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Abstract
The ability to interpolate between images taken at different time and viewpoints directly in image space opens up
new possiblities. The goal of our work is to create plausible in-between images in real time without the need for
an intermediate 3D reconstruction. This enables us to also interpolate between images recorded with uncalibrated
and unsynchronized cameras. In our approach we use a novel discontiniuity preserving image deformation model
to robustly estimate dense correspondences based on local homographies. Once correspondences have been com-
puted we are able to render plausible in-between images in real time while properly handling occlusions. We
discuss the relation of our approach to human motion perception and otherimage interpolation techniques.

Categories and Subject Descriptors(according to ACM CCS): I.3.3 [Computer Graphics]: Bitmap and framebuffer
operations

1. Introduction

In-between images of different viewpoints can be rendered
by deforming recorded images according to epipolar con-
straints (e.g. [CW93, SD96, ZKU� 04]). However, the prob-
lem of estimating the correspondences without additional
camera calibrations and time synchronization is ill posed in
the general case. If also time interpolation is considered, a
deformable 3D model of the scene must be obtained to re-
strict the search for appropriate correspondences. Still, some
constraints independent of additional information can be en-
forced to support the computation of suitable solutions. We
propose a novel discontinuity preserving deformation model
that captures such relaxed restrictions of general 3D mo-
tions. With our model, occlusions are handled correctly and
we can interpolate directly in image space without the need
to reconstruct the 3D surfaces, motion and camera parame-
ters. The bene�t of this approach is that it becomes possible
to robustly estimate correspondence �elds that can be used
to interpolate in time and view from images recorded with
unsynchronized, uncalibrated cameras and surfaces that are
hard to reconstruct in 3D such as �ames and hair.

2. Related Work

Image morphing, denotes interpolation between images
depicting different objects from user-de�ned correspon-

dences. Algorithms like [BN92], are often used in the movie
industries to create visual effects. Other warping techniques
have been discussed by Wolberg [Wol98], including the pop-
ular thin-plate spline interpolation which is based on point
correspondences. A computationally more complex method
based on point and line features was proposed by Schaefer
et al. [SMW06]. In general, image morphing methods are
solely based on user speci�ed features and are thus work
intensive when interpolating image sequences. Additionally,
when motion discontinuities need to be taken care of, an pre-
segmentation of the image into layers is necessary.

Optical �ow refers to the �ow �eld created by the spa-
tiotemporal trajectories of image patches during an image
sequence. Since the pioneering work on local and global op-
tical �ow reconstruction by Lucas and Kanade [LK81] and
Horn and Schunck [HS81], respectively, a multitude of com-
putational approaches have been devised [BSL� 07] . These
�ow �elds computed with optical �ow algorithms can also
be used to interpolate images. The comparison in Section6
shows that our approach yields better results in the case of
time and view interpolation.

Image-based rendering (IBR) methods achieve highly re-
alistic rendering results using a collection of timely syn-
chronized calibrated photographs. While some IBR methods
rely solely on the number of images to minimize aliasing
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Figure 1: Correspondences for views of a dynamic 3D scene
consisting of planar surfaces can be described in image
space by homographies. We de�ne a translet as the pair of
an image segment of a 3D plane and a corresponding ho-
mography. For example a translet of image A is the outlined
image segment showing the bright face of the pyramid and
the corresponding homography H2 which de�nes its corre-
spondence to image B.

artifacts [LH96, MP04], most IBR approaches make addi-
tional use of epipolar constraints [MB95, SD96, MBR� 00,
VBK05], scene depth [CW93, GGSC96, IMG00, BBM� 01,
ZKU� 04], or full 3D geometry information [DBY98,
WAA � 00, CTMS03, SSS06]. The quality of IBR tech-
niques is strongly dependent on the accurate camera cali-
bration, scene geometry, and/or time synchronized acquisi-
tion. These limitations make data acquisition for IBR a time-
consuming and delicate endeavour which typically requires
a controlled environment and special hardware.

3. Image Deformation Model for Time and View
Interpolation

The relation between two projections of a 3D plane can be
directly described via a homography between the homoge-
neous 2D coordinates of the projections (e.g. [HZ]). Such a
homography can for example describe the relation between
a 3D plane seen from two different cameras, the 3D rigid
motion of the plane between two points in time seen from a
single camera or a combination of both. Thus, the interpo-
lation between images depicting a dynamic 3D plane can be
achieved by a per pixel deformation according to the homog-
raphy directly in image space without the need to reconstruct
the underlying 3D plane, motion and camera parameters (cf.
Figure 1). The relation between the corresponding pixels
of images from a typical dynamic real-world scene on the
other hand is of course far more complex. However, Com-
puter Graphics has been very successful in creating photo-
realistic images from approximations of natural scenes and
objects with meshes consisting of simple planar triangles.
For each such triangles the relation of the corresponding pix-
els is again exactly described via local homographies.

Our proposed image deformation model is motivated by
these observations. We assume that natural images can be

decomposed into regions, for which the deformation of each
element is suf�ciently well described by a homography.
Speci�cally, we introducetransletswhich are homographies
that are spatially restricted. That is, a translet is described by
a 3� 3 matrix H and an image segment. To obtain a dense
deformation we enforce that the set of all translets is a com-
plete partitioning of the image and thus each pixel is part of
exactly one translet. Note, that since the deformation model
is de�ned piecewise, it can well describe motion discontinu-
ities as for example resulting from occlusions.

3.1. Connection to Human Motion Perception

Human vision is a very powerful system, adept at extract-
ing meaningful patterns so that we can understand, navigate
through, and interact with our surroundings rapidly and ef-
�ciently. Interestingly, the brain seems thereby not to be re-
stricted by the exact limitations of physics and focuses only
on certain aspects to achieve this goal. For example, ani-
mation movies and special effects often bend the physically
possible to achieve realistic but impossible effects. Study-
ing the literature about human motion perception reveals
what the aspects of motion are that the visual system fo-
cuses upon. Especially the motion of edges, homogeneous
regions and an the overall coherence are such important as-
pects. In [SLW� 08] we elaborate on the connection of hu-
man vision to our interpolation approach and verify this in a
user study.

4. Estimating the Image Deformation

Here we consider the estimation of dense correspondences
between two images using our image deformation model.
Therefore, a partitioning of the images into regions that can
be approximated by 3D planes and the corresponding ho-
mographies from correspondences are computed. In this pa-
per we estimate the homographies from matches between
edge pixels of the images. Note, that in general our model
is not restricted to this approach and other correspondences
or methods for the estimation of the homographies can be
applied. While the optimal partitioning of the images into
translets is not known a priori this has great in�uence on
the solution. A small number of translets will result in a
very robust but restrictive solution, while a larger number
increases the �exibility at the cost of decreased robustness
against outliers in the match. To obtain an optimal result we
follow a bottom up approach. We start from a large num-
ber of translets and merge neighboring translets in a greedy
manner until the optimal ratio is achieved. In the following
sections, we discuss the steps in estimating the image defor-
mation between two images in detail.

4.1. Matching of Edge Pixels

The �rst step in establishing the image deformation model
is to �nd a sparse set of correspondences between the im-
ages that can be used to estimate the homographies. Edges
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Figure 2: Subgraph of the weighted bipartite graph match-
ing problem for a single edglet. Each edglet has an edge to
its possible match candidates and an additional edge to its
occluder edglet.

and corners are especially suited for this as they are both
relatively stable over time and viewpoints and are the image
parts where motion is most apparent. For our experiments we
used the Compass operator [RT99] as it has the advantage to
directly make use of color information and in general out-
performs the Canny operator [Can86]. After non-maximal
suppression, we obtain a set of edge pixels oredglets.

Once the edglets of two images are found we seek a
matching between them. For the given problem a good
match is as complete as possible and considers the spatial
context of each edglet. The shape context descriptor [BMP]
performs well at capturing the spatial context of the near-
estk neighbor edglets and is robust against the expected de-
formations. The matching problem based on the euclidean
distance and shape contexts can be solved via an maximum
weighted bipartite graph matching problem. The advantage
is that these kinds of problems can be solved globally op-
timal in the matter of seconds for the problem sizes we are
facing [Ber92]. One prerequisite for the reformulation is that
for each edglet in the �rst set a match in the second set can be
found. While this is true for most edglets, some will not have
a correspondence in the other set due to occlusion. Thus we
add a virtual occluder edglet for each edglet in the �rst edglet
set to ensure this prerequisite. The graph for the matching
problem is build as depicted in Figure2. Each edglet of the
�rst image has an edge to its possibly corresponding edglets
of the second image and additionally to its occluder edglet.
The cost function for a pair of edglets is de�ned as

C(ei ;e
0
j ) = Cdist + Cshape (1)

where the cost for the shape is thec2-test between the two
shape contexts and the cost for the distance is de�ned as

Cdist(ei ;e
0
j ) =

a

(1+ e� b jj ei � e0
j jj )

(2)

with a;b > 0 such that the maximal cost for the euclidean
distance is limited bya. The costCoccluded is user de�ned
and controls how aggressively the algorithm tries to �nd
a match with an edglet of the second image. The lower
Coccluded the more conservative the resulting matching will
be as more edges will be matched to their occluder edglets.

Figure 3: The translets of an image are found by partition-
ing the image according to a superpixel segmentation and
computing local homographies from point correspondences
to the target image.

4.2. Estimating the Local Homographies

Once a match between the edglets is computed, we can use
these to compute the local homographies according to our
deformation model. To �nd the edglets that together can be
used to estimate such transformations we �rst seek a par-
titioning of the images. For each such region we would as-
sume that the motion of each region can be approximated via
the relation of projections of a 3D plane as discussed in Sec-
tion 3. From Gestalt theory [Wer] it is known that for natural
scenes these regions share not only a common motion but in
general also share other properties such as similar color and
texture.

Felzenszwalb and Huttenlocher [FH04] proposed to par-
tition images into so called superpixels based on color simi-
larities. Thus, we can use these superpixels to �nd the initial
translets for our image deformation model. For each translet
a homography is estimated from at least four matches of the
edglets that are part of the image segment (cf. Figure3). As
a least-squares estimation based on all matched edglets of a
translet is sensitive to outliers we use a RANSAC approach
to obtain a robust solution [HZ].

4.3. Optimization of the Deformation Model

From the point correspondences we have established dense
correspondences between the images using our deformation
model. However, in our experiments we observed that be-
tween 20% to 40% of the computed matches are outliers and
thus some translets will have wrongly estimated transforma-
tions. We address this problem by optimizing the number
of translets of our image deformation model to increase the
robustness against these outliers. The initial solution of our
model is generally very conservative, such that the spatial
support of the translets can be too small for a reliable esti-
mation. Using a greedy approach, we iteratively merge the
most similar transformed neighboring translets into one, as
depicted in Figure4, until the ratio of outliers to inliers is
lower than a user de�ned threshold. When two translets are
merged, the resulting translet then contains both edglet sets
and has the combined spatial support. The homographies are
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Figure 4: During optimization similar transformed neigh-
boring translets are merged into a single translet. After
merging, the resulting translet consists of the combined spa-
tial support of both initial translets (light blue and dark blue)
and their edglets (light red and dark red).

re-estimated based on the new edglet set and the in�uence of
the outliers is reduced by the RANSAC �ltering.

4.4. Per-Pixel Correspondences

So far smoothness and discontinuitiy is handled on the
translet level. However, when only a part of a translet bound-
ary is at a true motion discontinuity, noticeably incorrect
discontinuities still produce artifacts along the rest of the
boundary. An example is for example a motion of an arm
in front of the body. Here the motion is discontinuities along
the silhouette of the arm, while the motion at the shoulder
changes continuously. This can only be solved on a per pixel
basis. Since the translets partition the image, each pixel in
the image is uniquely associated with a translett. The defor-
mation vector for a pixelx is thus computed as

d(x) = Ht � x� x: (3)

We can then resolve the per pixel smoothing by an
anisotropic diffusion [PM90] on this vector �eld using the
diffusion equation

dI=dt = div( g(min(jr dj; jr I j) r I ) (4)

which is dependent on the image gradientr I and the gradi-
ent of the deformation vector �eldr d whichever is smaller
in magnitude at the observed pixel. The functiong is a sim-
ple mapping function as de�ned in [PM90]. Thus, the de-
formation vector �eld is smoothed in regions that have sim-
ilar color or similar deformation, while discontinuities that
are both present in the color image and the vector �eld are
preserved. This improves the smoothness of the deforma-
tions on a per-pixel level while preserving important motion
discontinuities. During the anisotropic diffusion, edglets that
have an inlier match are considered as boundary conditions
of the PDE to ensure exact edge transformations. The total
timings for the computation of the deformation �eld for dif-
ferent resolutions and scenes are listed in Table1

Figure 5: Local matching minima (left) can be avoided by
multiple iterations. In a coarse to �ne manner in each itera-
tions the number of translets increases avoiding local match-
ing minima by using the previous result as prior (right).

4.5. Multiple Iterations and User Interaction

Since our matching energy function (Eq.1) is based on spa-
tial proximity and local geometric similarity, we can intro-
duce a motion prior by pre-warping the edglets with a given
deformation �eld. The estimated dense correspondences de-
scribed in the last sections can be used as such a prior. We
can then implement a coarse to �ne iterative approach to
overcome local matching minima, as for example depicted
in Figure 5, as follows: In the �rst iteration, we optimize
the number of translets until we obtain the coarsest possi-
ble deformation model with only one translet and thus ap-
proximate the underlying motion by a single perspective
transformation. During consecutive iterations the threshold
is decreased to allow for more accurate deformations as the
number of �nal translets increases while we overcome lo-
cal matching minima since the previous solution is used as a
motion prior

While multiple iterations with coarse to �ne motion mod-
els avoid local matching minima, some scenes still can not be
matched automatically suf�ciently well. For example when
similar structures appear multiple times in the images the
matching is ambiguous and can only be resolved by high
level reasoning. However, these regions can be selected in
both images by the user and the automatic matching is com-
puted again only for the so selected subset of edglets. Due
to this restriction of the matching the correct match is found
and used to correct the solution. Typically such user interac-
tions take a total of two to ten minutes to achieve the desired
results. Note also, that when interpolating a set of images,
e.g. from a video sequence, the results of the previous mo-
tion can be extrapolated and used as a motion prior for the
next frame which generally resolves the ambiguity for the
following frames.

5. Interpolation Rendering

Rendering in-between images is achieved by applying the
correspondence �eld estimated with our image deformation
model to the images and blending these warped images. This
can be implemented on graphics hardware using per-vertex
mesh deformation and alpha blending with real time render-
ing performance. To get the deformations for the in-between
images we linearly interpolate the deformation vector �eld.
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Figure 6: Left: Per-vertex mesh deformation is used to com-
pute the forward warping of the image, where each pixel cor-
responds to a vertex in the mesh. The depicted mesh is at
a coarser resolution for visualization purposes. Right: The
connectedness of each pixel that is used during blending to
avoid a possibly incorrect in�uence of missing regions.

5.1. Warping with Occlusions

We implemented the forward warping by a per-vertex de-
formation of a regular planar triangle mesh of the image
plane, where each pixel in the image is represented by a ver-
tex with appropriate texture coordinates. Two problems arise
with forward warping at motion discontinuities: Fold-overs
and missing regions.

Fold-overs occur when two or more pixels in the im-
age end up in the same position during warping. This is
the case when the foreground occludes parts of the back-
ground. Consistent with motion parallax we assume that the
faster moving pixel is closer to the viewpoint to resolve this
con�ict. When on the other hand regions get dis-occluded
during warping the information of these regions is missing
in the image and must be �lled in from the other image.
This leaves two options in this case: cutting the mesh at the
motion discontinuitiesbeforewarping or detecting triangles
that span over these discontinuitiesafter rendering. Mark et
al. [MMB97] pointed out that the second approach performs
better and proposed a connectedness criterion evaluated on
a per-pixel basis after warping. We adapt this measure and
compute it directly from the divergence of the deformation
vector �eld such that

cA = 1� div(dAB)2: (5)

Table 1: Timing results of our method on a AMD Athlon(tm)
64 X2 Dual Core Processor 4800+, 4GB RAM, NVIDIA
GeForce 7800 GTX to compute the dense correspondences.
If users interact to improve the solution only parts are re-
computed which reduces the response times.

Scene Edglets Res. Matching Optim.
Dancer 2570 960x540 1.94 s 5.67 s
Dimet. 8604 584x388 11.27 s 16.54 s
Rub.Whale 13474 584x388 19.04 s 29.87 s
Hair 17560 960x540 27.77 s 35.57 s

Figure 7: Jaggy artifacts due to aliasing artifacts can get
visible at motion discontinuities. These are however easily
discriminated by a threshold on the motion �eld. In a second
rendering pass we correct the previously detected artifacts.

with ca the connectedness anddAB vector �eld between the
imagesA andB (cf. Figure6). The connectedness is com-
puted on the GPU during blending to adaptively reduce the
alpha values of pixels with low connectedness. Thus in miss-
ing regions only the image which has the local information
has an in�uence on the rendering result.

5.2. Feathering

At fold-overs, the warped images can have jaggy artifacts
due to aliasing problems of the rendering. Opposed to
recordings with cameras, rendered pixels at the boundaries
are not a mixture of background and foreground color but are
either foreground or background color. However, these arti-
facts occur only at large motion discontinuities, which can be
robustly discriminated by the local change in the motion vec-
tors by simple thresholding (cf. Figure7). In a second ren-
dering pass, we model the color mixing of foreground and
background at boundaries using a small selective low-pass
�lter applied only to the detected motion boundary pixels.
This effectively removes the artifacts with a minimal impact
on rendering speed and without affecting rendering quality
in the non-discontinuous regions.

6. Results

First, we compared our results to interpolation results based
on state-of-the-art optical �ow methods using the Middle-
bury examples [BSL� 07] (cf. Table2, Figure8). Since these
methods do not allow for user interaction we compare the
results of our unimproved automatic results. As can be seen
our approach is best when looking at the interpolation errors
and best or up to par in the sense of the normalized interpo-
lation error. We also like to point out that from a perception
point of view the normalized error is less expressive than the
unnormalized error since discrepancies at edges in the image
(e.g. large gradients) are dampened. Interestingly, relatively
large angular errors are observed with our method empha-
sizing that the requirements of optical �ow estimation and
image interpolation are different.

In addition, we recorded dynamic scenes with conven-
tional, unsynchronized, and uncalibrated video cameras. The
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results can be seen in the accompanying video. We used off
the shelf Canon HDV camcorders that have a horizontal �eld
of view of� 50� and were spaced apart by� 15� . We ad-
ditionally interactively corrected local errors to further im-
prove the results in cases where the automatic estimation
failed as discussed in Section4.5. The shown scenes also
contain surfaces that are hard to reconstruct in 3D and are
thus problematic for typical image based rendering methods,
such as the �ame of the �re-breather and the �ying hair of
the woman.

7. Conclusions and Future Work

In this paper, we have presented a novel interpolation
method for view and time interpolation directly in image
space. We introduced our image deformation model that is
used to enforce relaxed physical constraints on the estima-
tion of dense correspondences based on homographies be-
tween planes in 3D space. Favorable properties of this model
are that edges are transformed exact and that motion dis-
continuities are preserved, and thus occlusions are handled
appropriately. The bene�t of our approach is that we can ro-
bustly estimate correspondences between images recorded
with unsynchronized and uncalibrated cameras. We com-
pared the results with other general state-of-the art interpo-
lation methods and showed that our method performs best in
terms of interpolation error on a set of standard examples.

Since the image deformation model is based on the
sparse point correspondences, additional point correspon-
dences such as e.g. SIFT features [Low04] can also be con-
sidered. When interpolating longer sequences, establishing
correspondences over more than two images will also in-
crease the robustness for complex and cluttered scenes.
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