions and two key style dimensions (Warmth and Dominance). Raw
survey scores were normalized prior to visualization to ensure equal
contribution from all dimensions to similarity calculations and vi-
sual encodings.

3.2 Dual-Visualization System Implementation

The system is a cohesive, interactive web platform integrating two
distinct visualization components:

UMAP Similarity Map: We apply the UMAP algorithm to
reduce the data (comprising five trust dimensions) to a two-
dimensional scatterplot. The proximity between nodes represents
the similarity of the agencies’ full trust profiles. An alphabetical
legend allows quick agency location and identification. This view
serves as the system’s Overview function [5].

Overlying Radial Graph Comparison: This component serves
as the Details-on-Demand function. It adapts the classic ra-
dial graph, mapping each of the seven dimensions (five trust +
Warmth/Dominance) to an axis. Our innovation allows users to dy-
namically select multiple agencies via a search-and-select list and
render their graphs overlying one another, using color and trans-
parency to facilitate direct, simultaneous comparison across all di-
mensions. This design allows for rapid assessment of where agency
profiles align and diverge.

3.3 Pilot Study and Ilterative Refinement

We conducted a pilot study with 10+ participants to validate and re-
fine the initial design, comparing tasks performed on the interactive
system (Visualization B) against the 2D baseline (Visualization A).
Feedback led to substantial revisions:

« UMAP Simplification: Initial dual encodings (Warmth:
color, Dominance: size) were confusing and created informa-
tion overload. Revision: We removed these encodings, sim-
plifying the UMAP to represent only the five trust dimensions,
using an alphabetical legend for identification.

* Usability and Terminology: Participants found the origi-
nal ”blue = warm” color scale counterintuitive and struggled
with abstract terminology. Revision: The Warmth scale was
redesigned using a more intuitive light-blue-to-red gradient,
and clearer explanations of the psychological constructs and
UMAP rationale were added.

* Interface Improvements: Issues with the initial dropdown
selector and cluttered overlaid radial graphs were noted. Re-
vision: The dropdown was replaced with a robust search-and-
select interface, and layout elements were adjusted for clarity.

¢ Fairer Evaluation: Difficulties accessing the baseline 2D
plots raised fairness concerns. Revision: Baseline access
was streamlined, task instructions were clarified, and the
prior workload questions were replaced with the standardized
NASA-TLX questionnaire.

These critical changes shaped the final system and study protocol
for the final 25-participant evaluation.

4 USER STUDY

We conducted an online user study with approximately 25
anonymized participants to evaluate how well users could interpret
and compare multi-dimensional trust information using a baseline
system (Visualization A) and our proposed system (Visualization
B). The goal of the study was to assess how effectively each visual-
ization supported tasks involving similarity judgments, trust-profile
comparisons, and recognition of patterns across 27 agencies. Each
visualization component was evaluated separately to isolate its indi-
vidual contribution to user performance. In Visualization A, partic-
ipants used a Warmth—Dominance scatter plot and individual radial
graphs to answer targeted comparison questions. In Visualization
B, they completed analogous tasks using overlaid radial graphs and
a UMAP similarity map, which required selecting nearest neigh-
bors, identifying balanced or unbalanced profiles, and interpreting
overall trust structure. For both systems, participants also rated ease
of use, confidence, and mental workload, and provided qualitative
feedback to help identify the strengths and limitations of each visu-
alization.

5 RESULTS

Participants demonstrated noticeably better performance with the
proposed system compared to the baseline. Tasks were completed
about 20% faster on average (baseline: 9.08 minutes; proposed:
7.40 minutes), indicating that users were able to interpret and com-
pare agencies more efficiently. Accuracy also improved: while the
baseline produced several mid-range accuracy scores (some tasks
around 55-75%), the proposed system consistently achieved high
accuracy, with many tasks falling in the 95-100% range.

The NASA-TLX style ratings (shown in the radial graph/Figure
2) support these trends. Participants reported notably lower effort
and higher ease of comparison with the proposed system. This led
to significantly higher confidence in their answers. Frustration lev-
els were comparable, but factors like mental demand and physi-
cal demand were both negligibly higher with the interactive tool,



suggesting the trade-off primarily improved usability and accuracy,
rather than simply reducing cognitive load.

When asked to choose which approach they preferred overall,
the majority of participants selected the proposed system, citing
clearer comparisons and easier interpretation of multi-dimensional
information. Taken together, these results show that the proposed
visualization improved speed, accuracy, and user experience for un-
derstanding trust patterns across agencies.

Frustration Ment3l Demand

Ease of Compati

2D Visualization (A)
—— Interactive Visualization (B)

Figure 2: Perceived Workload (smaller = better).

6 CONCLUSION

This project introduced a new visualization system designed to help
users interpret complex, multi-dimensional trust data more effec-
tively. Through our user study, we found that the proposed system
consistently supported faster, more accurate, and less cognitively
demanding analysis compared to the baseline. Participants were
able to identify similarities, differences, and overall trust patterns
across agencies more efficiently, and most reported preferring the
proposed system for its clarity and ease of comparison.

Together, these results demonstrate that integrating multi-agency
overlays with a similarity-based embedding provides a more intu-
itive and powerful framework for understanding institutional trust
data. The project highlights how thoughtful visualization design
can meaningfully improve both analytical performance and user ex-
perience when working with high-dimensional information.
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ABSTRACT

We present an interactive, multi-view PCA dashboard for human
population genetics that centers interpretability and social responsi-
bility in genomic visualization. The system links each individual’s
PCA position to concise gene-level annotations, enables simulta-
neous comparison across multiple principal component views, and
supports group-level exploration through lasso-based selection and
interpretation panels. In a within-subject study using chromosome
1 data, the interpretable dashboard improved quiz performance, en-
hanced users’ understanding of PCA variability and genetic drivers,
and reduced support for racialized, misinterpreting narratives rela-
tive to a static PCA baseline. These findings suggest that embed-
ding interpretive context directly into clustering visuals can both
aid exploratory analysis and strengthen robustness against delib-
erate misuse of population structure plots. The dashboard can be
accessed herel

Keywords: PCA, population genetics, interpretability, socially-
responsible computing, human-computer interaction.

1 INTRODUCTION

Visualizing the genetic relationships between individuals and pop-
ulations is a key element of population genetics research [6, 4]
However, human genome data is very high-dimensional. As a re-
sult, scientists often employ dimensionality reduction techniques
such as Principal Component Analysis (PCA) to create accessible
visualizations. Here, each individual represents a point, and their
position is determined by the pattern of single-nucleotide polymor-
phisms (SNPs), or mutations, over each individual’s genome.

PCA Interpretations

Number of PCs (1-5) 3
Number of SNPs (1-10) 3

Ag 1 127 soloctod samples. Top gonos
con positon;

Countin
Gene. selection
Intergenic: 320

Example function

coniz 204

S caoMa 127

Gloise 127

PTGFRN 127
ENSG00000289657 69
RABGAPIL B

ENSG00000291138 19
FAAHPY 19

Figure 1: PCA Analysis dashoard includes hoverable gene interpre-
tations, lasso capabilities to analyze driving differentiating factors in
groups, multiview plots for tracking points across PCs, and an inter-
pretation panel for extended responses.
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However, PCA’s emphasis on cluster differentiation creates mis-
leading or even dangerous inferences. Given the abstract nature of
the optimization algorithm, users may struggle to intuit meaning be-
hind the distances between points; further, these distances change
depending on the visualized principal components (PCs) [S]. As a
result,malicious actors have manipulated PCA plots in support of
claims about white supremacy and eugenics [2].

To address these challenges, we developed a dashboard to em-
phasizes plot sensitivity and expose the underlying genetic features
that contribute to individual positioning (Fig. 1). This includes a
number of novel elements. First, we have multi-view visualiza-
tion, enabling users to view the same data point across multiple
PCA plots; second, we have an integrated interpretation panel
for exploration of biological function through a hover or a click;
third, we have subsample interpretations, in which users can se-
lect a series of points to conduct a group interpretation.

2 RELATED WORK

Past work in improving population-structure visualizations have
highlighted the need for interpretability in clustering. Critically,
PCA provides no explicit interpretation mechanism for understand-
ing why individuals appear in particular positions within the em-
bedding, and its views can change significantly depending on the
PCs used.

Recent methods such as GAUDI have been applied to other clus-
tering methods, such as UMAP, and incorporated integrated inter-
pretation using SHAP values to quantify feature contributions [3].

To address limitations in single-view PCA, prior work has ex-
plored integrating multiple datasets or representations into a shared
low-dimensional space. Approaches such as joint PCA aim to ex-
tract components that summarize variation across several views, re-
ducing view-specific distortions and emphasizing shared structure
[9]. Although this improves stability, it still lacks mechanisms for
interpreting feature contributions within the embedded space.

3 METHODOLOGY

This study used chromosome 1 data from Phase 3 of the
1000 Genomes Project, which contains 6 million SNPs across
3,500 individuals [1]. To visualize this data, we filtered
the genomes based on read quality, then constructed a geno-
type matrix with dimensions number of SNPs x number
of individuals.Thus, we could characterize each individual
as a vector based on the presence or absence of each SNP.

To find the most contributing genes for each position, we ex-
tracted the absolute value of the PC loading score for each SNP.
These SNPs were then assigned gene identity and function with the
pyranges and mygene packages [/, 18]. We then paraphrased
these captions with GPT-5 to shorten the text (prompts here).

We surveyed Brown University’s Population Genetics course
(BIOL 1430), to assess the performance of our visualization. Where
relevant, we used within-group comparisons between our interac-
tive plot and the baseline static plots; higher, positive values indi-
cate a preference for the interactive system, while lower, negative
values indicate a preference for the static system.


https://two370-survey.onrender.com/
https://github.com/cs237-final/src/blob/main/gpt-command.txt

4 RESULTS
4.1 User Performance Improved in Interpretable Plot

Quiz Accuracy in Static vs. Interactive Plot  Time to Complete Quiz in Static vs. Interactive Plot
. B SiatcPlot W neracive Pt

Figure 2: While the quiz for the interpretable visualization took an
average of 0.75 minutes longer, users had higher performance than
on the baseline visualization.

To understand how well users can navigate the visualization in-
terface for exploration and discovery, we had users complete a short
quiz. These questions covered basic interpretation of gene func-
tions, gene relationships to PC clustering, relative point locations
across PCs, and comparisons of relatedness.

When using the interpretable software, users scored almost 12%
higher than when using the standard visual. However, it took 45
seconds longer to complete the quiz, which we attribute to taking
time to get accustomed to the dashboard functionality (Fig. 2).

4.2 Users preferred the interactive visualization in use
cases around pattern recognition, accessibility, ex-
ploration, and gene contribution.

User Visualization Preferences Across Tasks Average Within-Group Difference between Interactive and
Static Plots in General Use

20

GanyoPCA  Undantanang _ Undorsar
Wy o convouang of ane
s

Figure 3: Left Users had the highest preference for the interpretable
plot in all metrics. Right In a within-group study, users found the
interpretable plot favorable across key metrics.

We explored preferences of users across tasks to better under-
stand key abilities and limitations of the interpretable method as
compared to the baseline. Across all tasks, users had the high-
est preference for the interpretable method, indicating that it has
stronger abilities in explaining contributing genes and their func-
tions, depicting PCA drivers, providing exploration, and being ac-
cessible to non-scientists. Critically, in the interactive plot, they
were less confident in the genetic groupings; this is a key result, as
we want users to understand the variation intrinsic to PCA.

4.3 Interactive plot reinforces the flexibility and variable
view of PCA visualization

A key element of ensuring individuals de-center the division of peo-
ples in PCA is understanding the arbitrariness inherent to PCA;
looking at two different PCs will provide entirely different views
of clusters. To assess this, we had users conduct a Likert sur-
vey for each visual. We found that the interpretable method was
1) more transparent about PCA variability, 2) enforced an under-
standing of what genes drove each view, and 3) prevented the over-
interpretation of distances (Fig. 4). These results show promise in
conveying that our visual provides a less rigid approach to PCA in-
terpretation, thus promoting the togetherness of groups as opposed
to separation.

Average Within-Group Difference Between Interactive and
Static Plot in PCA Transparency
125

080
- . .
000

The method was  Enforced meaning of Prevented

Oiflerance in Interacive and Static Scorss

fexibilty distances between
points

Figure 4: Users found the interactive plot scored better for PCA trans-
parency, explanation of drivers, and preventing over-interpretation of
distances.

4.4 The interpretation-based method enforces caution
in user decision-making and strengthens robust-
ness to misinterpretation

Average Within-Group Difference Between Interactive and Static Plot Average Within-Group Difference Between Interactive and Static Piot for
for Racial Interpretation Tasks Misinterpretation-Based Questions

Easly supports  Rebuts claims about Milgates delberate. Provents delberate

Difernce nIneraciveand St Scores

Figure 5: User survey results in misinterpretation settings

To study how users may unintentionally draw biased conclu-
sions from each visualization, we asked users to support or refute
three statements about individual HG03616. For the first statement,
the interactive plot more strongly refuted HG03616 being funda-
mentally different from other South Asians, supporting a holistic
view of relationships. For the second, users again favored the in-
terpretable plot to show that PCA-based distinctions involve signif-
icant gray areas. Finally, users indicated that the interpretable visu-
alization more convincingly disproved the notion that racial differ-
entiation could be attributed to a single gene (Fig. 5, left).

To test robustness to deliberate misinterpretation, users rated the
effectiveness of the baseline and interpretable method in 1) sup-
porting a given racialized claim and, 2) rebutting a given racialized
claim, and 3) mitigating and preventing deliberate misinterpretation
(Fig. 5, right). Users found that, compared to the static baseline, the
interpretable method supported racialized claims less easily, and in-
stead strongly rebuked said claim. Additionally, when asked about
ability to mitigate and entirely prevent weaponization, users favored
the interactive visualization, providing evidence for the effective-
ness of our visualization system in creating socially-robust visuals.

5 CONCLUSION

This new approach improved user understanding of contributing
DNA regions to PCA formation, embeds notions of plot sensitiv-
ity, and increases robustness to deliberate manipulation.

More broadly, we hope this dashboard can be applied to larger
sections of the human genome. This study was conducted exclu-
sively with chromosome 1, thus we hope to show that similar find-
ings will occur across chromosomes. Additionally, this dashboard
and interpretation-in-visualization method will be applied to other
dimensionality reduction techniques, such as UMAP and t-SNE.

While no single solution will be able to solve deliberate misin-
terpretation of data, it is critical to build safeguards and education
against this use. In establishing an accessible platform for both
scientists and non-scientists alike, this dashboard pushes closer to
having a socially-responsible platform for human genomic visual-
ization.
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6 CONTRIBUTIONS: SKYLAR WALTERS
6.1 Intellectual Contributions

As PI for the project, I was responsible for the conception of the
visualization system. I co-developed this framework by reviewing
past research in PCA for human genomics and work in social vi-
sualization, with particular emphasis on sources [2] and [5]. This
project remained largely similar to our finished creation, though we
ultimately decided to focus on PCA instead of working with both
PCA and UMAP.

After creating the group, I proposed adding a feature that ad-
dressed subsample interpretations (ie., our lasso tool), which Kyle
and I discussed in-depth before deciding to implement as a supple-
mentary feature.

6.2 Practical Contributions

Much of my technical contributions came in the form of writing
Python Scripts and creating the Dash app. Having a background
in population genetics, I was already familiar with processing hu-
man genome data. I pulled all of the ChrY and Chrl1 data from 1000
Genomes, then created the genotype matrices with the GenotypeAr-
ray package. Further, I wrote scripts to filter to only the high-quality
reads to ensure the robustness of our PCA. Following this, I coded
the PCA that we used in our experimental ChrY data, then the real
PCA we employed in the final Chrl data.

With this, I was able to create an interpretability software that re-
turned the relevant locus location, but not the actual function. With
Kyle’s integration of MyGene and Pyranges, we were able to unite
these elements.

Using the format and structure of Kyle’s HTML draft, I was able
to write the Dash app for use in the survey. This entailed restruc-
turing much of our preliminary code to work in Dash as opposed
to Jupyter notebooks, and broadly covered 1) having alternative
views correspond to the main plot, 2) having hovers show up, and
3) adapting Kyle’s gene interpretation panel.

Being in BIOL1430, I wrote the survey/quiz, and also adminis-
tered it in the course.

7 CONTRIBUTIONS: KYLE WISIALOWSKI
7.1 Intellectual Contributions

When I began working on the project, Skylar had already developed
a first-draft of the interactive PCA plot with hoverable tooltips dis-
playing the top 3 contributing SNP locations for each datapoint. My
first task was to figure out how map the SNP location to a gene la-
bel. After a bit of research, I was able to find a Python library called
MyGene that made it very easy to query annotated gene data.
Once we had decided to use MyGene, the next challenge was
figuring out how to effectively present gene descriptions to users.
I helped brainstorm a redesign of our interactive display to include
an exploratory side panel that would allow the user to investigate
detailed gene information without overloading the main interface.

7.2 Practical Contributions

After experimenting with the MyGene library as a method of ac-
quiring gene descriptions, I ended up sticking with this approach
and integrated it into our final pipeline. I was able to include the
description query functionality into the existing architecture that
populated the hoverable displays on the plot.

While we were still figuring out how we wanted to summarize
the gene descriptions, I decided to write a HTML-generating script
that would extend the PyPlot interface to include a large side panel.
Since PyPlot was limiting us to tooltips as our only method of in-
formation display, it was hard to customize the existing script. The
HTML program allowed me to include a completely separate side
panel that Skylar could further refine by converting the HTML de-
sign into a PyDash program.
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ABSTRACT

LiDAR point clouds are very common data formats in archaeol-
ogy. They effectively record the spatial and visual information cap-
tured from a region in a top-down view, providing accurate dis-
tance measurements and structural information about archaeologi-
cal sites. However, such systems suffer from dense vegetation and
complex geography. In the context of this project, dense vegetation
hinders users from effectively identifying the structures of human-
constructed sites and determining mutual visibility through the cov-
erage of dense vegetation. Our work aims to address these issues by
aggressively removing vegetation and reconstructing the remaining
sites into explicit geometries that accurately reflect their topological
structures.

Keywords: Reconstruction, LiDAR-based point clouds, site ex-
traction

1 INTRODUCTION

LiDAR (Light Detection and Ranging) is a technique commonly
used in archaeology to collect point cloud data that captures the
geographical information of a site. They are proven to be very ef-
fective and accurate. However, in vegetation-dense areas like mid
and southern America, vegetation may conceal human-constructed
sites that researchers are interested in and prevent them from un-
derstanding the internal structures of these sites. Besides that, the
researchers are also interested in the spatial distribution of sites and
their intervisibility - it is a demonstration social hierarchy between
the residents of the sites. Effective vegetation removal and site ex-
traction will contribute significantly in determining both issues.
Our approach involves a 3-step pipeline: patch-level vegetation
filtering, surface reconstruction and Laplacian smoothing of recon-
struction. The first step mobilizes PDAL (Point Data Abstraction
Library) to classify ground and non-ground points and remove the
non-ground ones. The second step mobilizes Poisson Reconstruc-
tion to reconstruct the surfaces from point clouds, with a final step
of applying Laplacian smoothing to improve the geometry integrity.

2 EXPOSITION
2.1 Overeview of the Pipeline

Our progressing pipeline transforms an unprocessed LiDAR point-
cloud dataset that contains coverage of a forested Chachapoya hill-
top, producing a smoothed mesh reconstruction of the architectural
regions with the tall vegetation removed, emphasizing the struc-
tures. This workflow comprises four main steps:

 Patch-level vegetation filtering using joint height and color
clues
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* Poisson surface reconstruction of a watertight mesh from
the segmented point cloud

* Laplacian smoothing to reduce small-scale noise and stabi-
lize the reconstructed mesh

The philosophy of our approach is to aggressively remove vegeta-
tion and optimize the results with maximized exploitation of com-
putation resources, then reconstruct the sites through Poisson Sur-
face reconstruction or Point2Mesh models. This approach provides
researchers with explicit geometry that reflects accurate internal
structures through providing an explicit geometry instead of sparse
points that is not reflective of structural information.

2.2 Ground-Based Vegetation Removal with PDAL

The raw LiDAR point cloud represents terrain, vegetation, and
human constructions. Vegetation removal is performed indirectly
through ground classification, following standard airborne LiDAR
processing workflows as implemented in the Point Data Abstraction
Library (PDAL). Rather than explicitly identifying vegetation ob-
jects, this approach separates ground from non-ground points based
on local geometric properties of the surface.

The method assumes that the ground surface is locally smooth
and continuous and above-ground objects (including vegetation)
may cause abrupt height variations over flat areas. A ground classi-
fication filter will be applied to the point cloud, operating on spatial
proximate objects to evaluate elevation differences, slope changes,
and local relief. Points consistent with the expected terrain height
variation are labeled as ground, while points that exceed these con-
straints are classified as non-ground.

Ground elevation is estimated by analyzing the lowest returns
within local neighborhoods and progressively refining a terrain sur-
face model. This process is conceptually similar to progressive
morphological filtering and other widely used bare-earth extraction
techniques in LiDAR analysis.

Vegetation removal is then achieved by keeping only points clas-
sified as ground and removing all non-ground points. This results
in a bare-earth representation of the landscape in which vegetation
canopy, understory, and other elevated features are removed. Un-
like point-wise semantic classification, this method relies purely on
geometric relationships and does not incorporate spectral or inten-
sity information.

While effective for producing digital terrain models and reveal-
ing large-scale topographic features, this approach may misclassify
low vegetation or erode small above-ground structures. As a coun-
termeasure, we manually select the human-constructed structures
from the remaining point clouds and mobilize surface reconstruc-
tion algorithms/models to build an explicit geometry.

2.3 Poisson Surface Reconstruction

After vegetation removal, the remaining points represent the union
of ground and unchanged structural surfaces, but we can still only
observe them as a sparse sample. To obtain a more visually co-
herent and interpretable representation, we reconstruct a mesh via
Poisson surface reconstruction [2].
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Figure 1: Comparison of reconstruction results.

Poisson surface reconstruction treats the input as a point set
where each point has an estimated normal vector, which we com-
pute through principal component analysis (PCA) on its k-nearest
neighbors. The algorithm treats these normals as samples of the
gradient of an unknown indicator function Y, then solves a Poisson
equation

Vi =V.V,
where V is a vector field derived from the oriented points. The
resulting scalar field is globally optimized to fit all input points at
the same time.

In our case, Poisson reconstruction is well suited to the archaeo-
logical data, since it avoids local inconsistencies that can caused in
purely using local triangulation on noisy data. Also, where vegeta-
tion removal has created small gaps (between tree trunks and adja-
cent walls), the implicit formulation naturally interpolates plausible
surfaces, often closing wall faces and terrace tops.

Another attempt we have made is using Point2Mesh. It is a
“technique that reconstruct a surface mesh from an input point
cloud. This approach “learns” from a single object, by optimizing
the weights of a CNN to deform some initial mesh to shrink-wrap
the input point cloud [1].” One of the particular strength of this
model is computational simplicity: since there exists a model for it,
we can use the model for inference instead of spending enormous
computation power on reconstruction. Another major strength is
that this model provides a water-tight reconstruction, which ensures
the geometric integrity of the reconstruction quality. The users were
asked in the user study to determine the model created from differ-
ent approaches.

2.4 Laplacian Smoothing

While Poisson reconstruction provides a relatively smooth surface,
the mesh can still show small stair-step-like artifacts inherited from
the irregularity of the sampled points. We apply a Laplacian-based
mesh smoothing operator to further regularize the mesh structure
[3].

This method acts as a low-pass filter on vertex positions:

N T
JeAN (i)

where x; is the position of vertex i, .4 (i) is its 1-ring neighborhood,
w;j are normalized weights, and A is a small step size. It cancels
high-frequency noisy vertices while preserving lower-frequency ge-
ometric features.

We apply a small number of smoothing iterations with small step
sizes (j5) to preserve sharp wall tops and terrains while avoiding
over-smoothing.

3 USER STUDIES

All users were presented with the following results and asked which
of the following models do the consider as the best in terms of ge-
ometry integrity: 1. Pure point clouds from LiDAR files. 2. Results

from Poisson Surface reconstruction algorithm without Laplacian
smoothing. 3. Results from Point2Mesh model without Lapla-
cian smoothing. 4. Results from Poisson Surface reconstruction
algorithm with Laplacian smoothing. 5. Results from Point2Mesh
model without Laplacian smoothing. Our results show that most
users consider 5 as the best-performing processing pipeline.

4 CONCLUSION

We present a pipeline for improving the interpretability of LiDAR
point clouds in vegetation-dense archaeological landscapes. By
aggressively removing vegetation and reconstructing the human-
constructed features into explicit surface geometries, we aim to
address two key challenges in archaeological LiDAR point cloud
dataset analysis: the visual obstruction caused by dense canopy
coverage and the difficulty of reasoning about site structure and in-
tervisibility from sparse point data.

Our pipeline integrates ground-based vegetation filtering using
PDAL with surface reconstruction techniques, including Poisson
surface reconstruction and learning-based Point2Mesh models, fol-
lowed by Laplacian smoothing to enhance geometric coherence.
This combination enables the transformation of point clouds dam-
aged by aggressive filtering into watertight and visually stable
meshes that better capture the topology and spatial organization
of human-constructed. Compared to raw point clouds, the recon-
structed geometries provide a clearer representation of human con-
structions.

User study results indicate a preference for reconstructed meshes
over raw LiDAR point clouds, with learning-based reconstruction
methods receiving the highest ratings in terms of perceived geo-
metric integrity. These findings suggest that explicit surface recon-
struction, particularly when paired with aggressive vegetation sup-
pression, can significantly enhance the usability of LIDAR data for
archaeological analysis.

Despite these improvements, our approach remains sensitive to
the quality of ground classification and may erode subtle above-
ground features during vegetation removal. Future work will fo-
cus on incorporating semantic-aware filtering, adaptive parameter
tuning, and visibility analysis directly on reconstructed meshes to
further support archaeological interpretation. Overall, this work
demonstrates the value of combining traditional LiDAR process-
ing with modern surface reconstruction techniques to better illus-
trate the structural information embedded in complex, vegetation-
covered landscapes.
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5 CONTRIBUTION
5.1 Yiyang Zhang

My contributions to this project is the development and testing
of the patch-level filtering and reconstruction pipeline for the Li-
DAR data. I implemented the local patch-based vegetation filter
that combines height-above-ground and RGB green-channel domi-
nance, including the design of per-patch statistics, threshold selec-
tion, and rules for preserving structurally ambiguous regions. I also
integrated Poisson surface reconstruction into the pipeline to en-
sure that architectural features such as walls and terraces remained
coherent in the resulting meshes.

5.2 Yuqiao Guan

I contributed to the project by introducing Point2Mesh model into
the pipeline and tested the PDAL pipeline for vegetation removal.
Also, I implemented the pipeline to incorporate extracted sites and
post-process with Point2Mesh models to observe its advantage and
disadvantage over Poisson surface reconstruction methods.



