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About SUNY Korea (Career)
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MEIC Lab. Visual Intelligence and Representative Project
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Neural Rendering & Mixed Reality & Deep Learning &

Digital Twin Group ~ Computer Vision Group EV-PHM Group

ROS & 4
Robot Control Group
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Group members

[~

Jee Won Lee, Sooyeun Yang, Cheyul Lim, Geonwoo Kim, Dohyeon Lee, Sanha Jang,
Ph.D. Student MS Student BS Student BS Student BS Student BS Student

Neural Rendering Neural Rendering Neural Rendering Neural Rendering Neural Rendering Neural Rendering
& RC Group & RC Group & RC Group & RC Group & RC Group & RC Group

Neural Rendering & Reality Capture Group
TrueTwin: Hyper-Realistic 3D Reconstruction
and Twining through 3D Gaussian Splatting

Audai Theinat, Jongseong Choi et al., (2019). Geology Explorations of Lava Tubes in the National Beds Lava Monuments. In 50th Annual Lunar and Planetary Science Conference (No. 2132, p. 3232).

Lim, Hansol, Chang, Hanbeom, Choi, Jongseong Brad Choi*, and Yeum, Chul Min. (2024). LiDAR-3DGS: LiDAR Reinforced 3D Gaussian Splatting for Multimodal Radiance Field Rendering. International Society for Photogrammetry and
Remote Sensing (ISPRS), (Under Review)

Lee, Jee Won, Choi, Jongseong Brad Choi*, and Lim, Hansol. Development of a Web-Based 3D Gaussian Splatting Platform for Remote Inspection of Maritime Ship Components. (Under review)



Neural Rendering & Digital Twin Group

- Full-Size Ship Engine Visual Inspection Through Super Resolution 3D Model (2023 — 2024)
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Neural Rendering & Digital Twin Group
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Background - Current State-of-the-Art

Early 2000s

History in Computer Vision for 3D Reconstruction

Mid 2000s
|

2020
|

2023
|

LiDAR Sensor-based
3D Point Clouds
Uses laser pulses to measure distances

-> generating highly accurate
and dense 3D point clouds

= Vulnerable to occlusion, noise, and
environmental factors (rain, fog, etc.)

= Lacks inherent color & texture information,
requiring additional processing for realistic
visualization

= LiDAR sensor is costly

https://theairlab.org/research/2020/01/31/shimizu/

I
Structure-from-Motion

StM

Reconstructs a sparse 3D point cloud from a
sequence of overlapping 2D images by
detecting and matching keypoints across
HEES

= Requires sufficient overlap & distinct
feature detection = challenging in low-
texture or highly repetitive scenes
Produces a sparse reconstruction that
often necessitates additional densification
steps (MVS) for detailed modeling

Neural Radiance Field Rendering
NeRF

Uses deep Neural Network to learn
a continuous volumetric representation from
multiple images

£ -

= Training & rendering are computationally
expensive & time-consuming
= Requires expensive GPU hardware

I
3D Gaussian Splatting
3DGS

Represents scenes as collection of explicit
Gaussian primitives, allowing for fast,
accurate 3D reconstructions

Enables real-time rendering & interactive
visualization while preserving fine details

So does 3DGS Solve Everything
to visualize scene for the inspectors?

v



Micro-Splatting: summary

- Maki that
Making gaussian Making gaussians Making them small only aKing sure tha

splats very small almost like sphere in high gradient regions

there are no empty spaces
between the small splats

10



3D Gaussian Splatting

SfM Points

Initialization

Overview of 3D Gaussian Splatting

Camera

—>

—>

- ’
“-

3D Gaussians

P
A

Projection

Adaptive
Density Control

E B. Kerbl, S. Herholz, T. Leimkiihler, G. Rainer, and G. Drettakis, "3D Gaussian Splatting for Real-Time Radiance Field Rendering," ACM Trans. Graph., vol. 42, no. 4, article 149, 2023.

=
—

Micro-splatting follows the 3DGS pipeline but integrates a novel framework that enhances the training loop
with an augmented loss, covariance-based regularization and adaptive densification

Differentiable
Tile Rasterizer

—» Operation Flow

Image

—» Gradient Flow

11



Discussion & Limitation

E[ (e NI ET [N ®e]aldge]: By penalizing large or elongated Gaussians, Micro-splatting keeps each splat compact and nearly isotropic, which

helps preserve sharp, high-frequency details that would otherwise be blurred away.

A ET R Hiler dle]a]: The approach selectively splits Gaussians in high-gradient areas, increasing local splat density exactly where fine

structures are needed, thus capturing textures and edges without ballooning the total point count everywhere.

HL E I RN fds): Adding an L2 term and a covariance penalty to the baseline L1 + SSIM framework provides stronger local gradient signals

and explicitly discourages overly large splats, leading to sharper reconstructions while retaining real-time rendering performance.

* Adaptive splitting process can introduce additional computational overhead if thresholds are not optimally set.

* The method’s performance is sensitive to the quality of the initial point cloud from COLMAP, so noisy or incomplete data may

degrade results.

* Tradeoff of retaining quality and accuracy of the model and FPS exists.

12
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Background

Main Ports in South Korea

Headquarter

é ¢

N

-
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But not only this, but the challenges of
inspection exists not only in dangerous
working environment.

__IN (HEON
In the case of ship engine room
inspection where frequent and regular
inspection is necessary, as the ports are

e far away from the headquarter, it is

@ @ " physically hard to be present very
I

{ § frequently.
i « PORT OF 2
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¥ A : :’ - D
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Motivation
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On S|te Data Collection
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Methodology - Data Collection

Data Collection Strategy

Developed based on meticulous calculation of the Field of
View, target structure or scene’s character, and camera
specification

Single equation gives inspectors the exact camera-tilt

required given object distance, scene height, and overlap e

percentage to guarantee sufficient image overlap

Object Haight
h

Distance fo the Object, d

Distance to the Sensor

Angle of View, AoV
angular extent of the scene visible to the camera

Field of View, FoV
actual physical area captured at a given distance d

Vertical Field of View, VFoV
critical when calculating the tilting angle
required to capture overlapping portions of the scene

Scene Height, hg,
for sufficient overlap

Tilting Angle, B,
for sufficient overlap

S
AoV = 2 arctan (2—)
AoV
FoV =2-d-tan 5

h
VFoV = 2arctan| —
0 arcan(zf)

VFOV)

hg: =2-d-tan<

1-0.01X) - h
05, = arctan <( ) SC)

o
WLTEEAX % is the desired overlap percentage

Sensor
healghil
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Neural Rendering & Digital Twin Group

2025

40

1

rx
rA
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LiDAR-3DGS: LiDAR Reinforced 3D Gaussian Splatting for Multimodal Radiance Field Rendering

(2025 — Current)

9

N, _ 3D Color Mapping

; g
AV W
L P

RGB Camera

ROSbag Recording

Dense LiDAR
Point Cloud

Randomly

Subsampled Our Method

Outcome

Coarse Alignment Fine Alignment

Point Cloud Data

.

COLMAP SfM
- orative .
Subsampled Manual Matching : era .er : 99% Scale
LiDAR Closest Points & Coordinate Match
Relative Relative
PSNR Increase 1 % S5IM Increase in %
3DGS [2] 29.77 - 0.960 -
NeRF [1] 31.23 4.904% 0.958 -0.208%
Mip-Splatting [28] 34.56 16.09% 0.979 1.979%
MipNeRF [29] 34.51 15.92% 0.973 1.354%
Plenoxels [30] 30.34 1.915% 0.955 -0.521%
TensorRF [31] 30.60 2.788% 0.956 -0.417%
Instant-NGP [32] 31.20 4.803% 0.959 -0.102%
Tri-MipRF [33] 34.36 15.42% 0.974 1.458%
LiDAR-3DGS (ours) - 7.064% - 0.564%

Lim, Hansol, Chang, Hanbeom, Choi, Jongseong Brad Choi*, and Yeum, Chul Min. (2024). LiDAR-3DGS: LiDAR Reinforced 3D Gaussian Splatting for Multimodal Radiance Field Rendering. International Society for Photogrammetry and Remote Seniig

(ISPRS), (Under Review)




MEIC Lab. Research Groups and Representative Project
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Neural Rendeﬁr*i‘g‘&‘ Mixed Reality & Deep Learning &
Digital Twin Group Computer Vision Group EV-PHM Group

ROS &
Robot Control Group
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Group members
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Joanthan Boyack, Hanbeom Chang, Hyeoji Chang, Sungwook Choi, Eunha Choi,
Ph.D. Student MS Student MS Student BS Student BS Student
Visual Analytics Visual Analytics Visual Analytics Visual Analytics Visual Analytics
& AR Group & AR Group & AR Group & AR Group & AR Group

Mixed Reality & Computer Vision Group
DCRM: Distributed Collaborative

Remote Assessment Metaverse (Collab. w. U. Waterloo)

Jongseong Choi, Chul Min Yeum*, Shirley J. Dyke, Mohammad R. Jahanshahi (2018). Computer-Aided Approach for Rapid Post-Event Visual Evaluation of a Building Fagade. Sensors. 18(9), 3017. DOI: 10.3390/s18093017.
Jongseong Choi*, et al., Automated Graffiti Detection: A Novel Approach to Maintaining Historical Architecture in Communities, Applied Sciences, DOI: 10.3390/app12062983

Jongseong Choi* & Shirley Dyke (2020). CrowdLIM: Crowdsourcing to enable lifecycle infrastructure management. Computers in Industry, 115, 103185. DOI: 10.1016/j.compind.2019.103185

Benjamin Wogen, Jongseong Choi* et al. (2024). Automated Bridge Inspection Image Retrieval Based on Deep Similarity Learning and GPS. Journal of Structural Engineering, 150(3), 04023238. DOI: 10.1061/JSENDH.STENG-12639
Lissette Iturburu, Jongseong Choi* et al, (2024). Building pose detection for the characterization of reinforced concrete buildings. The Structural Design of Tall and Special Buildings, 33(13), €2120. DOI: 10.1002/tal.2120

Hanbeom Chang, Chul Min Yeum, and Jongseong Choi*, (2024). 3D Reconstruction by Looking: Instantaneous Visualization of Point Cloud on an MR Device. IEEE Robot Intelligence Technology and Application. (under review)



Mixed Reality & Computer Vision Group

CrowdLIM: Crowdsourcing to Enable Lifecycle Infrastructure Management (2017 — 2019)

e

Point Cloud &
Camera Locations and Parameters
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Mixed Reality & Computer Vision Group

STORM: Safeguarding Cultural Heritage through Technical and Orgnisational Resources
Management (2018-2022)

Crowdsourcing to Enable Lifecycle Infrastructure Assessment

Graffiti Detector

YoullIB)
o

Cultural Heritage
Assessment
enabled by

Crowdsourcing

Jongseong Choi*, et al., Automated Graffiti Detection: A Novel Approach to Maintaining Historical Architecture in Communities, Applied Sciences, DOI: 10.3390/app12062983
Jongseong Choi* & Shirley Dyke (2020). CrowdLIM: Crowdsourcing to enable lifecycle infrastructure management. Computers in Industry, 115, 103185. DOI: 10.1016/j.compind.2019.103185

22



Mixed Reality & Computer Vision Group

] UNIVERSITY OF

L
% WATERLOO -

S—— DCRM: Distributed Collaborative Remote Assessment Metaverse (2022 - Current) (1)

Smart Structure




Mixed Reality & Computer Vision Group

UNIVERSITY OF

WATERLOO Collaboration between On- and Off-site Users

S—— DCRM: Distributed Collaborative Remote Assessment Metaverse (2022 - Current) (2)

Smart Structure

y

/
VR Remote User: AR On-site User:
View 3D prebuilt map using VR headsetVR AR headset is automatically localized to 3d map
user interacts with AR users remotely AR user interacts with remote VR users in real-time

Benjamin Wogen, Jongseong Choi* et al. (2024). Automated Bridge Inspection Image Retrieval Based on Deep Similarity Learning and GPS. Journal of Structural Engineering, 150(3), 04023238. DOI: 10.1061/JSENDH.STENG-12639
Lissette Iturburu, Jongseong Choi* et al, (2024). Building pose detection for the characterization of reinforced concrete buildings. The Structural Design of Tall and Special Buildings, 33(13), €2120. DOI: 10.1002/tal.2120
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MEIC Lab. Research Groups and Representative Project
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