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3d temporal reconstruction

Input

reconstructions
across time

[Varanasi, Zaharescu & al - ECCV 2008]

Output

[ Zaharescu & al - CVPR 2009 -submitted]
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dense



applications

TV & entertainment (free 
viewpoint rendering)

Virtual Reality and Human 
Computer Interactions 
(immersive environments)

Source: ⓒ 4D View Solutions Source: ⓒ 4D View Solutions
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1. a robust probabilistic 
factorization 

framework

[Zaharescu & al - 3DPVT 2006]
[Zaharescu & al - IJCV 2009]



factorization

Factorization = method that starts from 2-D observations and 
recovers 3-D points + cameras

Given point correspondences sij, form the measurement matrix S

We seek a factorization S=M P, 
       M - affine cameras (linearization of the perspective model)  
       P -  3D points.
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Affine factorization methods: Tomasi & Kanade 1992, Aanaes et 
al. 2002, Hartley & Schaffalitzky 2003, Buchannan & Fitzgibbon 
2005, etc

Projective/Perspective factorization methods: Sturm & Triggs 
1996, Christy & Horaud 1996, etc

Bundle Adjustment - non linear minimization scheme - 
needs a good initialization

related work



Random sampling (i.e. RANSAC - [Fischler and Bolles, 1981]) - 
slow when dealing with lots of variables

Robust Estimators (i.e. M-estimators - [Huber, 1981]) - hand 
tuning of threshold parameter

outlier treatment



idea

Propose a method that works in conjunction 
with any affine factorization algorithm and 
makes it robust to outliers!

Proof of convergence to a local minima



Problem formulation

solved via EM:

M-Step

E-Step

The error variance is estimated, not like in robust estimators!

Affine factorization with EM

Posterior Inlier Estimation using a Gaussian/
Uniform mixture model

Maximum Likelihood with Missing Data

Affine Factorization (PowerFactorization)

Error Variance Estimation



3-D ReC. Results
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Figure 6: Groundtruth data is represented in gray (light) colour, whereas reconstruction results

are represented in blue (dark) colour.
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2-D Reprojection Error

0.82 pixels
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3-D ReC. Results
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Figure 7: Groundtruth data is represented in gray (light) colour, whereas reconstruction results

are represented in blue (dark) colour.

3-D reconstruction Dino Temple Box Dinausor

Input # Views 12 16 64 36

Size of S matrix 24×480 32×758 128×560 72×1516

# 2-D predictions 5760 12128 35840 54576

% Missing observations 11% 21% 17% 85%

# 2-D Observations 5140 9573 29733 8331

Results # 2-D Inliers 3124 6811 25225 7645

# 3-D Inliers 370 720 542 1437

2D error (pixels) 0.82 0.93 0.69 0.33

Rot. error (degrees) 1.49 2.32 – 0.00

Trans. error (mm) 0.01 0.01 – 0.00

# Aff. iter. (# EM iter.) 7 (4) 7 (3.14) 9 (3) 7 (3.29)

Table 3: Summary of the 3-D reconstruction results for the four data sets.

25

2-D Reprojection Error: 0.33 pixels



2. topology adaptive 
mesh surface 

evolution

[Zaharescu & al - ACCV 2007]
[Zaharescu & al - TVCG  -accepted, subject to revisions]
[Varanasi & al - ECCV 2008]



motivation

Surface evolution methods are 
used in a large number of 
problems, including :

variational methods for 3D 
reconstruction

mesh morphing

physics based simulations



EXISTING methods
Lagrangian methods:

Adopt a more natural point of 
view : use meshes and deform them

Provides compact representation, 
adaptive resolution

Lachaud et al. (2000), Pons (2007)

Problems: 

Self-Intersections 

Topology changes 
(splits and unions)

 Problems: 

It loses the mesh resolution up 
to the grid cell size!

The mesh has to be recovered 
at each iteration

Not suitable to track mesh 
properties easily (colour, 
motion, etc )

Eulerian methods:

 Level Sets - Embed the mesh within 
an implicit function

Solves mesh issues by discretizing 
space

Osher & Senthian (1988), many 
extensionsⓒ FarField Technology

ⓒ Middlebury Multiview Stereo Site



Wouldn’t be great to have a MESH based 
solution  that gracefully handles self-
intersections and topology changes ?



Compute Self-Intersections

transformesh

Seed triangle = a triangle without inters.  outside
Valid triangle = a triangle without intersections
Partial triangle = a triangle with intersections

Valid Region Growing

Input: Compact oriented 2D manifold Output: Compact oriented 2D manifold



Self-INtersectionS

Compute all triangle intersections

Use a fast implementation using Box Intersection

We obtain intersection segments



valid region growinG

Mark all triangles as Unvisited.



Seed triangle finding

Find a seed triangle to initialize the region growing.

How to find a seed triangle ?
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Seed triangle finding
Would the typical “point in polygon” work?

# intersections even = outside
# intersections odd = inside
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No, the typical “point in polygon” test does not work 
when dealing with self-intersecting polygons.

Seed triangle finding
Would the typical “point in polygon” work?

# intersections even = outside
# intersections odd = inside



[#     ≠ #   ] if inside   
Solution: Keep track of normal orientations using two counters
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valid triangle expansion
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Expand on the valid triangles



partial triangle expansion
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partial triangle expansion
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éthode
d’évolution

de
m

aillages
37

(a)
Entrée

(om
bragé)
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Redefine local geometry using a constrained 2D 
Delaunay Triangulation



“Crossing the river”: traverse the partially valid triangles: 
crossing to the next triangle method is CRUCIAL

partial triangle expansion
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“Crossing the river”: traverse the partially valid triangles: 
crossing to the next triangle method is CRUCIAL

partial triangle expansion
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“Crossing the river”: traverse the partially valid triangles: 
crossing to the next triangle method is CRUCIAL

Choose the triangle side whose 
normal is consistent with the one of 

the incoming triangle

Incoming

Outgoing Outgoing

Incoming

partial triangle expansion

Entrance
edge

TD1

TD3

TD2

?
two cases



valid region growinG

Expand until the current region finished growing. 

If another unused seed triangles is 
found, start another region growing .



Stitching



Stitching

Singular Vertex Singular Edge Singular Facet

Degenerate configurations:







Applications

3-D Mesh Morphing

Multiple Camera 3-D Reconstruction



Mesh Morphing



Mesh Morphing

Morph a source mesh into a destination mesh 
based on a signed distance function 

Allows to easily test various complicated case





open surfaces

TransforMesh can be easily extended to deal with open surfaces



3-D RECONSTRUCTION



3-D RECONSTRUCTION

Start from an initial surface:
visual hulls (EPVH - Franco PAMI 2008)

triangulated 3-D points (Powercrust - 
Amenta CGTA 2001)

Evolve the mesh by imposing 
photometric constraints (Pons, 
Keriven & Faugeras IJCV 2007)



Visual Hull Final Result

Visual Hull Final Result
TransforMesh ranks in top 1-3 on the Middleburry Eval. Site



Visual Hull Final Result

Visual Hull Final Result
TransforMesh ranks in top 1-3 on the Middleburry Eval. Site



3.6 Conclusion 47

(a) Images d’entrée (3000× 2000)

(b) Vue d’ensemble

(c) Vue de près (d) Vue d’en haut

Figure 3.11: Résultats obtenus pour la séquence Leuven. Les triangles invis-
ibles sont maintenus fixes, comme on peut observer en (d), ce qui fait que la
représentation reste la plus compacte possible.
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3.6 Conclusion 47

(a) Images d’entrée (3000× 2000)

(b) Vue d’ensemble

(c) Vue de près (d) Vue d’en haut

Figure 3.11: Résultats obtenus pour la séquence Leuven. Les triangles invis-
ibles sont maintenus fixes, comme on peut observer en (d), ce qui fait que la
représentation reste la plus compacte possible.

Input: 3000x2000

Over 1.5 million triangles

Leuven City Hall (EPFL)



126 Chapter 5: Mesh-Based Surface Evolution

Dino Temple Box Dinausor

Figure 5.16: Additional dense reconstruction results demonstrating the connection
with the previous chapter. Top Row: Sample Input Image; Middle: A rough mesh
obtained from the 3-D reconstructed points using PowerCrust [12] Bottom: the
final dense reconstruction after surface evolution using the method described in
the current chapter.

from sparse to dense rec.



recap

TransforMesh

Algorithm that computes EXACTLY all the intersections

Handles TOPOLOGY changes NATURALLY

It easily extends to open surfaces

A library will shortly be available for download ( C++, uses 
CGAL)



3. camera clustering

[Zaharescu & al - ECCV Workshop on Multiple Cameras 2008]



motivation

Large 3-D reconstruction tasks with 100s of 
cameras become intractable (memory-wise and 
time-wise)

How to split large reconstruction tasks?



motivation

Large 3-D reconstruction tasks with 100s of 
cameras become intractable (memory-wise and 
time-wise)

How to split large reconstruction tasks?

Perform Content-Aware Camera Clustering



IDEA

Use both scene geometry (content) and camera 
geometry to perform the clustering:

1.Obtained matched 2-D points in images using:

a. 3-D reconstruction at a coarse resolution 
b. point detectors + descriptors (i.e. SIFT, HOG) 

2.Use visibility information to cluster the scene



METHOD

Visibility matrix (1 - visible; 0 otherwise)

4 ECCV-08 submission ID 952

fect the topology of the computed mesh. The computational complexity of this method90 90

dramatically increases with the number of images used for the reconstruction.91 91

Mesh-based or Lagrangian methods propose an intuitive approach where the sur-92 92

face representation, i.e. the mesh, is directly deformed over time. Meshes present nu-93 93

merous advantages, among which are adaptive resolution and compact representation.94 94

Nevertheless, they raise two major issues of concern when evolved over time: self-95 95

intersections and topology changes. The following works addressed those problems [5],[6],96 96

[7], [8], but imposes equal face sizes. On the other hand Hornung and Kobbelt [19] pro-97 97

pose starting from the planar mesh patch and extend the mesh by adding more patches98 98

at the time. We rely on recent work which efficiently addresses those problems [15].99 99

It does not constrain meshes to a fixed resolution and allows faces of all sizes. This100 100

approach to mesh evolution coupled with multi-resolution strategy on the surface parts101 101

efficiently recovers objects of different complexity with the targeted precision on the102 102

more detailed surface parts. To some extent this it can be also parallelized. In our ex-103 103

periments, the obtained reconstruction precision was comparable to what the global104 104

approach achieves.105 105

3 Part-Based Surface Reconstruction106 106

Our objective is to evolve the complete surface by parts. this is an important aspect,107 107

if we want to reduce memory costs and computational time imposed when using all108 108

images at once. We rely on the recent mesh-based evolution method of Zaharescu et109 109

al. [15], which efficiently handles mesh topological changes and allows meshes with110 110

variable facet sizes. The mesh is evolved in parts over time by minimizing the photo-111 111

consistency error function proposed by Pons et al. [4]. For more details, consults [15],112 112

[4]. The mesh parts to be evolved are defined according to the partitioning algorithm113 113

discussed below.114 114

In general, if the positioning of the cameras is arbitrary and the rough initial geom-115 115

etry is known we can cluster original camera set C into a given number k of camera116 116

subsets Cm,m = 1..k. To do this, we first recover the geometry of the object/scene at a117 117

coarse resolution from down-sampled images using all cameras ci, i = 1..Nc. For each118 118

camera ci, we name Si the set containing all the vertices from the scene set S which are119 119

visible.120 120

We then define an intuitive distance function between two cameras cp and cq as the121 121

cardinal of the symmetric difference of Sp and Sq:122 122

dS(cp, cq) = |Sp � Sq| (1)
= |(Sp ∪ Sq) \ (Sp ∩ Sq)| (2)

In practice we use OpenGL depth maps to evaluate the visibility and accumulate the123 123

information into the Nv ×Nc visibility matrix defined as:124 124

∆ =





β1,1 β1,2 · · · β1,Nc

β2,1 β2,2 · · · β2,Nc

...
...

. . .
...

βNv,1 βNv,2 · · · βNv,Nc





Perform k-means clustering:
 - camera-based using the columns of Δ
 - geometry-based using the rows of Δ (involves a 2nd 
step of selecting the most discriminative cameras for 
each geometry cluster - one tuning param.)



CAMERA-BASED CLUSTERS



CAMERA-BASED CLUSTERS



GEOMETRY-BASED CLUSTERS



GEOMETRY-BASED CLUSTERS



1st cluster - Dino1st cluster - Temple

2nd cluster - Dino2nd cluster - Temple

6.3 Results 137

the object bounding volume projects inside all the images of the sequence. The

Dino and Temple datasets are presented. We then present the Parthenon dataset,

which involves one long image sequence covering a large object. In this case, each

image only contains a small portion of the reconstructed geometry. We have used

the camera-based clustering in all results shown below. The point-based camera

clustering leads to very similar results. Due to the inherent overlap between views,

we decided to use the simplest method.

Dino and Temple Sequence. These sequences were obtained from the Middle-

burry Multi-View Stereo dataset [142]. It consists of 47 images of size 640x480.

The coarse surfaces were evolved from the visual hull using all down-sampled im-

ages at 320x240 resolution. The reconstruction results for two clusters are shown

in Figure 6.6 and Table 6.3 (see
2

for more). Our proposed method does not lose

significant accuracy with respect to the original method [169] (which uses all the

cameras), while reducing the memory requirements in half and maintaining com-

parable time processing times.

Paper

Dataset Temple Ring Dino Ring

Acc. Compl. Mem. Time Acc. Compl. Mem. Time

Zaharescu et al [169] 0.55mm 99.2% 1031MB 60min 0.42mm 98.6% 962MB 43min

Our method - cluster 1
0.62mm 98.5%

468MB 36 min
0.5mm 98.5%

483MB 33min

Our method - cluster 2 472MB 42 min 476MB 35min

Table 6.3: Middleburry 3-D Rec. Results. Accuracy: the distance d in mm that

brings 90% of the result R within the ground-truth surface G. Completeness: the

percentage of G that lies within 1.25mm of R. Memory: the amount or RAM used

by the program. Time: the duration for the program to finish.

The parthenon sequence consists of 200 images of size 640x480. Each of

these cameras covered only about 1/10th of the overall structure. This sequence

is synthetic and was generated using Blender
3

and the textured models obtained

from the Parthenon scuplture gallery website
4
. We have employed various camera

cluster sizes, with k = 2, 4, 8, 20. The camera path can be observed in Figure 6.7

where we also show the camera clusters in different colors. The original surface

was a parallelepiped of 4472 facets. In Figure 6.8 we show reconstruction results

throughout the evolutions of different clusters.

We measured the reconstruction precision with respect to the groundtruth as

shown in Table 6.4. As it can be observed, there is negligible loss in precision

2
http://vision.middlebury.edu/mview/eval/

3
http://www.blender.org/

4
http://projects.ict.usc.edu/graphics/parthenongallery/index.html



2 clusters 4 clusters

Parthenon - 200 cameras

8 clusters 10 clusters



Parthenon - 200 cameras

1st Level Resolution with 20 camera clusters



Parthenon - 200 cameras

2nd Level Resolution with 20 camera clusters





more virtual cameras

User guided adaptive resolution 

Only a region of interest will be reconstructed in 
higher resolution

Virtual cameras will be generated based on the 
interactive user selection of the region of 
interest





4. a 3-D Mesh detector 
&descriptor

[Zaharescu & al - submitted to CVPR 2009]



introduction

Matching problem

2-D Image Descriptors (photometric): SIFT [Lowe 
IJCV’04], HOG [Dalal et al. CVPR’05], etc

Mesh Descriptors (geometric): SpinImages[Johnson 
et al, PAMI’92], ShapeContexts[Frome et al 
ECCV’04], etc



introduction

Recently, an increasingly larger number of 
coloured meshes available in the vision 
community (advancements in 3D Rec)

Augmented Mesh Descriptors (geometric + 
photometric): VIP (SIFT + normals on 
meshes [Wu et al - CVPR2008]), [Stark et al, 
ICCV2007]



motivation

A photometric+geometric mesh detector & descriptor would be 
better than an image-based one:

 no false contour edges 
no perspective distortions
meshes incorporate geometric information

A recent number of dense mesh tracking approaches use back-
projected image features as an initial set of matches - [Varanasi, 
Zaharescu & al, ECCV08], [Ahmed. et al, CVPR08], [deAguiar et al 
- HM-UMCA07] 



IDEA

Extend image descriptors to 2-manifolds 
(meshes)

We propose:

MeshDoG(Mesh Difference of Gaussians) 
interest point detector

MeshHOG(Histogram of Gradient) descriptor



requirements

We need equivalent image based operators for 
scalar functions on 2D manifolds: directional 
gradient, gradient, convolution

The scalar function on 2D manifold can be of 
any type,  e.g. colour, curvature, geodesic 
intregral.

regular 2D grid 2D manifold



feature detector
MeshDoG(Difference of Gaussian):

extrema of the scale space (use convolutions with 
Gaussian kernel)

thresholding 

non stable feature elimination (corner detection)

7.2 Method 149

(a) Input Surface (b) Local Extrema Detection

(c) Magnitude Thresholding (d) Unstable Edges Elimination

Figure 7.2: Feature Detection Steps. The feature being used is colour. The orig-
inal mesh has 27240 vertices. The Local Extrema detection finds 5760 points.
After thresholding the most important 5% from the total number of vertices, there
are 1360 vertices left. The final unstable edge elimination step leaves 650 vertices.
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(c) Magnitude Thresholding (d) Unstable Edges Elimination

Figure 7.2: Feature Detection Steps. The feature being used is colour. The orig-
inal mesh has 27240 vertices. The Local Extrema detection finds 5760 points.
After thresholding the most important 5% from the total number of vertices, there
are 1360 vertices left. The final unstable edge elimination step leaves 650 vertices.



7.2 Method 151

(a) f4 (b) f8 (c) f16 (d) f64

(e) DOG4 (f) DOG8 (g) DOG16 (h) DOG64

Figure 7.3: Scale space representation, where the shape is the Stanford bunny and
the feature f is the mean curvature.

(a) f2 (b) f16 (c) f32 (d) f64

(e) DOG2 (f) DOG16 (g) DOG32 (h) DOG64

Figure 7.4: Scale space representation, where the shape is the pop2lock frame 30
and the feature f is the colour.f represents colour

colour space

Image Source: ⓒ University of Surrey - Motion Capture Project



152 Chapter 7: 3-D Mesh Descriptor

(a) f2 (b) f16 (c) f32 (d) f64

(e) DOG2 (f) DOG16 (g) DOG32 (h) DOG64

Figure 7.5: Scale space representation, where the shape is the pop2lock frame 30
and the feature f is the mean curvature.

(a) f2 (b) f16 (c) f32 (d) f64

(e) DOG2 (f) DOG16 (g) DOG32 (h) DOG64

Figure 7.6: Scale space representation, where the shape is the pop2lock frame 30
and the feature f is the gaussian curvature.

  f represents mean curvature

curvature space

Image Source: ⓒ University of Surrey - Motion Capture Project



FEATURE DESCRIPTOR

Around a support region (neighbourhood)

The neighbourhood size is chosen such that it represents % of 
the total area of the surface

Histogram of Gradients

The gradients are 3-D vectors, so the histograms are 3-D

neighbourhood



Local coordinate system

Project all participating vertices in the tangent plane; 
2-D polar histogram (bd=36) of the gradient magnitude;
Dominant bin chosen as axis av. 

We need a local coordinate 
system to make the descriptor 
rotation invariant !

neighbourhood

n
v

a
v

n
v 

x
 
a

v



descriptor

Two level histogram: 
1st level: spatial support (bs=4)
2nd level: orientation support (bo=8)
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Figure 7.7: a) 3-D Histogram - spherical mapping used for creating histograms
via binning of 3-D vectors; b) Choosing 3 orthogonal planes onto which to project
the 3-D Histogram. c) Polar Coordinate system used for creating histograms via
binning of 2-D vectors, shown in this example with 8 polar slices. d) Example
of a typical spatial and orientation histograms, using 4 spatial polar slices and 8
orientation slices.

For each vertex vi ∈ ring(v, rn), the gradient information
−→
d (vi) is computed.

Since the gradient vectors are 3 dimensional, we will perform the binning in 3-D.
In order to ensure the rotation invariance of the descriptor, a dominant gradient
direction −→a v is computed with respect to which the local coordinate system is
aligned, used both for the histogram computation and for the relative gradient
orientations. One axis will be aligned with nv, whereas the other two will reside
in the plane perpendicular to nv passing through v.

In practice, however, in order to reduce storage requirements for the descrip-
tor, instead of computing full 3-D orientation histograms, as proposed in [87],
we project the gradient vectors to 3 orthonormal planes describing the local co-
ordinate system, all of which include the vertex v and two of which include the
normal −→n v of vertex v, as shown in Figure 7.7c). Let us denominate P v

1 , P v
2 and

P v
3 the 3 planes. The planes can be constructed uniquely, given the vertex v, its

normal−→n v and another axis construction vector−→a v, by constructing the third axis−→
b v = −→a v ×−→n v. The planes will be constructed as following: {−→a v,

−→
b v} ⊂ P v

1 ,
{−→a v,

−→n v} ⊂ P v
2 and {

−→
b v,

−→n v} ⊂ P v
3 .

The axis construction vector−→a v is determined based on the dominant gradient
magnitude histogram bin, performed in the plane orthogonal to −→n v. Polar bins
are being used, due to the inherent circular structure of the support, determined
by the neighbourhood ring size. In order to determine the corresponding bin, each
vertex vi is projected onto the plane. The number of the bins used for dominant
magnitude computation is bd = 36. We weigh each orientation gradient magnitude
||
−→
d (vi)|| by a Gaussian with σ equal half spatial support (eavg ∗ rn/2). We use the
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For each vertex vi ∈ ring(v, rn), the gradient information
−→
d (vi) is computed.

Since the gradient vectors are 3 dimensional, we will perform the binning in 3-D.
In order to ensure the rotation invariance of the descriptor, a dominant gradient
direction −→a v is computed with respect to which the local coordinate system is
aligned, used both for the histogram computation and for the relative gradient
orientations. One axis will be aligned with nv, whereas the other two will reside
in the plane perpendicular to nv passing through v.

In practice, however, in order to reduce storage requirements for the descrip-
tor, instead of computing full 3-D orientation histograms, as proposed in [87],
we project the gradient vectors to 3 orthonormal planes describing the local co-
ordinate system, all of which include the vertex v and two of which include the
normal −→n v of vertex v, as shown in Figure 7.7c). Let us denominate P v

1 , P v
2 and

P v
3 the 3 planes. The planes can be constructed uniquely, given the vertex v, its

normal−→n v and another axis construction vector−→a v, by constructing the third axis−→
b v = −→a v ×−→n v. The planes will be constructed as following: {−→a v,

−→
b v} ⊂ P v

1 ,
{−→a v,

−→n v} ⊂ P v
2 and {

−→
b v,

−→n v} ⊂ P v
3 .

The axis construction vector−→a v is determined based on the dominant gradient
magnitude histogram bin, performed in the plane orthogonal to −→n v. Polar bins
are being used, due to the inherent circular structure of the support, determined
by the neighbourhood ring size. In order to determine the corresponding bin, each
vertex vi is projected onto the plane. The number of the bins used for dominant
magnitude computation is bd = 36. We weigh each orientation gradient magnitude
||
−→
d (vi)|| by a Gaussian with σ equal half spatial support (eavg ∗ rn/2). We use the
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(a) Input Data (b) MeshHOG Matches (c) SURF Matches
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(d) MeshHOG Errors (frames 1,50)

0 5 10 15 20 25
0

10

20

30

40

50

60

70

80

90

Binned Error (unit = avg. edge length)

N
o

. 
o

f 
m

a
tc

h
e

s

(e) SURF Errors (frames 1,50)
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(f) MeshHOG Errors (avg.)
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Figure 7.8: Comparison between SURF and MeshHOG for synthetic dancer-synth
dataset with groundtruth available (for 200 frames). (b),(c) The matches are pre-
sented for the meshes at time 1 and 50. (d),(e) Histogram errors for meshes at
time 1 and 50. There are 364 matches for MeshHOG and 343 matches for SURF.
(f),(g) Average histogram errors for frames (1, x), where x ∈ [2..200]. Each bin
is of width equal to the average edge length. The last bin (20) concentrates all the
errors greater than 20 times the average edge length.
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0 5 10 15 20 25
0

10

20

30

40

50

60

70

80

90

Binned Error (unit = avg. edge length)

N
o
. 
o
f 
m

a
tc

h
e
s

(e) SURF Errors (frames 1,50)
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Figure 7.8: Comparison between SURF and MeshHOG for synthetic dancer-synth
dataset with groundtruth available (for 200 frames). (b),(c) The matches are pre-
sented for the meshes at time 1 and 50. (d),(e) Histogram errors for meshes at
time 1 and 50. There are 364 matches for MeshHOG and 343 matches for SURF.
(f),(g) Average histogram errors for frames (1, x), where x ∈ [2..200]. Each bin
is of width equal to the average edge length. The last bin (20) concentrates all the
errors greater than 20 times the average edge length.
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(d) MeshHOG Errors (frames 1,50)
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(e) SURF Errors (frames 1,50)
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Figure 7.8: Comparison between SURF and MeshHOG for synthetic dancer-synth
dataset with groundtruth available (for 200 frames). (b),(c) The matches are pre-
sented for the meshes at time 1 and 50. (d),(e) Histogram errors for meshes at
time 1 and 50. There are 364 matches for MeshHOG and 343 matches for SURF.
(f),(g) Average histogram errors for frames (1, x), where x ∈ [2..200]. Each bin
is of width equal to the average edge length. The last bin (20) concentrates all the
errors greater than 20 times the average edge length.
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Figure 7.8: Comparison between SURF and MeshHOG for synthetic dancer-synth
dataset with groundtruth available (for 200 frames). (b),(c) The matches are pre-
sented for the meshes at time 1 and 50. (d),(e) Histogram errors for meshes at
time 1 and 50. There are 364 matches for MeshHOG and 343 matches for SURF.
(f),(g) Average histogram errors for frames (1, x), where x ∈ [2..200]. Each bin
is of width equal to the average edge length. The last bin (20) concentrates all the
errors greater than 20 times the average edge length.

MeshHOG

Backprojected
SURF

MeshHOG

Backprojected
SURF



158 Chapter 7: 3-D Mesh Descriptor

(a) Frames 525-526 Mesh-
HOG (119 matches)

(b) Frames 530-531 Mesh-
HOG (122 matches)

(c) Frames 530-
550 MeshHOG (13
matches)

(d) Frames 525-526 SURF
(54 matches)

(e) Frames 530-531 SURF (2
matches)

(f) Frames 530-550 SURF (0
matches)

Figure 7.9: Dance-1 Sequence.

MeshHOG

Backprojected
SURF
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(a) Dino - Matches
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Detector=Colour; Descriptor=Colour

Detector=Colour; Descriptor=Curvature

Detector=Colour; Descriptor=Colour+Curvature

Detector=Curvature; Descriptor=Colour

Detector=Curvature; Descriptor=Curvature

Detector=Curvature; Descriptor=Colour+Curvature

(b) Dino - Errors

(c) Temple - Matches
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Detector=Colour; Descriptor=Colour

Detector=Colour; Descriptor=Curvature

Detector=Colour; Descriptor=Colour+Curvature

Detector=Curvature; Descriptor=Colour

Detector=Curvature; Descriptor=Curvature

Detector=Curvature; Descriptor=Colour+Curvature

(d) Temple - Errors

Figure 7.11: a) Matches results for when using the colour both as a detector and
a feature; b) Error Distribution for when using different combinations of features
for both detection and matching.



resilience to noise

162 Chapter 7: 3-D Mesh Descriptor

false positives, since the two meshes are not perfectly identical, being the result

of a 3-D reconstruction method from multiple images, which introduces some

errors. In the Synth-dance dataset, the colour noise influences the descriptor ac-

curacy more than the geometry noise, whereas in the Dino dataset the situation

is reversed. This stems from the fact that the meshes in the two datasets have a

relatively different number of vertices, which will in turn directly influences the

ring neighbourhood size rn, always chosen to represent αr of the total mesh area.

The Synth-dance meshes have 7061 vertices, which produces rn = 7, whereas

the Dino meshes have 27240 and 31268 vertices, which produces rn = 15 and

rn = 16, respectively.
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(b) Synth - FP
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(c) Synth - FP Ratio

10

20

30

40

50

10

20
30

40
50

50

100

150

200

250

300

350

400

Colour Noise (%)

Geometry Noise (%)

N
o
. 
o
f 
M

a
tc

h
e
s

(d) Dino - TP
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(e) Dino - FP
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(f) Dino - FP Ratio

Figure 7.12: Resilience to noise measurements. There are two kinds of noise

being applied: geometry noise (changing the vertices v ) and colour noise (chang-

ing values f(v) held in each vertex). a) Synth-dance dataset (frame 1 and 50) -

True Positive (TP); b) Synth-dance dataset (frame 1 and 50) - False Positive (FP);

c) Synth-dance dataset (frame 1 and 50) - False Positive Ratio; d) Dino dataset -

True Positives (TP); e) Dino dataset - False Positives(FP); f) Dino dataset - False

Positive Ratio.

The running time of computing such a descriptor depends on the descriptor

neighbourhood size. For example, in the synth-dance dataset, computing 706

descriptors using a neighbourhood size rn = 7 took under 1 second, while com-

puting 2724 descriptors using a ring neighbourhood size rn = 15 took 35 seconds.

The machine used for the test was a Core2Duo 2.4GHz Intel with 2 Gigs or RAM



conclusion

Goals: improve 3-D reconstruction methods

Contributions
• A Robust Factorization Framework
• A Mesh Surface Evolution Algorithm
• Content-Aware Camera Clustering
• A Novel 3-D Mesh Detector & Descriptor



future work

Short term:
•Look into parallelising camera clustering
•Use MeshHOG for object recognition 
•Look into porting other results form images to 

manifolds (i.e. MSER, optical flow)

Long term:
•Unified Spatio-Temporal formulation



That’s all Folks!


