(will be inserted by the editor)

Computer Graphics International 2011 manuscript No.

A Integrated Depth Fusion Algorithm for Multi-View Stereo

Yongjian Xi - Ye Duan

Abstract In this paper, we propose a new integrated
depth fusion algorithm for multi-view stereo. The ex-
periments on the benchmark datasets show that our al-
gorithm can obtain high quality reconstruction results
that are comparable with the state-of-art methods, with
considerable less computational time and complexity.
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1 Introduction

Despite significant advancement in interactive shape
modeling, creating complex high quality realistic look-
ing 3D models from scratch is still a very challenging
task. Recent advancement in 3D shape acquisition sys-
tems such as laser range scanners and encoded light
projecting system have made directly 3D data acqui-
sition feasible [1]. These active 3D acquisition systems
however remain expensive. Meanwhile, the price of dig-
ital cameras and digital video cameras keeps decreasing
while the quality is improving every day, partially due
to the intense competition in the huge consumer mar-
ket. Furthermore, huge amounts of images and videos
are added in internet sites such as Google, etc every day,
a lot of which could be used for multiview image-based
3D shape reconstruction [2].

To date, there have been a lot of researches con-
ducted in the area of multiview image-based modeling.
The recent survey by Seitz et al. [3] gives an excellent
review of the state-of-arts in this area. As summarized
by [4], most of the existing algorithms follow a two-stage
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approach: 1) conduct depth estimation based on local
groups of input images; 2) fuse the estimated depth
values into a global watertight 3D surface estimation.
The depth estimation step is often based on image cor-
relation [5]. The main differences between existing al-
gorithms are in the second stage, the data fusion step,
which can be divided into two categories. The first type
of data fusion reconstructs the 3D surface by conduct-
ing volumetric data segmentation using global energy
minimization approaches such as graph cut [6-8,10,17,
28], level-set [11-14,23,38,39], or deformable models
[5,15,16,18]. Recently, people have proposed another
types of data fusion algorithms that are based on local
surface growing and filtering [2,9,10]. Without global
optimization, these types of data fusion algorithms can
be computationally more efficient [21,22].

In this paper, we proposed an integrated depth fu-
sion algorithm that integrates the graph-cut based global
optimization with a mean-shift based explicit surface
evolution. The energy functional to be minimized is de-
rived from a novel volumetric saliency weighted normal
vector field based on an anisotropic kernel density es-
timation. The experiments on the benchmark datasets
show that our algorithm can obtain high quality recon-
struction results that are comparable with the state-of-
art methods, with considerable less computational time
and complexity.

2 Algorithm

The entire algorithm consists of five main steps. Start-
ing from an initial shape estimation such as the visual
hull (Step 1), we will conduct depth estimation which
will generate a set of 3D points representing the esti-
mated depth (Step 2). A volumetric saliency weighted
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normal vector field is then constructed based on the
3D points (Step 3), which is then be used to extract a
watertight 3D surface by graph cut algorithm (Step 4).
Step 2 to Step 4 can be repeated several times. In prac-
tice, two to three iterations between Step 2 and Step
4 will be sufficient to obtain a good shape estimation,
which will be further improved by the explicit surface
evolution step (Step 5).

2.1 Saliency Weighted Normal Vector Field
Construction

There are two main steps in the data fusion phase. First,
a saliency weighted normal vector field is constructed
based on the 3D points generated by the above depth
estimation step. Next, a watertight 3D surface is ex-
tracted from the saliency weighted normal vector field
by energy minimization. The saliency weighted normal
vector field is constructed by the following three steps:
1) saliency field construction by anisotropic kernel den-
sity estimation; 2) normal estimation and consistent
normal orientation propagation; 3) volumetric saliency
weighted normal vector field construction.

We will detail the three steps of saliency weighted
vector field construction in this section. The 3D surface
extraction will be discussed in the later sections.

Saliency field construction by anisotropic kernel density
estimation: We use the term saliency to represent the
likelihood the unknown surface passes through a certain
part of 3D space. In this paper, we propose to employ
parzen-window based nonparametric density estimation
method to compute the saliency of each point. Partic-
ularly, we propose to employ an anisotropic ellipsoidal
kernel based density estimation method.

Normal Estimation and Consistent Normal Orientation
Propagation: Given the 3D point clouds, we can esti-
mate the normal vector at each point based on the Prin-
ciple Component Analysis (PCA) algorithm [32]. Nor-
mal vectors estimated by the PCA algorithm however
has an ambiguity of 180 degree so might not be con-
sistently oriented. An orientation propagation is often
needed to ensure the consistent orientation of the nor-
mal vectors. One way to do this is to first build a graph
with each point as a node and the weights of edges be-
tween the adjacent points are defined as 1— || ny - na ||,
where n; and ns are the normal vectors of the two adja-
cent points, and then compute the minimum spanning
tree (MST) from the graph using algorithms such as
the Kruskal’s algorithm [33] which finds a subset of the
edges that forms a tree that includes every vertex in
the graph, where the total weight of all the edges in

the tree is minimized. At the termination of the algo-
rithm, the normals are adjusted so the two neighbors in
the tree have consistent normal orientation. The above
MST based normal orientation propagation approach
however is not robust against noises and outliers. Thus
we propose to utilize external knowledge to guide the
normal orientation propagation.

Volumetric Saliency Weighted Normal Vector Field Con-
struction: Once we have estimated the saliency and
normal vector at each point, we will proceed to con-
struct a volumetric saliency weighted normal vector
field, from which a watertight 3D surface can be ex-
tracted by energy minimization. A volumetric grid em-
bedding all the 3D points is first constructed. The saliency
and the normal vector of each point are then propa-
gated to its adjacent grid nodes with weights calcu-
lated using the aforementioned parzen-window kernel
function based on the anisotropic Mahalanobis distance
between the grid node and the point.

2.2 3D Shape Estimation by Graph-Cut

Once the volumetric saliency weighted normal vector
field is constructed, a watertight 3D surface S can be
extracted by energy minimization. We use the following
energy functional as suggested by [34]:

E= Edata + 6-Ereg (1)

Fiatq is the data alignment term which is the inverse
of the flux that enforces the surface alignment with the
data orientation:

Ejate = —fluz (S) = — /S (N,v)ds (2)
where (, ) is (Euclidean) dot product and N is unit
normal to surface elements ds consistent with a given
orientation. If vectors v is interpreted as a local speed in
a stream of water then the absolute value of flux equals
the volume of water passing through the hypersurface
in a unit of time. The sign of flux will be determined
by the orientation of the surface. E,.q is the area-based
regularization term that maintains the regularity of the
extracted surface:

Ereg = /S ds 3)

¢ is the coefficient of the regularization term E,., that
controls the strength of the smoothness in the energy
minimization process and is related to the sampling
density of the data. In our experiment, we set € as 0.2.

As pointed out by [34], combining flux with area
based regularization can overcome the shrinking effect
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Table 1 Running time and reconstruction accuracy.

Dataset Running | # of in- | accuracy | complet-
time put im- eness
(mins: ages
secs)
Temple 33:50 47 99.5% 0.53
ring
Temple 29:15 16 96.8% 0.72
sparse
ring
Dino 34:10 48 99.5% 0.46
ring
Dino 30:50 16 97.8% 0.42
sparse
ring

of the area-based regularization and improve the recon-
struction of elongated structures, narrow protrusions,
and other fine details. Based on the divergence theo-
rem for differentiable vector fields, the integral of flux
of vector field over surface S equals to the integral of
vector field’s divergence div (v) in the interior of S:

/S (N, v)ds = /V div (v,) - dp )

Where V is the region enclosed inside S. Thus E is now:

Eza/sds—/vdiv(vp)-dp (5)

This equation can be solved efficiently using the graph
cut algorithm [34]: neighboring nodes are connected
via n-links representing area-based regularization cost.
Nodes are also connected to the terminals via one ¢-
link based on their divergence value: nodes have posi-
tive divergence are connected to the source terminal s
with weight div (v,); nodes have negative divergence are
connected to the sink terminal ¢ with weight —div (v);
the node that has zero divergence is not connected to
either terminal. The weight of the n-link is defined as
the inverse of the edge length so that the weights of
severed n-links approximate the surface area [35]. Con-
sequently, a global minimum surface for the above equa-
tion can be found by computing a minimal s/¢-cut in
the constructed graph [34].

3 Benchmark Data Evaluation

We had applied our algorithm to the four benchmark
datasets: temple ring, temple sparse ring, dino ring, and
dino sparse ring from [19]. Table 1 shows the running
time and the reconstruction accuracy and complete-
ness obtained from the evaluation site [19]. The run-
ning time is based on a Pentium D Desktop PC with
CPU 2.66GHz, 2GB RAM. The graph cut is conducted
by using the generic max-flow library implemented by
Boykov and Kolmogorov [37].

Fig. 1 Reconstruction results of the four Benchmark
datasets of [19]: dino sparse ring, dino ring, temple sparse
ring, and temple ring.

4 Conclusion and Future Work

In this paper, we proposed: 1) a novel anisotropic ker-
nel density based point saliency estimation algorithm;
2) a novel volumetric saliency weighted normal vector
field; 3) a novel data fusion approach that integrates
the global optimal graph cut algorithm with an effi-
cient mean-shift based explicit surface evolution algo-
rithm that can reconstruct the 3D surface with high-
quality. The benchmark evaluation of our algorithm is
among the top in the evaluation site, with considerable
less computational time and complexity. Currently, our
method utilizes the visual hull for initial estimation. In
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the future we would like explore the use of bounding
boxes and/or feature points as an initialization as were
suggested by Furukawa et al. [36] and Quan et al. [24].
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