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Abstract
We present an algorithm for estimating dense image
correspondences. Our versatile approach lends itself to
various tasks typical for video post-processing, including
image morphing, optical flow estimation, stereo rectification,
disparity/depth reconstruction and baseline adjustment. We
incorporate recent advances in feature matching, energy
minimization, stereo vision and data clustering into our
approach. At the core of our correspondence estimation we
use Efficient Belief Propagation for energy minimization.
While state-of-the-art algorithms only work on thumbnailsized images, our novel feature downsampling scheme
in combination with a simple, yet efficient data term
compression can cope with high-resolution data.
The
incorporation of SIFT features into data term computation
further resolves matching ambiguities, making long-range
correspondence estimation possible. We detect occluded
areas by evaluating the correspondence symmetry, we further
apply Geodesic matting to automatically inpaint these regions.
Keywords:Video Post-Production, Optical Flow, Depth
Reconstruction,
Belief Propagation,
Dense Image
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Introduction

Establishing dense image correspondences between images
is still a challenging problem, especially when the input
images feature long-range motion and large occluded areas.
With the increasing availability of high-resolution content,
the requirements for correspondence estimation between
images are further increased. High resolution images often
exhibit many ambiguous details, where their low resolution
predecessors only show uniformly colored areas, thus the
need for smarter and more robust matching techniques arises.
Liu et al. [9] recently proposed a dense matching approach
for images possibly showing different scene content. We
present an approach for establishing pixel correspondences
between two high resolution images and pick up on their idea
to incorporate dense SIFT feature descriptors [10], yet we
use them for a different purpose. While they identify visually
similar regions in low-resolution images, we use them as
a descriptor for fine detail in high-resolution images. Our

approach provides a versatile tool for various tasks in video
post-production. Examples are image morphing, optical flow
estimation, stereo rectification, disparity/depth reconstruction
and baseline adjustment.
In order to match fine structural detail in two images, we
compute a SIFT descriptor for each pixel in the original
high resolution images. To avoid ambiguous descriptors and
to speed up computation, we downsample each image by
selecting the most representative SIFT descriptor for each
n × n grid cell (typically n = 4). An initial lower resolution
correspondence map is then computed on the resulting
downsampled versions of both images. The 131-dimensional
descriptor of each pixel is a combination of the mean color
(3-dimensional) and the representative SIFT descriptor of this
cell (128-dimensional). The L1-norm of this vector describes
dissimilarity between two pixels and allows for much clearer
distinction between non-corresponding pixels when compared
to using just the pixel color as in many other approaches.
While the original Belief Propagation implementation by
Felzenszwalb et al. [4] might not retain crisp borders due to
the grid-based message passing scheme, we employ a non-gridlike regularization technique as proposed by Smith et al. [14].
As memory consumption of Belief Propagation on this scale is
still too high for long-range correspondence estimation, we use
a simple minima-preserving data term compression. During
Belief Propagation, a symmetry term ensures consistent
results.
Occluded regions are identified and inpainted:
Assuming that each occluded area is surrounded by two
independently moving regions, we use Geodesic Matting [2]
to propagate correspondence information. The resulting image
correspondence map is upsampled to its original size and
refined locally.
The paper is structured as follows: After a brief survey of the
State of the Art in Sect. 2, we present our correspondence
estimation algorithm in Sect. 3. Various possible applications
are presented in Sect. 4 and results are presented in Sect.
5. In our accompanying video, we further give a qualitative
demonstration of our rendered results. Finally, we conclude in
Sect. 6.
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Related Work

Belief Propagation has been used introduced to the computer
vision by Felzenszwalb and Huttenlocher [4]. Since then, it

has received considerable attention by the community. It was
used by Liu et al. [9] in combination with SIFT features
for dense correspondence estimation between similar images
potentially showing different scene content. However, these
correspondences were only established for thumbnail-sized
images and did not suffice for the tasks our approach can cope
with (i.e., occlusion handling, symmetric correspondences,
high resolution data).
Optical flow algorithms are closely linked to our approach, a
recent survey of state-of-the-art algorithms has been conducted
by Baker et al. [3]. The key difference in concept is
that optical flow algorithms typically derive continuous flow
vectors instead of discrete pixel correspondences. Additionally,
optical flow computation assumes color/brightness constancy
between images. We compare our method with a stateof-the-art optical flow algorithm [15] and show qualitative
results in our accompanying video. Recently, perception-based
image interpolation algorithms have been presented [16, 17]
that concentrate on matching visible edges in image pairs.
However, these algorithms neglect fine texture details available
in high-resolution images.
Recently, commercial tools for stereo footage post-production
have reached a mature stage of development (e.g. Ocula [18]).
Our image correspondence algorithm could be easily integrated
into any stereoscopic post-production pipeline, since it works
in an unsupervised fashion, only requires image pairs as input
and can be applied to various post-production tasks, including
image rectification and disparity estimation.
3

Belief propagation for image correspondences

Belief propagation estimates discrete labels for every vertex in
a given graph, i.e. for every pixel in a given image. Although
we do not achieve sub-pixel accuracy with Belief propagation,
its robustness makes it an appealing option for discrete energy
minimization problems. In a nutshell, establishing pixel
correspondences between two images with belief propagation
works as follows: Matching costs for every possible pixel
match in a given search window are computed for each
pixel. Typically, the L1 norm of the color vectors serves as
a basic example for this matching cost. Neighboring pixels
iteratively exchange their (normalized) matching costs for the
correspondences. This message passing process regularizes the
image correspondences and finally converges to a point where
consensus about final pixel correspondences is reached. As a
result, a discrete correspondence vector w(p) = (u(p), v(p))
is assigned to every pixel location p = (x, y) that encodes the
correspondence to pixel location p′ = (x + u(p), y + v(p)) in
the second image. For a thorough introduction we would like
to refer to [4].
Assuming that the search space is the whole image,
computational complexity and memory usage are as high
as O(L4 ), where L is the image width. By decoupling
u and v (the horizontal and vertical component of the
correspondence vector), the complexity for message passing

can be reduced to O(L3 ), as proposed by Liu et al. [9].
Still, the evaluation of the matching costs runs in O(L4 ).
We formulate the correspondence estimation as an energy
minimization problem, our energy functional is based on the
one proposed by Liu et al. [9]
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Where w(p) = (u(p), v(p)) is the correspondence vector at
pixel location p = (x, y). In contrast to the original SIFT flow
implementation, di (p) = ci (p) + si (p) is a 131-dimensional
descriptor vector, containing both color information ci (p) ∈
R3 and the SIFT descriptor si (p) ∈ R128 . Each descriptor
entry has a value between 0 and 255, we set α = 160 and
d = imagewidth × 5. In addition, the pixel neighborhood ǫ is
not simply defined by the image lattice, as we will show in Sect.
3.3. In contrast to SIFT flow, we do not penalize large motion
vectors, since we explicitly try to reconstruct such scenarios.
As Liu et al. [9] demonstrated, this energy functional can be
minimized with Efficient Belief Propagation. Before we start
with a detailed description of our pipeline, we would like to
present our extension of the energy functional to symmetric
correspondence maps.
3.1

A Symmetric Extension

Since we want to enforce symmetry between bidirectional
correspondence maps, we introduce a symmetry term similar
to the one proposed by Alvarez et al. [1].
To our energy functional we add a symmetry term:
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Please note that now two correspondence maps coexist: w12
and w21 . They are jointly estimated and evaluated after each
Belief Propagation iteration. It proved to be sensible to assign
the same weighting and truncation values α and d to the
symmetry term that are also used for message propagation.
Our correspondence estimation consists of six consecutive
steps. The first three steps (Sect. 3.2, 3.3 and 3.4) are

preprocessing steps for the actual Belief Propagation
Optimization. After an initial low resolution solution has
been computed, possibly occluded parts are inpainted, as
described in Sect. 3.5. As a last step, the correspondence map
is upsampled and locally refined as described in Sect. 3.6.
3.2

SIFT Descriptor downsampling

Liu et al. [9] designed their SIFT flow with the goal in mind to
match images that may only be remotely similar, which comes
close to the original intention to find only a few dominant
features [10]. Our goal, on the other side, is to match very
similar images. We are faced with the challenge to discard
possible matching ambiguities that occur when only color
information is used as a dissimilarity measure between pixels.
We use SIFT features to capture detail information about the
scene, hence we generate one feature for every pixel of the
full resolution images, and search at the bottom layer of the
SIFT scale-space pyramid. In order to only capture the most
prominent details, a single representative feature si (pg ) is kept
for every n × n grid g of pixel locations.
The search for a representative descriptor is inspired by the
work of Frey et al. [5], who use their Affinity Propagation
technique to search for clusters in data and simultaneously
identify representatives for these clusters. Since we have a
pre-defined arrangement of clusters, i.e. we want to roughly
preserve the n × n pixel block structure, we used our fixed
clusters and only adopt their suggestion that a cluster’s
representative should be the one most similar to all other
members of the cluster.
Hence, the representative descriptor for each pixel block is the
one in the n × n pixel cell that has the lowest cumulative L1
distance to all other descriptors.
A downsampled representation of the image is computed,
where every grid cell is represented by a single descriptor. This
descriptor consists of the mean color values of the cell and the
representative SIFT descriptor.
3.3

Figure 1: In our Belief Propagation scheme a single pixel
(red square) exchanges messages with its spatial neighbors
as well as pixels of similar color (orange circles). The
underlying graph structure is obtained by computing minimal
spanning trees.
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Figure 2: Data term compression. For each pixel in a
source image (a), matching costs have to be evaluated for
Belief Propagation. One common approach is to precompute
matching costs in a predefined window (b). However, this
leads to very high memory load. Our approach uses a
simple minima-preserving compression of these matching
cost windows (c). The minima of each pixel block, each
column, row and the diagonal lines of the search window are
stored. During decompression, the maximum of these values
determines the matching cost for a given location. While
regions with high matching costs are not recovered in detail,
local minima are preserved with high accuracy.

Construction of Message Passing Graph

The fact that image regions of similar color often share
common properties, e.g. similar motion, is often exploited
in regularization techniques. Typically, this is achieved
by applying an anisotropic regularization, i.e., neighboring
pixels with different colors exert less influence on each other
than pixels with a similar color. This technique has two
drawbacks: First, regularization is decelerated. Second, the
grid-aligned regularization still manifests in jaggy borders
around correspondence discontinuity edges. Recently, Smith
et al. [14] proposed the construction of a non-grid-like
regularization scheme. While they applied this technique to
stereo computation with a variational approach, we adapt their
idea to our Belief Propagation approach, see Fig. 1. We build
an initial graph where each vertex represents a pixel location
of the image. Edges connect pixels that have a certain maximal
distance. Typically, we set this maximal distance to 20 pixels,
since pixels further apart are seldomnly selected as neighbors.

Each edge is assigned a weight that corresponds to the L1
norm of the color and position of the connected pixels. As in
[14], a minimum spanning tree is calculated using Kruskal’s
algorithm [7]. The edges of the spanning tree are stored and
removed from the overall graph, afterwards the procedure is
repeated once. Afterwards, the mean valence of a vertex is 4.
We further add the four original neighbors from the image grid
to the neighborhood ǫ of a pixel location.
3.4

Data Term Compression

One bottleneck in Belief Propagation with SIFT features is
the computation of matching costs ks1 (p) − s2 (p + w)k1
between pixel locations s1 (p) and s2 (p + w). Liu et al. [9]
precompute the matching costs before message passing. The
alternative is to re-evaluate matching costs on demand, which
happens at least once during each iteration. This results in
262(= 131 × 2) memory lookups per pixel comparison. Since
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Figure 3: Occlusion removal. Regions with asymmetric
correspondences (a), red, are processed in a two-step
algorithm. First, a kmeans clustering (k=2) reveals the two
predominant offset directions (b), blue and green. These
two sets of images are used as input for Geodesic Matting
(c). Depending on which label is assigned to an occluded
pixel, the local median foreground or background motion is
assigned.

storing data terms is not an option with our high resolution
data and on-the-fly evaluation leads to run-times of several
days, we design a simple data term compression technique. We
precompute all possible matching costs for a single pixel s1 (p)
and its potential matching candidates, see Fig. 2. Since it is
quite likely that a pixel will be finally matched to a candidate
with a low dissimilarity (i.e. low matching cost), we employ a
minima-preserving compression technique that loses detail in
areas where high matching scores prevail. For each m × m
grid cell of the original data term, the minimum is stored. In
addition, for each row and column of the matching window, the
respective minimum is stored. The same applies to the minima
along the two diagonal directions.
During decompression, the maximum of the these minima is
evaluated, resulting in 5 memory lookups (the minimal grid
cell value, the minimal row and column values and the minimal
values of the two diagonals). When setting m = 4, at a data
term window size of typically 160 × 160 pixels, the memory
usage per term is reduced from 160 × 160 = 25600 float values
to 40 × 40 + 4 × 160 = 2240 float values.
3.5

Occlusion Removal

It can be observed that the introduction of a symmetry term
leads to quasi-symmetric warps in non-occluded areas. Hence,
we use the symmetry kw12 +w21 (p+w12 )k2 of two opposing
correspondence maps w12 and w21 as a measure of occlusion.
For each of these two simultaneously estimated maps,
asymmetric correspondence regions are identified and treated
independently, see Fig. 3. First, all occluded regions are filled
with correspondence information values using diffusion. All
pixels which would lie outside the actual image boundaries
according to their correspondence vector are discarded as
boundary occlusions, and their diffused values are kept.
Assuming that each of the remaining occlusion regions is

confined by a foreground and a background region that move
incoherently, we perform a kmeans (k = 2) clustering of
the border region outside each occluded area, all pixels in
these border regions are clustered according to their two
correspondence vector components u(p) and v(p). The
resulting pixel sets serve as input data for a binary Geodesic
Matting [2] that assigns each pixel in the occluded area
a foreground or background label. After the labeling is
computed, the median value of the n nearest neighbors of the
foreground or backround region is assigned. Typically, we set
n = 20 to get smooth results.
3.6

Upsampling and Refinement

The low resolution correspondence is upsampled as follows.
On the high-resolution map, each pixel that was chosen as
the SIFT descriptor representative is assigned the values that
result from the low-resolution Belief Propagation (scaled
by factor n). For all remaining pixels, the value of the
nearest representative pixel in gradient space is assigned.
These assigned correspondence values serve as a prior
for a local refinement. Like on the low resolution level,
symmetric Belief Propagation is used to obtain the final
per-pixel correspondence. The crucial difference is that
the search window is set to a very small size (typically
(n ∗ 2 + 1) × (n ∗ 2 + 1) pixel) and that it is located around
a correspondence prior p + w12 and not around the pixel
location p itself.
4

Applications

We identified two main showcase applications for our
algorithm. First, we use our dense correspondences for image
morphing. We use a simple forward warping scheme to
seamlessly render intermediate views between two frames.
A GPU rendering approach, inspired by Stich et al. [16],
is used. We create a dense vertex mesh for each input
image and forward warp it according to the high-resolution
flow field. We discard fragments whose local divergence in
the correspondence map exceed a threshold of 4 pixels. If
ambiguities arise (i.e. two fragments of a mesh overlap), the
fragment with lower symmetry is discarded. The two forwardwarped meshes are alpha-blended, pixel fragments with very
low symmetry are again discarded in the presence of pixels
with symmetric correspondence. Fig. 5) shows some image
warping results.
Our second application is post-processing of stereo footage.
Although disparity computation is a 1-d search problem in
theory, actual stereoscopic footage often violates the epipolar
constraint. This is always true for a convergent camera rig and
may also happen when a parallel setup of cameras is slightly
misaligned. Temporal misalignment of stereo recordings
will also violate the epipolar constraint. Even if the two
video streams are synchronized up to a single frame [13],
the subframe offset between cameras remains. Dense pixel
correspondences for each stereo pair are computed using

Figure 4: Quasi-Euclidean stereo image rectification [6]
using a randomly sampled subset of correspondences. For
visualization purposes, only 300 out of the 10000 sampled
correspondences are rendered on top of the rectified image.
our method. Since we expect that the epipolar constraint is
violated, we allow for small displacements along the y-axis.
For an ad hoc rectification of an image pair, we use the quasieuclidean method proposed by Fusiello et al. [6]. Typically,
this algorithm expects a set of sparse correspondences as
its input. Robust rectification is possible using only a
subset of our symmetric correspondences. We use a set of
10000 randomly sampled symmetric correspondences for
rectification. Now, per-pixel disparities can be deduced from
the correspondence maps and the rectification homographies.
Disparity-based effects such as artificial depth of field, fog,
baseline modification and layer segmentation can be applied
to the footage (see Fig. 6) and combined with traditional
flow-based effects, such as slow motion rendering. We present
a selection in our accompanying video.
Numerous other application scenarios for our image
correspondence algorithm exist. One of the most interesting
one is the integration into free-viewpoint-video systems that
may depend on disparity [19] or optical flow estimation [8, 12].
5

Results and Discussion

For a qualitative assessment of our proposed approach, we
would like to refer to the accompanying video which can be
found on the projrct website.1 We estimated correspondences
for the Middlebury optical flow data set and rendered image
morphs of the Backyard, Dumptruck and the Evergreen
sequence. Among these, the Backyard scene is the most
challenging one, since it features a small, fast moving ball.
Using our approach, the ball is cut out properly as a result of
our regularization scheme. Without this it either tends to drag
its vicinity along its motion path, or a too strong regularization
assigns the background flow to the whole area.
For all following scenarios, we deliberately chose image pairs
with both camera and object motion. The Breakdancer scene
1 http://graphics.tu-bs.de/projects/vvc

taken from the dataset of Zitnick et al. [19] features noisy
images and fast scene motion. Still, image correspondences are
successfully established. Even the shadow of the breakdancer
in the background moves plausibly. The shortcomings of our
simple rendering approach manifest in motion streak artifacts
around the right foot of the breakdancer. Please note that
in their original work, Zitnick et al. [19] only performed
stereo matching. Our algorithm does not exploit the epipolar
constraint and copes with moving objects. The dancer scene
looks a lot less challenging at first glance. However, the ground
surface is quite demanding, since shadows and reflections of
the dancer and background are visible. The Parcours scene can
be interpreted as a failure case of our approach. Although large
parts of the scene are matched correctly, the occluded regions
around the parcours runner are not handled correctly by the
Geodesic Matting. The background is too cluttered to allow
a consistent local color model that separates background from
foreground. The Fireball sequence shows that the algorithm
copes well with illumination changes. However, the opening
crack around the Fireball impairs overall rendering quality.
To emphasize the high complexity of our test scenes, we also
estimated optical flows for the Parcours scene and the Fireball
scene with the large displacement flow from Steinbruecker et
al. [15]. When comparing to this state-of-the-art algorithm
it becomes apparent that our proposed technique bears great
potential. While the actual foreground objects are covered well
by both algorithms, challenging details in the background, e.g.,
the trees or the plastic foil, are not matched correctly by the
large displacement flow. Unfortunately, both approaches fail to
inpaint correspondences in occluded areas.
As a second application scenario we chose the post-production
of stereoscopic footage. The processed Heidelberg sequence
features repetitive patterns on the house in the background
and changing illumination on the two tourists. After image
rectification (Fig. 4) and disparity estimation, we applied visual
effects to demonstrate the versatility of our approach. We show
a synthetic depth of field effect combined with slow motion.
First, we render in-between frames for the slow-motion effect
using image morphing. We additionally morph disparity maps
and apply a variable blur. The blur kernel size is determined
per pixel by disparity.
All results were obtained on an Intel Quadcore PC with
2.66 GHz and 4 GB RAM. Depending on the maximum
displacement vector, computation took between 20 minutes
(Heidelberg sequence) and 12 hours (Parcours sequence) per
image pair.
5.1

Limitations

The most severe limitation is the long run-time of our
algorithm, which only allows processing single image pairs
or short video clips. Until now, the implementation is
completely CPU based. This is also due to the fact of high
memory consumption. Since we compute two symmetric
correspondence maps in parallel, memory consumption is
as high as 4 GB for large displacements (e.g., the Parcours

sequence which features displacements of up to 400 pixels).
In order to move the computation to GPU, an even more
compact data representation than our currently employed
compression scheme has to be developed. Obtaining a suitable
search window size is another problem, since the maximum
displacement has to be known prior to the correspondence
estimation. If the window size is set too small, some
correspondences will not be established correctly. If it is set
too high, the overall run-time will be excessively high. The last
limitation of our approach is our simple rendering scheme for
image morphing. Especially at occlusion borders, rendering
artifacts can occur. A more elaborate rendering mechanism
such as presented by Mahajan et al. [11] may be used in the
future.
6

Conclusion

We presented an algorithm for robustly estimating pixel
correspondences in image pairs. We showed that our approach
can be used as a versatile tool for various video post-production
tasks. Rendered results of challenging scenes and comparison
with the State of the Art prove the robustness and accuracy of
our approach.
7
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Figure 5: Image Morphing results. Left to right: two input image a) b) , offset vector fields from first to second image c) ,
coded in optical flow notation, synthesized intermediate image d). Note that while our approach yields overall robust results,
details such as the reflection of the dancer or the shadow of the breakdancer are preserved. We would like to refer to the
accompanying video for further assessment.
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Figure 6: Results for the stereoscopic Heidelberg scene. a) Original image (left camera image), b) disparity, c) synthetic depth
of field, d) fog and e) baseline editing. Our approach can be used for various tasks in stereoscopic post-production. To view
the stereoscopic image in 3D please use cyan-red anaglyph glasses.

