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Overview
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No good interactive viewer for

campus!




Google Maps GoGaucho

e No street-view! e Has classroom search feature
e Lacks visual contextl!




Create a virtual and interactive model
of the UCSB campus

Locations in the model correspond
with accurate GPS world coordinates






http://drive.google.com/file/d/1Urp0S3TN4ekp2y9PSLGrmldbaIG3oCAj/view

VR Demo time!!!




Imaging

Pipeline




Processed Images

Metadata Merging /
Standardization

Privacy/Dataset
Filtering

Sky Segmentation

Segmented Images




e Need high enough sampling rate s.t.
multiple photos capture same
features

e Encompasses whole building
o Ground + Aerial shots

e Accurate + Well-suited camera
parameters:
o Focal length, resolution, 3D GPS
coordinates
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Need high enough sampling rate s.t.
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o Ground + Aerial shots
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coordinates




Sky regions add noise, causing floating points
and weaker Gaussian Splats.

e SegFormer classifies sky pixels per image,
keeping only those connected to the top edge
to filter false positives.

e Masking sky pixels ensures features are
extracted only from structures, improving point
cloud and splat quality.




e Privacy/Ethical usage — No identifying features
on people, cars, etc...

e Non-ideal Photos — Worsen reconstruction &
cause visual artifacts

e Image Density — Not enough photos = worse
reconstruction

e Storage - Takes up terabytes of storage










e GCood coverage «
e |esstransient objects «

e Keepsimportant buildings «







B Emlid Device

Wingtra
Drone

DJI Drone



Reconstruction

Pipeline




e Why not toss all of ourimages at once?

1) Computationally inefficient

1) Purely ground-level and purely drone
images will not match even if GPS
information says so

1) Bundle adjustment parameters will be
different for size of each building
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e Why not toss all of ourimages at once?

1) Computationally inefficient

1) Purely ground-level and purely drone Not enough
images will not match even if GPS
information says so

features to
accurately match

1) Bundle adjustment parameters will be
different for size of each building

i




Why not toss all of ourimages at once?
1) Computationally inefficient

1) Purely ground-level and purely drone
images will not match even if GPS
information says so

1) Suboptimal for hyperparameter search
due to buildings of different sizes
- ex:Buchanan v.s. Chem/PSNB




Processed Images Point Clouds Point Clouds Merged Point Cloud

3D Reconstruction

Point Cloud Filtering Point Cloud Merging

Densify Point Cloud




Ground Images Sparse Point Cloud



http://drive.google.com/file/d/1gNbEUn7QdiNhTispFFiGFiGHLIU8K-pp/view

Drone Images



http://drive.google.com/file/d/1-kXKqK4Wa8BYTkZdEOHyMUav5yV9sYei/view

1. Image Retrieval
a. Import a large dataset of images
b. Summarizes the entire image into one representation
c. Nearest neighbors




2. Feature Detection and Extraction
a. ldentify key points and features
b. Local feature descriptors

Feature detectlon




3. Feature Matching
a. Match/pair key points between images to find correspondences
b. Geometric verification

Feature matching




4. Structure-from-Motion (SfM)
a. Recovers the camera viewpoints from
multiple images
b. Createsan initial sparse point cloud of the

scene

5. Multi-view Stereo (MVS)
a. Creates dense point cloud from sparse

reconstruction
b. Millions of points instead of thousands

Important for improving render.

3D reconstruction processed via COLMAP (Schénberger & Frahm,
2016).




Oneissue of implementing both
drone and ground imagery is that
some locations will have weak

overlap in the 2D images gathered
by both

Solution: Give the computer a
“starting guess” prior to mapping
based on GPS data




e Collection of 3D points combine to create
a “scaffold” of a real world scene

e Made from images with overlapping
details

e 3D ‘skeleton’ of scenes where each point
has its own position.

e Blue trianglesrepresent where the
camera location is

Chemistry Building





http://drive.google.com/file/d/14eM8u1nm80X3NnQp_rz3HLEOQXG5VoA2/view
http://drive.google.com/file/d/1rfmKIZllQgkPqWf--awztJo_CwtFkOzW/view

e Are we just going to make a single point cloud all at once? NO

e We merge point clouds based on their gps data
o Accurately place them onto their global coordinate system along with other
reconstructions

e Thisallows ustoincrementally build the campus
e We find the optimal scale, rotation and translation and apply itto all our 3D points




Sparse Reconstructions

KITP



http://drive.google.com/file/d/1gNbEUn7QdiNhTispFFiGFiGHLIU8K-pp/view

Dense Reconstructions



http://drive.google.com/file/d/1Dw1J6pX2AH5sAUPXVs2Y2AwJouNZCYib/view

Sparse Reconstructions

CHEM/PSNB



http://drive.google.com/file/d/1LGAEqkqaeGHzShJpXhbxbFUr3DlP_sq3/view

Dense Reconstructions

CHEM/PSNB



http://drive.google.com/file/d/1FeqSXIzmiFq4w37l_iGnyWHUc5nU-2Zj/view



http://drive.google.com/file/d/1CelfRT1AGNNyilDpz1lrLQxovt1NWDDX/view

Dense Reconstructions

Drone - Lagoon Flight 1



http://drive.google.com/file/d/1URUDXW82kMceZkrWB0a98L-Hf9X_pjWd/view

Dense Reconstructions

Drone - Lagoon Flight 2



http://drive.google.com/file/d/1PobO9EdONgQXD-crvfuqR8vjq_RLH35v/view

Gaussian
Splats

What are they, why are
they useful, demo




Merged Point Cloud

Gaussian Splatting

Segmented Images

Gaussian Splat

Filtering

Gaussian Splats

Gaussian Splats

Gaussian Splat
Merging

Merged Gaussian
Splat




Gaussian Splat Model

Sparse Point Cloud



http://drive.google.com/file/d/1t-YKRTO6jxN1vmL_ldbYA_JQaEsTw0fP/view

e 3D scenerepresentation technique
that uses millions of anisotropic
Gaussians

e FEach Gaussian has:

(@)

O
o
O

Position
Color
Opacity
Covariance

(Ex 'tx)d

0.20
0.15
0.10
0.05
0.00 7




e Renderedonce e Can getreal-time rendering

e Estimate depth & geometry, e Optimizing millions of 3D
then texturize per image Gaussians per scene

e High accuracy e High visual quality

e Mesh output e Scales well to large datasets
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e Sparse points used to initialize a Gaussian-based scene
representation

e Each point becomes 3D Gaussian distribution

x
—
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Initialization




e Training/Optimizing
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Load splat files directly in the
browser, clean up noisy splats,
crop artifacts, and optimize
scenes

No local software or

installation required :

R )

i”l‘-l




Before After



http://drive.google.com/file/d/1zjbzz2fCrO9zvD3ipCHMyFCq--7Z6dXc/view
http://drive.google.com/file/d/1r0EIjcHMoeUZigALqqtK_6Yo55hFHsJ7/view
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hfh_mrl_dense_filtered by ari — splatter.app


https://splatter.app/s/x6v-4l8
https://splatter.app/s/x6v-4l8
https://splatter.app/s/x6v-4l8
http://drive.google.com/file/d/1BaFmiohffZBnaHnMYejNhAv1br0fnO0E/view

Ground Truth




Error




Error

Alignment error

Grass Texture
Hard to Replicate
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Kitp_filtered by ari — splatter.app



https://splatter.app/s/us6-756
https://splatter.app/s/us6-756
https://splatter.app/s/us6-756
http://drive.google.com/file/d/1NxySEV3z6uPSdvD1vbReR96AUlOvUDjP/view

Ground Truth




Isb_mcmc by ari — splatter.app


https://splatter.app/s/3i0-d2p
https://splatter.app/s/3i0-d2p
https://splatter.app/s/3i0-d2p
http://drive.google.com/file/d/1ipVMBMfiCwpxRUAruEscLVOts56_58An/view




drone_east_prelim by ari— splatter.app



https://splatter.app/s/phf-mg9
https://splatter.app/s/phf-mg9
https://splatter.app/s/phf-mg9
http://drive.google.com/file/d/1-gfWbo37RL3uSXN8rsnzEszb73tOy9r0/view

e Each buildingis trained as its own separate Gaussian splat
e We merge them into one scene using their GPS coordinates to place each
splat in the correct real-world position

e Arethere problems with just stacking them together? YES
o Duplicate Gaussians overlap at the boundaries between buildings

e Solution:
o Voxel grid filter removes duplicate Gaussians at building seams






http://drive.google.com/file/d/1dqU4xDcmTAwo9pgwfDmcFAekEy8K3iEA/view



http://drive.google.com/file/d/1Si5gUGrnPZEMaivPGlV9AfAfbfuyURPK/view

:i; Next Steps

Gaussian Splatting

pipeline, VR/browser
integration




How to distinguish between Branch and
Leaf




Why campus 3D is hard ? Why we choose GaussianPlant?

e People, cars, and trees move and °
create artifacts

e Thin structures are easy to miss, like °
branches, railings, wires

e We often need outputs that are not only °
pretty, but also measurable and editable

Foreground masking and tracking to
reduce dynamic noise

Separate coarse structure from fine
appearance for more stable geometry

Graph based structure extraction to
recover tree like topology

Gaussian to mesh conversion for
measurements and downstream tools
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Result from Desplat
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Ground Truth Image Rendered Result
Result from Desplat




Our coverage of campus using the
EMLID did not cover all of UCSB
o Inthe future, EMLID shots can be
collected for the remainder of
campus




e |Import rendered Gaussian Splats into
Unity

e Implement physics engine so users
can “walk” around

e People can add assets and place
“temporary” objects in our Gaussian
Splat




F25: Basic image F25: DISK & RoMA for F25: Research other W26: Using EMLID to
collection for testing initial SfM pipeline algorithms to include gather proper images

Where we are now

@ @ ® o
W26: Finalize Image W26: Finalize W26: Start Gaussian S26: Finalize S26: VR and
Preprocessing Reconstruction Splatting Pipeline Gaussian browser
Pipeline Pipeline Splatting implementation
Pipeline




Chandrakanth Dr.B.S. Charvi Mendiratta

Gudavalli Manjunath
Dr. Yogananda Dr. llan Ben- Karolina Low
Isukapalli Yaacov
G3 Students Chris Wimmel UCSB ECE MLLAB
(Undergrad Systems
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Appendix




The purpose of thisis to have a standardized
image set for a reliable metadata foundation
Convert raw images into a single standard JPG
format

Generate a structured manifest.json to describe
each image

Preserve original metadata for downstream
processing




Establish consistent photo to GPS point connection
as well as reference layer
e Merge photo metadata and matched EMLID
data via timestamps with time constraint
o 5second window for a match
o Same day constraint
e Output structured XML file for 3D
reconstruction
o Match or no match the photo will show up
in the XML file but under different tag







e Point clouds give outliers/errors due to

mMany reasons
o Snowballs into suboptimal R
Gaussian placements — —

e Solution: Filter points after 3D
reconstruction s e




Sparse Reconstructions

Ellison Hall



http://drive.google.com/file/d/1E-p4Jbbzfz7pP7zH-5pZrqLOB97tRfGN/view

Dense Reconstructions

Ellison Hall + North Hall



http://drive.google.com/file/d/1O9Mea5hXoOP0xYGS3ktYX-_CuhjTPVV7/view

gsplat:

e Optimized version
of 3DGS

e Fast, good for
single buildings
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http://drive.google.com/file/d/1-jScZkB0NH2K-aX7a_U7L9FBlXTovWz6/view

SDGS inktinbiestion
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GaussianPlant: structure-aligned 3DGS for plants

Goal: recover appearance + internal structure
Output: realistic rendering

Output: branch structure (tree-like)

Output: leaf instances (leaf-by-leaf)

Designed for plant-oriented tasks

Train a standard 3DGS model from multi-view images
Cluster Gaussians into groups

Use length vs. width to decide “branch-like” vs “leaf-
like”

Build cylinders/disks file, branch file and leaf file

Jointly optimize appearance, semantics, and structure
graph




The purpose of thisis to have a standardized
image set for a reliable metadata foundation
Convert raw images into a single standard JPG
format

Generate a structured manifest.json to describe
each image

Preserve original metadata for downstream
processing




Establish consistent photo to GPS point connection
as well as reference layer
e Merge photo metadata and matched EMLID
data via timestamps with time constraint
o 5second window for a match
o Same day constraint
e Output structured XML file for 3D
reconstruction
o Match or no match the photo will show up
in the XML file but under different tag







e Point clouds give outliers/errors due to

mMany reasons
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e Solution: Filter points after 3D
reconstruction s e




Sparse Reconstructions

Ellison Hall
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Dense Reconstructions

Ellison Hall + North Hall
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GaussianPlant: structure-aligned 3DGS for plants

Goal: recover appearance + internal structure
Output: realistic rendering

Output: branch structure (tree-like)

Output: leaf instances (leaf-by-leaf)

Designed for plant-oriented tasks

Train a standard 3DGS model from multi-view images
Cluster Gaussians into groups

Use length vs. width to decide “branch-like” vs “leaf-
like”

Build cylinders/disks file, branch file and leaf file

Jointly optimize appearance, semantics, and structure
graph




Imaging / Pre-processing :
1. Raw Image Collection
2. EMLID GPS Fusion

3. YOLO Privacy Filtering
4. Sky Segmentation / Masking

!

3D Reconstruction :

1. Image Retrieval
Feature Detection & Extraction
Feature Matching
Spatial Matching
Structure-from-Motion
Multi-View Stereo
Point Cloud Filtering
Model Alignment
Point Cloud Merging

©®NOUTAWN

Gaussian Splatting :

1.

O T

Input: Point Cloud + Camera
Poses

Gaussian Initialization
Training / Optimization
Building Splat Output

Voxel Grid Filtering

Splat Merging

Export/ Render




Imaging / Pre-processing :
1. Raw Image Collection
2. EMLID GPS Fusion
3. YOLO Privacy Filtering
4. Sky Segmentation / Masking

Photos from drones and ground
cameras

Tag each photo with its exact GPS
location

Blur faces, license plates, and people
Mark sky pixels so they're ignored
during reconstruction




3D Reconstruction:

Image Retrieval

Feature Detection & Extraction
Feature Matching

Spatial Matching
Structure-from-Motion
Multi-View Stereo

Point Cloud Filtering

Model Alignment

Point Cloud Merging

OO UTAWN

Find which photos overlap with
each other

Identify distinctive points in each
image

Link matching points across
photos

Use GPS to skip pairs that are too
far apart

Recover camera positions and
build a sparse 3D map

Fill in the map with millions of
points

Remove noise and outliers

Put the model to real-world GPS
coordinates

Stitch building clouds into one
campus map




Ju—

Each point becomes a 3D Gaussian

2. Refine color, shape, and opacity per
Gaussian

3. Each building trained as its own splat

4. Remove duplicate Gaussians at seams

5. Place each building at GPS-correct

position

Gaussian Splatting :

1.

O T

Input: Point Cloud + Camera
Poses

Gaussian Initialization
Training / Optimization
Building Splat Output

Voxel Grid Filtering

Splat Merging

Export/ Render
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