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Abstract

We perform a qualitative and quantitative analysis of
various multi-framecolor optical flow methodsfor synthetic
and real panning and zooming image sequences. e show
that optical flow accuracy improvement can be dlightly im-
provedif color imagesare availableinstead of gray value or
saturation images. We show the usefulness of a directional
regularization constraint for computing optical flow when
the camera motion is known to be panning or zooming.

1. Introduction

This paper is concerned with the qualitative and quanti-
tative performance of multi-frame color optical flow.

The literature reporting on optical flow from color im-
ages is quite sparse, despite the fact that multispectral ap-
proaches have been suggested already for about twenty
years. Markandey and Flinchbaugh [8] have proposed a
multispectral approach for optical flow computation. Their
two-sensor proposal isbased on solving asystem of two lin-
ear equations having both optical flow components as un-
knowns. The equations are the standard optical flow con-
straints:
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where E isone image channel, formulated for each channel
separately and u = (u, v)? is the image velocity or opti-
cal flow. Their experiments use color TV cameradataand a
combination of infrared and visibleimagery. In each experi-
ment the datawas smoothed by convolution with a Gaussian
of ¢ = 2.0 before calculation of the derivatives and the cal-
culated vector fieldswere post-processed using 10 iterations
of median filtering, followed by 100 iterations of the vector

field smoothing technique described by Schunck [11]. The
condition number of the integration matrix for the system of
linear equationswas used for estimating numerical stability.

Golland and Bruckstein [3] follow the same algebraic
method. They compare a straightforward 3-channel ap-
proach using RGB data with two 2-channel methods, the
first based on normalized RGB values and the second based
on a special hue-saturation definition. The standard opti-
cal flow constraint may be applied to each one of the RGB
guantities, providing an overdetermined system of linear
equations:

Fut vt —o- = 0,
Sut v+ = 0,
—u+—v+— = 0.

The solution for the optical flow may be found by using a
pseudo-inverse computation:

u=(ATA)"'ATb

where:
R, Ry —Ry
A= Gz Gy , b= -Gy
B, B, —B;

The matrix A must be non-singular. The smallest eigen-
value of AT A or the condition number of A7 A can be
used to measure numerical stability, i.e. if the smallest
eigenvalue is below a threshold or the condition number is
above a threshold, then we set u to be undefined at thisim-
age location. We implemented Golland and Bruckstein’s
method with weights for each channel in a standard least



squares framework. If we assume a constant flow vector in
a(2n+1) x(2n+1) neighbourhood then A” A becomesthe
least squares Lucas and Kanade optical flow method [1, 7].
We used n = 1 for the Lucas and Kanade results reported
here. If al weights were 0 except for the Y channel (with
value 1) then we would have the standard gray value Lucas
and Kanade calculation[1, 7]. If the R, G and B weightsare
1 with all other weights 0 we have color Lucas and Kanade.
Lastly, if n = 0, we have the standard Golland and Bruck-
stein method, where the neighbourhood size is 1.

We recast the standard Horn and Schunck regularization
[1, 4, 5] as the minimization of:
> wi[Eviu+ Eyiv + Ey)” + o®(ul + u) + vl + 7).
The weights w; indicate the attached importance of each
channel of image information, e.g., w; = 0 means channel
¢ has absolutely no importance. If al w; are O except the
one corresponding to the Y channel (with value 1) then this
minimization is exactly Horn and Schunck on a gray value
image[1, 5].

Ohta [10] derives optical flow in aleast squares frame-
work on channel derivativesin color images. Let £,; and
E,; denote the = and y derivatives in color channel . For
example E.5 could be the « derivatives in the hue image.
Ohta assumes that there are n > 2 optical flow constraints
for the different channels. For n = 2, it followsthat

By B — BBy and v — EuEys — Ep1 By
E:clEyZ - EylE:L'Z E:clEyQ - EylE:cZ .

Both equations are solvableif Ey1 Ly — Ey1 Eys # 0. Let-
ting the error in the i-th equation be ¢;, taking the sum of
all squared errorsfor all n equations, calculating its partial
derivativeswith respect to v and v, and letting these formu-
lae be equal to zero, we obtain [10]

S EwiEyi > EyiEy — > Efz S Eyi By
S EL Y B — (X Eailyi)
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Y EL Y B2 — (X EaiEyi)
where summations are from 1 to n. This approach and the
generalized inverse method [3, 8] assume constant weights
for al equations. Our implementation allows us to set arbi-
trary weightsfor each of the nine RGB, HSI and Y1Q color
channels. Note that if all weights are zero except for the
Y channel weight being 1, thenina (2n 4+ 1) x (2n + 1)
neighbourhood we again have a standard L ucas and Kanade

[1, 7] least squares calculation.

Barron and Klette [2] recast the standard Horn and
Schunck regularization as the minimization of:

v ,

Z w; [Epiu + Eyiv + By]* +

Figure 1. Panning flow using the Golland and
Bruckstein method on the RGB images.

o (u + uz +v2 4 05) + 2 (u,v).

Again, as for the Horn and Schunck regularization, the
weightsw; indicatethe attached importance of each channel
of image information and can be set so asto include/exclude
any color channel.  (u,v) is adirectiona constraint that
depends on one knowing whether the camera is panning or
zooming. Because the 3D trandational direction is known,
the direction of flow can be computed everywhere using the
standard optical flow equations [6] and this can be used to
constrain the minimization. The directiona constraint can
be expressed as:

(,v)=(u u)*>— uiu 2=0.

Figure 2. Panning flow using the Ohta
method on the RGB images.



Figure 3. Panning flow using the Lucas and
Kanade method on the RGB images.

Because sensor motion is only dueto trandation, u can be
written as[6]:

u
(I,y, )2 A:L‘y 3

v

where (z, y) isanimagelocation, istherelativedepth,i.e.

= —, is the (unknown) sensor translation
magnitude,  isthe (known) sensor direction of trandation
and( , , ) arethe 3D coordinates of some 3D moving
point projected onto (z, y). Note that since we do not know

,u isonly inthedirection of the true optical flow vector
and scaled by the value used. We canwrite A ,, asa
2 X matrix:

where s the effective focal length (determined empiri-
cally to be about 40mm for the used digital video camera).

2. Differentiation

The choice of the differential kernel is essential to the
accuracy of both image and range flow calculations. We
used the balanced/matched filters for prefiltering and dif-
ferentiation proposed by Simoncelli [12]. A simple av-
eraging filter [1, 1, 1] was used to dlightly blur the im-

ages before prefiltering/differentiation. The prefiltering ker-

nel’s coefficients were (0.0 ,0.2 0.0 ,
0.2 and 0.0 ) while the differential kernel’s
coefficients were (—0.10 ,—022 1,00,022 1

Figure 4. Zooming flow using the Lucas and
Kanade method on the RGB images.

and 0.10 ). For example, to compute ,, we first con-
volve the prefiltering kernel in the ¢ dimension, that con-
volve the prefiltering kernel on that result in the y dimen-
sion and finally convolve the differentiation kernel in the
dimension on that result.

3. Error M easurement

We report on quantitative errors for optical flow com-
puted from color synthetic image sequences using relative
magnitude error (as a percentage) and angle error (in de-
grees). isthecorrect optical flow and  isthe estimated
optical flow in the equations below. For magnitude error we
report:

=— 2,100 ,
2

while for angle error we report:

= ( ).

4. Experimental Results

We generated pan and zoom synthetic image sequences
where the correct flow is known. For panning, we simply
translated an image of the Tamaki campus Computer Sci-
ence building to theleft by 3 pixelsto make each new frame.
For zooming, we imaged a poster of downtown Auckland
(the surface structure is planar) and then downscaled it with
thelmageMagick program[9] from 0 x 10by inthez
dimensionand inthey dimension for each frame interval



Synthetic Panning Sequence Synthetic Zooming Sequence
Method Data | Magnitude Error Angle Error Method Data | Magnitude Error Angle Error
Horn-Schunck RGB 1 1 2 Horn-Schunck RGB | 215 1 5
Lucas-Kanade RGB 1 1 Lucas-Kanade RGB 1 12 1 121
Barron-Klette RGB 11 15 1 Barron-Klette RGB 1 1 5
Golland-Bruckstein | RGB 11 1 5 11 Golland-Bruckstein | RGB 1 1 5 1
Ohta RGB | 12 1 1 12 Ohta RGB | 1 2
Horn-Schunck St+Y 1 1 2 Horn-Schunck S+Y 1 2 2 111 12 1
Lucas-Kanade S 5 11 1 5 Lucas-Kanade S 1 21 1 5 2 1 2
Barron-Klette St+Y 1 5 1 15 5 Barron-Klette S+Y 2 21 211
Golland-Bruckstein | S 1 22 1 2 Golland-Bruckstein | S 2 2 12 2
Horn-Schunck Y 1 1 2 51 Horn-Schunck Y 22 2 1 1 1 2 11
Lucas-Kanade Y 1 11 5 1 52 Lucas-Kanade Y 1 5 1 1
Barron-Klette Y 15 21 15 1 Barron-Klette Y 211 2 2 5
Golland-Bruckstein | Y 21 2 125 2 Golland-Bruckstein | Y 1 1 2 2 11 21

Table 1. Panning sequence results.

to generate each new image. Thus, the second image was
the 2x 0 central block of the first image, expanded to
fittheorigina sizeof 0 x 10. Similarly, thethird image
was the central X block of the first image, again
expanded to fit the original sizeof 0 x 10. The correct
diverging flow field has corner velocities having a magni-
tude of inthe z dimension and a magnitude of inthey
dimension. Our real image sequence was at Point England
on the Tamaki river in Auckland. The scene consists of a
flat lawn in the foreground with water in the background.
Weused o = .0, = 1.0and 100 iterations for the Horn
and Schunck and Barron and Klette results reported here.

Tables 1 and 2 show some quantitative magnitude and
angle errors for the synthetic pan and zoom sequences.
Figures 1, 2 and 3 show synthetic panning flow fields while
Figures 4 and 5 show synthetic zooming flow fields. Be-
cause good directional information is available the Barron

Figure 5. Zooming flow using the Barron and
Klette method on the RGB images.

Table 2. Zooming sequence results.

and Klette method produces slightly better flows than Horn
and Schunck.

We obtained diverging flows for the real panning and
zooming sequences using Lucas and Kanade, shownin Fig-
ure 6, and for Horn and Schunck, shown in Figure 7. The
Horn and Schunck flow is slightly worse than the L ucas and
Kanadeflow. These flowsare poor but in the correct general
direction. Our directional constraint proved to be useful to
obtaining amorefeasibleflow field for theseimages, seethe
flow shown in Figure 8. In this case, there is no (or little)
angle error, although clearly there is magnitude error.

5. Conclusions

Color optical flow computed via the three color chan-
nels (with weights 1.0) seems better than gray value opti-

Figure 6. Zooming flow using the Lucas and
Kanade method on the RGB images.




Figure 7. Zooming flow using the Horn and
Schunck method on the RGB images.

cal flow. The grayvalue results can be obtained from the
colour images using the Y1Q weights of 0.299, 0.587 and
0.114. Similarly, weighting the RGB channels equally with
weights of 0.333, 0.333 and 0.333 gives the same flow as
for the | image. The saturation channel (which we origi-
nally thought was the best candidate for adding extra mo-
tion information) actually has a negative effect on optical
flow. Our directional constraint is useful for computing op-
tical flow when the camera motion is known to be panning
or zooming. Overall, Lucas and Kanade RGB flows were
the best.

Figure 8. Zooming flow using the Barron and
Klette method on the RGB images.
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