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Motivation

 Digital Twins (DTs) necessary, e.g.,:

+ Gaming
 Medical
e Garment

« Up to country-wide city models

» But DTs require:

* 3D minimum-viable representation (think CAD)
* Semantics
« Accuracy & Completness

« 3D Computer Vision so-far:

* Small-scale and...
* Toy examples

Wysocki 0., Xia Y., Wysocki M., Grilli E., Hoegner L., Cremers D., Stilla U. Scan2LoD3: Reconstructing Semantic 3D Building Models at LoD3 Using Ray Casting and Bayesid® We&hRorks, 2 3
Yang J., Sedykh E., Adhinarta JK., Le H., Fua P. Generating Anatomically Accurate Heart Structures via Neural ImplicitnHi€ldAl 2024
https://grabcad.com/library/gamepadl ,GrabCAR2025
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CVA4DT Vision

Focal points:

3D semantic understanding,
3D semantic reconstruction,
3D models as sensors,

Uncertainty quantification —

overarching all three aspects.

LAING O'ROURKE CENTRE
for CONSTRUCTION ENGINEERING
and TECHNOLOGY

sensor
data

-

3D semantic 3D semantic
understanding reconstruction

uncertainty

3D models as
sensors

’))L

simulation
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3D Computer Vision for Built Environment

Can we go beyond the toy examples?

a plush dragon toy 3D model (mesh)

Construction site 3D model (BIM)

One-2-3-45++: Fast Single Image to 3D Objects with Consistent Multi-View Generation and 3D Diffusion, CVPR 2024
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Benchmark Datasets: ZAHA

ZAHA: The largest facade segmentation dataset

Level of Facade Generalization (LoFG)

» 15 facade classes
» 3 levels of generalization
* Over 600 min points

p > facade & its <
E | | & vicinly 4
- 7
e floor decoration structural opening B
[ | : * l | : ? l | e ? l | e ? l | = elements
-
Ll ground . . . N
o e terrain molding deco wall stairs blinds door roof other
\ S
L[ I:‘ . . . D column balcony window interior
wall  window door balcony molding deco column arch stairs
[ ] o m
ground surface  terrain  roof blinds interior other arch

Wysocki O., Tan Y., Froech T., Xia Y., Wysocki M., Hoegner L., Cremers D., Holst Ch. ZAHA: Introducing the Level of Facade Generalization and theSicatgd?oint Cloud
Facade Semantic Segmentation Benchmark DaWWseiCV * 2 5
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Benchmark Datasets: TUM2TWIN httes:/tum2t.win

Z Fraunhofer
1058

3D models

Point clouds Images )
A = & F % - i guB
= P~=N R HRE

. . . : : 1
Wysocki O., Schwab B., et al. TUM2TWIN: Introducing the Lar§eale Multimodal Urban Digital Twin Benchmark Dataset, Submitt8BRS Journal of Photogrammetry and 0
Remote Sensing
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3D Semantic Segmentation

EARLYy: How effectively can we use geometry for segmentation?

» Fusion of geometric features + learned features
 EARLy + PointNet: ~81% ( +9%)

 EARLy + PointNet++: ~81% (+6%)
« EARLy + Point Transformer (PT): ~88% (+10%)

» Faster convergence (2x Faster)
* Less compute needed (2x Less Parameters)
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Input - point cloud Output - segmented point cloud

Tan, Y., Wysocki, O., Hoegner, L., and Stilla, U. Classifying point clouds at the facade-level using geometric features and deep learning networks, 3D Geolnfo 6 2 3

11
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3D Semantic Segmentation

EARLYy: How effectively can we use geometric prior?
Example of fagade segmentation results

Before our EARLY

HE RIS

After our EARLY

M ——A,

12
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3D Semantic Segmentation & Reconstruction

Laser scanner rays penetrate transparent objects ->

no point cloud!

Can we use it to our advantage?
* Probabilistic ray tracing of points -> Empty, Occupied,
Unknown voxels

* Comparison to 3D building model -> Confirmed, :
Conflicted voxels op
Y'\‘w =

« Conflicted voxels -> refinement required

|

1

Unknown
PERS RS

Probability [%]
100

il 75
50

25

13

Wysocki O., Grilli E., Hoegner L., Stilla U. Combining Visibility Analysis and Deep Learning for Refinement of Semantic 3D Building Models by Conflict dlaSs#dat®n, An n a |
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3D Semantic Segmentation & Reconstruction

How effectively can we use our strong prior for segmentation and reconstruction?

Scan2LoD3: Uncertainty-aware late fusion of semantic maps for more accurate 3D reconstruction

« Bayesian Network calculates target based on uncertain input
« Output -> Uncertainty-aware target map and reconstruction instances

i > Segmentation >

P point cloud 2 3D elements
probability map ‘ library

Visibility
analysis

Bayesian

Rphe » 3D semantic
etwor!

reconstruction

target
probability map

conflicts
probability map

LoD3
semantic 3D
building model

prior
building model

~] L lMHH'"“'

“ " |H

texture
probability map

b Segmentation >
g 08
facade texture

Wysocki O., Xia Y., Wysocki M., Grilli E., Hoegner L., Cremers D., Stilla U. Scan2LoD3: Reconstructing Semantic 3D Building Models at LoD3 Using Ray Casting and Bayesiaﬂ4
NetworksCVPR * 2 3
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3D Semantic Segmentation & Reconstruction

Scan2LoDa3:

Conflict Map + Point Cloud Map:

* Openings loU: ~61% ( +54% [/ +3%)
Conflict Map + Point Cloud Map + Texture Map:
* Openings loU: ~76% (+59% / +18%)
Point-cloud-only:

* Openings loU: 7%

Image-only:

* Openings loU: 58%

windows with blinds

STEYRTEY

AEIAN Fl'H“nlll

s b O an
T T

“Hﬁlﬂllﬁlnﬂaa

!- li

loU = 53.6 loU = 46 loU = 73.8 . IoU =51.1
groundtruth w/o images w/ images

Wysocki O., Xia Y., Wysocki M., Grilli E., Hoegner L., Cremers D., Stilla U. Scan2LoD3: Reconstructing Semantic 3D Building Models at LoD3 Using Ray Casting and Bayesiar?5
NetworksCVPR * 2 3
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3D Semantic Segmentation & Reconstruction

What happens if we do not have any scanners? Let use panoramic images (think Google Street View)!

Texture2LoD3: More accurate panoramic image projection -> more accurate segmentation & reconstruction

» Building models composed of planes — use them as rectification targets for panoramic images
* Image2building and transform to quasi-orthorectified image

Texture

- '
f"""""”"""’:‘ Front-Facade 4
| detectlon - - Projection I
! : _ejecton D .
i :
____________________ i

Identified 3D Model Simplified 3D Model Textured Mesh ' 2D Openings Segmentation
Facade Surface Facade Surface ) ; \

[ 3D City Model panoramic Images ]

Object Detection

Rectified Texture

I
[ n
Instance B
I
Segmentation
s Instance Mask  4-Point Fitting . .
Target Building
i drilateral e |
= Q“Fi:ﬁ:gm . Facade Elements Reconstruction |
Panorama Image ! ) \ y
2 Rectified Image Tile Segmented Facade .

With Annotated Target Buiding

Tang W., Li W., Liang X., Wysocki O., Biljecki F., Holst Ch., Jutzi B. Texture2LoD3: Enabling LoD3 Building Reconstruction With Panorami¢c (NRRJQS

16
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3D Semantic Segmentation & Reconstruction

TeXtur92L°D3: GT Segmentation Mask LoD3 Model
e +10% loU vs
baselines
« On par with saaaaasnnns
manual SegFormer 83333333801

MaskFormer

mloU: 0.30 mIoU 0.48

TSN TR R
Mask2Former [ [ l: g | I. o R

mloU: 0.57 — mIc;U: 0.55

EEREEEREEEuE NSO EEEEAE
Grounded SAM 2 fainig tee TEle [ 1N |
Baa LI I |
mloU: 0.20 mloU: 0.19 mloU: 0.25
w/o surface rectification 4-point-manual Texture2LoD3 (Ours)

Tang W., Li W., Liang X., Wysocki O., Biljecki F., Holst Ch., Jutzi B. Texture2LoD3: Enabling LoD3 Building Reconstruction With Panorami¢c (NRRJQS

17



1_ W Cambridge Centre for
O Smart Infrastructure ... TRG GRS CEiTe
€Vv4 & Construction e

3D Semantic Segmentation & Reconstruction

Gaussian Splatting reconstruction yielding appealing Gaussian Splatting reconstruction in the practical,
visualization built environment scenario

18


https://3dartist.substack.com/p/wtf-is-a-gaussian-splat
https://www.google.com/url?sa=i&url=https%3A%2F%2Fmedium.com%2Fdata-science%2Fturn-yourself-into-a-3d-gaussian-splat-3a2bc59a770f&psig=AOvVaw1uWsqEZsj-zm767oJOPzy5&ust=1751887032767000&source=images&cd=vfe&opi=89978449&ved=0CBQQjhxqFwoTCPiLyPWNqI4DFQAAAAAdAAAAABA0

Cambridge Centre for
Smart Infrastructure
& Construction

3D Models as Sensors & Reconstruction

Gaussian Splatting GS) — State-of-the-art

19
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3D Semantic Reconstruction & 3D Models as Sensors

Prior-driven Gaussian Splatting

GS4B: Can we recycle worldwide-available 3D models to initialize + optimize GS reconstruction?
* Leverage prior model approximations to reduce noise and outliers
» Supervise by model-extracted depth and normals

4 N

- o

Pre-defined Camera Parameters

}

Full-scene
novel view

1
,
Building LoD2 Model : Depth Maps MNormal Maps Building Masks Z!

Building-only
. ' . novel view
Point Sampling (Sec 3.1) Priors (Sec 3.2)
— » ’ > L = Limage + Laepth + Luormal
e nitialize \ '
2D Gaussians \ _/
Sparse Point Cloud Inputs Optimization (Sec 3.3)

(a) Depth supervision L4 p (b) Normal supervision £, p

Zhang, Q., Wysocki, O., Jutzi, B. GS4Buildings: Pri@uided Gaussian Splatting for 3D Building Reconstr@cib@Ge ol nf o * 25
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3D Models as Sensors & Reconstruction

GS4Buildings: S m
. fraanEa s gE BN LD j’ FENLENr l
+33% higher accuracy, v
: MVS
+64% higher completness Extracted Mesh s N (oucs) Extrcted Mesh

w—'
‘ ls I |}

EENESENEEEREEENEN

Our GS4B Our GS4B (Building-only mode)

21
Zhang, Q., Wysocki, O., Jutzi, B. GS4Buildings: Prior-Guided Gaussian Splatting for 3D Building Reconstructon3 DGeo |l nf o 625
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3D Semantic Reconstruction & 3D Models as Sensors

GS4B:
+33% higher accuracy,

+64% higher completness

MVS

Extracted Mesh
Laser Scanning GT

y
2DGS
Extracted Mesh
\‘\
GS4B ' ) \
(ours) Extracted Mesh (d) GT (e) 2DGS (f) GS4B (ours)

Zhang, Q., Wysocki, O., Jutzi, B. GS4Buildings: Pri@uided Gaussian Splatting for 3D Building Reconstr@cib@Ge ol nf o * 25
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3D Uncertainty-aware Reconstruction

CD-GS: Uncertainty-aware Gaussian Splatting
Including confidence for RGB edge + depth maps

Confidence-Aware Depth Regularization:

» Generates confidence maps for each depth map
« Adaptively adjusts depth loss during optimization

« Enables reconstructing:
* Small objects
* Corner cases (literally as well!)

Distance (m)
0.4

Ground Truth 3DGS DRGS

Ground truth point cloud M3C2 distance visualization

Zhang, Q., Wysocki, O., Urban, S., Jutzi, B. CDGS: Confidenagvare depth regularization for 3D Gaussian SplattimgCost 3D ‘24

CDGS (Ours)

23
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3D Models as Sensors

Can we use 3D semantic models for radar object detection?
Yes!
It turns out that:
*  We get the depth estimation + semantics of the scene for free

« SSL used for getting the dynamic objects features
* We can improve detection results by ca. +7% vs SOTA

Pretext Task .
. Our RadarCity Dataset
Contrastive
— SSL S 20 0 60 80 100 120
DepthiMeter)
,' Weights (a) Depth map includes the dis- (b) Semantic map represents scene
Range-Azimuth Maps ,/ Transfer Images tances to objects in the scene. segmentation, where each color en-
7 T I codes a distinct object class.
Radar Object Detection I’ o cetlon:y Oblact - Canid T ey
Paciti [ahiact Canfi 2
+ Position |Object Confidence
Class Value

(44,94) |cyclist  [0.97
(35, 170) |Pedestrian [0.83
(83,45) |car 0.99
(23,46) |car 0.99

Semantic 3D City Models
Confidence Maps

deigotilis (c) Camera image. (d) Semantic map overlaid on the
image.

Luo Y., Hoffmann R., Xia Y., Wysocki O., Schwab B., Kolbe TH., Cremers D. RADLER: Radar Object Detection Leveraging Semantic 3D City ModelsSaperSsiéd Radar
Image Learnind VPR * 25
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3D Models as Sensors

Can we use 3D semantic models for localization without GNSS?
Yes!

2D image to 3D geometry problem
*  We get the 3D global (worldwide) coordinates for free
» Drastic changes in representation still challenging
« Still possible to retrieve inliers (+optional radiometry in limited cases)

Image Palr

I Camera Calibration E
Camera Pose =
: H

Facade Image

: Car Image :
T T T T T T T T T T T T P PP PPN H

Gaisbauer S., Gyawali P., Zhang Q., Wysocki O., Jutzi B. To Glue or Not to Glue? Classical vs Learned Image Matching for Mobile Mapping Cameras to Textured Semantic 3D Buildir
Models] SP RS A n Biarihger A, @\&ocki OuttasS.,Hoegnel., Holst CrAnalyzinghe Impact of Semantic LoD3 Building Models on lthaged Vehicle Localization, 25

3DGeoInfd 2 4
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3D Models as Sensors

Can we use semantics of OpenStreetMap for LiDAR place recognition? Si:%eA 5:2antic o
1 can oordinates
Turns out that we need only one scan to get meter-level accuracy - .’/'7;,}‘ “““““““ \
« Generate visibility mask to attend to visible regions ) >/ l; -"~ 4117, 490094 |
« Siamese CNN to get local feature maps in BEVs (point cloud + OSM) ] N /
» Adaptive Radial Fusion (ARF) for dynamic radial feature weighting :
* Achieving +16% higher recall (KITTI, KITTI-360) -  Query\ Retrieve
= § ! ~ “Area: 1.6 km’
@ Memory: 186 KiB

( Visibility Mask Generation ARF =

I Semantic P F Radial Proposals

| Point Cloud

| w 1

| . - ﬁ | SA & Norm

I ' &0 [

: CA &Norm «——

~ |

I\‘- N/ 4 e

I - ' SA  Self Attention () Add

: ".L‘/!j CA  Cross Attention (1) Position Encoding

AAP Average Angular Pooling

Kang S., Liao MY., Xia Y., Wysocki O., Jutzi B., Cremers D. OPAL: Visibiltgware LiDARD-OpenStreetMap Place Recognition via Adaptive Radial Fusion, Acc€uBd t@ 5

26
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Digital Twins — they need 3D vision

o

Sense ‘ Understand & Reconstruct ‘

Unsolved!

Mission of CV4DT!

Mirtaat reality

28
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3D computer vision for built environment

Can we go beyond the toy examples?

A construction site

One-2-3-45++: Fast Single Image to 3D Objects with Consistent Multi-View Generation and 3D Diffusion, CVPR 2024

29
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CV4DT — On the mission to create the built environment ecosystem

Formulate scientific problem =
challenge

Datasets

Propose new research direction Solutions for scientific problems

Project Methods

proposals

Feedback from industry People working on scientific problems

Industry CVBE

Academia community

31
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CamCV — Cambridge Community for Computer Vision

Gathering CV-related researchers of Cambridge!
« Webpage
* Regular meet-ups
« Invited talks

» Pre-conference events (e.g., CVPR/ICCV... paper presentations in Cambridge)
* ..and more?
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