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These systems do not really perceive the 3D world !
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Research Questions

Semantic Understanding of UrbaBcale 3D Scenes

U How to build urbarscale 3D datasets? What are the main challenges of urban 3D
understanding?
U How to achieve synthetical generation of urkstale 3D scenes?

U How to achieve labedfficient learning of largscale 3D scenes?



Gasnd UNIVERSITY OF
$(138) )3

%’ OXFORD

Research Question 1

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

main challenges of urban 3D understanding?
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Background

A

A Largescale annotated datasets have driven tremendous progress in this field
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Summarize

A Various modalities: indoor R@Breconstruction, outdoor LiDAR

A Increasing spatial scale: from objdetel-> indoor scendevel-> outdoor roadwayevel->
urban citylevel

A Richer information: 3D coordinates, RGB color, sequential flow
A Geometrical structure: simple object complex structure
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Largest urbasscale photogrammetripoint cloud dataset (nearly three billion labeled 3D points )

Consists of large areas framree UK citiescovering abou?.6 knt of the city landscape.
Point is manuallabeled as one af3semantic categories such geound vegetation car, etc
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Data Examples

A Dataset
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A Comparison with existing datasets

#Name and Reference  #Year #Spatial size! #Classes” #Points #RGB #Sensors
. ShapeNet [8] 2015 - 55 - No Synthetic
Object-level PartNet [34] 2019 i 24 ; No Synthetic
Indoor S3DIS [?] 2017 6x10%m? 13(13) 273M Yes Matterport
Scene-level ScanNet [13] 2017 1.13x10°m? 20 (20) 242M Yes RGB-D
Paris-rue-Madame [44] 2014 0.16x10% m 17 20M No MLS
IQmulus [54] 2015 10x 10 m 8(22) 300M No MLS
Outdoor Semantic3D [21] 2017 - 8(9) 4000M Yes TLS
Roadway-level Paris-Lille-3D [43] 2018 1.94%10% m 9 (50) 143M No MLS
SemanticKITTI [5] 2019 39.2x10% m 25(28) 4549M No MLS
Toronto-3D [45] 2020 1x10% m 8(9) 78.3M Yes MLS
ISPRS [42] 2012 - 9 1.2M No ALS
DublinCity [67] 2019 2% 10%m 13 260M No ALS
Urban level DALES [55] 2020 10 x 105m? 8 (9) 505M No ALS
‘ LASDU [61] 2020  1.02 x10%m? 5 3.12M No ALS
Campus3D [26] 2020  1.58 x10%mn? 24 937.1M Yes UAV Photogrammetry
SensatUrban (Ours) 2020 7.64 x10%m? 13 (31) 2847M Yes UAYV Photogrammetry

Table 1: Comparison with the representative datasets for segmentation of 3D point clouds. 'The spatial size (Area/Length)
in the dataset, m: meter, © The number of classes used for evaluation and the number of sub-classes annotated in brackets.
MLS: Mobile Laser Scanning system, TLS: Terrestrial Laser Scanning system, ALS: Aerial Laser Scanning system.
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Data Collection
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Table 2 Detailed specifications of the camera (i.e., Sensefly SODA 3D
camera) used in our survey.

Specification

Sensor size 1 inch

RGB Lens  F/2.8-11, 10.6 mm (35 mm equivalent: 29 mm)

RGB Resolution 5472 X 3,648 px (3:2)

Exposure compensation +2.0 (1/3 increments)

Shutter Global Shutter 1/30 — 1/2000s

White balance Auto, sunny, cloudy, shady

: : . senseFly S.0.D.A. 3D ISO range 125-6400

eBee X Fixed-Wing Mapping Drone photogrammetry camera RGB FOV Total FOV: 154°, 64° optical, 90° mechanical
GNSS RTK/PPK

Fig. 2 The drones and cameras we used in the urban survey.
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Figure 2: The survey of a region in Cambridge. All 9 flight plaef) (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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A Pointwise Semantic Annotations

Figure 3: Examples of our SensatUrban dataset. Different semantic classes are labeled by different colors.



