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Introduction: 3D building models

Visibility analysis

Solar potential estimation

3D cadastre

Energy demand estimation Infrastructure planning

Emergency response

Shadow estimation

Indoor navigation ~

Noise propagation \

Utility management

Applications of 3D building models [Biljecki et al., 2015]
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Introduction: Point clouds

Acquisition of a point cloud

A Photogrammetry

A LiDAR (Light Detection and Ranging)

!https://www.tudelft.nl/bk/onderzoek/projecten/geoinformation-technology-governance
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Introduction: Piecewise planarity

Piecewise-planar building models

A Ubiquitous in the built environment

A Capturing both geometry and topology with non-uniformity

A Compact, efficient with sparse sets of parameters

2https://www.tudelft.nl/bk/onderzoek/onderzoek-bij-bouwkunde/management-in-the-built-environment




Introduction: Piecewise planarity

Piecewise-planar building models

A Ubiquitous in the built environment
A Capturing both geometry and topology with non-uniformity

A Compact, efficient with sparse sets of parameters

Dense triangles (smooth) Sparse triangles Sparse polygons
326,234 facets 198 facets 61 facets



Introduction: The reconstruction problem

The goal

A Compact
A Watertight
A Accurate
A Efficient




Introduction: Challenges

A Compactness, watertightness, efficiency

A Limited input data quality




Introduction: Inspiration and research question

Deep neural network
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Surface mesh

int cloud

Poin

Shape representations [ Mescheder et al., 2019]

4

it fields be used for compact building model reconstruction

How can deep implic
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Related work: Shape reconstruction (smooth)

A Poisson reconstruction [Kazhdan et al., 2006]

A Points2Surf [Erler et al., 2020]

Massive triangles

Explicit
(mesh) Implicit

'FU Delft



Related work: Shape reconstruction (piecewise-planar)

A PolyFit [Nan and Wonka, 2017]

RANSAC Optimisation
) )
Planar segments Candidate facets Result
Scalability issue
with its

integer programming solver

'fU Delft



Related work: Geometry simplification

A Manhattan-world reconstruction [Li et al., 2016b]
A 2.5D Dual Contouring [Zhou and Neumann, 2010]

Not generic with only boxes

'fU Delft




Related work: Geometry simplification

A Manhattan-world reconstruction [Li et al., 2016b]
A 2.5D Dual Contouring [ Zhou and Neumann, 2010]

Not generic with only 2.5D

'FU Delft




Related work: Surface approximation
A Quadric error metrics (QEM) [Garland and Heckbert, 1997]

A Variational shape approximation (VSA) [Cohen-Steiner et al., 2004]

A Structure-aware mesh decimation (SAMD) [Salinas et al., 2015]

—
M

Input mesh QE Dependent on
(27,258 facets) (250 facets) .
input mesh
e~ H "
[&— —
VSA SAMD
(250 facets) (250 facets) [Bouzas et al., 2020]
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Related work: Summary

Related work Characteristics
Name Category Compact Watertight Generic Efficient
Poisson [Kazhdan et al., 2006] RC X X v v
Points2Surf [Erler et al., 2020] RC X X v X
PolyFit [Nan and Wonka, 2017] RC v v v X
QEM [Garland and Heckbert, 1997] AP Ve X v X
SAMD [Salinas et al., 2015] AP v X v X
VSA [Cohen-Steiner et al., 2004] AP v X v X
Manhattan-world [Li et al., 2016b] SP v v X v
2.5D DC [Zhou and Neumann, 2010 SP X v X v
v v v v

Characteristics overview of related work?3

3 Only methods in comparison through experiments (with official open-source code); See in the thesis a complete literature review
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Methodology: Overview
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Overview of our framework

Surface extraction

Reconstruction

Training




Methodology: Overview

Explicit Implicit

[ Point cloud® |}#———rcoceeeae-o

‘[ Query points® ]

Overview of our framework

'?U Delft

A

v v :

Neural implicit i

field@ E

Adaptive binary :
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Methodology: Adaptive binary space partitioning

RANSAC

e T

Planar primitive detection




Methodology: Adaptive binary space partitioning

Original Refined

Planar primitive refinement



Methodology: Overview

Explicit

Implicit

[ Point cloud® ]

!

RANSAC

[Planar primitives(h) ]

!

Adaptive binary

space partitioning

\ 4
[ Candidate cells®

Y Y

Neural implicit
field@

‘[ Query points® ]

e Rl -

Markov random field H Surface® ]

Graph-cut solver

Overview of our framework
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Methodology: Adaptive binary space partitioning

BSP-tree

<
TUDelft
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Methodology: Adaptive binary space partitioning

BSP-tree




Methodology: Adaptive binary space partitioning

BSP-tree
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Methodology: Adaptive binary space partitioning

Adaptive

219 cells
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Methodology: Overview
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Methodology: Occupancy learning in function space

Signed distance function
SDF(x) =s:xeR’ seR.
Surface at 'YO(O Tt




Methodology: Occupancy learning in function space

Signed distance function
SDF(x) =s:xeR’ seR.

Surface at 'YO(O Tt

SDF(x) Mfp(x)|= so(x | z), with z = e, (P) P: point cloud
—NN parameters
e : encoder

",
NN O 7 777 A‘\}‘}‘.7“/ X& W \
a NN

5.3e-02
o
0.1

—02

t -5.5e-01

T
=3
b
Signed Distance

[
&

S
@

Query points Predicted distances
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Methodology: Occupancy learning in function space

Points2Surf neural network architecture |[Erler et al., 2020]

SDF(x) = fp(x) = sg(x | z), with z = ey (P)
. }g(x) = sg (x | z;i) , with zi = ez (Pi) Absolute distance

+ fp(x) = sgn (g5(x)) = sgn (s5 (x| 25)) , withzg = ey, (px)  Sign

81gn loglt
es—>» 2>
) a:\ />gp - SgN—~ ,.( )
d/ \-) ®—> fpl
€y—> 72 /‘ fp@)——"" ‘spp

absolute dlstance

® Query point
® Global subsamples

0 Local subsamples



Methodology: Occupancy learning in function space

Training with loss function

>3 L£%x,P,S) + L(x, P,S)

(P,S)eS xeXs
; . 2
- L%(x,P,S) = Htanh (VS(X)D — tanh(|d(x, S)|) Hz Error of distance prediction
- L3(x,P,S) =H (0 (gp(x)),[fs(x) >0]) Error of sign prediction

P: point cloud

Y surface

H: binary cross entropy
, : Sigmoid

Sanity check: overfitting one shape

'?U Delft



Methodology: Occupancy learning in function space

Signed distance voting

_p 1
SDP:I—)ZSDiP

ieP

Point cloud



Methodology: Occupancy learning in function space

Signed distance voting

_p 1
SDP:I—)ZSDiP

ieP

3.2e-02
02

—-03

—-04
05
0.6
-7.0e-01

Signed Distance

Candidate cells SDF Signed distance for
each candidate
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Methodology: Overview
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Methodology: Surface extraction

Energy formulation (Markov random field)

E(x) = D(x) + AV(x)

x; = {in, out}

out out

out in out

out

Manifold

>< [ ] [Ohori, 2016]

Non-manifold
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Methodology: Surface extraction

Fidelity term (unary potential)

D(X) = |—(1:|Zdi(ci,xi)

ieC

- di(Cj,x;) = |probability(C;) — x|

- probability(C;) = sigmoid(SDf- volume;)

Signed Distance

Signed distance for
each candidate



Methodology: Surface extraction

Complexity term (pairwise potential)

1
V(X) = = Z alj . 1xi¢xi
A (ifec

- {i,j} € Crepresents pairs of adjacent polyhedra

- a;; denotes the shared area

Less zigzagging



Methodology: Surface extraction

E(x) = D(x) + AV(x)

x; = {in, out}



