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About Me

[ am a Postdoctoral Researcher in the Laboratory of Geo-information Science and Remote Sensing at
Wageningen University & Research, and remain affiliated with the 3D Geoinformation group at Delft
University of Technology (TU Delft) as a visiting researcher. I earned my PhD from TU Delft, where my
research focused on the semantic understanding of urban scenes using textured meshes. Previously, I
completed dual Master’s degrees in Geoinformation Science from Technische Universitit Berlin (TU

Berlin) and The Chinese University of Hong Kong (CUHK).

My expertise spans photogrammetry, computer vision, computational geometry, geoinformation, and
remote sensing. My research aims to advance the interpretation of urban environments through
enhanced 3D modeling techniques and to develop innovative applications that leverage 3D spatial

intelligence.

Research Interests

¢ Photogrammetry and Computer Vision: 3D reconstruction, semantic understanding, human-
computer interaction, and shape analysis

¢ Computational Geometry: geometry processing and analysis, with a focus on textured meshes
and point clouds

¢ 3D Geoinformation: data acquisition and integration, city modeling, urban scene analysis an%

simulation, and geodatabase
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1. Fundamentals of urban 3D reconstruction



3D Data Acquisition — Sensors & Platforms

Vehicle Drone Aircraft Satellite




3D Data Processing — From Camera

Multiple Views Images

Multiple View Geometry

Sparse Point Cloud

Textured Mesh

Triangulated Mesh

3D Reconstruction Pipeline




3D Data Processing — From LiDAR
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3D Representations of Urban Scenes
Point Clouds, Textured Meshes, Polygonal Surface Model (with/without textures)
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Google Earth’s Photorealistic Mesh covering more than 2,500 cities worldwide
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Why using Textured Meshes ?

the textured meshes

Advantages of using

Adaptive representations
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Which 3D representation is best suited for spatial
computation in urban scenes?
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Vertex

Edge

| 1. VECTOR REPRESENTATION (Vertices & Edges)

Defined by explicit geometric primitives.

4. TRIANGLE MESH
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2. POINT CLOUD
Unstructured set of discrete data points.

5. NEURAL RADIANCE FIELDS (NeRF Slice)

3. VOXEL GRID (2D Slice)
Volumetric elements on a regular grid.

6. GAUSSIAN SPLATTING (2D Ellipses)
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Semantic 3D c'iEy models (CityGML)
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Semantic 3D city models
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Applications of 3D urban meshes (CityGML)

> Requirements: Semantic information for interpretability, simplified geometry for computation.

Urban Low-Altitude Logistics Delivery Precise Urban 3D Mapping Urban Environment Simulation
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From Visualization to Computation
Reality: Textured Meshes Are

O
3 Visually Perfect

Industry standard for visualization. Lightweight and
visually realistic with continuous topology.
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Bottleneck: Semantically
Empty & Structurally Loose

Lack of structural information limits deep applications
(Prediction, Simulation, Decision).
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Scientific Challenges

ﬂResearch Question: How to transform visually realistic but unstructured textured meshes into

computable, semantic, and topologically guaranteed 3D city models?

. . Semantic Segmentation Structural
Inl Data & Tool Deficit Bottleneck Reconstruction Limits
> Lack of mesh annotation tools » Methodological gap » Manual dependency

» Lack of benchmark datasets » Poor generalization > Topological failures & No semantic

spc Y

il 1
& - -

Inefficient Annotation & Bottlenecks Fails in Large-Scale, Diverse and Prevents Automated LoD3 Semantic

Model Training and Evaluation Complex Urban Scenes City Model Reconstruction




Core Scientific Innovations

@ Core Objective: To achieve high-fidelity semantic understanding and automated structural

Value <:I Innovations <:I Challenges

reconstruction from large-scale urban textured meshes.

3D Urban Mesh Benchmark
Construction

No Benchmark Datasets

Large-Scale 3D Urban Scenes
New Benchmarks

»SUM-Parts (object/part-level,
21 classes, covering 4 km? area)

» Building-PCC (50K real-world
point clouds for completion)

Fill gaps in urban 3D benchmarks

Enables training & evaluation for
segmentation and completion

Multi-Granularity Semantic
Understanding

Multi-LOD Structural
Reconstruction

No Method for Large-Scale Data

Geometry Structure-Aware
New Methods

> Interactive textured mesh
annotation (+40% efficiency)

» Planarity-sensible 3D deep
learning (+29% generalization)

High-fidelity mesh interpretation

Solves core demand for efficient,
precise mesh semantic labeling

No Automatic LoDs Modeling

Semantic-Driven Decomposition
New Frameworks

»Images-based unsupervised
roofline extraction for LoD2

»Automated watertight LoD3
city model reconstruction

New 3D reconstruction paradigm

Breaks automation bottleneck for
multi-LoD 3D city modeling

Urban Scene Multi-Granularity Semantic Understanding and Multi-LoD Solid Model Reconstruction®




2. Benchmarking object-level semantic segmentation



Semantic Understanding from Point Clouds

Semantic3D: sg27-10-reduced

Input Point Clouds Semantic Segmentation Results

Il road grass [l tree M bush buildings hardscape [l artefacts cars

SensatUrban

i

SemanticKITTI Hessigheim 3D



2. Methodology — Objective
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2. Methodology — Pipeline

As new training data

B Ground

Building

- Vegetation

Water
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l Legend of Ground Truth

Random Forest
Classifier

23



2. Methodology — Annotate the raw mesh

< UrbanMeshAnnotator - a1 X
File Edit View Help
Geometric Objects & X

B =

Name s Mode View
Tile_+1987_+2... . TextureMode-+flat+edges v

< >
Annotation S
View
Probability |below - : | e
Labels

_undassited )~ | around (@)~ IC TN

[vesetstionta s IO iz
0
Estimated Progress: 0%
Surface Mesh Selection g X
Selection mode
Selection type: () Triangles (® Segments

Smart mode: ISpﬁentl'emshwﬂlregmgm ']

Basic selection
Multi-selection rings: 0 - ExpandReduce o 5 ‘ [ tasso
Select Semantic Class  None M

Extract the most planar region within a segment

Max distance to plane: l

Max accepted angle: I :90‘0 v ]
Min region size: l ‘0 ¢ ]
K neighbors: I [12 v ]
Split Clear Segments
Select All Invert Selection Clear Selection
Console & X
~
[17:06:09] INFO: The number of facet is 252080, the number of segment is 39
[17:06:12] INFO: Done in 10.851s
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2. Methodology — Refine the predictions

¥ UrbanMeshAnnotator
File Edit View Help
Geometric Objects & X

¢ =

Name s Mode View
Tile_+1987_+2.. [l  TextureMode+flat+edges

Annotation 8 x I i

View !

Probability |below  + - B E] A
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building (B) v] 7 3 : 4
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Estimated Progress: 0%
3595
i X - s
Surface Mesh Selection 8 . a;@
Selection mode 1 3 3 3
Selection type: (O Triangles @® Segments | ot 1 :
Smartmode:  mone - .

Basic selection
|
Multi-selection rings ( : BExpandReduce [0 T l [ Lasso

Select Semantic Class  None -
Select All Invert Selection Clear Selection

Console

[16:31:22] INFO: There is not spiit segment been selected!

[16:31:22] INFO: Done in 14,3955
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(a) Original

(b) Segments (¢) Predictions

B Terrain

F ¥
AV b 'y
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(d) Truth
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Building " Water I High vegetation Il Vehicle I Boat

(e) Error maps
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4. Results — Final results




4. Results — Evaluation of competition methods
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4. Results — Data splits and sampling

Surface Area (km2)
= N w
- (6] N [6)] w (6}
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(a) Texture Mesh (b) Wireframe

® Train
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1 nLl- L )

ground vegetation building water vehicle boat
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(c) Sampled Point Cloud
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4. Results — Comparison

Terrain  High vegetation  Building  Water  Vehicle Boat  mloU OA mAcc mF1 torain
PointNet (Qi et al., 2017a) 56.3 14.9 66.7 83.8 0.0 0.0 36.9 +2.3 71.4 +2.1 46.1 +2.6 44.6 +3.2 1.8
RandLaNet (Hu et al., 2020) 38.9 59.6 81.5 27.7 22.0 2.1 38.6 +4.6 749 +3.2  53.3 5.1 49.9 +4.8 10.8
SPG (Landrieu and Simonovsky, 2018)  56.4 61.8 87.4 36.5 34.4 6.2 47.1 £2.4 79.0 +2.8 64.8 1.2 59.6 +1.9 17.8
PointNet+ + (Qi et al., 2017b) 68.0 73.1 84.2 69.9 0.5 1.6 49.5 +2.1 85.5 +0.9 57.8 1.8 57.1 1.7 2.8
RF-MRF (Rouhani et al., 2017) 77.4 87.5 91.3 83.7 23.8 1.7 60.9 +0.0 91.2 +0.0  65.9 0.0 68.1 +0.0 1.1
KPConv (Thomas et al., 2019) 86.5 88.4 92.7 77.7 54.3 13.3 |68.8 +5.7] 93.3 +15 737 +54 76.7 +5.8 235
Baseline 83.3 90.5 92,5 86.0 37.3 7.4 66.2 +0.0 93.0 £0.0  70.6 0.0 73.8 £0.0 1.2
——Baseline (ours) ——KPConv
70% r
2
X 60% | §
2 E i
= 55% | :
= |
50% ! !
450/0 1 ] 1 1 1 1 1 1 : 1 1 1 1 1 1 1 1 1 ]

O A A A A A A° A AC A AC AC AC AC A A A A A A A A O P
FER S ST TS ESTEEEFEESSs

Training area (%)
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3. Planarity-sensible semantic mesh segmentation



Existing approaches

[Landrieu and Martin 2018] [Cohen-Steiner et al.

Over-segmentation of 3D Data 2006]

[Rouhani et al.
Semantic segmentation of 3D Data 2017] 32
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Planarity-sensible over-segmentation

D B

Input mesh Planar and non-planar classification Over-segmentation
| J

Incremental segmentation

A A s o

Seed Face  Added Face  Non-added Face  Neighboring Face  Region Node  Face Node  Graph Edge
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Semantic classification

2 e ) R o
S Heatg o b

Input mesh Over-segmentation Semantic segmentation
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Feature extraction

Input mesh Semantic segmentation

Classification via GCN
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Edge connections

_."""bl-.||...,
Frtiage

ExMAT edges Spatially-proximate edges
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Parallelism edges

Segments



Segments Connecting-ground edges
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Feature embedding

Node Feature Embedding Edge Feature Embedding

A I A 1

F,(Sk)e "l PointNet —>F;(Sk) 256 FGN |" Fn(ex k+1)4s

HFG — Fiu (1) 48— MLP | GRU —{ ECC [ L(s;)— L(i)

\ y J \ Y J
Global Feature Segment Classification
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4. Structure-aware interactive annotation



Motivation
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Semantic Understanding from Texture Meshes
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Existing interactive image annotation

r_I Label Studio = Projects / Bbox Project / Labeling Settings Import Export
AD  ID HF4Nd * ID: HFANd
o =
No Region selected
Regions

No Regions created yet

Relations (0)

No Relations added yet

Manually labeling

Load inage | Save mask | Load mask | fboout | Exit |

Clicks mansgement
e | =
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W lkss ZoonIn Skip clicks -1
WFixed crop Targat size 445
Expared ratio (1.4
ERS cptions -
=
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Predictions threshold-
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| I m
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I [
Visualisation click radius
I L1

SimpleClick (Liu et al., 2023)
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Grabcut (Rother et al. 2004)
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Existing interactive 3D annotation

amPI o PI

/y , @ . ,/G ; L
;’- | ; ' . = B /| 57
[ O ; 2 E ity A ; | g ‘ ; | / £ ;
I click 2 clicks 3 clicks Ground Truth
Graph cut-based (Liu et al. 2014) Interactive object segmentation (Kontogianni et al. 2023)

AGILE3D (Yue et al. 2024) Segment-based mesh annotation (Gao et al. 2021)



Existing semantic 3D urban datasets

Semantic3D: sg27-10-reduced

Input Point Clouds Semantic Segmentation Results

Il road grass [l tree I bush buildings hardscape [l artefacts cars

A~

i

SemanticKITTI (Jens et al. 2019) Semantic urban mesh benchmarks (Gao et al. 2021%°



Our SUM parts dataset

» Covering approximately 2.5 km? across three representative locations in central Helsinki.
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Face-based annotation - problems

Segment-based mesh annotation (Gao et al. 2021)



Face-based annotation - Interactive 3D selection

4= 20 A8AARAAD

Support plane Protrusions
\ /
Distance d;
Angle w; < Find their differences
Local geometric consistency R; ;
— ——

Input Support plane Protrusions
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Face-based annotation — 3D template matching

-

war segmeny

Geometric and Photometric features <+ Find their similarities
|| F(Seg)” < €5¢9
ﬂlanar segments\
fi{f}
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Face-based annotation — 3D template matching

Spatial constraints
Scale constraints
Topological constraints

g G
8

—

-Seed segment expansmn
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Protrusion matching ||FG™|| < et

Template protrusion decomposition

User-extracted protrusions

Seed segment matching ||[FG¢9)| < 59
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ace-based annotation - demo
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Texture-based annotatlon problems

m‘

/ \ / */\ 4 !
\ | \\“t y / :

\; /4.{_—-—\——7@ \
Richer details than triangles Direct 3D texture labeling involves numerous Directly labeling small texture segments in 2D

inefficient 2D-3D conversions texture images is challenging

Contains objects with complex boundaries and numerous repetitive regular structures, making labeling work burdensome.
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Texture based annotation — Interactive 2D selection
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Texture-based annotation — 2D template matching
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Texture-based annotation - demo
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Evaluation of semantic segmentation — face label

Textured mesh

PointVector

PointNext

Ground truth
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Evaluation of semantic segmentation — pixel label

Textured mesh

PointVector

PointNext

e, &

Ground truth
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Evaluation of interactive face annotation
. I

Manually annotation

Segment-based annotation
A

Our annotation
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Evaluation of interactive texture annotation
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Annotation tool applications




9. Lightweight 3D city model reconstruction



Manual Vectorization (3D Modeling)

Point Cloud-Based Manual Vectorization
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Automatic Vectorization (3D Reconstruction)

The real building

X & 4
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How to represent a semantic 3D city model with simple geometry?

Watertightness, 2-Manifold, Computational Efficiency
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How to represent a semantic 3D city model with simple geometry?
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How to represent a semantic 3D city model with simple geometry?
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Other research works

LoD2 building model
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How to use these semantic 3D city models?

Structural Damage: 75%
Roof Destruction: 40%

* Automatic geometric measurements ¢ Spatial analysis based on external data.

* Interactive spatial computations. * Environment simulation based on physical engines.
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Applications with Semantics

s have successfully smuggled
several Arianian developed Radiological
Dispersal Devices (RDD) along with 6
fighters, IPE and assault weapons across
the border and into Pineland city.
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6. Future Research Prospects



Future Research Prospects - Environment dynamics

» Nature's Impact on the Urban Landscape: Capturing how natural forces—extreme winds, heavy rain, intense

heatwaves—dynamically interact with the 3D city.
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Future Research Prospects - Carbon-based organism interactions

» The Pulse of Human and Biological Activities: Analyzing the mutual influence between human crowds, animals,

and the urban environment.
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Future Research Prospects - Silicon-based organism interactions

» Al Agents Navigating the Physical World: Enabling Al agents use 3D city maps to navigate urban canyons,

comply with noise rules, and interact with structures.

41 -;i drdl
I UILERE |

AT
'8 "3'!‘ o




Future Research Prospects - Cross-agent synergy

» Ultimate Collaboration: Supporting complex, real-time teamwork between human decision-makers, citizens, and

Al robots within a dynamically changing digital twin.
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