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Abstract—Traditional optical ow algorithms rely on There exists a simple way to achieve correct temporal
consecutive short-exposed images. In this work, we makepre- Itering: exposing an image sensor for an extended
use of an additional long-exposed image for motion eld period of time. For moving objects, high frequency
estimation. Long-exposed images integrate motion infor- components in motion direction are suppressed in long-
mation directly in form of motion-blur. With this addi- exposed images. Apart from circumventing the problem

tional information more robust and accurate motion elds ft | aliasi | di b h d
can be estimated. In addition the moment of occlusion of temporal aliasing, long-exposed Images bear the ad-

can be determined. Considering the basic signal-theored  VaNtage that occlusion enters into the image formation
problem in motion eld estimation, we exploit the fact Process. A scene point and its motion contribute to a
that long-exposed images integrate motion information motion-blurred image exactly for as long as the point is
to prevent temporal aliasing. A suitable image formation not occluded. Only recently have optical ow algorithms
model relates the long-exposed image to preceding andbegun to address occlusion [3], [4], assigning occlusion
succeeding short-exposed images in terms of dense 20ahels per pixel. The moment of occlusion, however,
motion and per-pixel occlusion/disocclusion timings. Basd — -5n6t he easily determined from short-exposed images.
on our image formation model, we describe a practical | ired by th b . i
variational algorithm to estimate the motion eld not . nspire y,t ese o'servatlons,.we present an e)'(ten
only for visible image regions but also for regions getting SION to traditional optical ow estimation. We obtain

occluded. Results for synthetic as well as real-world scese dense, robust 2D motion elds by using images with

demonstrate the validity of the approach. different exposure times of the same scene. As input,
Index Terms—Motion eld estimation, motion blur, our method requires images taken such that an inter-
optical ow, occlusion, computational video. mediate, long-exposed imagdes is enclosed by two

short-exposed imagds, |I,, Fig. 1. In contrast to the
severly underdetermined methods for motion estimation
Estimating the dense motion eld between two corand image deblurring our approach, though still underde-
secutive images has been a heavily investigated efdrmined, has more information available: The motion-
of research for decades. Based on the classical optipklrred image provides anti-aliased motion information,
ow equation most approaches require the numericalhile the short-exposed images provide complete high
evaluation of the local time derivative. Hence, mosipatial frequencies.
optical ow algorithms work best with pinpoint-sharp Preliminary work on motion eld estimation from
images as input which depict a dynamic scene at tvifternate exposure images has appeared in [5], [6]. This
discrete points in time. If regarded individually, howevejournal version extends on earlier work to comprehen-
short-exposed images capture no motion information @fely present the complete method with in depth dis-
all. cussion of the signal-theoretical background in Sect. Il

From sampling theory it is known that this approachnd new supporting results on synthetic and real scenes.
leads to temporal aliasing if the maximum 2D displace-

ment in the image plane exceeds one pixel [1]. To pre- I
vent aliasing, multiscale optical ow methods pre- Iter

the images globally in the spatial domain because theThe number of articles on optical ow computation
motion is a priori unknown [2]. This however is not thes tremendous which indicates the signi cance of the
correct temporal Iter: high spatial frequencies should beroblem as well as its severity [7]-[9]. Related to our
suppressed only in those Fourier-domain regions wheverk, scale-space approaches obtain reliable optical ow
aliasing actually occurs, i.e., only in the direction ofdbc results in the presence of disparities larger than a few
motion. pixels [2], [10]. Alternatively, Lim et al. circumvent

I. INTRODUCTION

. RELATED WORK
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Fig. 1. Alternate exposure images: (a) exposure timing diagram of ¢hpe-exposed image followed by (c) a long-exposed imade
and (d) another short-exposed imdge

the problem by employing high-speed camera recordybrid camera of Ben-Esra and Nayar [21] takes a long-
ings [11]. None of these approaches, however, considposed image of the scene, while a detector with lower
occlusion. In contrast, Alvarez et al. determine occlusi@patial and higher temporal resolution takes a sequence
masks by calculating forward and backward optical ovef short-exposed images to detect camera motion. From
and checking for consistency [3]. Areas with large fothe camera motion, a global PSF is reconstructed which
ward/backward optical ow discrepancies are considerésl used to deblur the image. A recent extension of
occluded and are excluded from further computationthe hybrid camera [22] permits the kernel to be a
Xiao et al. propose interpolating motion into occludetbcal mixture of prede ned basis kernels, which can be
areas from nearby regions by bilateral Itering [4]. Thidiandled by modern deblurring methods. The motion-
approach is re ned by Sand and Teller [10] in the conteftom-smear approach [23] focuses on motion detection
of particle video. While explicit occlusion handling isfrom two motion-blurred images, using deconvolution
incorporated, the moment of occlusion cannot be detéechniques and thus relying on locally constant motion.
mined. The advantages of occlusion handling and occla-an extension [24], a short-exposed and a long-exposed
sion timings for image interpolation are demonstrated lipage are used to calculate the parameters of an af ne
Mahajanet al. [12]. Similar to our approach they use anotion model. The approach of Bar et al. [25] considers
path-based image formation model. However, paths @ motion-blurred images to segment an image into
calculated between two short-exposed images based astadic background and a foreground that moves with
discrete optimization framework yielding only full pixelconstant velocity. Likewise, Agrawal et al. [26] deter-
accuracy. mine a deblurred image from several blurred images with

There has been some previous work on calculatifijférent exposure times. In a similar approach [27], at
global motion from a single, motion-blurred image basdgast tWo motion-blurred images are used to determine
on Fourier analysis [13] or auto-correlation [14] assunjcal motion, the corresponding segmentation and depth
ing spatially invariant motion. A recent approach [15] idlformation of the scene, assuming motion to be a
able to calculate parametric and non-parametric motigif€Ways translation parallel to the image plane.
elds by formulating a constraint on the alpha channel
of the blurred image, shifting the problem to alpha-matte
estimation. Motion estimation from a single motion-
blurred image is part of blind image deblurring ap- In our approach we estimate dense motion elds
proaches. Because deconvolution is, in general, ill-posém alternate exposure images directly without previ-
these approaches are restricted to spatially invariamt padus deblurring. The use of a motion-blurred image in
spread functions (PSF) [16]-[18] or a locally invariantombination with two short-exposed images allows us
PSF [19]. To simplify the problem of blind imageto calculate dense motion elds that are free to vary
deblurring, many approaches use additional imagesftom pixel to pixel, i.e., the motion is not assumed to be
estimate motion and to reconstruct the image: Yuan gbbally constant, purely translational or af ne nor does
al. [20] use pairs of blurred and noisy images not oniy assume any part of the scene to be static. In addition,
to estimate a spatially invariant blur kernel but alsour image formation model is able to handle occlusions
to reduce ringing artifacts during deconvolution. Thas well as large displacements.
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Fig. 2. (a) Static 1D or (b) 2D signals have space-time Fourier @ (b)

transforms with supports on tife = 0) hyperplane (black). Moving Fig. 3. Regular temporal sampling of a moving 1D signal with

the signal uniformly shears the support to lie on the motion-dependeainpling frequency s leads to replica in the space-time Fourier

hyperplane + u =0 or + u+ v =0 respectively (gray/ yellow). domain. (a) If motion is smaller than one pixel per frame, the
projections of the replica to the axis don't overlap. (b) For larger
motion the projections of the replica on thexis overlap (boxes) and

therefore cause aliasing artifacts if used without adequate Itering.
[1l. SIGNAL-THEORETIC MOTIVATION

From sampling theory it is well known that regularly .
sampling a signal at a frequency below its Nyquist limHP" (1) = T (Xo;yo; t) has the Fourier transform
leads to aliasing artifacts. In the case of 2D motion z
aliasing, this effect is also known as tegon-wheel- ()
effect

To evaluate temporal aliasing and its consequences to
motion estimation analytically, we assume the simple
case of a band-limited, continuous imafygx;y) that which is derived in the Appendix. Eqg. (2) shows that

(t)e 2t dt
ZZ

@ WorXIdp(;; ydd (2

is moving with a uniform velocityw = Y, ie, ( ) is a weighted projection of(;; ) to the
f(x;y;t)= fo(x utyy vt). The 3D Fourier transform ( = 0, = 0)-plane so that overlap of the replica
F(:: ) of the moving image is related to the 2pAdue to fast motion introduces aliasing. As temporal
277 frequency domain, the overlap causes aliasing also when
F(:: )= fcyit)e 21 OCH Y+ 0 gy dy di the temporal derivative for a xed point is considered.

277 Yet, temporal derivatives are used in all optical ow
fo(x; y)e 21 (X W2 it (+u+v) gy gy Oqlgo_rlthms based on the color constancy assumptlon.. The
straight-forward approach to separate the replica is to
Fo(; ) ( + u+ v) (%hcrease the sampling rate. High-speed cameras provide
high temporal sampling rates, and the optical ow can
where is the Dirac delta. While the support B is in  be determined between consecutive images [11]. We
the (= 0)-plane, the support of the space-time Fouri@ompare the results of this approach to motion elds
transform of theu ugiformly moving image is located oralculated on alternate exposure images in Sect. VI.
the hyperplane y , i.e., the support is normal to the [f no high-speed video equipment is available, other
motion direction. Additionally, the support is stretcheghethods have to be applied to avoid aliasing at high spa-
according to motion magnitude, Fig. 2. tial frequencies. In multiscale optical ow approaches,
Point-wise sampling leads to shifted replica of ththe entire image is low-pass Itered isotropically in
original transform in the frequency domain at a distandmth spatial directions, Fig. 4(a), to indiscriminately
inverse to the sampling distance. If the signal is movingemove high spatial frequencies. While this approach
sampling in time can lead to aliasing even for spatialljoes remove the frequencies that cause aliasing, it also
band-limited signals: Motion that is larger than theestroys high frequency information that is not affected
inverse of twice the spatial band-limit per frame sheaby aliasing at all and can be used to limit the solution
the support of the 3D Fourier transform up to the poirsjpace of the motion estimation problem.
where the projections of the supports of the replica to A pre- Itering restricted to the direction in which
the ( =0, =0)-plane overlap, Fig. 3. aliasing actually occurs can be obtained by using longer
For a xed point(Xo;Yo) the temporal intensity func- exposure times. Approximating the shutter function with
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where T is the total duration of the exposure, a long ﬂ 4 \

exposed imagg(x;y;t) = (f h)(x;y;t) has the 3D
Fourier transform t=0 t=1

G(;; ) @ ®

T Fig. 5. Without occlusion, a contiguous path of moving scene surface
227 & . points betweery; andy, contributes to pixek in the long-exposure
= f(xy;t+s)dse 2 (X* ¥+ gy dy dt image. (a) The projection of the path onto the image plane forms a
. planar curvep, in the preceding short-exposed imageand (b) a
B planar curvep, in the succeeding short-exposed imdge
= Fo(; )Tsinc(T(u+ v)) ( +u+ v)(@

In consequence, the high frequencies of the Originﬁ‘rllageB .| R. We look for a description 0B in
image are correctly low-pass lItered dependent on ﬂ}grms oflll'lzl and. the motion eld

motion, Fig. 4(b). Some additional assumptions are made. We assume

Though suited for considering temporal derivative%,]at the short-exposed images are free of motion-blur

the use of motion blurred images for other PUrpOSES, + that short-exposed and long-exposed images are
e.g. frame interpolation, is limited as high frequenci%s

. . L . . rightness-adjusted such that in case of no motion, all
in motion direction are lost during recording and their . . ) . )
|ﬂ1ages are identical. In practice, we adjust the gain

reconstruction is an ill posed problem. In our APPTOACh o of the camera according to the exposure duration
we employ alternating short- and long-exposure imaggs g P )
Eénally, we assume that scene surface appearance does

to record the high frequencies. We also derive an imaﬁ . ;
. ) . A0t change considerably between the exposure time of
formation model that relates short-exposure images via fthree images

long-exposure image and the desired motion and thus Sb-
tain motion information without temporal derivates, i.ea Without Occlusion

a scale-space approach is no longer necessary to avoig lis to deri itabl del for the format
aliasing but is only an option to speed up convergence urgoalis to derive a suitable modet for the formation
of the motion-blurred imag®, which is both compu-

IV. | MAGE EORMATION MODEL tationally manageable as well as suf ciently accurate

| der t loit the inf i ided bv th to describe real-world data. For the simplest case, let
n order 1o exploft the information provided by €, .,nsiger a moving scene without any occluded or
additional long-time exposed image, we need an ima

¢ i del that relates th od i ARoccluded scene points, which implies that all scene
ormation model that relates the acquired Images via, g, q contributing to the motion-blurred imadge are

dense 2D_mot|on eld. As input, we assume two sho isible in 11 as well asl,. Parametrizing by time
exposure imagebk;; 12 : ! R which are taken beforet 2 [0; 1] we obtain
and after the exposure time of a third, long-exposed input "
Z1 Z1
B(x)=li(pi(x;t)) dt = I2(pa(x;t)) dt:  (5)
/ \ 0 0
. - wherep(x; ) :[0:1]!  andpy(x; ) : [0;1] !
* O»W"m are spatially varying, planar curves on the image plane
@ ) with p4(x; 0) = x and p,(x; 0) = X, Fig. 5. For each
input image, the curves describe the points on the image
Fig. 4. (a) The isotropic spatial lter used in multiscale opticaplane which pass throughduring the exposure duration.
ow algorithms attenuates all high frequencies indiscriminatelyp/hile Py orders the points forward in tim@z orders
(b) Long-exposure imaging corresponds to ltering the image wit em backward in time. In the case without occlusion
an anisotropic Iter that attenuates high frequencies only in the di : !

rection where temporal aliasing occurs due to the underlying motidiie entire curves are visible in both images, so that the
Frequencies perpendicular to this direction are left unchanged. values of both integrals are equal.



B. With Occlusion ﬂ

The long-exposed image enables incorporating occlu- B | ’—‘

sion effects into the image formation model. We assume N ]

that a point changes its visibility at most once during the l2 @ ! l

exposure. If a scene surface becomes occluded, some o L 1 t

parts of the motion paths are visible in only one of ' ’

the two short-exposure images, Fig. 6. We partition tifg. 7. We include a temporal offset to account for gaps that occur
integral so that part of the intensig(x) observed inx due to hardware constraints. For normalized exposure tini tfe

is due to int iti | hile th . gap between; andB has duration ; and the gap between and

is due to intensities along curyg, while the remaining g"4.¢" quration ,

part is due to intensities alormy,,

) 1 7s(x) . . . . . .
_ . . . since multiple occlusions arise only rarely in practical
B(x) = l1(pa(x; 1)) dt + la(P2(x; 1) At (6)  gjyyations with reasonable frame rates, we do not further
0 0 investigate this extension here.

Here,s(x) 2 [0; 1] denotes the moment during exposur .
where an object previously visible at positionin | 8 With Temporal Offset
becomes occluded by an object visiblexatin 15, or ~ We want to allow for exposure gaps between the im-
vice versa. agesl; andB as well as betweeB andl ,, Fig.7. Gaps
Note that in the case of no occlusion, any choice §etween exposures occur, e.g., due to camera hardware
s yields the same intensit (x). The occlusion timings constraints. Scene motion, of course, continues during
are only well de ned in areas where occlusion actuall§uch exposure gaps. To account for gaps, we include a
takes place. At all other points any valse2 [0;1] is temporal offset in (6) by changing the integration limits
equally valid. If we consider a xed, non-occluded corresponding to the relative lengths of the gaps:
Sndhdifferentiate (6) with resp_ect ts:: wedp_t)tair; the_ | 175(X) ¥ S(X)
rightness constancy assumption of traditional optic _ : : .
ovg computation by %e fundarr)nental theorem of caILJIcu-é (x) = 1Py (1)) dt + '2(P2(x; 1)) dt:
lus. Thus our approach is a generalized image formation ' ? 7)

model that incorporates the additional information pro-; is the quotient of the length of the exposure gap

vided by the motion-blurred image, and explicitly takegetweeni; and B and the exposure duration d&.

occlusion into account. Correspondingly, » is the quotient of the length of
The image formation model can be easily extended fife exposure gap betwedh and 1, and the exposure

allow for more than one visibility change, given that alfjuration ofB and as befors(x) 2 [0; 1] is the moment
passing pixels are visible either in or 1,. However, of occlusion.

for the sake of stability of the algorithm, Sect. V, and _ _
Note that the motion curvep,; and p, describe

the motion in the coordinate frame of the motion-

blurred image. Since for many applications a forward

or backward motion eld is needed, we morph the

motion curves according to the estimated motion and

<N\ occlusion parameters to obtain a motion eld far and

|2, respectively.

The image formation model described above gives

t=1 rise to a minimization problem of an energy functional,

(@) (b) which is derived in the next section. In the image for-

mation model described so far, we used general motion

Fig. 6. With occlusion, the path of scene surface points contributi . . . .
to pixel x in the long-exposure image is split into two parts. The rs%(hrves' To simplify computations, we adopt here a linear

part is on the occluded, the second part is on the occluding surfaBeotion model so that

(a) The path has a non-contiguous projection to the image plane of

the preceding imagie and (b) is only partly visible in the succeeding P1(X;t) = X tw(x) and po(x;t) = x + twz(X);
imagel ;. (8)




wherew; @ ! R?, wij(x) = m;g; forj 2f1;2g. variation as a regularizer for ow elds yields superior
This turns out to be a suitable approximation also foesults. Total variation regularization favors piecewise
more general types of motion, Sect. VI. If desired;onstant motion elds. Thus it smoothes out undesired
however, it is straight-forward to extend the algorithroutliers and avoids oversmoothing at motion boundaries
to more complex motion models. at the same time. We also regularize the occlusion time
as neighboring pixels, if they are occluded at all, are
occluded at related instants in time. The resulting energy
The image formation model can also be interpreted a#ich depends on the unknown motiam;, w, and
a model for image interpolation for frames at intermedoacclusion times can be written as

D. Frame Interpolation

ate time instants 2 [0; 1] Z
( E = Edata + ir Weij+ jr woij)+ jr sj dx:
00 = L(x  (t+ Dwi) ift  sx) o data - ] Lij +Jr waij) Jr s
t lo(x +(t+ 2)wp) if t>s(X): (13)

Here, ; 0 are free parameters of the approach that
ccj%r%trol the desired smoothness of the ow elds and of
mt%e moment of occlusion, respectively, cf. Sect. VI-C.

This model handles occlusion in an implicit way an
does not necessitate any thresholding or special treat
of the occluded and disoccluded regions.

A. Minimization Method

_ _ _ _ Our minimization scheme is based on the primal-

The image formation model for a motion-blurred img 4 algorithm used for T\:! optical ow [28], whose
ageB considered in the previous section yields a poinfriants currently rank in the top of the Middlebury
wise error measure for estimates of the linear motigfynchmark [29]. We brie y review the method here and
pathsw 1, w, and the_ occlusion time as follows. Given ghow how we adopt the framework to minimize our
two short-exposed imagels;, 12 and a long-exposed mgre complex energy functional. In turn we replace the

imagel s, i.e., the actual measurement, we can cOmp&jgneral variable wittw,, w» ands and keep the others
the blurred imagd g to the resultB predicted by the yqoq.

1 s .
model (7). We found the.~ norm to be more robust than oy the very general case of minimizing a total vari-
the L2 norm [5] so we consider the differences betweestion energy of the form

measurement and prediction lirt: 7 Z %

106 s(X);wi(x);wa(x)) = jlg(x) B(x)j: (10) E(u) = j(ujd+ 1J'r uij dx (14)
1=
For the sake of increased subpixel accuracy we alFo? a k-dimensional functioru on

include the differentiated version, i.e., the brightness o W'th a_ pointwise
. error term , an auxiliary vector eldv is introduced
constancy assumption

and the approximation

V. ENERGY FORMULATION

2(X;5(X); Wa(x); wa(X)) = (11) 7 1 X
i A . _ . . 2 . o
jlix  swi1) la(x+(@1  s)wy)j: E (u;v)= J(Mi+ oku vk uij dx
i=1
Integrating the weighted sum of the pointwise errors over (15)
the image domain, we obtain the data term is considered instead. If is small,v will be close to
VA u near the minimum, and thus will be close toE .
Edaa(S;W1;W2) = 1+ 20X (12) The key result of Ref. [28] is that (15) can be minimized
very ef ciently using an alternating scheme that iterates
with 0, cf. Sect. VI-C. between solving a TV image denoising problem for each

Instead of minimzing the pointwise error, we cati. keepingv xed
increase stability and performance in textureless regions
by considering global relationships of scene movement:
Neighboring points belonging to the same object typi-
cally exhibit similar motion. This observation suggestgnd a minimization problem fov with xed u
including a regularization term in the energy functional.
As demonstrated in previous work [28], using the total

argmin zi(ui Vi) + jr ujj dx; (16)
uj

argmin j (v)j+ Ziku vk?; (17)
\'



_)| For each level of the image pyramid |
_)'WW
Compute error from current estimates
or each unknown w1, w2, s
For a number of iterations |
Solve pointwise problem Eq.(17)
Solve denoising problem Eg.(16)

by dual approach

- Fig. 9. The color map used to display motion elds in Fig. 11, 14,
15 and 16.

Fig. 8. Work ow of our algorithm.

We implemented the algorithm in MATLAB. With
which can be solved pointwise with a thresholdin@Od_e optimized for rea_dability z_:md not for speed the esti-
scheme. Details and proof of convergence can be foufi@tion of a225 320 pixel motion eld on a3:06 GHz

in Refs. [28], [30]. processor lastd91s. As the process is highly parallel,
a GPU implementation to speed up the computation is
B. Application of the Minimization Method possible.
In our case, we employ some small modi cations VI. EXPERIMENTS AND EVALUATION

adapted to our problem of minimizing the energy in | 1 . Id estimation f |
terms of w1, w, ands. First, we employ the above To evaluate T\~ motion eld estimation from alter-

scheme, i.e., iterating between (16) and (17), by consligte exposure images we consider synthetic test data as
eringu = Wy, U = W, Or U = s, respectively, to solve well as real-world recordings. For synthetic scenes with
for each of the unknowns given a xed approximatiorlfnown ground-truth motion elds we calculate motion

of the others. As the thresholding scheme of Ref. [28] i@lds with our algorithm as well as with related ap-
not directly applicable to our non-linear data term Wgroaches [5], [10], [11], [28] and compare the mean an-

apply a descent scheme for (17), Sﬁlbstituting tHe gular error (MAE) and the mean endpoint error (MEE).
norm with its regularized variant;j = jijz r We We interpolate intermediate frames using estimated mo-
il = [ :

. tion elds and occlusion timings and compare them to
set =0:001 througout all experiments. ground-truth images, images interpolated with ground-
truth motion and images interpolated with optical ow.
Note that we cannot evaluate our method on standard

The numerical techniques for the actual minimizatiojest data because these test sets do not provide any
are well known [28]. motion-blurred imagedg. We also show results for

In order to speed up convergence, we implemented tigal world recordings. The recordings were made with a
algorithm on a scale pyramid of fact@5 initializing PointGrey Flea2 camera that is able to acquire short and
with s = 0:5 for the occlusion timing, anev;; w2 =0 long-exposed images alternately. For visualization of the
on the coarsest level. On each level of the pyramitlotion elds we use the color map in Fig. 9 together
we perform several warping iterations where in eadhith a sparse overlay of the motion vectors which are
iteration we solve foris, w1 andw,. For each variable scaled for better visualization.
an instance of (16) and (17) has to be solved, Fig. 8. We use image interpolation with our image formation

For (16), we employ the dual formulation detailed imodel (9) as means to evaluate the calculated occlusion
Ref. [28], Proposition 1, usin iterations and a time timings. Occlusion timings can have arbitrary values
step 0f0:1225 s 2 [0;1] at non-occluded points and are therefore

For all experimental results we usebdevel image hard to evaluate visually. Fig. 10 shows examples of the
pyramid, 10 warping iterations andlO iterations to estimated occlusions timings color-coded wétlk 0 as
solve (16) and (17). Suitable values for the parameter black ands = 1 as white. Changes & as the transition

, and were found experimentally. For normalizedrom black to white at the wings of the windmill,
intensity values we found 2 (0;1], ; 2 (0;0:1] and Fig. 10(a), are hard to spot in the otherwise arbitrary

2 [0;0:5] to be suitable value ranges. A discussiowariation ofs. In contrast, erroneous occlusion timings in
of the sensitivity on the parameter choice is given iregions where occlusion actually occurs are easily visible
Sect. VI. in interpolated images, Fig. 14.

C. Implementation



(a) (b)

Fig. 10. Occlusion timings for the scenesvindmill, (a), and
corner,(b). For non-occluded points all values ferbetweens = 0
(black) ands = 1 (white) are equally valid while for occluded or
disoccluded points designates the instant to switch from integration

in the preceeding short exposure to integration in the suceeding short
exposure. Easier visual evaluation of wrong/ correct occlusion tisning
is possible by image interpolation, Fig.14, 12 and 15

A. Motion Fields for Synthetic Test Scenes § o

We consider synthetic test scenes containing different
kinds of motion. The scensgquare Fig. 14 combined.0
pixels per time unit horizontal translational motion of the

square withl5 pixels per time unit vertical motion of Fig. 11. Comparing motion elds for the scenésn and corner

the background on 225 320image, i.e. blurred piXels 5 the ground-truth motion eld (top row): While the approach of
at the edges of the square combine several backgrowadd and Teller [10] (second row) is prone to over-smoothing, the
points as well as several foreground points_ The Sce@@roaCh of Lim et al. [11] (third row) produces noisy motion elds.

Pl o . ; )
Ben Fig. 15, rst row, contains only translational motionTV L= regularization [28] (last row) assigns unpredictable motion to

. . . occluded points. Results of our algorithm, Fig. 15(b), prot from
in front of a static background. The main challenge @fe TV regularization for favoring piecewise constant motion
this scene is the large magnitude of the motidd, elds and the motion blurred image for motion eld assignment to
pixels per time unit on 800 380 pixel image, and occluded/disoccluded pixels.

background occlusion/disocclusion. The sceriiedmill,

Fig. 15, second row, contains per time unit rotational

motion parallel to the image plane in front of a statitson, we provide the competing optical ow algorithms
background. In thavheelscene, Fig. 15, third row, thealso with the imagd 1.5, depicting the scene half way
wheel in the background is rotating per time unit betweenl; and I>. We calculate the motion elds
while the foreground remains static. The challenge betweenl; andl 15 as well as betweehy:s andl,. The

the scenecorner, Fig. 15, fourth row, is out-of-plane two results are then concatenated before comparing them
rotation of 10 around an axis parallel to the verticato the ground-truth displacement eld. As optical ow
image dimension, while the scerience Fig. 15, fth works best for small displacements [11], the error of the
row, contains translational motion of the same extent agncatenation is considerably smaller than calculating
the moving object's width. the motion eld betweerl; andl; directly.

To obtain the motion-blurred imadeg we render and  We choose the algorithm of Zaet al. [28], because
average220 500images. The rst and the last renderedt relies on the same mathematical framework as our
image represent the short-exposed imagesand |,. approach. However, our method uses a long-exposed
Ground-truth motion is calculated from the known 30mage instead of a higher frame rate of short-exposed
scene motion. images. We also compare to the algorithm of Sand and

To evaluate the advantage of the global optimizatiofeller [10] on three images, because both our method
framework, we compare the results of the presented T&Rd their approach consider occlusion effects while cal-
L1 algorithm to the results of the pointwise algorithngulating motion elds.
used in Ref. [5]. We also compare to state-of-the-art As our algorithm is based on signal-theoretical ideas to
optical ow algorithms, [10], [11], [28]. For fair compar- prevent temporal aliasing, we incorporate a comparison
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to the algorithm of Limet al [11] that requires * i

16 b

high-speed recordings as input. We simulate the higlr * ” i

speed camera with intermediate images such that motig ° /jl’ \‘\i

. . ... n i

between two frames is smaller thdnpixel. Addition- & ¢ F
ally we compare our earlier alternate exposure ow in - ” H/f
— \

Ref. [5] which is based on the same image formatior -
model as the approach described here but applies on &= I R
pointwise optimization. windmill wheel

As can be seen in Tab. I, our algorithm has the smalle: ",
mean angular error (MAE) for all test scenes. Also, in ¢
all test scenes, except for the rotational motion parallgl
to the image plane of the scengmdmill andwhee] our  ©°
algorithm has the smallest mean endpoint error (MEE)
The rotation within the image plane directly violates -
the assumption of linear motion paths in our IMage s o asorop o5 0w or o 6 % s or ol 62 a3 07 0% &5 i o
formation model, so here our algorithm is outperformec' corner . fence
by TV-L?! optical ow which does not model the motion . )
paths in the intermediate time between the frames. | * e
the corner scene with out-of-plain rotation and severe{?,i
self-occlusion, our algorithm is able to produce the mo$” -
accurate motion elds in angular error as well as in |
endpoint error. Visual comparison of the motion elds, -/ )
Fig. 11 and Fig. 15(b) show, that the decrease of errc % ss oo o op o5 o5 o5 o o % o o1 o o2 op o5 o5 o1 i ob
Is due to several reasons: The algquthm of S.an(.j. 4 ig. 12. The sum of squared differences (SSD) between interpolated
Teller [10] tends to over-smooth motion d'scont'nu't'e%ages and ground-truth images at different instants in time. Images
Fig. 11 second row, while the algorithm of Lim et al. [11]nterpolated with our algorithm () show comparable or even smaller
returns noisy motion elds, Fig. 11 third row. The TV-SSD than images interpolated with forward interpolation [29] either

1 : : : : ith motion elds computed with optical ow [28] (solid, 0) or even
L~ algorithm [28] assigns large outlier motion vectors tgith ground-truth motion (solid, +). The same is true for forward-

occluded points, Fig. 11 last row. backward interpolation in conjunction with optical ow [28] (dashed,
0) and with ground-truth motion (dashed, +).

3|

I
2t )
1

B. Frame Interpolation for Synthetic Test Scenes

For evaluation of the occlusion time estimation, Wg contribution of Data and Regularization Terms
interpolate intermediate images based on (9). We also

interpolate intermediate frames between and |5, In Sect. V we included the two-image color-constancy
i.e. betweent = 0 andt = 0:5, using the method assumption (11) as an additional data term weighted by
introduced by Bakeet al. [29] and blending of forward parameter . Setting = 0 results in visually convincing
and backward warping. None of the latter two methodsotion elds, Fig. 14(e), where boundaries are well
considers occlusion. Fig. 12 gives an overview of thge ned. Incorporating the color-constancy assumption
sum of squared differences (SSD). Note that for somich formally only holds for non-occluded points de-
images the interpolation error of our algorithm is evetcreases the quality of the motion elds at occlusion
smaller than the SSD of ground-truth motion. This iboundaries, Fig. 14(f). Yet the numerical error measures
due to the fact that inaccuracies in the motion eldfr ow elds such as the angular error and the endpoint
can be balanced by successful handling of occlusiemror are decreased by the color constancy: fostheare
boundaries. The positive effect of the occlusion handliregene the mean angular errorly for = 0:2 and
becomes also obvious when the images interpolated2a&85 for = 0 while keeping all other parameters xed.

t = 0:25 using our algorithm, Fig. 14(i) and 15(c),Obviously, the motion-blurred data term (10) yields a
are compared to the corresponding images interpolategbically correct motion eld by integrating along the
with the method of Ref. [29] and ground-truth motionmotion path. The additional color-constancy assumption
Fig. 14(g) and 15(d). provides subpixel accuracy [29]. The actual choice of



TABLE |
COMPARISON OF DIFFERENT OPTICAL FLOW METHODS FOR SIX SYNTHEC TEST SCENES THE MOTION FIELD COMPUTED USING
TV-L! FOR ALTERNATE EXPOSURE IMAGEYAEI) PRESENTED IN THIS PAPER CONSISTENTLY YIELDS A SMALLER MEAN RGULAR
ERROR(MAE). THE MEAN ENDPOINT ERROR(MEE) IS COMPARABLE TO MOTION FIELDS COMPUTED WITH COMPETITIVE OPICAL
FLOW ALGORITHMS [10], [28] OR WITH ANTI-ALIASED MOTION ESTIMATION ALGORITHMS [5], [11].

Ben square windmill wheel corner fence
MAE | MEE || MAE | MEE || MAE | MEE || MAE | MEE || MAE | MEE || MAE | MEE
Sand, Teller [10] 8.42 | 0.91 6.48 | 5.72 6.78 | 2.95| 13.39| 1.27 6.40 | 2.85| 19.12| 3.36

Zachet al. [28] 581 | 0.59 2.25| 0.62 487 | 1.69 259 | 0.60 505 | 1.27 | 19.44 | 14.75
Lim et al [11] 9.01| 146 | 12.19| 4.88 | 49.63| 7.69 | 2729 | 1.82| 3840 | 7.73| 34.17| 5.23
AEI, pointwise [5] 6.31| 0.99 6.52 | 1.79 8.64 | 547 419 | 1.02| 12.87| 6.30|| 34.41| 12.64
AEl, Tv-L? 427 | 057 1.70 | 0.52 456 | 2.16 221 | 061 457 | 0.92 | 1297 | 2.62

has been found to have only a small in uence on the
mean angular error, Fig. 13.

The parameter weighs the smoothness of the oc-
clusion timings in (13). We can assume the occlusion
times to be locally correlated, so we regularize them.
For comparison, we calculated motion elds with only
pointwise evaluation of the occlusion timings, i.e= 0.

The interpolated image for = 0:25 using the results

of only the pointwise evaluation of thequarescene is
shown in Fig. 14(h) or enlarged in Fig. 14(k): some
pixels at the occlusion boundaries are assigned wrong
timings, resulting in foreground pixels when they should %) © ®
show background pixels. Apart from these visual arti-

facts, the mean angular error of the motion eld with

only pointwise occlusion evaluation is increase@1b .

The assumption of correlated occlusion timings obvi-

ously encourages the algorithm to nd more consistent

motion elds which is advantageous in most real-world @) (h) 0)
scenarios. The actual value of> 0 has only small

in uence on overall performance, Fig. 13. Similar results

are obtained for other test-scenes.

(@) (b) ©)

a I = ) v N
w, B w, B Fig. 14. The synthetic scensquare (a) a short-exposed, (b) a
§ é long-exposed and (c) another short-exposed image are provided as
R input. (d) The ground-truth motion eld is compared to (e) the
s motion eld obtained by using only the motion-blur constraint and to
(f) the motion eld obtained by using the motion-blur constraint plus
‘"o oo o oo os color-constancy assumption (color coding see Fig. 9, arrow length

scaled for clearer visualization). (g) Images interpolated ( :25)

Fig. 13. Comparison of the mean angular error (MAE) for differerWit_h ground-truth motion elds but V\_/ithout occlusion timings shovv_
parameter choices in our algorithm (AEI) to optimized errors di'tifacts at occlusion borders, as (j) the enlargement of the white
optical ow algorithms [10], [28]. The actual choice of the parameteP©* Shows. (h) Artifacts are reduced by interpolation with pointwise

or  while keeping the other parameter xed has little in uencefvaluated occlusion timings, see enlargement (k), and practically
on the MAE: for scene8en (bold/ black) andcorner (light/ green) vanish for (i) interpolation with regularized occlusion timings, en-
the MAE stays below optimized results of optical ow algorithmdargement ()).
(dashed lines) for a wide interval.



D. Real-World Recordings experience large displacements while the foreground re-

mains comparatively static. Notice how even the person's

Wehalio _tle_st our methgd ofn realjworld reclordings. Wiack backpack is assigned the appropriate foreground
use the bullt-in HDR_mo eora P_othrey Flea2 Camelgotion, though it is hardly visible in front of the dark
to alter exposure time and gain between SuccessB@ckground

frames. By adjusting the gain, we ensure that corre-
sponding pixels of static regions in the short-expos?rq
and long-exposed images are approximately of the sa

intensity. With the HDR mode we are able to acquire
1, Ig and I, with a minimal time gap between the VIl. L IMITATIONS AND DISCUSSION

images. The remaining gap is due to the x80 fpS  \4tion eld estimation from alternate exposure im-

camera frame rate and the readout time of the sensgfos shares some of the limitations inherent to all optical
The recorded images and the estimated motion elds ey methods. Like in all purely image-based methods
shown in Fig. 16. The scengsggling, walking model ,ion in poorly textured regions cannot be detected

train 1, model train 2andtracking Fig. 16 rstto fth ,hio 61y This can be seen in the black background of
row, are all recorded wits:02 ms exposure time fory, the waving scene, Fig. 16.

a27:31 ms gap betweehy andlg, 3965 ms exposure  Aj54 common to all optical ow methods, we assume

time for I followed by a gap of0:48 ms and the y,a+ motion is the only source of change in brightness,

recording ofl  with an exposure time @.02ms. Forthe iqreqarding highly re ecting and transparent surfaces
wavingscene, Fig. 16, sixth row, we use exposure M@ 1 the calculations

of 20:71 ms forl1 andl, and124:27 ms exposure time
for I, resulting in measured gaps D245 ms between o, estimation, that the short exposures are free of

|1 andlg and0:48 ms betweerlg andl . motion blur. Practically this is regarded as satis ed if
The juggling scene demonstrates vividly the advanyotion during the short exposure time is smaller than
tages of using short and long exposures: the motiggs 5 pixel.
is very fast and the sharp images, |2 require short  |age noise also is a common problem and considered
exposure times 06:02 ms. Yet the camera can onlyjn the use of a suitable norm for the data-term and the
process an image every333 ms. Using only short yeqyarization. While the gain and therefore the noise
exposures leads to long gapsait31 ms of unrecorded |eye| in the short exposures of the alternate exposure
motion between images. For our method, we replagfages is increased in comparison to optimal short

every second short exposure image with a long exposigigyosures, our algorithm does not compare single pixel
image, reducing the gap 48 ms which is due to read-yayes but integrates over several pixels so that noise
out time of the sensor and other hardware constrainf§in zero mean can cancel out.

I's records scene motion during the whole exposure time|, contrast to most optical ow methods, we are
and provides us with temporally anti-aliased informatioRy,e to include occlusion explicitly into our image for-
Notice that one of the baI_Is still visible in dis_,appears in mation model. Arbitrarily large occlusion as well as
2, making standard optical ow computations unfeasiisocclusions can be handled under the assumption that
ble, but the motion-blurred image captures the path takgrscene-point changes its state of visibility only once.
by the ball and enables correct motion eld estimatiorhis assumption on the visibility state infers an object
For this reason, our method can even handle the smalhendent limit on the maximal translation, as e.g. for
ball leaving the picture. a static background point an occluding object can move
In the walking scene a person walks by on a stregj most as far as its width before the background point
and the leg moves on the order of magnitude of its widfaappears.
while her right arm is half occluded by the body. Our As a further difference, our image formation model
algorithms handles both dif culties correctly. works with motion paths instead of displacement elds.
The scenesmodel train 1and 2 contain moving While motion paths can theoretically have arbitrary
shadows and the highlights on the last wagon that #tgms, the assumption that they are linear allows to
handled robustly by our algorithm. convert from motion paths to displacement vectors by
For thetracking scene, the camera follows the motionwvarping. Actually, linear motion paths imply that the
of a walking person so that objects in the backgrourtisplacement of all pixels on the path is uniform and of

In the wavingscene, the algorithm is capable of deal-
with disoccluded texture where the hand uncovers
face.

Further we made the assumption, common in optical



constant speed. But as motion paths are allowed to v@ybstitutingx = xo tu, t= X-* foru 60 gives

for neighboring pixels, the approach can successfully 1ZZZ 21 ( orxo L o

handle also much more complex motions. ()= e 21O+ Hv v 75)
Finally, while recording the alternate exposure se- 7777 fo(x;y) dy dx d

guence, we replace one short exposure with a long expo- _ 1 e 20 (y+x)g2i (Yot Xo)

sure. To show the sequence to a viewer uninterested in 1t vy .

motion detection, the long exposed frame may simply be 77 ( + < )fo(xy) dy dxd d

skipped, or, to ensure a suf cient frame rate, intermediate = e?1 (Yot Xo)

images can be easily and quite faithfully interpolated 27 (+ u+ v)Fo(; )d d

with the proposed method.

! Yor X F(;; ) d d
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@) (b) (© (d)

Fig. 15. Results for the synthetic test scenes (from top to bot®em), windmill, wheel, corner, fencéa) the motion blurred image,
(b) motion elds calculated with our algorithm (directions color coded, s&p ), (c) images interpolated at= 0:25 with our motion
paths using Eqg. (9). Note that the occlusion time provided by our algoritietdsywell de ned occlusion borders. (d) For comparison,
images interpolated at = 0:25 with ground-truth displacement elds but without occlusion timings using rifethod described in [29]

show artifacts at occlusion borders.
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Fig. 16. The built-in HDR mode of our PointGrey camera alters exposure &nd gain between succeeding frames so that (a) short,
(b) long, and (c) short exposures can be acquired at companadkertess and with minimal temporal gap between frames. (d) Recotesdru
motion elds for the real-world scenes (from top to bottojaygling, walking model train 1 model train 2 tracking and waving



