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ABSTRACT

Video editing plays an important role in today's cinematic
post-production: editing operations are typically applied on a
keyframe basis and propagated automatically to the rest of the
sequence. Thereby, small inconsistencies in correspondences
used for the propagation of editing operations accumulate and
need to be corrected manually. The amount of required man-
ual interaction increases further when editing stereoscopic
video sequences. In this paper, we propose an algorithm
for looped correspondence estimation yielding consistent
correspondences that can be used for reliable propagation
of editing operations along a stereoscopic video sequence,
avoiding drift and error accumulation common to standard
approaches. Taking an additional spatially adjacent image
into account, we extend standard two-image optical �ow al-
gorithms and exploit data redundancy within stereoscopic
video sequences. Our proposed algorithm not only yields
robust and consistent correspondences for stereo footage,but
also improves the accuracy of standard two-image motion es-
timation as demonstrated for several test scenes with known
ground truth.

Index Terms— stereo video, optical �ow estimation

1. INTRODUCTION

In recent years, image editing techniques such as matting,
rotoscoping or object removal have advanced from single
images to video footage. Due to the amount of data, a frame-
by-frame processing approach is not an acceptable solution,
and researchers have looked into clever ways to automatically
propagate operations applied to one or several frames to the
entire video stream. Today, one common approach used by
many commercial tools such a Adobe's After Effects is to edit
keyframes and propagate the information between keyframes
by means of dense per-pixel correspondences. This solution
is now widely accepted for video matting [1, 2, 3] and video
relighting [4, 5]. However, propagating the editing informa-
tion along a sequence inevitably leads to drift due to impre-
cise and incoherent correspondence �elds. To perform video
editing operations on stereoscopic video sequences, corre-
spondences are required not only between successive images
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within one video stream, but also between both streams.
Though state-of-the-art optical �ow algorithms perform in-
creasingly well [6, 7, 8], the general two-image approach
often fails to yield consistent and coherent correspondences
in a stereoscopic setting. It is, for example, not guaranteed
that following a pixel's correspondence �rst in time within
the left video stream and then to the right video stream will
result in the same pixel position as following it �rst to the
right video stream and then in time. Recent research onscene
�ow [9] has started to exploit the redundancy in stereo video
data to enforce consistency of correspondences on two con-
secutive stereo-image pairs. Yet the setup required for the
estimation of scene �ow assumes calibrated cameras so that
stereo algorithms with their simpli�ed solution space can be
applied. In the general stereo video setup, calibration is not
possible as camera distance might be changed during a se-
quence for aesthetic reasons. Additionally, the cameras may
not be exactly synchronized which also prohibits the use of
stereo algorithms for moving scenes.

The contribution of our work is to establish temporally
and spatially consistent correspondences given two uncali-
brated stereo image sequences that are only full-frame syn-
chronized, i.e. images may be acquired with up to half a frame
difference. By regarding closed loops of three images we re-
strict the solution space of correspondence estimation. Pre-
vious work on multi-frame correspondences is limited either
to ridgid scenes [10] or monocular video [11]. We formu-
late not only the usual brightness constancy and smoothness
constraints but also require that correspondences within any
set of three neighboring images should be consistent. We use
well-known and new, uncalibrated test-sequences to evaluate
the results of our algorithm.

2. TWO IMAGE OPTICAL FLOW

In the stereoscopic video setup, two video cameras provide
uncalibrated and not necessarily perfectly synchronized im-
age sequences. Usually, two-image optical �ow is calculated
independently between pairs of spatially or temporally neigh-
boring images, Fig. 1. We refer to a pair of neighboring im-
ages asI 1 : 
 � R2 ! R andI 2 : 
 � R2 ! R and to the
forward �ow between them asw1;2 : 
 ! R2. We build our
three image based approach on the optical �ow framework by
Werlberger et al. [12] which yields high-quality results rang-
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Fig. 1. Four images of a stereo video sequence: our algo-
rithm accepts full-frame synchronized, uncalibrated images.
We calculate dense correspondences which are consistent in
the temporal directiont and the spatial directionx. Editing
operations in imageI l;t can be automatically propagated to
the neighboring imagesI l;t +1 ,I r; t̂ andI r; t̂ +1 .

ing among the top ten on the Middlebury evaluation site [7].
In this approach, the data term, i.e. the brightness constancy
assumptionI 1(x) � I 2(x + w1;2) � 0, is separated from the
smoothness term, i.e.r w1;2 � ~0.

The key idea of the underlying approach is based on the
work of Zach et al. [13], where instead of direct minimization
of the total-variation (TV)L 1 formulation

min
w1 ; 2

Z



� jI 1 � I 2(x + w1;2)j + jr w1;2j dx; (1)

an auxiliary variable~w1;2 representing the smoothed �ow
�eld is introduced, and the problem

min
w1 ; 2 ; ~w1 ; 2

Z



� jI 1� I 2(x+ w1;2)j+

2
�

kw1;2� ~w1;2k2
2+ jr ~w1;2j dx

(2)
is considered. For small� the solution of the original problem
and the auxiliary problem are the same, but the latter problem
permits an elegant and fast solution: Eq. (2) is solved itera-
tively for ~w1;2 keepingw1;2 �xed and for w1;2 keeping ~w1;2

�xed [12, 13]. Depending only onw1;2(x) and no longer on
r w1;2, the latter problem can be solved pointwise by consid-
ering

~E(x) = � jI 1 � I 2(x + w1;2)j +
1
�

kw1;2 � ~w1;2k2
2: (3)

In the following we modify the data term (3), so we replace
the L 1 norm with the differentiableL 2 norm and obtain as
data term

E(x) = � kI 1 � I 2(x + w1;2)k2
2 +

1
�

kw1;2 � ~w1;2k2
2: (4)

Though this two-image optical �ow algorithm performs very
well on standard optical �ow test data, it does not yield results
that are consistent on two consecutive stereo image pairs. In
the next section we introduce additional constraints to enforce
consistency.

3. THREE IMAGE OPTICAL FLOW

The optical �ow approach of Alvarez et al. [14] restricts the
solution space by enforcing symmetry between forward and
backward �ow. If a point in the �rst imageI 1 does not be-
come occluded, following its �ow to the second imageI 2 and
then returning with the backward �ow fromI 2 to I 1 should
end exactly at the starting point. Denoting the �ow between
I 2 andI 1 asw2;1 the symmetry condition can be written as

� s(x) := w1;2(x) + w2;1(x + w1;2) � ~0: (5)

Still, this approach considers only two images. Given three
neighboring images, i.e.I 1, I 2 andI 3, the solution space of
the �ow can be further restricted: for a point that is visible
in all three images, a loop fromI 1 overI 2 andI 3 going back
to I 1 should end exactly at the starting position. Using the
notationwi;j for a �ow from image I i to I j , this condition
can be expressed as

� l (x) := w1;2(x)+ w2;3(x+ w1;2)+ w3;1(x+ w1;2+ w2;3) � ~0:
(6)

Initially, all three �ows involved in this loop consistencycon-
straint are unknown. We therefore adapt the following iter-
ative strategy: To update the �owwk

i;j , we keep the other
unknown �ows �xed. We then apply a �rst degree Taylor ex-
pansion around the current estimatewk

i;j in Eq. (4) and obtain
the quadratic function

Eq = kI i � I j (x+ wk
i;j )+ r I j dwi;j k2

2+
1
�

kwk
i;j + dwi;j � ~wi;j k2

2

(7)
for the updatedwi;j = ( dwi;j; 1; dwi;j; 2)t .

Setting @Eq

@dwi;j;n
= 0 for n 2 f 1; 2g we solve the resulting

2 � 2 linear system for the updatedwi;j . Depending on how
well the update satis�es the symmetry and the loop consis-
tency constraint Eqs. (5), (6) we set

wk+1
i;j = wk

i;j + p dwi;j ; (8)

wherep =  (� s) (� l ) with  (x) = 1 � exp( �k x k2
2

d ) and a
constantd > 0. The current estimatewk+1

i;j is used to cal-
culate aT V-optimized version~wk+1

i;j with the dual approach
given in Ref. [12]. Then all other unknown �ow �elds be-
tween the imagesI 1,I 2 and I 3 are updated, before the next
updatedwi;j is determined and checked for consistency.

With this iterative scheme, �ow �elds are only updated
by the data term where symmetry and the consistency in the
loop are satis�ed. E.g. occluded points where consistent



updates are impossible and any brightness constancy-based
update would lead to increased errors, the updates are sup-
pressed by the consistency check and, instead, neighboring
valid �ow is imposed via the smoothness constraint.

If I 1, I 2, I 3 are all acquired by one camera, constraint (6)
is similar to the temporal smoothness constraint for optical
�ow [11]. It does ensure consistency within a sequence cap-
tured by one camera, but it does not relate images acquired
by two cameras. A more suitable assignment is, for instance,
to chooseI 1 = I l;t andI 2 = I l;t +1 to be consecutive images
acquired by the left camera andI 3 = I r; t̂ an image acquired
by the right camera at approximately the same instant asI 1,
Fig. 1.

4. EVALUATION

For the evaluation of our algorithm we calculate the optical
�ow on datasets where the ground-truth motion is known. We
determine the average angular error (AAE) and the average
endpoint error (AEE) of the calculated �ow �elds. Standard
test scenes for optical �ow [6, 7] are not suitable for our eval-
uation as they only provide a sequence of images acquired
with one camera. We use the Middlebury stereo datasets [15]
to evaluate displacement �elds for a stereo camera moving
around a rigid scene, though the datasets provides only pixel-
accurate ground-truth correspondences between two images.
The stereo video with ground-truth motion and disparity by
.enpeda[16] provides a long sequence of images with sub-
pixel accuracy. The afore-mentioned datasets consist of rec-
ti�ed images. To evaluate the performance of our algorithm
also on non-recti�ed images, we created an additional test-
sequence,waving, Fig. 2. The sequence and the ground-truth
motion �elds are available on our webpage1 for evaluating
space-time consistent correspondence algorithms.

Throughout all experiments we update the �owswk
i;j 10

times, working on an image pyramid with6 levels and per-
forming 2 iterations to update~wi;j according to Ref. [12].

1http://graphics.tu-bs.de/data

Table 1. Imposing symmetry with or without consistancy
on a loop of three images yields better average angular error
(AAE) and average endpoint error (AEE) than basic image-
pair TV-L 2 optimization.

TV-L 2 Symmetry Loop
AAE AEE AAE AEE AAE AEE

waving 2.95� 1.03 2.83� 1.01 2.74� 0.97
.enpeda 5.55� 0.71 5.40� 0.61 4.35� 0.59
art 1.68� 10.62 1.45� 10.02 1.32� 9.34
books 11.23� 14.60 6.88� 10.73 2.67� 6.43
dolls 1.93� 5.81 0.54� 2.93 0.53� 2.85
laundry 7.83� 14.16 1.38� 9.21 1.27� 9.20
reindeer 18.89� 25.91 3.41� 22.19 2.22� 16.35

In this setup we determine suitable parameters� , � and d
for each dataset experimentally. For comparison, we �rst
calculate �ow �elds using only the brightness constancy and
the smoothness term (4). We then calculate the �ow �elds
restricting the update to satisfy the symmetry constraint,
Eq. (5). As Tab. 1 shows, the symmetry constraint already
improves optical �ow accuracy. In the next step of our evalua-
tion, we enforce both symmetry and loop consistency, Eq. (5)
and (6). This further improves the accuracy of the �ow.

As the main goal of our approach is the consistency of the
optical �ow on a stereoscopic sequence, we also evaluate the
differences in the end position obtained by following a pixel's
�ow �rst in time within the left video stream and then to the
right video stream and by following it �rst to the right video
stream and then in time. If the basic two-image approach is
applied or only symmetry is imposed, the endpoint positions
depend on the direction of processing. However, if consis-
tency in a loop of three images is imposed, the difference in
position is decreased, Tab. 2.

5. CONCLUSION

Exploiting the data redundancy within a stereoscopic video
sequence and requiring consistency of optical �ow within a
set of three images we are able to calculate robust and con-
sistent correspondences for video footage. In the evaluation
of our algorithm we show that including symmetry and con-
sistency on three images reduces the average angular error
and the average endpoint error of the resulting individual �ow
�elds signi�cantly. We also show that the loop consistency
constraint provides �ow �elds that move pixels to approxi-
mately the same point, no matter whether they are �rst moved
in time and then to the stereo stream or whether they are �rst
moved to the stereo stream and then in time. This is the basis
to allow for automatic and consistent propagation of editing
operations in stereo video sequence which is now the next

Table 2. Imposing symmetry and consistency in a loop of
three images yields better average endpoint error (AEE) and
variance (VEE) between considering �rst spatial and then
temporal neighbors and considering �rst temporal and then
spatial neighbors than the basic TV-L 2 approach or imposing
symmetry only.

TV-L 2 Symmetry Loop
AEE VEE AEE VEE AEE VEE

waving 1.24 11.19 0.16 0.69 0.13 0.39
.enpeda 4.01 7.72 1.29 3.07 0.87 1.86
art 3.00 4.15 2.69 3.67 1.71 1.51
books 17.45 24.25 6.30 10.33 4.27 6.96
dolls 11.37 18.15 7.60 10.10 2.84 4.79
laundry 13.86 20.92 1.77 3.22 1.44 2.57
reindeer 15.71 37.54 9.25 5.71 2.03 2.08



Fig. 2. For the testsceneswaving, .enpedafrom left to right: �rst image, the ground-truth motion magnitude, the motion
magnitude computed using the TV-L 2 approach, imposing symmetry and imposing symmetry and loopconsistency.

step towards a versatile stereo video editing system.
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