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1. Fundamentals of urban 3D reconstruction



3D Data Acquisition – Sensors & Platforms
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Camera LiDAR Submarine / Boat Tripod

Vehicle Drone Aircraft Satellite
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3D Data Processing – From Camera

3D Reconstruction Pipeline
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3D Data Processing – From LiDAR

Point Cloud Registration

Point Cloud Denoising
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Point Clouds, Textured Meshes, Polygonal Surface Model (with/without textures)

3D Representations of Urban Scenes
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Nerf: Neural Radiance Fields 3DGS: 3D Gaussian Splatting

3D Representations of Urban Scenes
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Google Earth’s Photorealistic Mesh covering more than 2,500 cities worldwide

Which 3D representation is most widely used for the 

visualization of urban scenes?



Why using Textured Meshes ?

Advantages of using the textured meshes:

• Adaptive representations.

• Efficient rendering.

• Rich texture color information. 

• Topological information.
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Which 3D representation is best suited for spatial 

computation in urban scenes?
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3D Representation for Spatial Computation



Semantic 3D city models (CityGML)
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Semantic 3D city models
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Applications of 3D urban meshes (CityGML)
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Urban Low-Altitude Logistics Delivery

Embodied AI Simulation TrainingMetaverse and Spatial Intelligence

Precise Urban 3D Mapping

Indoor 3D Scene Modeling

Urban Environment Simulation

➢ Requirements: Semantic information for interpretability, simplified geometry for computation.
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From Visualization to Computation

Reality: Textured Meshes Are 

Visually Perfect
Industry standard for visualization. Lightweight and

visually realistic with continuous topology.

3D“Raster”Data

Bottleneck: Semantically 

Empty & Structurally Loose
Lack of structural information limits deep applications

(Prediction, Simulation, Decision).

3D “Vector” Data



Scientific Challenges

Structural 

Reconstruction Limits

Prevents Automated LoD3 Semantic 

City Model Reconstruction

➢ Manual dependency

➢ Topological failures & No semantic

Data & Tool Deficit

➢ Lack of mesh annotation tools

➢ Lack of benchmark datasets

Inefficient Annotation & Bottlenecks 

Model Training and Evaluation

Semantic S egmentation

Bottleneck

Fails in Large -Scale, Diverse and 

Complex Urban Scenes

➢ Methodological gap

➢ Poor generalization

SPG SUM -RF

OursKPConv
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➢ Research Question: How to transform visually realistic but unstructured textured meshes into 

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



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

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

reconstruction from large-scale urban textured meshes.

Core Scientific Innovations
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3D Urban Mesh Benchmark 
Construction

Multi-Granularity Semantic 
Understanding

Multi-LOD Structural 
Reconstruction

No Benchmark Datasets

Large-Scale 3D Urban Scenes 
New Benchmarks

➢SUM-Parts (object/part-level, 
21 classes, covering 4 km2 area)

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

Fill gaps in urban 3D benchmarks

Enables training & evaluation for 
segmentation and completion

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
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2. Benchmarking object-level semantic segmentation
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Semantic3D

21SemanticKITTI

SensatUrban

Hessigheim 3D

Semantic Understanding from Point Clouds
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2. Methodology – Objective 

High-
Vegetation

Terrain

Building

Water

Vehicle

Boat
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2. Methodology – Pipeline
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2. Methodology – Annotate the raw mesh
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2. Methodology – Refine the predictions
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4. Results – Initial segmentation results 
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4. Results – Final results 
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4. Results – Evaluation of competition methods
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4. Results – Data splits and sampling
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4. Results – Comparison
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3. Planarity-sensible semantic mesh segmentation



Existing approaches

Over-segmentation of 3D Data 

Semantic segmentation of 3D Data 

[Schnabel et al. 2007] [Landrieu and Martin 2018] [Cohen-Steiner et al. 
2006]

[Landrieu and Boussaha 2019] [Rouhani et al. 
2017] 32



How to better separate objects?
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How to better separate objects?
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Planarity-sensible over-segmentation

Input mesh Over-segmentationPlanar and non-planar classification

Incremental segmentation
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Texture mesh Wireframe

OursConnected component
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RG (13656) GP (30586)

Ours (8637)VSA (14177)
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SP (92010) SC (85126)

Ours (8637)VCCS (51199)
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Semantic classification

Input mesh Over-segmentation Semantic segmentation
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Semantic segmentationInput mesh

Classification via GCN

Feature extraction

Graphs
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Edge connections

Connecting-ground edgesParallelism edges

ExMAT edges Spatially-proximate edges
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Segments Parallelism edges
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Segments Connecting-ground edges
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Segments ExMAT edges
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Segments Spatially-proximate edges
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Feature embedding
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Texture mesh Ground truth

OursError map
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Texture mesh Ground truth

OursError map
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SPG SUM-RF

OursKPConv
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SPG SUM-RF

OursKPConv
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SPG SUM-RF

OursKPConv
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4. Structure-aware interactive annotation



Motivation
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Semantic Understanding from Texture Meshes



Existing interactive image annotation

Manually labeling Grabcut (Rother et al. 2004) 

Segment Anything (Kirillov et al., 2023)SimpleClick (Liu et al., 2023)
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Existing interactive 3D annotation

Interactive object segmentation (Kontogianni et al. 2023) Graph cut-based (Liu et al. 2014) 

AGILE3D (Yue et al. 2024) Segment-based mesh annotation (Gao et al. 2021) 64



Existing semantic 3D urban datasets

Semantic3D (Hackel et al. 2017) SensatUrban (Hu et al. 2022) 

SemanticKITTI (Jens et al. 2019) Semantic urban mesh benchmarks (Gao et al. 2021) 65



Our SUM parts dataset

• Covering approximately 2.5 𝒌𝒎𝟐 across three representative locations in central Helsinki.
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Face-based annotation - problems
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Segment-based mesh annotation (Gao et al. 2021) 



Face-based annotation - Interactive 3D selection
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Input Support plane Protrusions

Input Support plane Protrusions

Find their differences 

Distance 𝒅𝒊

Local geometric consistency 𝑹𝒊,𝒋

Angle 𝝎𝒊



Geometric and Photometric features

Face-based annotation – 3D template matching
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Planar segments

Find their similarities 

𝑭(𝒔𝒆𝒈) < 𝝐𝒔𝒆𝒈

Planar segments



Protrusion matching

User-extracted protrusions

Template protrusion decomposition 

Seed segment matching

Seed segment expansion

𝑭(𝒔𝒕𝒓) < 𝝐𝒔𝒕𝒓

Spatial constraints

Scale constraints

Topological constraints

𝑭(𝒔𝒆𝒈) < 𝝐𝒔𝒆𝒈

Face-based annotation – 3D template matching
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Face-based annotation - demo
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Texture-based annotation - problems
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Richer details than triangles Direct 3D texture labeling involves numerous 

inefficient 2D-3D conversions

Directly labeling small texture segments in 2D 

texture images is challenging

Contains objects with complex boundaries and numerous repetitive regular structures, making labeling work burdensome.



Wassertein distance 

𝒘𝒋 =
𝟏

𝟑
෍

𝒌=𝟏

𝟑

𝑾(𝑮𝒌 𝑺𝒋 , 𝑮𝒌 𝑺𝟎 )

Texture-based annotation – Interactive 2D selection
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𝑮𝒌 𝑺𝟎

𝑮𝒌 𝑺𝒋

𝝆𝒋

𝝆𝒋′

𝑺𝒋′

𝑺𝒋

𝑺𝟎

CIEDE2000 distance: 𝝆𝒋, 𝝆𝒋′

Local color consistency

𝑯𝒋,𝒋′ = 𝝆𝒋 − 𝝆𝒋′

Fine segmentation



Texture-based annotation – 2D template matching
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𝑾 𝑮𝒌 𝑹 𝒕 , 𝑮𝒌 𝑺𝒊
𝒄

< 𝝐𝒔𝒆𝒆𝒅

Seed matching

Region matching

𝒔𝒓𝒂𝒏𝒈𝒆 ∈
𝑵(𝑹(𝒕))

𝒔𝒓𝒆𝒈
, 𝒔𝒓𝒆𝒈 ∙ 𝑵(𝑹(𝒕))

𝑭(𝒓𝒆𝒈) < 𝝐𝒓𝒆𝒈

𝑹(𝒕) 𝑹𝒊
(𝒄)



Texture-based annotation - demo
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Annotation results
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Evaluation of semantic segmentation – face label
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Textured mesh

PointVector

PointNext

Ground truth



Evaluation of semantic segmentation – pixel label
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Textured mesh

PointVector

PointNext

Ground truth



Evaluation of interactive face annotation
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Segment-based annotationManually annotation

Our annotation



Evaluation of interactive texture annotation
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Simple click

Our annotation

Grabcut

Segment Anything
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Annotation tool applications
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5. Lightweight 3D city model reconstruction
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Manual Vectorization (3D Modeling) 

Bentley Systems ESRI Virtual City Systems

Daspatial Technology South Survey Tianjihang Technology

Point Cloud-Based Manual Vectorization

Textured Mesh-Based Manual Vectorization
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Automatic Vectorization (3D Reconstruction)

2D Extrusion Template Matching

Space Partition and Surface Extraction

Holes

Non-manifolds

Self-intersections &

Multiple components

Topological Errors



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



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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Urban Modelling (3D City Modelling)



Other research works
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How to use these semantic 3D city models?

• Automatic geometric measurements

• Interactive spatial computations.

• Spatial analysis based on external data.

• Environment simulation based on physical engines.
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Applications without Semantics
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Applications with Semantics
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Applications with Semantics
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Applications in Different Fields
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6. Future Research Prospects



Future Research Prospects - Environment dynamics
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➢ Nature's Impact on the Urban Landscape: Capturing how natural forces—extreme winds, heavy rain, intense

heatwaves—dynamically interact with the 3D city.



Future Research Prospects - Carbon-based organism interactions
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➢ The Pulse of Human and Biological Activities: Analyzing the mutual influence between human crowds, animals,

and the urban environment.



Future Research Prospects - Silicon-based organism interactions
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➢ AI Agents Navigating the Physical World: Enabling AI agents use 3D city maps to navigate urban canyons,

comply with noise rules, and interact with structures.



Future Research Prospects - Cross-agent synergy
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➢ Ultimate Collaboration: Supporting complex, real-time teamwork between human decision-makers, citizens, and

AI robots within a dynamically changing digital twin.
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7. References
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>250 Open-Source Projects: Source code and datasets
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Thank you for your attention!
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