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Problem statement

Given (at least) two (calibrated) images observing
the same scene, what type of 3D information can
we extract ?
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Problem statement

Given (at least) two (calibrated) images observing
the same scene, what type o&=3D information can

we extract ?

Intrinsics
(focal length, radial distortion..)

Extrinsics

-1 (optical center, camera orentation)




Overview

Stereo matching

Multi-View Stereo

Beyond free-form surface reconstruction




1. Stereo matching
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Principle

Depth map
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What matching cost ?

C(.,.)zO and C(.,.)>O




What matching cost ?

C(.,.)zO and C(.,.)>O

» Sum of Absolute Distances (SAD)

» Sum of Square Differences (SSD)

» Normalized Cross Correlation (NCC)

» Mutual Information (Ml)

> ... potentially object-based, eg line segments

D [Hirschmuller and Scharstein, Evaluation of cost functions for stereo
matching, CVPR 2007]
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What matching constraints ?

» Uniqueness

» Ordering

» Spatial coherence (or smoothness)
» Sharp feature preservation

> ...




What mechanism ?

» Local
greedy local matching, eg pixel-per-pixel matching

» Semi-global
spatial coherence along multiple 1D paths, eg SGM

» Global
spatial coherence in 2D domain, eg MRF-based

. &zub,- June 2014 8



Middlebury benchmark

W- Datasets « Code  Submit

Middlebury Stereo Evaluation - Version 2

New features and main differences to version 1
Submit and evaluate your own results.

O Open a new window for each link

Error Threshold = 1 Sort by nonacc Sort by all Sort by disc

\4 \4

Average percent

Tsukuba Venus Teddy of bad pixels

Algorithm Cones
around truth ground truth around truth ground truth (explanation)
nonocc  all nonocc  all  disc |nonocc all  disc |nomocc  all disc
TSGO [143] 1873 1131 4665 | 011s 024s 1479 | 56138 80917 13830 1.671 6161 4.951

- ADCensus [82] 10718 1481s 57321 0092 02511 1152 (41015 6227 10913) 24218 72515 69519

~150 alagorithms evaluated e A R T
C [39] 0875 1162 4614 | 011s 021s 1541351620 83120 13024 7939 71814 80148

RDP [87] 09710 13911 500400213 03828 1892348421 99432 126212532 76920 7382
MultiRBF [129] 13346 15620 6023101310 0172 18420|50927 6368 13428 9047 6768 71024
DoubleBP [34] 0887 1296 476s 01311 0454 18722 5312 83019 9638 | 2904 87857 77938
MDPM [140] 11523 15925 61434 01416 03625 1521237913 5785 1115|2743 83841 7914
CVW-RM [148] 14213 59930 | 01624 03628 1407 [47020 69413 12118 9652 77121 77235
OutlierConf [40] ). 14314 4747 01827 02643 2403 0123 91228 12823 783 857a7 69920
SegAgqr [146 23978 8598 | 0127 0216 16815| 2192 3.731 7022 | 2167 6523 6377
AdaptiveGF [127] 15316 56215 | 01726 04136 19825 | 57139 11345 14337 24420 82235 705
508 [135] 16327 7837502136 03218 22937 | 313s 84522 9749 | 24319 7101 70221
SubPixSearch [109] 248352 6404101415 04035 1741740014 6399 11014 2411 68710 65011
SubPixDoubleBP [29]| 301 | 12431 17641 59820 | 0129 04645 17447 34511 83821 10011 9345 87354 79140
urfaceStereo [71] 16530 678s0| 01929 02814 2615 127 5103 8654 8945 TO531 82657

LLR [117 16529 564417 | 02964 08179 30764 | 48618 98131 12219 2178 80232 6429
Warphat [50] 1358 6.0432|01828 02410 24442 |5022¢ 93029 13025 | 34968 84745 90172
Multiy 139] 15263 18245 82023| 01620 03934 20328 | 50926 10536 1383122712 74917 67114

Ol [84] 35112230 16224 63628 05992 06971 461924134 7591 11215| 2209 69911 6368
TreeFilter [149] 13 15418 5521402447 04136 28657 | 58641 11244 13629 | 3005+ 70012 84962

LM3C [134] 94 24479 801s0| 0128 03933 1233 |54633 10940 14946 | 2124 7591 6143

TF_ASW [130] 69 19657 59026 (01414 03117 15111 |625s6 11863 15145 | 2492+ 83238 7.0222

LAMC-DSM [123] 67 21870 58625|02449 06081 3.1265 10435 12722 6.102
PMF [119] 74 20464 8073103370 04952 416385 587s 8303 6325
HybridTree [150] 382 42 17134 69559 | 01518 0301 1233 1145 15857 77636
FastNLGC [138] 39 15721 679s1| 0093 0173 1245 | 52830 68412 13933 114 98
SegmentTree [126] 32 16833 66945 | 02030 03015 17712 | 60045 11964 15047 7813

i [128] 26 1274 59127 | 02344 0249 1286 |68977 12376 16059 824 54
P: [96] 93 23375 9319402135 03931 262522995 81613 9627 7112

HEBF [105 1020 13810 5742202241 03321 24140 | 65466 11859 15243 81043

HistoAgar2 [122] 23074 63933 | 01621 04649 22233 | 58842 11347 14741 689 13
imprNLCA [121 18345 73866 (02137 04137 22635 | 59945 1155 1433 798 45
PM-Huber [125] 409113 91291 | 02239 04341 25024 | 3389 5564 10712 6403

http://vision.middlebury.edu/stereo/
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2. Multi-View Stereo




Principle

Stereo Matching

« 2 input images

« 2.5D output representation
(depth maps)
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Principle

Stereo Matching

« 2 input images

« 2.5D output representation
(depth maps)

Multi-View Stereo (MVS)

« N input images

« 3D output representation
(eg meshes)
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Principle

Stereo Matching

« 2 input images

« 2.5D output representation
(depth maps)

Multi-View Stereo (MVS)

« N input images

« 3D output representation
(eg meshes)

How to reconstruct the 3D shéﬁe of
an object from N calibrated images?

. V7 June 2014 10



Depth map fusion

A natural extension of Stereo Matching
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Depth map fusion

A natural extension of Stereo Matching




Depth map fusion

A natural extension of Stereo Matching

@

» time-consuming
» occlusions & conflicts
» sharp features

@




Point cloud generation

Why not using 3D points instead of depth maps ?
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Point cloud generation

Why not using 3D points instead of depth maps ?
For each pair of images,

Keypoint extraction Keypoint descriptor
(SIFT, Harris corners..) matching
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Point cloud generation

Why not using 3D points instead of depth maps ?
For each pair of images,

Keypoint extraction Keypoint descriptor
(SIFT, Harris corners..) matching
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» natural unit element in 3D
> fast
» capture well sharp features




Point cloud generation

At the scale of a facade

Sl
S




Point cloud generation

At the scale of a facade

Noise &
outliers !




Point cloud generation

At the scale of a city

.}.1'.: il "“)‘ .""‘ﬂ'“
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Surface reconstruction

From (defect-laden) point cloud to surface/volume representations

Data-structure : mesh with triangular facets
» with borders
» watertight




Surface reconstruction

An old topic in computer graphics

June 2014




Surface reconstruction

An old topic in computer graphics

[Berger et al, State of the art in surface reconstruction
from point clouds, Eurographics 2014]

but without considering photo-consistency

. lrrzia—~ June 2014 16




Surface reconstruction

Focus on [Vu et al, High accuracy and visibility-consistent
dense multiview Stereo, PAMI 2012]




Surface reconstruction

Focus on [Vu et al, High accuracy and visibility-consistent
dense multiview Stereo, PAMI 2012]

. Point cloud generation
2. Visibility consistent mesh extraction
3. Variationnal refinement with photo-consistency




Surface reconstruction

Focus on [Vu et al, High accuracy and visibility-consistent
dense multiview Stereo, PAMI 2012]

2. Visibility consistent mesh extraction

» Partition the space with a 3D Delaunay triangulation
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Surface reconstruction

Focus on [Vu et al, High accuracy and visibility-consistent
dense multiview Stereo, PAMI 2012]

2. Visibility consistent mesh extraction

» Partition the space with a 3D Delaunay triangulation
» Label each Delaunay cell as inside or outside the observed
objects using visibility

Before the vertex: +1 (outside)

After the vertex: -1 (inside)
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Surface reconstruction

Focus on [Vu et al, High accuracy and visibility-consistent
dense multiview Stereo, PAMI 2012]

2. Visibility consistent mesh extraction

» Partition the space with a 3D Delaunay triangulation
» Label each Delaunay cell as inside or outside the observed
objects using visibility




Surface reconstruction

Focus on [Vu et al, High accuracy and visibility-consistent
dense multiview Stereo, PAMI 2012]

3. Variationnal refinement with photo-consistency
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Surface reconstruction

Focus on [Vu et al, High accuracy and visibility-consistent
dense multiview Stereo, PAMI 2012]

3. Variationnal refinement with photo-consistency
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Surface reconstruction

Focus on [Vu et al, High accuracy and visibility-consistent
dense multiview Stereo, PAMI 2012]

3. Variationnal refinement with photo-consistency

» Minimize the reprojection error of image 1 into image 2
according to the surface S

June 2014 19




Surface reconstruction

Focus on [Vu et al, High accuracy and visibility-consistent
dense multiview Stereo, PAMI 2012]
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Surface reconstruction

Focus on [Vu et al, High accuracy and visibility-consistent
dense multiview Stereo, PAMI 2012]

now a company

acute

capturingreality

Smart3DCapture™

Showcase About us Customer area Contact us

Capturing reality with automatic 3D photogrammetry software

Turn photos into 3D models
automatically with Smart3DCapture™

Acute3D develops and sells Smart3DCapture™, a
software solution allowing to produce high resolution
3D models from simple photographs, without any human
intervention.
Read more >

News

THE RELIEF MAP OF SAINT-OMER
June 10th, 2014

250 FLOODING SIMULATION OVER PARIS
May 28th, 2014

| SMART3DCAPTURE® NOW COMES
TO THE UAV MARKET
2 . \ ‘ March 24th, 2014
. Smart3Dcapture
™
Why choose Smart3DCapture MEET US AT ASPRS 2014

& Unlimited scalability March 21st, 2014

SPrs

& Superior precision

& CAD &GiIS interoperability
 High performance

 Free viewer & Web publishing

AERIAL & STREET-LEVEL IMAGERY
FUSION - TECHNOLOGY PREVIEW




3. Beyond free-form surface
reconstruction
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What can we do next ?
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What can we do next ?

More compact and meaningful mesh
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What can we do next ?

More compact and meaningful mesh

» High model complexity
€ 11M facets




What can we do next ? planar surface

More compact and meaningful mesh

» Free of geometric structure




What can we do next ?

roof

More compact and meaningful mesh

» Free of geometric structure
» Free of semantics

santuringraallzsy




1st idea: Hybrid surfaces

High model complexity

NoO structure

Free-form reconstruction
(Poisson algorithm)




1st idea: Hybrid surfaces

If you can detect the right
set of geometric primitives




1st idea: Hybrid surfaces

and the right primitive
adjacencies




1st idea: Hybrid surfaces

low model complexity

structure-aware
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low model complexity

structure-aware

But
» No guarantee of finding the right primitives and right adjacency graph




1st idea: Hybrid surfaces

low model complexity

structure-aware

But

» No guarantee of finding the right primitives and right adjacency graph
» No guarantee that the object can be entirely explained by primitives




1stidea: Hybrid surfaces

P

We need both structure and free-form!

» Structure: primitive assembling for describing regular components
» Free-form: smooth mesh for preserving the details




Hybrid surfaces (by point set structuring)

Primitive &
adjacency
detection

6 primitives
0 adjacency

structured
point set

reconstructed
surface
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Hybrid surfaces (by point set structuring)

o >

g 25

530

£ 08 2 e P
=T o 6 primitives 18 primitives
S © o |

Q. 0 adjacency 48 adjacencies

structured
point set

reconstructed
surface
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Hybrid surfaces (by point set structuring)

03 > Cc
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reconstructed
surface
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Hybrid surfaces (by point set structuring)

corrqpted

o3 > (=
v 2.9
= o *+
2o "
£ &3 e . .
£ T 2 6 primitives 13 primitives
0 adjacency 16 adjacencies
©
v o
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) e
gps
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s o
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reconstructed
surface
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Hybrid surfaces (by point set structuring)

Hausdorff distance to input point set ( % bbox diagonal) Time (s)
0.55 70
s Blade

60
0.45 -
0.4 - 50
0.35
0.3 - - 40

0.25 L 4
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0.15 - 20

0.1
- 10
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-0

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
€ (% bbox diagonal)




Hybrid surfaces (by point set structuring)

Hausdorff distance to input point set ( % bbox diagonal) Time (s)

Blade

0.55 70

0.5

60

- 10
0.05

-0

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
€ (% bbox diagonal)

0.45 -
-
0.4 : . 50
-
0.35 |2
. - 40
0.3 -
L
0.25 E 30
0.2 2
-
0.15 - 20
-
-
01 =
-
L]
L)
[ ]
0 =2
01

highly freeform (no structure)
high accuracy
high running time
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Hybrid surfaces (by point set structuring)

Hausdorff distance to input point set ( % bbox diagonal) Time (s)
0.55 = 70

0.5
60

0.45 -

0.4 - 50

0.35
0.3 - - 40
0.25 | 30

0.2
0.15 - 20

0.1
- 10

0.05
0 -0

6 0:2 0‘.4 016 0.‘8 i 1.‘2 1.‘4 116 1:8 2
€ (% bbox diagonal)
structure 1 (freeform | )

accuracy |
running time |




Hybrid surfaces (by point set structuring)

Hausdorff distance to input point set ( % bbox diagonal) Time (s)
0.55 70
s Blade
60
0.45 -
0.4 50
0.35
0.3 - - 40
0.25 . 55
0.2
0.15 - 20
0.1
- 10
0.05
0 g o

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
€ (% bbox diagonal)

fully structured
low accuracy
low running time




Hybrid surfaces (by point set structuring)

Reduction of the structure complexity while preserving details




Hybrid surfaces (by shape sampling)

MVS images and a rough initial surface




Hybrid surfaces (by shape sampling)

MVS images and a rough initial surface

Goal: refine the surface while sampling geometric primitives (planes,
cylinders...) by Jump-Diffusion




Hybrid surfaces (by shape sampling)

MVS images and a rough initial surface

Goal: refine the surface while sampling geometric primitives (planes,
cylinders...) by Jump-Diffusion

7

Example 1 Example 2
stair orthogonality column parallelism

b
[

* Penalized ¥ Favored % Penalized ¥ Favored




Hybrid surfaces (by shape sampling)

Primitive-dominant ree-form-dominant
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Hybrid surfaces (by shape sampling)

100

80 .............................

60 -
40

cumulative

Tyler et al. (2009) Bl Salman et al. | Tyler et al.
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Hybrid surfaces (by planimetric map)

3D Primitive detection

June 2014 30




Hybrid surfaces (by planimetric map)

\ . e -

3D Primitive detection 2.5D planimetric map
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Hybrid surfaces (by planimetric map)

N -
/’ )L\:;“\{ !\
\ - —//\\1 -
3D Primitive detection ; pla-ni:e‘trfc map
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Hybrid surfaces (by planimetric map)




Hybrid surfaces (by planimetric map)

#input points area altimetric variation | #primitives | #trees | computing time | compaction
(x105) (km?) (m) (x10%) (x10%) (hour) (Mo)
Marseille, France (a) 38.67 19.8 192 108.6 35.7 2.52 131
Amiens, France (b) 24.52 11.57 76 56.7 22.8 1.34 93
Mountain area (c) 22.67 3.41 525 0.01 21.1 0.31 34




2"d jdea: 3D-Block assembling

A building = an assemblage of
elementary urban 3D-models

4
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2"d jdea: 3D-Block assembling

A building = an assemblage of
elementary urban 3D-models

A N

Elevation map (DEM) Polygonalization of building

footprints by point process
| 22— d



2"d jdea: 3D-Block assembling

A building
elementary
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2"d jdea: 3D-Block assembling

A building = an assemblage of
elementary urban 3D-models

TN S

Elevation map (DEM) Polygonalization of building Buildin reconstruction by
footprints by point process 3D-block sampling

.hu'a/-




2"d jdea: 3D-Block assembling

A building
elementa

.[}L



3D-Block assembling

Pixel resolution: 0.70 m Pixel resolution: 0.10 m

June 2014 34




3'didea: LOD generation

Urban 3D models with different Levels Of Details

o DN

LoD O LoD 1 LOD 2 LOD 3




3'didea: LOD generation

Urban 3D models with different Levels Of Details




LOD generation

1. Semantical segmentation of dense mesh into 4 classes of interest
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LOD generation

1. Semantical segmentation of dense mesh into 4 classes of interest

> Geometrlc descrlptors

2 B > g A -_,A,;’;‘.
2 .’«mém-c.u :‘.9«.«

Input mesh Superfacets Horizontality Elevation Planarity

June 2014 36




LOD generation

1. Semantical segmentation of dense mesh into 4 classes of interest

» Geometric descriptors
» Markov Random Fields with feature-preserving potential

trees  i=cac= roof

constant penalization (Potts model)

feature-preserving penalization

June 2014 36



LOD generation

1. Semantical segmentation of dense mesh into 4 classes of interest

» Geometric descriptors
» Markov Random Fields with feature-preserving potential

June 2014 36




LOD generation

2. Abstraction of urban objects

Planar hypotheses
globally consistent

Tree localization




LOD generation

2. Abstraction of urban objects

» Detection of planar primitives with global regularities
(parallelism, orthogonality, Z-symmetry, coplanarity)

ﬂ’rientation %\
\

ol 54planes

1
chogonality Z-symmetry k




LOD generation

2. Abstraction of urban objects

» Detection of planar primitives with global regularities
» lconization of trees and superstructures

Icons Localization Fitting

Trees

Superstructures




LOD generation

3. 3D modeling at various LOD

.....
,,,,,,

nnnnnn
;;;;;;

S Y
Y bom
~ ‘

t
I e June 2014 38



LOD generation

3. 3D modeling at various LOD

» 3D arrangement of planar primitives filtered at a given LOD

===+ input surface P - b _ b _ - -

= planar proxy | y\ | y\. | :_/\
interior anchor +/\- l Y\ +/\- VA

® exterior anchor | | +A- + .w
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LOD generation

3. 3D modeling at various LOD

» 3D arrangement of planar primitives filtered at a given LOD

> Min-cut formulation with a discrete cost estimation

===+ input surface

5 o 5 z 5 o = I L]
mbem  planar proxy | y‘ | :/\' | I/\
interior anchor A l Y\ AN . ++_ \ : S={+ \+ /+ ~}
® exterior anchor l l 3 w
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LOD generation

input mesh LOD O LOD 1 LOD 2 LOD 3

June 2014 39




LOD generation

~1 km?2 of Paris

~11M facets

input mesh:

output: 175K facets (LODZ2)
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Thank you!




