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ABSTRACT

This paper proposes a method for analyzing and synthesiz-
ing video sequences, specifically suited for image sequences
of natural phenomena. We combine a low-dimensional repre-
sentation of arbitrary image sequences and an image morph-
ing technique to create realistic in-between images. The visu-
alization based on the Isomap algorithm allows users to easily
select parts of the video that have periodic character. From
these segments, new sequences can be synthesized in real-
time. To smooth transition artifacts between the reordered
subsequences a Monge-Kantorovich based image morphing
method is applied to interpolate in-between images. Our ap-
proach is useful for e.g. video key-frame animation, auto-
matic looping or creating slow-motion sequences.

Index Terms— Image sequence analysis, Animation

1. INTRODUCTION

Despite recent advances in computer graphics to achieve
photo-realisim from synthetic scenes, real-world footage is
still superior. Image based approaches are also advantageous
to use if synthetic scene models are time-consuming to create.
Examples are dynamic natural phenomena like fire, smoke
and water. However, the drawback of image sequences is the
lack of manipulative freedom.

In this work we are combining two interesting and power-
ful recent approaches to tackle this problem. In a first step, we
address the problem of selecting snippets having a periodic
character by using a low-dimensional representation. This
view of the data intuitively reveals these parts of the input se-
quences (see Figure 1). In a second step, these subsequences
are then in turn used to synthesize new sequences with the de-
sired properties. Users can easily create looping versions of
the input sequence, script the appearance over time or adjust
the temporal resolution.

Utilizing an image morphing method especially suitable
for images of natural phenomena, we are able to create
smooth but detail preserving transitions between the newly
sequenced video blocks. This method is also suitable for cre-
ating in-between images for temporal super resolution with-
out further user interaction.

Fig. 1. Low-dimensional representation of a burning fire se-
quence. The Isomap algorithm represents all images as points
in a k-dimensional space (here k=3) so that the distances be-
tween the images are preserved up to a minimal residual.
Connecting the images according to their temporal order re-
sults in a video trajectory. The loops that can be seen in this
view identify periodic subsequences.

2. RELATED WORK

The idea of reordering subsequences of videos to produce new
output sequences was first proposed in [1]. An input video
of a talking person was segmented into phoneme sequences
which were then used to produce new sequences of the same
person saying different things. A closely related work are
Video Textures [2] introduced by Schoedl et al. Here, quasi-
periodic video sequences are analyzed and transition points
are found that are used to create looping versions of the input
sequence. In addition image morphing techniques are used
that rely on optical flow estimations to smoothen the tran-
sitions. However, especially for natural phenomena, the as-
sumption of constant pixel intensity is often violated, result-
ing in loss of detail in in-between images.

Another approach for editing video sequences of natural
phenomena is proposed in [3]. Here the user paints flow lines
into the sequence, which are then used to learn textured parti-
cles from the input sequence. Although this is an interesting



approach to create new image sequences of natural phenom-
ena, the results variety is limited.

Using the Isomap low-level embedding to explore image
sequences was addressed in [4]. However, the work does not
include image morphing techniques to create new images but
restricts to the nearest neighbor solution. Thus the applicabil-
ity for video editing is limited.

Image morphing techniques are popular in computer
graphics since the mid 80ies. There are many interesting ap-
plications like view interpolation of static scenes [5]. How-
ever most of the techniques depend on user interaction [6, 7].
One example of a morphing technique especially suitable for
sequences of natural phenomena is presented in [8]. However,
a drawback of the method is that the images have to be nor-
malized before the warping can be computed. This sometimes
results in unwanted image alterations.

A recent improvement in computing the optimal image
warping in the Monge-Kantorovich sense is published in [9].
The authors suggest a very fast local approach to solve the
problem. In our work, we are using an implementation of
this method to create smooth transitions and new in-between
images for temporal super resolution motion sequences.

3. VIDEO ANALYSIS

For analyzing image sequences, we are relying on a re-
cent approach for visualizing the internal structure of the
data[4]. The idea follows an approach where the images
of the sequence are analyzed based on an image similarity
measure independent of the temporal order. Combined with
dimensionality-reduction methods like the Isomap algorithm
[10], insightful new representations of the video sequences
are obtained. A representation in 3 dimensions of a sequence
depicting burning fire is shown in Figure 1. Although the
space spanned by the points found with the Isomap algorithm
has no interpretation per se, it serves as an embedding for the
images so that the L2-distances between these points in this
space, approximate the used similarity measure between the
images. As can be seen in this figure, the periodic character of
the input sequence is intuitively revealed by the loops of the
trajectory. This allows users to easily identify quasi-periodic
parts of the input sequence which we denote as video blocks.
They are the building blocks for newly created sequences in
the synthesis step.

3.1. Low-Dimensional Representation

In general, the Isomap algorithm can be applied to find a
low-dimensional representation of an image sequence I, €
1... N which preserves a metric distance D(I;,I;) defined
between the images. Thus the first step is to choose an image
metric that faithfully represents the similarity and dissimilari-
ties between the images of the sequence. In practice it suffices
to use the simple L, distance metric between images which
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Fig. 2. Overview of our method. From an input video se-
quence, first a low dimensional representation is obtained
based on the Isomap algorithm. Using this representation of
the video the user can identify quasi-periodic snippets. These
subsequences are then reordered either automatically or user-
driven to create new sequences. Transitions between the
blocks are smoothly interpolated using Monge-Kantorovich
based image morphing.

is also advantageous in the sense that it can be computed very
fast .

The Isomap algorithm finds an embedding of the images
in an arbitrary dimension 1 < £ < N. For each dimen-
sion there is an residual error which reduces with increasing
k. Since we use the embedding to create a visualization of
the image sequences, we are only interested in solutions for
k < 3. Together with the temporal order of the images the
sequence is represented by a trajectory in this space. For the
natural phenomena sequences we analyzed, this representa-
tion intuitively revealed the quasi-periodic subsequences.

Other distance measures, like the Earth Movers distance
[11], only marginally improve the resulting embedding since
the Isomap algorithm depends only on the most similar im-
ages. For these, different measures have similar values [4].
For this work we used the Matlab implementation provided
by Tenenbaum et al.> A detailed description of the Isomap
algorithm can be found in [10].

3.2. Video Blocks (VB)

In the low-dimensional representation described in the previ-
ous section, the user can easily identify periodic parts of the
input video. These parts form loops in the trajectory, which
are not loops in the strong sense but points on the trajectory
that are neighbors in this space (see Figure 1). Selecting the
neighboring points defines a start and end image of a quasi-
periodic subsequence of the video. We are denoting these
subsequences as video blocks (VB) to express their role as
building blocks in the synthesis step. A VB, B, is thus a tem-

Ihttp://isomap. stanford. edu/



porally ordered set of images B = {I; : s <14 < e} defined
by a start and end image of the subsequence.

4. VIDEO SYNTHESIS

After the input sequence has been segmented into VBs, these
blocks are used to synthesize new image sequences. However,
by rearranging the blocks, temporal discontinuities at transi-
tions might occur. We propose to smoothen these transitions
by creating in-between images that preserve visual continu-
ity. Unlike other low-dimensional embeddings obtained e.g.
by PCA, in-between images are not unambiguously defined
by their coordinates. So it is not clear how to obtain new in-
between images to achieve smooth transitions. A straightfor-
ward solution is to use the nearest neighbor image for a given
point in the embedded space. However, new connections be-
tween video blocks may have no in-between images in the
original sequence. Our solution is to create new in-between
images using image morphing techniques. Specifically, we
use a Monge-Kantorovich based (aka Earth-Movers Distance)
image morphing approach that is especially suitable to morph
images depicting natural phenomena.

The synthesis step is divided into two parts. First we se-
quence the previously found VBs. In the second step, new in-
between images are synthesized to create smooth transitions
or even temporal super-resolution.

4.1. Sequencing

To create new image sequences the VBs from the video anal-
ysis step are rearranged. We propose several ways to create
new sequences from the video blocks. An automatic approach
is to specify the probability for each VB. This could be e.g.
an uniform distribution if no preferences are given. A more
controlled output is achieved by specifying transition proba-
bilities P(4, j) between blocks. This way a probability matrix
P is defined which can be interpreted as a first-order Markov
process. This process can be sampled to obtain new order-
ings. Another way is to sequence the blocks manually. Once
the VBs are identified and labeled, the user can script the or-
der of the blocks by defining an ordered set. The advantage
is that the user has control while working with a high-level
description of the image sequence.

The path connecting two blocks is defined by the connec-
tion between the two images that are the nearest neighbors in
the VBs.

4.2. Image Morphing

Generally, an image morph « between two images I; and I,
is a mapping so that [; = I; o u. We restrict ourselves to
automatic morphing techniques that need no user interaction
to identify matching features between source and target im-
age. One possible solution are optical flow based morphing
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Fig. 3. Resequencing the VBs labeled A,B and C. To smooth
the transition between the blocks new in-between images be-
tween the closest images are created using image morphing
(dark grey blocks). The duration of the blocks can also be
adjusted to create slow motion versions of the subsequences.

methods, e.g. [13]. However, for image sequences depict-
ing natural phenomena like fire, the assumption of constant
pixel intensity over time is strongly violated leading to un-
satisfactory results. Instead, we are proposing to use an im-
age morphing method based on the Monge-Kantorovich prob-
lem. Originally stated by Monge [14] for solving the problem
of moving piles of dirt in an optimal sense, recent work has
translated this to the problem of image morphing [8, 9]. The
image model assumption is, unlike the optical flow model,
not pixel- but volume-based. Source and target image are
assumed to have the same total pixel intensity [ I, = [ I;.
The Monge-Kantorovich solution is then a transport mapping
that redistributes the mass in a minimal distance sense. Small
bright regions can be mapped to larger dimmer regions, thus
better reflecting the physical properties of diffusion processes.

Fig. 4. Monge-Kantorovich image morphing between two
images of a flame sequence. The left image is the source and
the right the target image. In between is a newly created in-
between image with morphing halfway from source to target.

Figure 4 shows the morphing results between two images
of a fire sequence. To create smooth transitions, the forward
and backward morphs between the source and the target im-
ages are blended. Let u;; denote the warping from I; to I;,
then we can write

Lij(t) = (1 = )i o (T ugy)) + t(Lj o (1 — t)uyi))

where I;;(t) is the in-between image with I,;(0) = I; and



I;;(1) = I;. The blending improves the result since in general
u;; # u;; because of the local approach to the solution. This
gives smooth transitions while preserving details and avoid-
ing double exposure effects.

5. RESULTS

We have applied our approach to several real-world video se-
quences depicting natural phenomena.

Fig. 5. Examples of our test sequences.

The example sequences consist of 70 to 200 images in the
input sequence. We used a three dimensional representation
of the sequence to identify the VBs. The results found on
our project web page? show the application of random rese-
quencing and temporal super resolution to create slow motion
effects. Sequences showing a single phenomena, like the fire
sequence, are best suited for our approach. Once the warpings
between the images are pre-computed the creation of new se-
quences is possible in real time. Image sequences showing
spatial parts that have independent temporal periodicity, like
the fireside example, sometimes cause noticeable transitions.

6. DISCUSSION AND FUTURE WORK

With the proposed approach we can synthesize new image se-
quence from convenient video footage. The powerful low-
dimensional representation generated by the Isomap algo-
rithm enables users to easily identify subsequences having
a periodic character that we call video blocks (VBs). These
blocks are then arbitrarily concatenated to synthesize new im-
age sequences to suit the users need. In the synthesis step we
further applied Monge-Kantorovich image morphing which
is especially suitable for morphing images depicting natural
phenomena like fire or smoke. This creates smooth but de-
tail preserving transitions between the VBs but can also be
used to create temporal super resolution sequences. Example
applications are automatic looping of the input sequences or
high level scripted sequencing of the VBs.

For future work we will concentrate on improving the im-
age morphing step. Although the method so far works well
for similar images, distinctly different images are not always
morphed satisfyingly. We are confident that a multi-frequency
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morphing technique will yield convincing results. Separating
the images of the input sequence into patches instead of using
the whole image in the analysis step would also improve the
results. Looping the different parts separately should account
for the problems sometimes encountered for image sequences
that are divided into spatial parts having different temporal
periodicity.
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