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Abstract

Traditional image-based mosaicing deals with the
problem of parallax by imposing constraints of a
parallax-free camera configuration or requiring a dense
sampling of the scene. These solutions are often im-
practical or fail to address the needs of the application.
Instead, taking advantage of depth cues and a criterion
of smooth transitions, we achieve significantly improved
mosaicing results for static scenes, coping effectively
with non-trivial parallax in the input. Furthermore, by
incorporating a criterion of consistent motion percep-
tion, we demonstrate progress on mosaicing of dynamic
scenes without introducing artifacts. Although further
additions are required to cope with unconstrained ob-
Jject motion, our algorithm can synthesize perceptually
convincing dynamic mosaics, conveying the same ap-
pearance of object motion as seen in the original se-
quences.

1. Introduction

Traditional image mosaicing techniques operate by
first aligning the inputs and then warping and stitching
them together. However, in the presence of considerable
disparity variance or dynamic objects in the scene, im-
age registration is frustrated by parallax effects and ob-
ject motion. This results in misalignments, which lead
to artifacts in both static and dynamic mosaics.

In order to cope with the parallax problem, most
algorithms impose constraints of either a parallax-free
camera configuration [3][5][12], or a dense sampling
of the scene, such as that provided by manifold mo-
saics [9][14]. However, these requirements may be im-
practical or prohibitively expensive to satisfy.

The application of mosaicing to dynamic video se-
quences was first proposed by Irani [7] and Sawh-
ney [11]. Both approaches were based on the assump-
tion of a parallax-free input video, provided by a single
rotating camera, which cannot capture dynamic events
continuously in both spatial and temporal dimensions.
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Rav-Acha et al. [1] described the production of non-
chronological mosaic video. Although effective for its
purpose, this unfortunately does not preserve the per-
ception of chronologically continuous motion for ob-
jects in the scene.

To overcome the aforementioned problems and lim-
itations, we introduce a novel image mosaicing algo-
rithm, which considers 2D image mosaicing as a depth-
based view synthesis problem. When integrated with
foreground-background segmentation and motion per-
ception analysis, our algorithm can generate reasonable
dynamic mosaics when given inputs exhibiting non-
trivial parallax.

The remainder of this paper is organized as follows.
Section 2 describes our depth-based image mosaic ap-
proach, on which the dynamic mosaic algorithm, de-
scribed in Section 3, relies. Section 4 provides a com-
parison of experimental results with those of Autostitch,
and Section 5 concludes with a discussion of desirable
improvements.

2. Depth-Based Image Mosaicing for a
Static Scene

In contrast with traditional mosaicing techniques, we
synthesize the panorama as if seen through a virtual
camera with a wider field-of-view (FOV) than the in-
puts. This assumes availability of a depth map of the
entire scene, a requirement we discuss in further detail
below. Provided that the depth estimates are reasonable,
we may build a panorama free of parallax-related arti-
facts. While traditional view synthesis techniques only
consider content that is viewed by multiple input cam-
eras, i.e., is contained in overlapping regions of the in-
put where stereo information is available, our approach
employs a depth propagation procedure to include the
contents of non-overlapping regions, visible only to a
single camera, as well.

2.1 Synthesis of overlapping regions

Mosaicing in the overlapping regions, R,, is per-
formed using the plane sweep algorithm [6]. Given









Figure 2. Comparison of our depth-based mosaicing algorithm to Autostitch.

saicing algorithms, generates results in which consec-
utive frames may exhibit jitter, as seen in the differ-
ence frame in Figure 2. Furthermore, the ghost errors
in framer(, resulting from parallax, are a significant is-
sue even for a single mosaic image. By comparison,
our depth-based dynamic mosaicing approach produces
results that are free of parallax-related artifacts.

5. Conclusion and Future Work

Traditional algorithms are prevented from generating
perceptually acceptable panoramas under fairly com-
mon conditions. In response, we introduced techniques
that treat image mosaicing as a view synthesis problem
that must exploit depth information. We demonstrated
the use of a smooth motion perception criterion, which
guarantees not only the appearance of correct motion
but also motion consistency in both spatial and tempo-
ral dimensions. Our algorithms are applicable to both
static and dynamic scenes.

The results presented here are, of course, only a
start. Considerable work remains, in particular to cope
with arbitrary movement of multiple objects in the
scene. Furthermore, dynamic mosaicing at video rates,
requires taking advantage of the parallel computation
abilities of a GPU, or exploiting the efficient depth map
generation abilities of pre-calibrated stereo cameras or
laser rangefinders.
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