Variational Optical Flow from Alternate Exposure Images
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Abstract tical ow from high-speed camera recordings [18].
If no high speed video equipment is available, ad-
Traditional optic ow algorithms rely on consec- equate temporal pre- Itering is necessary. Since
utive short-exposure images. In contrast, longthe motion eld is a-priori unknown, instead, multi-
exposed images contain integrated motion informascale optical ow methods pre- Iter the images
tion directly in form of motion blur. In this paper, globally in the spatial domain [7]. This way, the en-
we show how the additional information provided tire image is low-pass ltered which is not the same
by a long exposure image can be used to improvas correct temporal ltering: high spatial frequen-
robustness and accuracy of motion eld estimationcies should be suppressed only in those Fourier-
Recently, an image formation model was introducediomain regions where aliasing actually occurs, i.e.,
[23] that relates a long-exposure image to precedingnly in the direction of local motion.
and succeeding short-exposure images in terms of Fortunately, there exists a simple way to achieve
dense 2D motion and occlusion. We formulate thQ:orrect temporal pre- Itering: exposing images for
original two-step problem for motion and occlusion gn extended period of time. For moving objects,
timings as a joint minimization problem and derive high frequencies in motion direction are suppressed
a global TVL* energy functional that can be min- in Jong exposure images. Reconstructing these high
imized ef ciently and accurately. The approach isspatial frequencies in case of unknown motion is
able to calculate highly accurate motion elds, as-called blind image deblurring. Methods for blind
signing motion to occluded and disoccluded imaggmage deblurring are probably as heavily investi-

regions in one joint optimization procedure. gated as those for motion detection [16].
Apart from circumventing the problem of tempo-
1 Introduction ral aliasing, long exposure images bear the advan-

tage that occlusion enters into the image formation

Estimating the dense motion eld between two con-process. A scene point and its motion contribute to
secutive images is an old but still heavily investi-a motion-blurred image exactly for as long as the
gated eld of research. In order to solve the classi{ointis not occluded.
cal optical ow equation, the local time derivative  In [23] these observations were used to deal with
needs to be numerically evaluated. Hence, most optical ow estimation. Dense 2D motion elds
tical ow algorithms work best with pinpoint-sharp were obtained by using three images with two dis-
images as input, which depict a dynamic scene dinct exposure times: the method requires images
two discrete points in time. If regarded individually, taken with alternating exposure intervals such that
however, short exposed images capture no motioan intermediate, long-exposed image is enframed
information. by two short-exposure images, Fig. 1. Already the

From sampling theory, it is well known that this straightforward pointwisé > optimization scheme
approach leads to temporal aliasing if maximumof [23] is able to calculate promising motion elds
displacement exceeds one pixel [11]. The straightfrom these informations.
forward approach to avoid aliasing is to increase In this paper, we build on the idea of [23] and
sampling rate, as has been done by calculating opgextend it to achieve more robust results. The main
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Figure 1: Alternately exposed images: (a) exposure timing diagram) @ ¢hort exposure imade fol-
lowed by (c) a long-exposed image and (d) another short-exposed imdge

contribution of this paper is to embed the alternateproach is re ned by Sand and Teller [22] in the con-
exposure image formation model in a global T¥-  text of particle video.
energy formulation framework and to estimate mo-
tion and occlusion time jointly. The® norm of the There has been some previous work on calcu-
data-term ensures more robustness of the minimizdating motion elds from a single, motion-blurred
tion to noise in the intensity values of the images,jmage based on Fourier analysis [21] or auto-
while still being a convex functional. The addi- correlation [20] assuming spatially invariant mo-
tional TV regularization of the motion eld restricts tion. A recent approach [12] is able to calculate
the solution space and favors the piecewise constaparametric and non-parametric motion elds for-
elds typical for moving objects in a scene. Finally, mulating a constraint on the alpha channel of the
the joint formulation is not only more elegant, but blurred image. Motion estimation from a single
increases ef ciency and accuracy. motion-blurred image is one step of blind image de-
In our experiments we show that this yields bet-blurring approaches. Because deconvolution is in
ter results than both the pointwise optimization ongeneral ill-posed, these approaches are usually re-
alternate exposure images [23] and the state-of-thétricted to spatially invariant point spread functions
art TV-L* approach on short exposure images [27](PSF) [14, 15, 16] or a locally invariant PSF [17].
We also provide results of real world recordings, asfo simplify the problem of blind image deblurring,
commercially available video cameras can be readnany approaches use additional images to estimate
ily programmed to alternate between different exthe motion and to reconstruct the image: Yedal
posure times and gain settings for every frame.  use pairs of blurred and noisy images not only to es-
timate the spatially invariant blur kernel but also to
reduce ringing artifacts during deconvolution [26].
2 Related Work The hybrid camera of Ben-Esra and Nayar takes a
long-time exposure of the scene, while a detector
The number of articles on computing the opticalwith a much lower spatial and a higher temporal res-
ow is tremendous, which indicates the signi cance olution takes a sequence of short-time exposures to
of the problem as well as its severity [1, 5, 19]. Re-detect camera motion [6]. From the camera motion,
lated to our work, scale-space approaches obtain reglobal PSF can be reconstructed which is used to
liable optical ow results in the presence of dispar-deblur the image. A recent extension of the hybrid
ities larger than a few pixels [7, 22]. Alternatively, camera [24] permits the kernel to be a local mixture
Lim etal circumvent the problem by making use of of prede ned basis kernels, which can be handled
high-speed camera recordings [18]. Alvaedzal by modern deblurring methods. The motion-from-
determine occluded regions by calculating forwardsmear approach [10] focuses on motion detection
and backward optical ow and checking for con- from two motion-blurred images, using deconvolu-
sistency [2]. Areas with large optical ow discrep- tion techniques and thus relying on locally constant
ancies are considered occluded and are simply exnotion. In an extension [9], a short and a long ex-
cluded from further computations. Xiaat al. pro-  posed image are used to calculate the parameters of
pose interpolating motion into occluded areas froman af ne motion model. The approach of Betral.
nearby regions by bilateral ltering [25]. This ap- considers two motion-blurred images to segment an



image into static background and a foreground thatimet 2 [0; 1] we obtain

moves with constant velocity [4]. In a similar ap- z, z,

proach [13], at least two motion-blurred images areg (y) = | X 1)) dt = | x: 1)) dt:
used to determine local motion, the corresponding () 1(P(t)) 2(p2(xit))
segmentation and depth information of the scene re- (1)
stricting the motion to be a sideways translation parwhere p1(x; ) : [0;1] ! and p2(x; )
allel to the image plane. [0;1]! are spatially varying, planar curves on

Using short-long-short exposures, Fig. 1, our ap_the image plane, Fig. 2. In the case without occlu-

proach substantially improves on preliminary workSion, the entire curves gre visible in both images, so
that the values of both integrals are equal.

[23]. Based on an image formation model that is ) )
able to handle occlusions as well as large displace- ' OF €ase of computation, we adopt a linear model

ments, the approach estimates dense motion eldgor the motion curves:
directly without previous deblurring. In this paper,

1) = ) = w4 .
we investigate total variation regularized optimiza-pl(x’t) X twa(x) and p2(x;t) = x tW2((2))()'
tion instead of pointwise optimization, yielding wherew; © | RZ2. This turns out to be a suf -

considerably 'mprOYEd optlc_:al ow results. We can cient approximation also for different types of mo-
propagate motion information into textureless "Yion considered in the experimental section. How-
gions and achieve robustness against noise, amajg\r/er it should be noted that the model an'd algo-
limitation .Of the previous apprgach. By embEdd.mgrithm are not inherently limited to the linear case.
the resulting energy formulation into the duality-

based approach of [27], we show that exchanging

an intermediate short exposure for a motion-blurred
image improves dense motion eld estimation. g A
> +

3 Image Formation Model t=0 t=1 t=1
@ (b) ©

In order to exploit the information provided by the Figure 2: Without occlusion, a contiguous path of

Iong-tlme exposed image, we review the Image ,for'scene surface points betwegnandy, contributes
mation model of [23] that relates the acquired im-

2 ad . d ] to pixel x in the long-exposure image. The projec-
ages via a dense 2D mot|qn eld. As input, we 3S"tion of the path onto the image plane forms a planar
sume two short exposure images|lz : !

, __curve in the preceding (a) and in the succeeding (b)
which are taken before and after the exposure timey ot exposure. For an occluded point the path is

of a third, long exposure input |m§1gg ! _R' no longer contiguous and only partly visible in the
We look for a description of a motion blurred image . ~: o ~ti

. . projection (c).
B: ! Rintermsofls;l, and the motion.

To simplify the model, we assume that the short . .
exposures are free of motion blur, that the short an('))"'2 With Occlusion

long exposed images are brightness-adjusted sugthe Jong exposed image also permits incorporating
that in case of no motion, all images are identical o¢cjusion effects into the image formation model.
We assume that scene surface appearance does @ff{e assumes that a point changes its visibility at
change considerably over time. most once. If a scene surface becomes occluded,
the integral is partitioned so that part of the bright-
nessB (x) observed irx is due to brightness along
3.1 Without Occlusion curveps, while the remaining part is due to bright-

] ] ) ness along:,
In the simplest case, one considers a moving scene 7 7
1 s

without any occluded or disoccluded scene points _ 3 ) ) )
which implies that all scene points contributing toB(X) T l1(pa(x;1)) dt+ o l2(p2(x;1)) dt
B are visible inl; as well ad ;. Parametrizing by 3)



Here,s = s(x) 2 [0; 1] denotes the moment during model. We choose to consider the differences of
exposure where an object previously visiblexah  the images i norm, as this norm is more robust
I, becomes occluded by an object visiblexah 1,  against outliers in intensity values as thé norm

or vice versa. considered in the approach of [23].

Note that in the case of no occlusion, any choice i(wisweis) = jle(x) B(X)j:  (4)
of s yields the same brightne&s(x). One conse-
guence is thas is not suitable to decide whether
a point is occluded / disoccluded or remains visi-
ble. Instead, itis a mean to calculate truthful motion
curves in occluded or disoccluded regions. The fact, (w;w,;s) = jli(x  swi) la(Xx+(1  S)Wa)j:
thats is indeterminate in the case of no occlusion (5)

has yet another consequence. One can then COfhtegrating the weighted sum of the pointwise errors
sider a xedx and differentiate (3) with respect to over the image domain, we obtain a data term
s, arriving at the brightness constancy assumption Z

of traditional optical ow computation. The alter- Egaa (W1;W2;S) = 1+ adx (B)
nate exposure approach is more general because it
incorporates the additional information provided by
the motion-blurred imagés ,
occlusion into account.

For the sake of increased subpixel accuracy we also
consider a differentiated version, i.e. the brightness
constancy assumption

s Instead of minimzing the pointwise error, we

and explicitly takes 4 jncrease stability and performance in texture-
less regions by considering global relationships of
scene movements: Neighboring points belonging

3.3 With Temporal Offset to the same object typically exhibit similar motion.

. This observation suggests including a regularization
We also allow for exposure gaps between the im; . . :

term in the energy functional. As demonstrated in
agesl; andB as well as betweeB andl,. Gaps

Previous work, using the total variation as a regular-
between exposures can occur, e.g., due to came

. '€ %r for ow elds produces very desirable results
hardware constraints. To account for gaps, we in:
clude a temporal offset in (3), i.e., we change th

27]. It favors piecewise constant motion elds,
) L . hus smoothing out undesired outliers and avoid-
integration limits by constants corresponding to the
relative lengths of the gaps.

ing oversmoothing at motion boundaries at the same
time. We also regularize the occlusion time, as
neighboring pixels, if they are occluded at all, are
3.4 From Motion Curves to Displacement occluded at related instants in time. The result-
Fields ing energy which depends on the unknown motion

. . . ._curvesw, W, and occlusion time can be written
The motion curves considered describe the motioff 1,42

centered on the motion-blurred image. Since fof's |

many applications a displacement eld is needed, Z x o _ o

we warp the motion curves, andp, according to  Edaa + Jrowyij+jroweij + jrosjdx
the estimated motion and occlusion parameters and i=1 )
thus obtain a displacement eld for pixels in or Here, : 0 are free parameters of our method,

I 2, respectively. controlling the desired smoothness of the ow elds

) and of the moment of occlusion, respectively.
4 Energy Formulation

The image formation model for a motion-blurred 4.1 Minimization Method

image B considered in the previous section pro-Our minimization scheme is based on the primal-
vides us with a pointwise error measure for esti-dual algorithm used for T\ Optical Flow [27],
mates ofw1,w, ands as follows. Given two short whose variants currently rank in the top of the
exposured 1, | > and a long exposed imadge , we  Middlebury benchmark [3]. We brie y review the
can compare the blurred imade, i.e. the ac- method here and show how we use this framework
tual measurement to the res#it predicted by the to minimize our more complex energy functional in



p»{__For each level of the image pyramid _ | 4.2 Application of the Framework

_)i For a predifined number of warps |

In our case, we use some slight modi cations,
adapted to our problem of minimizing the energy in
For each unknown wl, w2, s ] terms ofw 1, w, ands. First, we employ the above
scheme, i.e. iterating between (10) and (11), with
U= wsi, U= Wpyo0ru = s, respectively, to solve

Compute error from current estimates

For a number of iterations |

Solve pointwise problem (11) for each of our unknowns, given a xed approxi-
Solve denoising problem (10) mation of the two others. Then, if we use only the
by dual approach pointwise error = 1 in (11) we can directly ap-

L ply the thresholding scheme detailed in [27]. Yet, if
we want to incorporate;, this scheme is no longer
directly applicable and we therefore apply a descent

Figure 3: The work ow of our algorithm. scheme for (11), substituding the' norm with its

regularized variarit ij = j ;j®+0:001

section 4.2 by replacing the general variable with

w1, W2 ands in turn and keeping the others xed. .
1, W2 ands in turn and keeping the others ed‘ 43 Implementation
In the very general case that one wants to mini-

mize a total variation energy of the form Since the techniques for the actual minimization are

7 7 well known, we only pqint the reader toyvard_s the

E(u) = i () dx + X ir wjdx (8) referen.ces where details on the numerical imple-
- ' mentation of each step can be found [27].

In order to speed up convergence, we implement
for ak-dimensional functiou on  with a point-  the algorithm on a scale pyramid of factab, ini-
wise error term , one can introduce an auxiliary tializing with s = 0:5 for occlusion timings, and
vector eld v and instead consider the convex ap-Zero motion curves on the coarsest level. On each

proximation level of the pyramid we perform several warping
iterations where in each iteration we solve for
z 1 K wi andw,. For each variable an instance of (10)
E (u;v)= i (v)j+ 2—ku vk®+  jr uij dx:and (11) has to be solved, Fig. 3.
i=1 For (10), we employ the dual formulation de-

f o I ill be cl N the mini ©) tailed in [27], Prop. 1, using iterations and a time
is small,v will be close tou near the minimum, stepof = 0:1225

and thuskE will be close toE . The key result of .

[27] is that the above energy can be minimized very Suitable values_ for the parametey ,  and
ef ciently using an alternating scheme, where oneVeére found experimentally.
iterates between solving TV image denoising prob-

lems for eachu;, keepingv xed

Z
argmin Zi(ui vi)?+jr uijdx; (10)

uj

and a minimization problem for with xed u

argmin j (v)j+ Ziku vk® o (11)

which can be solved point-wise with a thresholding _ ]
scheme. Details and a proof of convergence can beigure 4: The color code used to display motion
found in [8, 27]. elds in Fig. 5 and Fig. 6.
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Figure 5: SceneBen windmillandcorner. Inputimages 1, s andl ; (a)-(c), motion eld calculated with
our method (d).

5 Experiments allel to the image plane, while the scenerner
exhibits rotation of objects around a vertical axis,
To evaluate our method we consider synthetic imfig. 5. In all three cases, many images were ren-
ages as well as real-world recordings: We calcudered at short time intervals and averaged to obtain
late motion elds for synthetic scenes with known the motion-blurred imagd% . The rst and the last
ground-truth motion elds and compare the meanrendered image represent the short-time exposures
angular error (MAE) of the motion eld with re- |, andl,.
lated approaches [23, 22, 27]. Note that we cannot To evaluate the advantage of the global optimiza-
evaluate our method on standard test data becauae

. . : on framework, we compare the results of our al-
the blurred image is not available. We also show_ " . O .
. . gorithm to the results of the pointwise algorithm
results for real world recordings. The recordings

. . ) . >7of [23]. We also compare to state-of-the-art opti-
were made with a commercially available Point- : . . .
. . | ow algorithms. For fair comparison, besides
Grey Flea2 camera that is able to acquire short an . : )
. . Imagesl; andl, we provide the competing opti-
long exposed images alternatingly. cal ow algorithms with the image depicting
For all experimental results we usédevel im- 9 o

age pyramidlOwarping iterations antlOiterations the scene half way between and. We calcu-

to solve Egs. (10) and (11). For normalized inten-fstebtehtsvg?‘tlén ailgf be.trv;/]ie:;oa:]:slul[fs aa?ewtil:en
sity values we found 2 (0;1], ; 2 (0;0:1] and Lo 2

o . concatenated before comparing them to the ground
2 [0;0:5] to be suitable parameter values. truth displacement eld. As optical ow works best
) for small displacements, the error of the concate-
5.1 Synthetic Test Scenes nation is smaller than calculating the motion eld

We consider synthetic test scenes containing differ?&tweer! 1 andl directly.

ent kinds of motion. The scer@encontains trans- For comparison, we consider two different op-
lational motion of up tdl4 pixels, the scenwind- tical ow methods. We chose the algorithm of
mill depicts rotational motion approximately par- Zachet al. [27], since it relies on the same math-



Ben windmill corner
MAE STD || MAE STD || MAE STD
Sand, Tellers [22]| 8.42 | 20.91 6.78 | 17.43 6.40 | 17.71

Zachet al. [27] 5.81| 20.08| 4.87|17.35| 5.05| 19.59
Sellentetal. [23] || 6.31| 19.53| 8.64 | 23.70 || 12.87 | 27.69
our method 427 16.35| 456 | 15.70| 457 | 17.32

Table 1: The motion eld computed with our method has a smaller mean areyuta (MAE) and a smaller
standard deviation (STD) than motion elds computed with competitive optiwalor alternate exposure
algorithms.

(@ (b) () (d)

Figure 6: Real-world recordingsiggling (top row) andwaving (bottom row): 14, Ig, |2 (a)-(c) and the
motion eld calculated with our method (d).

ematical framework as our approach. However, oubetween the images. The remaining gap is due to
method uses a long exposed image instead of tne x 30 fps camera frame rate and the readout
higher frame rate of short exposed images. We alstme of the sensor. The recorded images and the
compare to the algorithm of Sand and Teller [22]estimated motion elds are shown in Fig. 6. The
on three images, as both our method and their aguggling scene demonstrates vividly the advantages
proach consider occlusion effects while calculatingof using short and long exposures: the motion is
motion elds. As can be seen in Table 1, our al-very fast and sharp images require short exposure
gorithm performs best in all three test scenes: théimes 0f6:02 ms. Yet the camera can only process
mean angular error of the estimated motion elds isan image everg3:33ms. This leads to long gaps of

smaller, as well as its standard deviation. 27:31 ms of unrecorded motion between sharp im-
ages. For our method, we record a long exposed im-
5.2 Real-World Recordings age with an exposure time 89:65 ms reducing the

gap betweeng and the succeeding short exposed
We also test our method on real-world recordingsimage t00:48 ms and providing us with additional
We use the built-in HDR mode of a PointGrey Flea2information. While the short exposures either show
camera to alter exposure time and gain between sughe ball or not, the motion-blurred image captures
cessive frames. By adjusting the gain, we ensuréhe path taken by the ball and enables correct mo-
that corresponding pixels of static regions in thetion eld estimation, i.e. our method can handle the
short and long exposed images are approximatelgmall ball leaving the picture.
of same intensity. With the HDR mode we are able
to acquirel 1, g andl, with a minimal time gap For thewavingscene we use exposure times of



20:71 ms andl24:27 ms, resulting in gaps df2:45  Acknowledgements

ms and0:48 ms, respectively. Note that the algo- )
The authors gratefully acknowledge funding by

r|th.m is capgble of dealing with disoccluded texturethe German Science Foundation from project DFG
as in thewavingscene where the hand uncovers the\y a>555/4.1

face.

References

5.3 Limitations [1] J. Aggarwal and N. Nandhakumar. On the computa-
tion of motion from sequences of images - a review.
Our method shares some of the limitations inherent _ In Proc of the IEEEvolume 76, 1988.

to all optical ow methods which also the use of a [ L. Alvarez, R. Deriche, T. Papadopoulo, and
J. Sanchez. Symmetrical dense optical ow esti-

motion_—blurred image cannot rem_edy: Like in all mation with occlusions detectiohJCV, 75(3):371—
purely image based methods, motion in poorly tex- 385, 2007.

tured regions cannot be detected uniquely, as can b¢3] S. Baker, D. Scharstein, J. Lewis, S. Roth, M. Black,
seen in the black background of thevingscene, and R. Szelis_ki. A Database and Evaluation Method-
Fig. 6. Also common to all optical ow meth- ology for Optical Flow. InProc ICCV, 2007.

ods, we assume that motion is the only source of[4 L- Bar, B. Berkels, M. Rumpf, and G. Sapiro. A
variational framework for simultaneous motion esti-

change in brightness, disregarding highly re ecting  mation and restoration of motion-blurred video. In
and transparent surfaces from the calculations. In  Proc ICCV, pages 1-8, 2007.

contrast to most optical ow methods, however, we [5] J. Barron, D. Fleet, and S. Beauchemin. Perfor-
include occlusion explicitly into our image forma- mance of optical ow techniqueslJCV, 12(1):43-
tion model. We limit each pixel to change visibil- 5 |Z/|7’|31994lé 45 K N Motion deblurri
ity only once during Fhe exposure intgrval. This as- (6] uéinge?]ybzrirg i";?aging 'Im?ggrbvp%'gggees gggig
sumption is justi ed if the fame rate is suf ciently 664, 2003.

high. Several changes in visibility would partition [7] T. Brox, A. Bruhn, N. Papenberg, and J. Weickert.
the motion curves into more than two parts, thus High accuracy optical ow estimation based on a

rendering the problem numerically unstable. tzhoeoodfy for warping. InProc. ECCV pages 25-36,

[8] A. Chambolle. An algorithm for total variation
minimization and applications.J Math Imag Vis

6 Conclusion and Future Work 20(1):89-97, 2004. ,
[9] W.-G. Chen, N. Nandhakumar, and W. N. Martin.

Estimating image motion from smear: a sensor sys-
In this work, we proposed a variational approach to tem and extensions. IRroc ICIP, pages 199-202,
optical ow from a set of alternatingly exposed im- 1995.
ages. We re ne the optimization of a general imagd10] W.-G. Chen, N. Nandhakumar, and W. N. Martin.
formation model, that is able to handle occlusions, ~ Mage motion estimation from motion smear-a new

. . . computational model. IEEE T-PAM| 18(4), Apr.
large displacements and objects moving out of the 199(.:‘,)_” ' | 18(4). Ap

image. Based on the image formation model, wg11] w. Christmas. Filtering requirements for gradient-
derive a TVL! energy functional which we solve based optical ow measurement. IEEE T-IP,
with an ef cient dual method. In the experiments 9:1817-1820, Oct 2000.

we show that making use of a long exposure imagét?] S Dbai ?ng Yz-(\)’g‘g Motion from biur. I#Proc CVPR
improves the accuracy of the motion eld calcula- pages *-9, : -

ion: the mean anqular error and its standard devia[-ls] P. Favaro and S. Soatto. A variational appr_oach to
t!on._t € g N X scene reconstruction and image segmentation from
tion is reduced, not only for linear motion but also motion-blur cues. IiProc CVPR 2004.

for rotational types of motion. So far, we model [14] R. Fergus, B. Singh, A. Hertzmann, S. Roweis, and
changes in illumination only implicitly by the ro- W. Freeman. Removing camera shake from a single
bustL® norm, but we hope to incorporate this into __ Photograph. I'SIGGRAPH pages 787-794, 2006.
future motion-blurred image formation models. In[15] J. Jia. Single image motion deblurring using trans-
f K | v th L parency. InProc CVPR pages 1-8, 2007.

uture work, we also Want.to apply the (.)ptlmlzatllon 16] D. Kundur and D. Hatzinakos. Blind image decon-
method to non-linear motion paths which promises ~ yojution. IEEE Signal Process Magl3(3):43-64,

to be favorable for frame interpolation. 1996.



(17]

(18]

(29]

(20]

(21]

[22]

(23]

(24]

(25]

(26]

(27]

A. Levin. Blind motion deblurring using image
statistics.Adv Neural Inform Process Sy419:841—
848, 2007.

S. Lim, J. Apostolopoulos, and A. Gamal. Opti-
cal ow estimation using temporally oversampled
video. IEEE T-IP, 14(8):1074-1087, 2005.

A. Mitiche and P. Bouthemy. Computation and anal-
ysis of image motion: A synopsis of current prob-
lems and methodsJCV, 19(1):29-55, 1996.

T. Pao and M. Kuo. Estimation of the point spread
function of a motion-blurred object from autocorre-
lation. InProc of SPIE volume 2501, 2003.

I. M. Rekleitis. Optical ow recognition from the
power spectrum of a single blurred image. Rroc
ICIP, pages 791-794, 1996.

P. Sand and S. Teller. Particle video: Long-range
motion estimation using point trajectories. pages
2195-2202, 2008.

A. Sellent, M. Eisemann, and M. Magnor. Motion
Field and Occlusion Time Estimation via Alternate
Exposure Flow. INEEE International Conference
on Computational PhotographyEEE, April 2009.

Y. Tai, H. Du, M. Brown, and S. Lin. Image/video
deblurring using a hybrid camera. RFroc CVPR
pages 1-8, 2008.

J. Xiao, H. Cheng, H. Sawhney, C. Rao, and M. Is-
nardi. Bilateral ltering-based optical ow estima-
tion with occlusion detection. IRroc ECCV pages
211-224, 2006.

L. Yuan, J. Sun, L. Quan, and H.-Y. Shum. Image
deblurring with blurred/noisy image pairs. 81G-
GRAPH number 3, 2007.

C. Zach, T. Pock, and H. Bischof. A duality based
approach for realtime T\-! optical ow. In Pattern
Recognitionvolume 4713, pages 214-223, 2007.



