Research Activities in 3D Content Generation
Matej Nezveda, Margrit Gelautz

Werner Zellinger, Bernhard Moser

Institute of Software Technology and Interactive Systems
Vienna University of Technology
Vienna, Austria
{matej.nezveda, margrit.gelautz}@tuwien.ac.at

Knowledge-Based Vision Systems
Software Competence Center Hagenberg
Hagenberg, Austria
{werner.zellinger, bernhard.moser}@scch.at

Florian Seitner

Christian Kapeller

emotion3D GmbH
Vienna, Austria
seitner@emotion3d.tv

cmotion GmbH
Vienna, Austria
christian.kapeller@cmotion.eu

Abstract— This report describes work on 3D content
generation performed under the Austrian 3D-ConTourNet
participation project Hyperion3D. We review key processing
steps such as disparity computation, inter-camera mapping and
virtual view synthesis, and give information on a publicly
available database for evaluating 3D visual discomfort.
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I. INTRODUCTION
We describe work on 3D content generation performed
under the Austrian COST participation project Hyperion3D.
The project deals with the development of a system for 3D
content production that consists of a high-end main camera
which is accompanied by a compact assistant stereo rig.
In Section II we describe our camera set-up and give an
overview of the workflow and algorithms we designed to
convert the trifocal input stream into disparity/depth maps and
virtual views derived from them. We discuss some peculiarities
of the inter-camera mapping process in the context of our Lshaped camera alignment. The selection of virtual viewpoints
allows adjusting the disparity range to be presented to the
viewer on a particular display. Suitable strategies have been
developed to suppress visual discomfort which may be
experienced by the viewer depending on the scene’s depth (and
motion) characteristics and the properties of the chosen
stereoscopic display.
In Section III we summarize work on a related depth
recommendation system whose evaluation in a user study
resulted in a publicly available database containing stereo
videos along with subjective quality scores.
II. TRIFOCAL SYSTEM FOR 3D CONTENT GENERATION
We have developed a trifocal system for high-quality 3D
content generation (see Fig. 1). In this section, we give a brief
overview of the system’s architecture and its main components.
We refer the interested reader for more details on this trifocal
system to our corresponding publication [1].

A. Trifocal Camera System
Our camera system involves a high-end main camera CM
(i.e., Arri ALEXA [2]) with a compact assistant stereo rig (i.e.,
pair of sinaCAM HDC1-100 camera heads [3]) consisting of
two assistant cameras CA1 and CA2 attached to it. An important
characteristic of our system is its L-shaped configuration, as
visible in Fig. 1. This configuration makes the whole system
flexible in terms of camera positioning and handling.
B. Rectification and Color Matching
We consider view M of camera CM as our primary source of
information. Thus, during rectification and color matching our
objective is to preserve this camera view. To this end, we first
align view A1 of camera CA1 with view M and in a second step
view A2 of camera CA2 with the rectified view A1 (i.e., only A1
and A2 are transformed during rectification). In particular, we
perform an uncalibrated rectification using [4] based on SURF
[5]. For color matching, we fit the color histograms of both A1
and A2 to the color histogram of M using global color
histogram alignment as proposed in [6].
C. Disparity Computation
We perform a stereo-based disparity computation between
views M and A1 and between views A1 and A2. To this end, we
have combined an adapted cost volume filtering framework
previously developed by us in [7] and a hierarchical matching
framework within a unified framework.
For stereo matching, we perform the following four basic
steps: First, we store the dissimilarities based on the census
transform [8] between both views for each pixel at each
allowed disparity level in a cost volume. Second, we perform
an edge-aware filtering of the cost volume using [9]. Third, we
generate an initial disparity map by selecting for each pixel the
disparity with the lowest cost. Fourth, we refine the initial
disparity map using the approach of [7] and apply an additional
sub-pixel enhancement according to [10].
For hierarchical matching, we build a Gaussian pyramid
with three layers. Each layer has half the resolution of its
preceding layer. Then, we compute an initial disparity map for
the coarsest layer using the described stereo matching

Fig. 1. Trifocal system pipeline. A camera system consisting of one main camera CM and two assistant cameras CA1 and CA2 captures three time synchronous
views M, A1 and A2. These views are first rectified and color matched and then their disparity maps DM, DA1 and DA2 are computed. Finally, the rectified and
color matched views are mapped via the computed disparity maps to virtual camera views VM, VA1 and VA2 which are located at the same position and fused to
a final virtual view V.

algorithm. In the next two finer layers, we bound the number of
disparity levels according to the results of the specific previous
layer. Thus, we obtain a disparity map for the final layer which
is based on the priors of the coarser layers.
D. Inter-Camera Mapping and Virtual View Synthesis
We use the stereo-derived disparity maps between the
views M, A1 and A2 to synthesize a virtual view V using depthimage-based rendering similar to [11]. However, since no
disparity map exists between M and V, we first generate such a
disparity map. To this end, we define a virtual camera view A3
that is located on the same vertical position as M and on the
same horizontal position as A2. Then, we vertically map the
ℎ
ℎ
disparity map 𝐷𝐷𝐴𝐴1
→𝐴𝐴2 to camera view M and obtain 𝐷𝐷𝑀𝑀→𝐴𝐴3 .
ℎ
Finally, by scaling the disparity map 𝐷𝐷𝑀𝑀→𝐴𝐴3 we can shift the
position of virtual view V. Fig. 2 outlines this setup.

During our experiments we found that the quality of the
disparity maps is significantly lower between views M and A1,
which are captured with different cameras, than between views
A1 and A2, which are captured with identical cameras. Thus,
instead of using direct mapping based on disparity maps
between views A1 and M, we introduce indirect mapping where
horizontal disparity maps between A1 and A2 can be converted
to vertical disparity maps between A1 and M.

For virtual view synthesis, we map all three camera views
M, A1 and A2 to the same virtual viewpoint and obtain three
virtual views VM, VA1 and VA2. Note that we can here use either
direct or indirect mapping. Then, we fuse all three virtual views
to a final virtual view V. Finally, we fill missing pixels after
fusion using “horizontal copy background” as described in
[12].

conjunction with the scene’s estimated depth and motion
characteristics. The proposed model incorporates the
assumption that the object of interest should be located in depth
near the screen plane and undergo only limited depth jumps.
More details on the formulation in terms of a linear
optimization problem are given in [13].
In order to evaluate the performance of the depth
recommendation system, we conducted a user study in which
the levels of image quality, depth quantity, and visual comfort
were rated by 14 subjects on a set of available and selfrecorded stereoscopic test videos. The stereo videos (see Fig. 3)
along with subjective quality scores are publicly available at
the
SCCH
3D
Visual
Discomfort
Database
(www.scch.at/en/id-3d-visual-discomfort-database).
IV. CONCLUSION
We have reviewed a workflow and algorithms for
generating 3D content from a trifocal camera set-up, as part of
our research activities connected to 3D-ConTourNet.
Subjective quality evaluation in the context of visual
(dis)comfort led to the implementation of a publicly available
database with user-provided ratings. Future work might address
the design of user studies to assess the quality of depth maps
and derived novel views for highly dynamic scenes for which
ground truth data are usually not available.
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