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What is ML / DL?
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What is ML / DL?

e Traditional machine learning: manually design features that meaningfully represent the
characteristics of the data, then pass on the features for each data point to the system

e Deep learning: pass the data as-is fo a more complex system (deep neural network)
which attempts to learn the features of the data on its own
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Successes of ML / DL

Face and object recognition, e.g. finding pictures of certain people in your phone
Speech recognition and natural language, e.g. Al assistants

Translation between languages

Playing certain games, e.g. classical board games

Fraud detection, e.g. detecting suspicious card payments

(Hand)writing recognition, e.g. digitising books



ML / DL with 2D geodata

Extracting features from imagery, e.g. buildings, roads, vegetation, etc.
Pattern recognition, e.g. image classification, clustering features, etc.
Weather / climate predictions, e.g. temperature or rain for next day

Routing, e.g. finding optimal routes for different transport modes



What about 3D geodata?



What makes 3D difficult?

Voxels: very large sizes for good resolution -> methods for images don’t work as well
e Trees: complex structure -> usually not suitable for ML / DL

Point clouds: very large sizes, no explicit structure

Meshes: easy to modify vertices but topology not so much -> problems with geometric
errors or watertightness



Today’s lecture

e Three very different approaches to deal with 3D data:
e Machine learning with 3D features
e Neural networks for point clouds

e |mplicit field representations



3D building metrics for urban
morphology



Situation

2D metrics

From footprints

O 10m
Similar values

Area 302 289 288
Convexity (2D) 0.987 0.960 0.976
2.5D metrics |
From attributes or :
block 3D models

Unique metrics Similar values
Height (4.2 (9.3)
3D metrics
(our work)

From 3D models of
higher levels of detalil

Unique m‘etrios
Convexity (3D) ( 0.904 0.872 0.956 )




Table 1. Metrics are computed per building based on category.

Geometric properties

Derived properties

Spatial distribution
Space indices (see Table 3)

Number of vertices, Number of surfaces, Number of vertices by
semantic type (i.e. ground, roof, wall), Number of surfaces by
semantic type (i.e. ground, roof, wall), Min/Max/Range/Mean/Median/
Std/Mode height

Footprint perimeter, Volume, Volume of convex hull, Volume of Object-
Oriented Bounding Box, Volume of Axis-Oriented Bounding Box,
Volume of voxelised building, Length and width of the Object-
Oriented Bounding Box, Surface area, Surface area by semantic
surface, Horizontal elongation, Min/Max vertical elongation,

Form factor

Shared walls, Nearest neighbour

Circularity/Hemisphericality™, Convexity 2D/3D*, Fractality 2D/3D*,
Rectangularity/Cuboidness™, Squareness/Cubeness™, Cohesion 2D/
3D*, Proximity 2D/3D™, Exchange 2D/3D™, Spin 2D/3D™, Perimeter/
Circumference*, Depth 2D/3D™, Girth 2D/3D™, Dispersion 2D/3D%,
Range 2D/3D*, Equivalent Rectangular/Cuboid™, Roughness”

*Formula-based index, size-independent by definition.
"Index based on interior grid points (discretised), normalised.
“Index based on surface grid points (discretised), normalised.



2D

3D

Circularity/
Hemisphericality

Convexity

Fractality

Rectangularity/
Cuboidness

Squareness/
Cubeness

Cohesion

Proximity

It measures the area deviation between
a polygon and its equal-perimeter
circle. Circle is generally assumed as
the most compact shape.

It measures the area deviation between
a polygon and its convex hull. Thus,
it reveals a polygon’s degree of
being curved inward or outward.

It measures the edge roughness or
smoothness. Based on Wentz (2010).

It measures the area deviation between
a polygon and its minimum area
bounding rectangle. Thus, it reveals
a polygon’s degree of being
curved inward.

It measures the perimeter deviation
between a polygon and its equal-
area square.

It is @ measure of overall accessibility
from all points to others within
a polygon.

It is @ measure of overall accessibility
from all inner points to the centre
of a polygon.

It measures the volume deviation
between a polyhedron and its
equal-area hemisphere. A
hemisphere was selected to
represent the space above ground.

It measures the volume deviation
between a polyhedron and its
convex hull. Thus, it reveals a
building’s degree of being curved
inward or outward.

It measures the surface roughness
or smoothness.

It measures the volume deviation
between a polyhedron and its
minimum volume bounding box.
Thus, it reveals a polyhedral’s
degree of being curved inwards.

It measures the surface area deviation
between a polyhedron and its
equal-volume cube.

It is @ measure of overall accessibility
from all points to others within
a polyhedron.

It is @ measure of overall accessibility
from all inner points to the centre
of a polyhedron.
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Bl

B2

B3

B4

B5

B6

B7

BT B2 B3 B4 B5 B6 B7 B8 B9 B10 B11 B12 B13 B14

2D
Circularity 052 051 0.76 0.83 048 0.28 091 0.29 046 0.72 0.64 0.51 039 0.20
Convexity 092 090 0.99 098 094 086 098 0.73 084 098 094 0.80 0.86 0.68
D 4 —— Fractality 043 045 036 0.21 024 032 032 032 0.28 040 0.31 030 0.30 0.32
3| Rectangularity 085 0.81 099 092 0.74 069 0.79 0.58 083 09 0.89 0.61 0.72 0.58
W/ Squareness 081 0.81 098 1.03 078 060 1.08 0.61 0.76 096 0.90 0.80 0.7/70 0.50
= Equivalent rectangularity 092 090 0.99 1.03 0.78 060 1.08 0.61 0.77 098 090 0.82 0.73 0.54
Proximity 082 0.83 098 099 099 098 1.00 0.84 091 095 098 0.85 092 0.67
Exchange 068 0.68 090 092 093 090 098 0./5 081 0383 092 0.74 0.78 0.53
Spin 061 0.61 094 097 097 094 100 0.7/71 081 088 095 0.69 0.80 0.43
Perimeter 0.72 0.71 0.87 091 069 053 096 0.54 068 0385 0.80 0.71 0.62 0.45
Depth 067 0.67 0.88 091 088 084 097 052 067 083 085 0.64 0.74 0.41
Girth 056 0.60 0.82 0.84 0383 092 090 0.1 058 0.70 0.79 0.52 0.67 044
Dispersion 0.70 0.70 090 093 093 091 098 0.75 0.79 084 091 0.74 0.79 0.56
AL Range 059 059 0.79 087 087 085 097 0.73 0.73 0.75 0.78 0.63 0.71 0.54
i Roughness 0.70 0.69 0.82 085 049 029 093 0.29 050 080 0.67 0.57 0.43 0.21
Hemisphericality 042 043 041 0.15 0.17 029 052 0.28 020 044 0.21 030 0.25 0.14
™ Convexity 088 0.89 091 0.23 067 085 094 0.58 059 087 085 0.74 0.55 049
' Fractality 032 033 031 0.25 021 023 024 0.23 022 030 0.24 0.21 0.23 0.2/
Cuboidness 062 0.60 083 0.1/ 043 064 0.70 042 052 0.70 0.73 048 0.27 0.30
i Cubeness 088 0.90 0.87 044 049 068 100 0.66 054 09 0.56 0.71 0.62 0.42
,/’ Equivalent cuboidness 096 0.9/ 096 0.61 057 090 101 0.69 057 093 064 0.76 0.64 0.66
) W Proximity 083 0.83 0./78 032 068 0.76 096 0./6 0.7/73 089 0.69 0./5 0.78 0.41
Exchange 0.71 - 057 0 — 048 089 - — 0.78 - 052 - 0.14
& = Spin 065 0.66 0.58 0.10 046 055 091 0.56 051 0.78 043 0.51 0.56 0.15
ant « [ Circumference 071 0.72 0.70 036 039 0.55 081 053 044 0.73 045 057 0.5 034
= Depth 059 0.59 055 032 040 055 079 05 043 063 032 051 049 0.30
Girth 055 0.55 043 040 037 034 080 047 044 064 030 036 0.44 0.30
Dispersion 0.79 0.79 0.7/4 040 0./73 0.71 093 0./5 069 085 0.63 0.69 0.71 04/
Range 057 0.60 0.60 0.32 057 058 080 0.59 054 065 047 050 0.51 0.28
Roughness 087 0.87 091 354 043 084 0.79 0.63 04/ 0.77 058 0.79 0.65 1.03
Form factor 1.11 1.04 204 887 275 255 1.04 155 083 098 049 058 184 4.65



- Hemisphericality (3D) — Mean = ‘gEas-g® | . Hemisphericality (3D) — SD
4 NAO 052 | Y-l =0 ' J NAO , 0.18

Figure 5. The 3D urban form of a city. Aggregations of one of the 3D metrics (hemisphericality) at
the level of the administrative neighbourhoods (buurt) of the municipality of Amsterdam—mean
as a measure of central tendency (left); and another one (standard deviation) indicating its disper-
sion within each area (right). The maps highlight the difference between the historical city centre
with the well-known canal houses (ranking low on the hemisphericality index) and the newer
neighbourhoods. The administrative boundaries and the basemap are courtesy of Statistics
Netherlands, Stamen, and OpenStreetMap contributors.
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PointNet: Deep Learning on Point Sets
for 3D Classification and Segmentation



PointNet
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Point clouds vs. neural networks

Unordered: reordering points in a point cloud shouldn’t affect the result

Transformation invariance: rotating or translating a point cloud shouldn’t affect the
result

Local structure: points need to be analysed together with other nearby points (not in
isolation)
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Classification Network
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Classification Network
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small neural network to learn local structure
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deep network for complex features
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Classification Network
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ImpliCity: City modeling from satellite
images with deep occupancy fields
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network to compute point features

(based on PointNet)
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Some thoughts on ML/DL with 3D



What to do next?

1. Today:
e Start with Homework 3 (BIM to Geo using voxels)
e Study for final exam (Lessons 1.1-6.2)
2. Wednesday: overview applications (1st hour) and help (2nd hour)

3. Thursday: help session with Dimitris



https://3d.bktudelft.nl/courses/geoc1004

Department of Urbanism
Faculty of Architecture and the Built Environment
Delft University of Technology

'; 3D geoinformation


https://3d.bk.tudelft.nl/courses/geo1004
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