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01 Introduction
Background

¢ƻŘŀȅΩǎ !L ǎȅǎǘŜƳǎΥ  н5 wŜŎƻƎƴƛǘƛƻƴ κ 5ŜǘŜŎǘƛƻƴ κ {ŜƎƳŜƴǘŀǘƛƻƴ

These systems do not really perceive the 3D world ! 



Future of AI:  Intelligent systems that perceive the 3D world
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Augmented Reality

Navigation Autonomous Driving

Grasping



05 Introduction
Emerging 3D applications

Autonomous Driving AR/VR

Entertainment Cultural Heritages



05 Introduction
Urban 3D Scene Understanding

CƛƎǳǊŜ ŦǊƻƳ [ƛǳ Ŝǘ ŀƭΣ άUrbanSceneо5Υ ! [ŀǊƎŜ {ŎŀƭŜ ¦Ǌōŀƴ {ŎŜƴŜ 5ŀǘŀǎŜǘ ŀƴŘ {ƛƳǳƭŀǘƻǊέ

CƛƎǳǊŜ ŦǊƻƳ  άLƳƳŜǊǎŜ ±ƛŜǿ ŦƻǊ DƻƻƎƭŜ aŀǇǎέFigure from XiangliŜǘ ŀƭΦ  άCityNeRF: Building NeRFŀǘ /ƛǘȅ {ŎŀƭŜέ

CƛƎǳǊŜ ŦǊƻƳ Iǳ Ŝǘ ŀƭΣ ά{vbΥ ²Ŝŀƪƭȅ-Supervised Semantic 
Segmentation of Large-{ŎŀƭŜ о5 tƻƛƴǘ /ƭƻǳŘǎέ



01 Introduction
Research Questions

Semantic Understanding of Urban-Scale 3D Scenes

ü How to build urban-scale 3D datasets? What are the main challenges of urban 3D 

understanding? 

ü How to achieve synthetical generation of urban-scale 3D scenes?

ü How to achieve label-efficient learning of large-scale 3D scenes?



How to build urban-scale 3D datasets? What are the 

main challenges of urban 3D understanding? 

Research Question 1



02 SensatUrban
Background
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Â Large-scale annotated datasets have driven tremendous progress in this field
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CƛƎǳǊŜ ŦǊƻƳ 5ŀƛ Ŝǘ ŀƭΣ άScanNet: Richly-annotated 3D Reconstructions 
ƻŦ LƴŘƻƻǊ {ŎŜƴŜǎέΣ /±tw нлмт

CƛƎǳǊŜ ŦǊƻƳ vƛ Ŝǘ ŀƭΣ άPointNet: Deep Learning on Point 
{Ŝǘǎ ŦƻǊ о5 /ƭŀǎǎƛŦƛŎŀǘƛƻƴ ŀƴŘ {ŜƎƳŜƴǘŀǘƛƻƴέΣ /±tw нлмт

Indoor Scene-Level, 
RGB-D surface reconstructed Point Clouds CƛƎǳǊŜ ŦǊƻƳ /ƘŀƴƎ Ŝǘ ŀƭΣ άShapeNet: An Information-Rich 

о5 aƻŘŜƭ wŜǇƻǎƛǘƻǊȅέΣ Arxiv2015
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CƛƎǳǊŜ ŦǊƻƳ ¢ŀƴ Ŝǘ ŀƭΣ ά¢ƻǊƻƴǘƻ-3D : A Large-scale Mobile LiDAR Dataset for Semantic 
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Figure from HackelŜǘ ŀƭΣ ά{9a!b¢L/о5Φb9¢Υ ! ƴŜǿ ƭŀǊƎŜ-scale point cloud classification 
ōŜƴŎƘƳŀǊƪέΣ L{tw{ нлмт

Outdoor Roadway-Level Point Clouds
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Figure from BehleyŜǘ ŀƭΣ άSemanticKITTIΥ ! ŘŀǘŀǎŜǘ ŦƻǊ ǎŜƳŀƴǘƛŎ ǎŎŜƴŜ ǳƴŘŜǊǎǘŀƴŘƛƴƎ ƻŦ [ƛ5!w ǎŜǉǳŜƴŎŜǎέΣ L//± нлмф

Sequential Street-View LiDAR Point Clouds
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Aerial Urban-level LiDAR Point Clouds
Figure from ZolanvariŜǘ ŀƭΣ άDublinCity: Annotated LiDAR Point Cloud and its 

!ǇǇƭƛŎŀǘƛƻƴǎέΣ .a±/ нлмф



ÅVarious modalities: indoor RGB-D reconstruction, outdoor LiDAR 

ÅIncreasing spatial scale: from object-level -> indoor scene-level -> outdoor roadway-level -> 

urban city-level 

ÅRicher information: 3D coordinates, RGB color, sequential flow

ÅGeometrical structure: simple object -> complex structure
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02 SensatUrban
Summarize



02 SensatUrban
Overview

¸ Largest urban-scale photogrammetric point cloud dataset (nearly three billion labeled 3D points )

¸ Consists of large areas from three UK cities, covering about 7.6 km2 of the city land-scape. 

¸ Point is manually-labeled as one of 13semantic categories such as ground, vegetation, car, etc
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02 SensatUrban
Data Examples

ÂDataset
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02 SensatUrban
Visualization
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Overview

ÂComparison with existing datasets



02 SensatUrban
Data Collection

ÂAcquisition Equipment
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Data Collection

(a) Multi-flights survey (b) Zoomed-in single 

flight survey

ÂSequential Aerial Imagery Acquisition

Figure 2: The survey of a region in Cambridge. All 9 flight plans (left) are 

collated together to cover the site. Lines with different colors represent different 

flight paths of UAVs. The circular path is the takeoff and landing pattern.
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Data Annotation

ÂPoint-wise Semantic Annotations


