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Abstract

We propose a novel Fourier-based technique for the estmatf optic-flow fields from image
sequences. In this method, the instantaneous velocititxcaf image points are inferred directly from
the global 3D Fourier components of the image sequence bigteag for those velocities for which
the superposition of the corresponding Fourier gratingsldeto constructive interference at the image
point. Since the localization of velocities within the ineagpace is derived from global signals, the
technique does not suffer the aperture problem and is capdlokpturing motion signals that take place
on different spatiotemporal scales. We test the algoritmbaeth synthetic and real image sequences.
The performance is evaluated by using error measuremanmdsthe results are compared to standard

techniques for optic-flow computation.

Index Terms

Optic flow, global signal processing, uncertainty prineiphperture problem, Fourier transform.

I. INTRODUCTION

Optic flow is one of the most important attributes for anatggvisual scences. From the optic-
flow field, information about the state of the observer, thel&mut of the visual scene, and
the attributes of independently moving objects can be iaterDense and accurate optic-flow
fields are the prequisite for many vision applications.

The computation of velocity is intrinsically connected teetrepresentation of images in
Fourier space. All the nonzero power associated with a lming 2D-pattern lies on a plane
through the origin in Fourier space. The pattern velocityeduines the orientation of the
plane, and can be derived from the nonzero Fourier compsr@ntfinding the velocity for
which the constraint lines of the Fourier components imtetsHowever, usually the image
sequence contains more than one object. Most optic-flowntgaks try to resolve this problem
by restricting their computations to a small spatiotempoggion of the image sequence [1],
[2]. Given that this region is chosen sufficiently small, illwin the ideal case, contain only
the object of interest, which will then have an approximatanstant velocity. There is a catch
though: since the measurement of frequencies is based @intepgoral sampling, the velocity
estimates become less accurate with decreasing windowTdiie phenomenon is known as the

uncertainty principle in signal processing [3].
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Several approaches have been made to facilitate image stagioe by representing images
in the global Fourier domain. Vernon developed a Fouriexedamethod for segmenting images
which are formed by an occluding foreground and occludeddpaxind for situations in which
the object velocity is constant and normal to the principglaf the image sensor [4]. Dellen et al.
demonstrated that objects which are moving in opposingtimes are separable in Fourier space
and reconstructed the segmented image regions in real §yaapplying the inverse Fourier
transform [5]. Global Fourier components have also beem usereduce motion estimation
errors in a hybrid approach [6]. However, a solid brigde leetw spatiotemporal localization
and velocity measurements of image points is still missing.

To fill this gap, we propose a novel algorithm for the estimatof optic flow which derives
velocity estimates from the global Fourier components awbmstructs spatiotemporal position
through constructive interference of the same Fourier aomapts. Since the local velocity
estimates are computed from global frequency measuremirgtsalgorithm does not suffer
the aperture problem which is caused by local windowing.

The paper is structured as follwowed: In Section Il, the dadea and the algorithmic
framework are explained. In Section Ill, error measurestiier performance evaluation of the
algorithm are introduced. In Section 1V, the results of thgoathm for synthetic and real image
sequences are shown. The performance of the algorithm istifled by error measurements
for those sequences for which the true flow field is known antipared to other optic-flow
algorithms. In Section V, the results are discussed andesiiggs for future applications are

given.

[I. ALGORITHMIC FRAMEWORK

The visual scene observed by human eyes or a camera can ésamjed as a three-dimensional
discrete function of intensity valudsx, ), wherex = (z,y) defines the spatial dimensions and
t the temporal dimension. By means of Fourier decompositiba, image sequence can be
described as a superposition of translating gratings, tuah

I(x,t) =Y A(k k) cos(k - x — kit) + B(k, k) sin(k - x — kyt) (1)
k, k¢
wherek = (k,, k,) is a wave vector with spatial frequenciés and k,,, and k; is a temporal

frequency. The amplituded(k, k,) and B(k, k;) depend on the spatial and temporal frequencies
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of the gratings and represent the image sequence in 3D Fapace. Each grating moves
with a velocity v = k/k/k? wherek = |k| is the absolute spatial frequency of the grating.
The combined movements of the gratings contributing to &éiquéar point(x,¢) of the image
sequence determine the local velocifyx, t) at this point. A schematic of this principle is given
Fig. 1. Importantly, for non-transparent conditions, omtensities belonging to a single object
can be represented at a local poiat t). The contribution of a grating to the velocity of a
point (x, t) of the image sequence can be quantified by assigning a weigvetry grating. For
example, a grating which has a negative amplitude at a pbipbsitive intensity is contributing
destructively, while a grating of positive amplitude cadmiites constructively. Thus, weights
depend not only on the amplitude of the grating at this pdint, also on the intensity of the

point itself, such that
w(x, t,k, k) = [A(k, ki) cos(k - x — ket) + B(k, k) sin(k - x — k)] signl(x,t)] 2)

where sigita] = £ is the sign function. Hence, for each poist, ¢) of the image sequence, we
obtain a set of weighted velocitigsr(k, k;); w(x, t, k, k;)}. The set of weighted velocities can
be used to estimate the local velochy(x, t) of the image point since all gratings belonging to
an object moving with a velocity fulfill the motion-constraint equatiok, = v - k [7].

We estimate the local velocity by employing the followingtimg scheme: Each component
velocity votes with its assigned weight for all local velies which lie along the corresponding
constraint line, yielding a map of votes

m(U,x,t) = > w(x,t.k k. x,t)exp[—(k — U-k)*/(¢k])?] | (3)

K ke

where ¢ defines the width of the Gaussian. If the velocity signal iffigently strong, the
intensity map peaks & = V(x,t), where V(x,t) is the local velocity of the point. The

estimated velocity becomes

Ve(x,t) = arg{max[m(U)]} . 4)

A. Elliminating false velocity estimates

We measure the “confidencér(x, t) of the velocity estimated at by computing the corre-

lation coefficient of the map of votes with a Gaussian cedtetd/, (x, t)
G(x,t) = C{exp[—(U — V(x,1))?/0?],m(U, x,t)} | (5)
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[(X)

Fig. 1. Schematic: Object reconstruction through interiee of global Fourier gratings. Two moving objects, deglcts red
and blue arrows, are plotted together with a few of their Fougratings. When superposing the Fourier components df ea
object (thick blue and red lines), the Fourier componentsriggng to the blue object (thin blue lines) interfere counstively at
the position of the blue object, but interfere destrucgiv@lerywhere else. Since both objects are moving, all Fouamponents
belonging to the blue object move with a velocity, while the Fourier components of the red objects move witlelacity v;.
Hence, when multiplying all Fourier components with theispective component velocity and computing their sum lpcl
., We obtain the local velocity at,, namelyV,, since the contributions of the component velocities bgitog to the red object
sum to zero due to destructive interference. The same hotdbé red object at,,. By utilizing the principle of superposition,

local information can be inferred from global signals, whitaken independently, seem to carry to information abosition.

where o is a parameter determining the width of the Gaussian. Thetifum G provides a
confidence measure for each estimated local velocity v&laeexample, if the velocity signal
is too weak, no peak will emerge from the map of votes, and Baill4eturn a wrong velocity
estimate. In this case, the confidence will be small and thecitg estimate can be discarded.
We use a parameter to threshold the confidence function.

However, in some cases, the intensity map exhibits a peak ié¥be true velocity signal of
the image point is too weak to be distinguishable. Such faéssks might be caused by random
interference effects of the Fourier gratings. It is therefaseful to also discard the velocity
estimates belonging to image points which do not give a gtr@tocity signal. Velocity signals

can be too weak for proper detection for two reasons: (i) thietps part of a large homogeneous

January 30, 2007 DRAFT



JOURNAL OF BTEX CLASS FILES, VOL. 1, NO. 8, AUGUST 2002 6

image area such that the low spatial frequencies are nottiafiethe true velocity of the image
point (undersampling). (ii) the intensity of the point i©osé or equal to the mean intensity of
the image.

The first error source (i) can be essentially removed by pegssing the image sequence

with a velocity high-pass filter, cutting off all static girags:

1 if |k/k| > 7,
v, = e , 6)
0 else.

wherer, is a threshold. Usually, we choose the threshgltb be equal to the velocity resolution
of the algorithm.
The second error source (ii) can be diminished by estimatirlg velocities for image points

which are well above the mean intensity of the image, chosing

u, — 1 if |](X, t)| > TfmaX(U(Xa t)|)7 7 7)

0 else.

[Il. ERROR MEASUREMENTS

When the true velocities of an image sequence is given, emgasures can be computed to
quantify the performance of the algorithm. In this paper, s@enpute two error measures, the
absolute error and the angular error, which are presenggther with the standard error. The

absolute error is defined as the mean absolute differendeeoggtimated velocitieV .,

Eo=(n-m/p) ) E(x)0[G(x) — 7] - U, (x) - ¥s(x) (8)
with
Eq(x) =[V(x) = Ve(x)| , 9)
and with a standard error
-1/2
AE, = (n-m/p) | Y (Ba(x) = Ea)*0[G(x) — 7] - Uy (x) - ¥y (x) : (10)

X

Here,d(a) is the step function, witli(a) equal to one ifx > 0 and zero otherwise. The functions
¥, and ¥; are only included if the image sequence is preprocessedantigh-pass velocity
filter (see Section II.A). The parametersandn are the sizes of the image inandy direction,

respectively.
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The densityp of the estimated optic flow field is defined as the total numbepixels for

which an velocity estimate is computed divided by the totahber of pixels,

p=Y {0[G(x) —7]- Wy(x) - Vs (x)} /(n-m) . (11)
The angular error is dxefined as
Ey=(n-m/p) Y Es(x)0[G(x) —7]- ¥,(x) - ¥y (x) | (12)
with x
Ey(x) = arccos{(|V(x) - Ve(x)? + )™2/[([V(x)]* + 1) - (V)P + D]V (13)

and with a standard error

~1/2

Ay = (n-m/p) [S(Bex) = BoP0IG(x) — 7] 00 - 0] (14)

V. RESULTS
A. Translating-square sequence

We illustrate the algorithm first on a sequence which costansquare, 10 pixels wide,
which moves on a white background with a velocity wf= [1,1]. The translating-square
sequence contains 24 frames, which is about the number wlefamovies display within a
second (Fig. 2A, left panel). The global Fourier transfoertaken over the whole sequence, as
explained previously (Section 11), and the weights are coteg for each point of framé2 of
the sequence. We compute the map of votes for velocliesvhere the component velocities
in x andy direction are ranging from-3 to 3 pixels/frame in steps di.1 pixels/frames. More
detailed information about the implementation of the alfon is given in the Appendix. The
same parameters= 0.3 ando = 0.6 are used for all sequences. The map of votes for an image
point belonging to the square (labeled a) is presented immikdlelle panel of Fig. 2A. A clearly
distinguishable peak is visible in the map of votes, with aimaim positioned alU = [1, 1].

In contrast, point b in the surround of the square, which isoendgenous image region,
returns a flat map of votes, and no clear peak can be distimgaig=ig. 2A, right panel). This
is reflected in the confidenc&(x) of the velocity estimate, presented in Fig. 2B, left pandl. A

points on the square have a high confidence, while pointsamtimogenous surround have not.
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Fig. 2. Translating squaré Schematic (left panel). Map of votes for point a of the squal®wing a clear peak (middle
panel). Map of votes for point b in the homogeneous surrouigt(panel).B The confidencez(x) as a function of position
(left panel). The estimated velocities indirection (middle panel), and in direction (right panel)C Abolute errorE,, angular

error £, and densityp as a function of the thresholed.

ThresholdingG(x) with 7 = 0.4, returns only velocity estimates which have a high confidenc
The x and y components of the estimated velocities are given in Fig 2Rldha and right
panel, respectively. The algorithm gives estimates fon{solying on the square. Remarkably,
the estimated velocities of points belonging to the edgeéhefdquare do not suffer the aperture
problem, since the Fourier transformation is entirely glolHowever, velocity estimates for
points in the homogenous surround cannot be given. Thislyndemonstrates the ambiguity

of the vision problem, not a insufficiency of the algorithrmcg homogenous regions can be
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interpreted as moving with an arbitrary velocity. In otheords, a homogeneous background
contains all possible velocities.

To quantify the performance of the algorithm, we computeahsolute error and the angular
error as a function of of-, together with the standard error (Fig. 2C, left and middeed,
respectively). In Fig. 2C, right panel, the density of thgusmnce is plotted as function of The
error measures decrease with increasing threshold arel aetbw values close to the resolution

of the map of votes 00.1 pixels/frame.
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Fig. 3. Performance of optic-flow techniques for the tramstasquare sequence: Lucas and Kanade (black trian@asjtama

and Van Hulle (red), and our approach (blue).

We compare the performance of the algorithm with the outcohmgher optic-flow techniques,
a phase-based approach by Gautama and Van Hulle [9] andeaedifial technique by Lucas
and Kanade [8] (Fig. 3). For our algorithm, we achieved desirey densities by increasing the
thresholdr. For the phase-based approach, we use parameters as iaf®/yV,,.;, = 7 and
7; ranging from0.001 to 0.02 in steps of0.002. The choice of the parameters however does
not significantly alter the result of the algorithm. The alagierror is above the angular error

of our global approach. The angular error of the Lucas andakaralgorithm for a window
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size of 5 x 5 pixels’ reaches a lower value than our algorithms, however, theitgeissvery
low. Different densities were obtained by thresholding #isolute gradient squared, leading
to maximum confidence values at the corners of the square.ighieh densities though, the
performance of the Lucas and Kanade algorithm is less gaad @lr approach. The large error
at higher densities for the Lucas and Kanade algorithm istdube aperture problem, which
produces wrong velocities at the edge of the square. At \@wydensities, only the corners of
the square are left, which are not afflicted with the aperpuoblem due to their higher intrinsic
dimensionality [10]. The optic-flow algorithm by Gautamalaran Hulle produces good velocity
directions at the edges because the method uses varioia §ifiats. The angular error is above

our approach and below the angular error of Lucas and Kanade.
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Fig. 4. Camouflaged squard. Schematic of the sequendB.Estimatedz velocities.C Abolute errorE,,, angular errorE,

and densityp as a function of the threshold

The translating-square sequence presented in this pdfesdn the number of frames relative
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Fig. 5. Performance of optic-flow techniques for the camgeftasquare sequence: Lucas and Kanade (black) and oumahpro
(blue).

to the size of the square from the Square2 sequence used bynBatr al. [1]. The Square2
sequence contains 20 frames. T4ex 40 pixels’ large square moves with a velocity of =
(—4/3,—4/3) pixels/frame, thus, the center of the square is mainly caaeg®f static gratings.

It is therefore less suited for demonstrating the charetieproperties of our global approach.
However, our algorithm returns good velocity estimates tfog edges of the square with a
low angular error approaching deg for low densities. The angular errors of other techréque
computed for the Square2 sequence range #0103 deg t00.07 deg [1]. The interested reader
is directed to the Appendix, where the results of the alparifor the Square2 sequence are
shown. Ranking of techniques based on the angular erroffisutl, since the performance of an
algorithm can vary significantly for different image seqoes Also, the quality of an optic-flow
algorithm is not only characterized by its angular errot, &lso by the density of the resulting
flow field and whether velocities can be computed for the feddng” parts of the image, e.g.,

independently moving objects.
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B. Camouflaged-square sequence

Here, a square composed of random dots moves with a velotity © (1,0) in front of
a random-dot background which moves in the opposite doratiith v = (—1,0). Thus, the
random-dot square is only defined by its motion relative ®hkhckground. A schematic of the
sequence is given in Fig. 4A. The estimated velocities (@stholded) are presented in Fig. 4B.
The motion-defined square pops out with sharp borders anigasly distinguishable from the
background. The error measurements show decreasing dtloimareasing threshold settling at
the velocity resolution of the map of votes (Fig. 4C).

We again compare the performance of the algorithm with theasne of the algorithms by
Gautama and Van Hulle [9] and Lucas and Kanade [8], using &éineesparameters as before.
The performance of the algorithm by Gautama and van Hull¢higrparticular sequence is poor
with a mean angular error o, = 56 + 219 deg, which could not be improved by changing
parameters. The algorithm by Lucas and Kanade gives goadtgasith a performance which
is largely independent of the density and is thus less atzatdow densities than our approach
(Fig. 5). The error of the Lucas and Kanade algorithm is dugoir spatiotemporal localization

of velocities at the boundaries of the motion-defined camagefll square.

C. Translating- and Diverging-Tree Sequence

The translating- and diverging-tree sequences are aatifs@quences generated from a real
image of a tree (Fig. 6A). In the translating-tree sequetice, camera moves to the right,
while filming a picture of a tree, which is slanted with regptecthe fronto-parallel plane. The
velocities are parallel to the-axis and range form 1.73 to 2.26 pixels/frame. The estichate
flow field for the raw translating-tree sequence fok= 0.55 is shown in Fig. 6B, left panel.
In order to selectively compute estimates at edge-like an@&gions, we preprocess the image
sequence with a high-pass Butterworth spatial frequen®yr fvith a cut-off value ofD, = 0.1.
The resulting optic-flow field forr = 0.55 is shown in Fig. 6B, middle panel. In another
example, we preprocess the sequence with a high-passtyeditter with 7, = 0.1 and cut off
all intensity values close to the mean intensity with= 0.1, as described in Section 2. The
resulting optic-flow field forr = 0.55 in shown Fig. 6B, right panel.

In the diverging tree seequence, the camera recedes frotrethenage, causing the optic-flow

field to diverge from the center of expansion which is locatethe middle of the image. The
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speeds range from 1.29 to 1.86 pixels/frame. The estimatedfigld for the raw sequence, the
high-pass spatial frequency filtered, and the high-passcitglfiltered sequences are shown in
Fig. 6C, from right to the left, respectively. The paramstare the same as for the translating
tree sequence.

The performance of the algorithm for the translating- anetjing-tree sequence is evaluated
in Fig. 7, A and B, respectively. The angular error for the,réve high-pass spatial frequency
filtered, and the high-pass velocity filtered translatiregtsequence are plotted in blue, red, and
black, respectively, as a function of the density of thenesated flow field (Fig. 7A). Decreasing
densities are obtained by increasing the thresholdt low densities, the algorithm produces
the lowest error for the high-pass velocity filtered segeefithe angular error of the high-pass
spatial frequency filtered sequence is above the angular efrthe high-pass velocity filtered
sequence and below the angular error of the raw sequence.

The angular error for the raw, the high-pass spatially Blerand the high-pass velocity
filtered diverging tree sequence are plotted in blue, red,ldack, respectively, as a function of
the density of the estimated flow field (Fig. 7B). Here, bestilts are obtained for the high-pass
spatial frequency filtered image sequence. The angular efrthe high-pass velocity filtered
sequence is above the angular error of high-pass spateldrey filtered sequence and below
the angular error of the raw sequence. The error statisticgshie example of the translating
and diverging tree sequence demonstrate that preprogesamimprove optic-flow estimation
significantly. Angular errors have been measured for a tané optic-flow techniques for the
both the translating and diverging tree sequence. The angulors of the different techniques

range from17.66 — 0.73 deg. The tables can be looked up in [1].

D. Real sequences

We estimated the optic-flow fields for four different real geasequences, the SRI-trees
sequence, the Rubic-cube sequence, the Hamburg taxi ssguemd the walking sequence.
All sequences were preprocessed with a high-pass velottiy &ind the intensity values were
thresholded withr; = 0.1.

In the SRI Sequence, a camera moves parallel to the ground plang thec-axis in front of
several trees The velocities are as large as two pixels#rdine sequence contains 20 frames.

The color-coded velocities im direction of frame 10 forr = 0.5, 7, = 0.1, andr; = 0.1 are
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Fig. 6. Translating- and diverging tree sequen&eSnapshot of the original sequend®.Estimated flow forr = 0.55 for
the raw, the high-pass spatial frequency filtered, and tbl-pass velocity filtered translating-tree sequence, teftidle, and
right panel, respectivel\C Estimated flow forr = 0.55 for the raw, the high-pass spatially filtered, and the highspvelocity

filtered diverging tree sequence, left, middle, and rightgbarespectively.

shown in Fig. 8A, right panel. Image points which are beloveshold are set to zero. The tree
in the foreground is clearly separable from the foreground moving with a speed of about
2 pixels/frame and could be to large parts segmented fromb#oikground despite the poor
resolution, the amount of occulusion, and the low contrdshe image sequence.

In the Rubic-cube sequence, a Rubic’s cube is rotating eoclotkwise on a turntable. The
rotation induces velocities of the cube between 0.2 and Xx&giframe. The velocities on the
turntable range from 1.2 to 1.4 pixels/frame. This sequexm#ains 20 frames. The optic-flow
field at frame 10 forr = 0.5, 7, = 0.1, and7; = 0.1 is shown in Fig. 8B, middle panel. An
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Fig. 7. A Translating tree sequence: Angular erigy as a function of image density for the raw sequence (blue), the
high-pass spatial frequency filtered sequence viith= 0.1 cycles/deg (red), the high-pass velocity filtered sequenmite
T, = 0.1 pixels/frame andr; = 0.1 (black). B Diverging tree sequence: Angular errél;, as a function of image density
for the raw sequence (blue), the high-pass spatial frequétiered sequence witthy = 0.1 cycles/deg (red), the high-pass

velocity filtered sequence with, = 0.1 pixels/frame and; = 0.1 (black).

enlarged part of the optic-flow field is given in Fig. 8B, rigbanel. The optic-flow field is
scaled by a factor 2 for reasons of better display. This setpiedemonstartes that our method
is capable of treating rotational motion.

In the Hamburg taxi sequence, a street scene is shown withniowing objects: (i) a taxi
turning the corner (ii) a car in the lower left, driving frorhet left to the right (iii) a van in the
lower right driving from the right to the left, and (iv) a perswalking in upper left. Image speeds
of the four moving objects are approximately 1.0, 3.0, 3rJ 8.3 pixels/frame, respectively.
The sequence contains 20 frames. The optic-flow field at fraénhéor - = 0.5, 7, = 0.1, and
77 = 0.1 is shown in Fig. 8C, right panel. An enlarged part of the ofibw field is given in
Fig. 8C, right panel. The optic-flow field is scaled by a facofor reasons of better display.
by means of manual segmentation, we computed the averageitydior each moving object:
(i) V. = (=0.7,-0.7), (ii) V. = (2.7,0.5), (iii) V., = (-2.6,-0.3), and (iv) V. = (—0.3,0)
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pixels/frame. Fig. 8C demonstrates that all four objectsdmtected successfully by our method.

In the walking sequence, a woman walks from the left to thatrighe sequence contains
40 frames. The optic-flow field for frame 20 fer= 0.35, 7, = 0.2, and; = 0.1 is shown in
Fig. 8D, right panel. An enlarged part of the optic-flow fieddgiven in Fig. 8D, right panel. The
optic-flow field is scaled by a factor 2 for reasons of bettepldiy. Using the global method,
velocities could be assigned even though the optic-flow fi¢lthe walking woman is changing
rapidly with time and space.

In summary, we found that quantitatively the global apphoaomputes velocity estimates
with an error which is in the error range of standard optigvftechniques, as demonstrated for
the translating square, the camouflaged square, and tredatiag and diverging tree sequences.
The results of the algorithm for the real image sequenceklamly be evaluated qualtitatively,
since no ground truth is available. The algorithm is cap#ablsegment a scene into foreground
and background (SRI-tree sequence), to compute rotatimoébn (Rubic-cube sequence), to
detect independently moving obects (taxi sequence), andrgpute the complex optic-flow field

of a walking person.

V. CONCLUSION

We proposed a novel algorithm for the computation of optia/flehich is based on construc-
tive interference of the global Fourier components in angensequence. Since local information
is reconstructed through superposition of global Fourietiggs and not by means of local
windowing, the method is neither constrained by the uno#gtgrinciple of signal processing
nor does it suffer from the aperture problem. As a conseqeaarurate velocity estimates can
even be assigned to extended egdes, as demonstrated farblating-square sequence. Despite
the global integrations, local spatiotemporal informatie retained, which has the consequence
that even sharp motion-defined boundaries can be recovesatb(iflaged-square sequence). We
evaluated the performance for different synthetic imagguseces, including the translating-
and diverging tree sequences, and found an angular erree titothe velocity resolution of the
algorithm, here0.1 pixels/frame, an adjustable parameter of the algorithm.tRe real image
sequences, the performance of the algorithm could only briated qualitatively. The approach
is successfull in motion-based scene segmentation, camgprdtational optic flow, recovering

independently moving objects, and even in finding the compfaic flow of a walking person.
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Fig. 8. Real image sequences. SRI-trees. Frame 10 of the original sequence, left panet ddlor-coded velocities in:
direction of frame 10 forr = 0.5, 7, = 0.1, and7; = 0.1, right panel.B Rubic cube. Frame 10 of the original sequence, left
panel. Estimated optic-flow field at frame 10 fore= 0.5, 7, = 0.1, and7; = 0.1, middle panel. Enlarged area of the optic-flow
field (see inset, middle panel) is given in the right pabdlamburg taxi. Frame 10 of original sequence, left panelintzted
optic-flow field at frame 10 for = 0.5, 7, = 0.1, andr; = 0.1, right panel. An enlarged part of the optic-flow field (seesins
middle panel) is given in the right pand). Walking. Frame 20 of the original sequence, left panel.ri&ated optic-flow field
for frame 20 forr = 0.35, 7, = 0.2, and7; = 0.1, middle panel. An enlarged part of the optic-flow field (sesein middle

panel) is given in the right panel.

Many methods for the computation of optic flow have been ssigge e.g., differential methods
[8], [11], [12], region-based matching [13], [14], energgsed [15], and phase-based techniques
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[9], [16], [17]. Other techniques include the “Skin and Behalgorithm and the “Total Least
Squares-Based Optic Flow” [18], [19]. By comparing the perfance of different methods for
optic-flow computation, Barrost al.[1] found that the first-order, local differential techna&giby
Lucas and Kanade [8] and the phase-based approach by Fteédepson [17] were most reliable
[1]. Galvin et al. claimed that the algorithm by Lucas and Kanade [8] gave tlst tasults [2].
However, all of these methods compute the velocity of imagatp from the intensity pattern of
local space-time windows around the points. Then, basicsorements such as spatiotemporal
derivatives or local correlation surfaces are extractedl iategrated to estimate the optic-flow
field. As a consequence of the windowing opertation, theshods are afflicted with the uncer-
tainty principle and the aperture problem. For this reasl@,algorithm by Lucas and Kanade
returns erroneous velocity estimates at the bounding efifeesquare in the translating-square
sequence. The phase-based approach by Gautama and varpetitlemed well in this case,
however, it failed to compute an optic-flow field for the carflaged square sequences, where
accurate spatiotemporal localization of velocity estiesds important. Our global approach gave
good results for both of sequences, demonstrating thataecwvelocity estimates can be assigned
without loss of spatiotemporal precision if using consting interference of global signals.
However, it is difficult to rank different techniques becauke perfornance of the algorithms
varies dependent on the image sequence and on the measti® ggmantify success, i.e., a low
angular error can be utterly meaningless if the image pdormtsvhich the velocity estimates
have been computed are not of interest for solving a pastidaisk.

Our method opens a new perspective on the computation af fipiv and on the interference
of local measurements from global signals in general. Famgte, constructive interference
could be also utilized for disparity estimation. The comergnplementation of the algorithms
contains several toeholds at which the method could be imagkd.e, transparent motions could
be detected and segmented by using more elaborated metitadséling out the velocity from

the map of votes.
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