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Abstract

The paper studies optical ow methods on colour

frames captured by a digital video camera. The paper

reviews related work, speci�es some new colour optical

ow constraints and reports on experimental evalua-

tions for one image sequence.

1 Introduction

Consider colour imagesC1,C2, : : :Cn captured as n
consecutive images of a video sequence where the cam-
era is moving. An important problem consists in mea-
suring image displacements between pairs of consecu-
tive images using optical ow. Assume that one scene
point P = (X;Y; Z) is projected onto image Ct(x; y)
at time t and onto Ct+1(x+ ud; y + vd) at time t+ �t.
The vector ud = (ud; vd)

T is the image displacement

of the projected scene point P = (X;Y; Z), and it will
be estimated by calculating optical ow ue = (ue; ve)

T

using the given colour value distributions in Ct and
Ct+1, and possibly further image data of the captured
sequence. The ideal solution would be ud = ue.

2 Review

The literature reporting on optical ow from colour
images is quite sparse, despite the fact that multispec-

tral approaches have been suggested already for about
twenty years. Markandey and Flinchbaugh [6] have
proposed a multispectral approach for optical ow com-
putation. Their two-sensor proposal is based on solving
a system of two linear equations having both optical
ow components as unknowns. The equations are the
standard optical ow constraints
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where E is one image channel, formulated for each
channel separately. Their experiments use colour TV
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camera data and a combination of infrared and visible
imagery. In each experiment the data was smoothed by
convolution with a Gaussian of � = 2:0 before calcula-
tion of the derivatives and the calculated vector �elds
were post-processed using 10 iterations of median �l-
tering, followed by 100 iterations of the vector �eld
smoothing technique described by Schunck [8]. Their
experiments have shown that \vector �eld smoothing

played a signi�cant role in the computation of optical

ow" for two-channel imagery. The condition number
of the integration matrix for the system of linear equa-
tions is used for estimating numerical stability.

Golland and Bruckstein [1] follow the same algebraic
method. They compare a straightforward 3-channel
approach using RGB data with two 2-channel meth-
ods, the �rst based on normalized RGB values and
the second based on a special hue-saturation de�nition.

The standard optical ow constraint may be applied to
each one of the RGB quantities, providing an overde-
termined system of linear equations:
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The solution for the optical ow may be found by using

a pseudo-inverse computation:

u =
�
A

T
A
��1

A
T
b (5)

where:

A =

0
@ Rx Ry

Gx Gy

Bx By

1
A

; b =

0
@ �Rt

�Gt

�Bt

1
A (6)

The matrix A must be non-singular. The smallest
eigenvalue of AT

A or the condition number of AT
A

can be used to measure numerical stability, i.e. if the
smallest eigenvalue is below a threshold or the con-
dition number is above a threshold, then we set u
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Figure 1. (Left) The original video 720 � 576 colour image and (Right) the even interpolated colour
image. The odd interpolated colour image looks about the same but is translated by about (-3,0) with
respect to the even image.

to be unde�ned at this image location. We imple-
ment Golland and Bruckstein's method with weights
for each channel in a standard least squares frame-
work. If we assume a constant ow vector in a
(2n+1)�(2n+1) then AT

A becomes the least squares
Lucas and Kanade optical ow method [4, 9]. We use
n = 1 for the Lucas and Kanade results reported here.
If all weights were 0 except for the Y channel (with
value 1) then we would have the standard Lucas and
Kanade calculation [4, 9]. If the R, G and B weights
are 1 with all other weights 0 we have colour Lucas
and Kanade. Note that Y=0.299R+0.587G+0.114B,
so if we changed the non-zero weights to these values
we would obtain exactly the same results as for the Y
images. Lastly, if n = 1, we have the standard Golland
and Bruckstein method.

We recast the standard Horn and Schunck regular-
ization [2, 9, 10] as the minimisation of:
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The weights wi indicate the attached importance of
each channel of image information, e.g., wi = 0 means
channel i has absolutely no importance. If all wi are
0 except the one corresponding to the Y channel (with
value 1) and � = 0 then this minimisation is exactly
Horn and Schunck on a grayvalue image [2, 9].

Golland and Bruckstein [1] have reported that the
RGB-method \provides su�cient quality for velocity

estimates when the object undergoes translations in a

plane parallel to the image plane, but if more com-

plex kinds of motion are involved, this method, like

any other using the brightness conservation assump-

tion, produces estimates with signi�cant errors." Fur-
thermore, their methods \provide much more precise

information about the object motion." However, these
statements have been deducted from a very small num-
ber of experiments, and more detailed studies might
be worthwhile. In general, optical ow computed for a
single image point has proved unsuccessful, local neigh-
bourhoods under some parametric constraint (such as
constant velocity) or global regularization of a func-
tional is necessary to obtain useful ow.

Ohta [7] derives optical ow equations in a least
squares framework on channel derivatives in colour im-
ages. Let Exi and Eyi denote the x and y derivatives
in colour channel i. For example Ex5 could be the x

derivatives in the hue image. Ohta assumes that there
are n � 2 optical ow constraints for the di�erent chan-
nels. For n = 2, it follows

u =
Ey1Et2 � Et1Ey2

Ex1Ey2 � Ey1Ex2

and v =
Et1Ex2 � Ex1Et2

Ex1Ey2 � Ey1Ex2

:

Both equations are solvable if Ex1Ey2 � Ey1Ex2 6= 0.
Letting the error in the i-th equation be ei, taking the
sum of all squared errors for all n equations, calculat-
ing its partial derivatives with respect to u and v, and
letting these formulae be equal to zero, we obtain [7]
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Figure 2. (Left) The Horn and Schunck flow for the Y image with � = 3 and 100 iterations and post-
thresholding of jjrIjj2 > 5:0 and (Right) the Lucas and Kanade for for the Y image with smallest
eigenvalue thresholding of � > 5:0.

Figure 3. (Left) The Horn and Schunck flow for the saturation image with � = 3 and 100 iterations and
post-thresholding of jjrIjj2 > 5:0 and (Right) the Lucas and Kanade for for the Y image with smallest
eigenvalue thresholding of � > 5:0.

where summations are from 1 to n. This approach and
the generalized inverse method [1, 6] assume constant
weights for all equations. Our implementation allows
us to set arbitrary weights for each of the nine RGB,
HSI and YIQ colour channels. Note that if all weights
are zero except for the Y channel weight being 1, then
in a (2n+1)� (2n+1) we again have a standard Lucas
and Kanade [4, 9] least squares calculation.

3 New Approach

In a new approach, we recast the standard Horn and
Schunck regularization as the minimisation of:

nX
i

wi [Exiu+Eyiv +Eti]
2
+ �

2
fd(u; v): (9)

Again, as for the Horn and Schunck regularization, the
weights wi indicate the attached importance of each
channel of image information and can be set so as to
include/exclude any colour channel. fd(u; v) is a direc-
tional constraint that depends on one knowing whether



Figure 4. (Left) Standard Golland and Bruckstein flow and (Right) least squares Golland and Bruck-
stein flow, both with post-thresholding of jjrIjj2 > 5:0.

Figure 5. (Left) Colour Ohta flow and (Right) saturation/Y Ohta flow, both with post-thresholding of
jjrIjj2 > 5:0.

the camera is panning or zooming. Because the 3D
translational direction is known, the direction of ow
can be computed everywhere using the standard opti-
cal ow equations [3] and this can be used to constrain
the minimisation. The directional constraint can be
expressed as:

fd(u; v) = (u �ud)
2
� jjujj

2
2jjudjj

2
2 = 0; (10)

where, because due to sensor motion is only translation
and can be written as [3] ud can be written as:

ud =

�
ud

vd

�
= � � jj(x; y; f)jj2 �A(x;y)m̂; (11)

where (x; y) is an image location, � is the relative

depth, i.e. � = jjmjj

jj(X;Y;Z)jj2
, jjmjj is the (unknown)

sensor translation magnitude and (X;Y; Z) are the 3D
coordinates of some 3D moving point projected onto
(x; y). Note that since we do not know �, ud is only in
the direction of the true optical ow vector and scaled
by the � value used. We can write A(x;y), a 2 � 3 ma-
trix, as:

A(x;y) =

�
�f 0 x

0 �f y

�
; (12)

where f is the e�ective focal length (determined em-
pirically to be about 40mm).



Figure 6. (Left) Colour Horn and Schunck flow with � = 3 and (Right) colour Barron and Klette flow
with � = 1:0, both with post-thresholding of jjrIjj2 > 5:0 and 100 iterations.

Figure 7. (Left) Barron and Klette flow for the Y and saturation images and (Right) Barron and Klette
flow for the Y image only, both with post-thresholding of jjrIjj2 > 5:0 and 100 iterations and � = 1:0.

4 Experiments

This paper reports on an experimental evaluation of
these 4 approaches [Golland and Bruckstein, Ohta, and
Barron and Klette with Horn and Schunck and Lucas
and Kanade serving as a standards] for optical ow in
colour video images using various values for the wi's
and � = 3 and � = 1. We show that sometimes opti-
cal ow results improve for non-zero weights (multiple
colour image channels). Our � and � values produced
the best results. Our investigation consists of a a qual-
itative evaluation of these algorithms on real colour
video image sequences.

Figure 1a shows an original interlaced video image.

There is motion of about 3 pixels to the right between
the even and odd lines of the image. We generate 2
images from this single image. Figure 1b show the im-
age generated by linearly interpolating the even lines,
another second image is generated by linearly interpo-
lating the odd lines. Note the the \jaggedness" of parts
of the original image, for example the window sills, the
speed bump or the roof eves, are smoothed out. The
images were pre-�ltered with a 2D Gaussian with stan-
dard deviation � = 2 and Horn and Schunck 2-frame
di�erentiation was used.

Figures 2a and 2b show the Horn and Schunck and
Lucas and Kanade ows for the Y images. We see



that Horn and Schunck is considerably more dense than
Lucas and Kanade but with some obvious errors. Both
ows are right to left in the correct accepted direction.
When we began this study we searched for a di�erent
colour image, other than the R, G, B, I (in HSI) or Y
images, to aid in our optical ow calculation. H, I (in
YIQ) and Q did not indicate any structure that could
be tracked with motion, leaving only S images, which
appeared to have trackable texture in areas of uniform
colour. Figure 3a and 3b shows the ows for Horn and
Schunck and Lucas and Kanade, which are quite poor
compared to those in Figures 2a and 2b. Generally, the
ow was right to left, with many erroneous velocities.

Figures 4a and 4b show the ows computed using
Golland and Bruckstein's method for neighbourhood
sizes n = 0 (standard) and n = 1 (least squares). Only
the RGB images were used and all were weighted with
1. We see that the least squares solution is better than
the standard solution; obviously larger least squares
integration neighbourhoods improved the solution.

Figures 5a and 5b show the ows for Ohta's method
on colour (RGB) images and on S/Y images (ow
shown on the S image). Both ows are poor with ob-
vious outliers. Figure 6a shows the ow for the RGB
images (not as good as the ow for the Y image shown
earlier) while Figure 6b show the Barron and Klette
ow using the RGB images. Both are dense with gen-
erally correct ow but obvious outliers. Figures 7a and
7b shows the ows for the Y/S and Y alone images for
Barron and Klette's method. From these two results,
it is obvious that removing the S image from consider-
ation signi�cantly improved the ow.

5 Concluding Remarks

Surprisingly, colour seem to add little to the com-
putation of optical ow for 2 frames. The use of the
Y image alone (the standard black and white TV im-
age) seemed to be the best. Our directional constraint
proved quite useful in removing direction outliers. So

far we only made a qualitative analysis of the com-
puted ow �elds. Future work includes an evaluation
of computed optical ow based on a reliability analysis
of the involved calculations [7], the numerical stability
[1, 6], and a quantitative analysis of the ow for syn-
thetic images (i.e. a real image displaced by known
amount) [9, 10]. We will also analyze more image
sequences, including zooming sequences. To achieve
more accurate di�erentiation (and, hence, more accu-

rate ow) we need to use more images [9]. The pan-
ning and zooming motions of the camera satisfy the
inherent smoothness assumptions needed for this. We
anticipate using colour ow measurements in a calcu-
lation of normalized dominant plane gradient [5] from

the ow in a robust estimation framework. Such gra-
dients could be used to stabilise video images and to
describe secondary structures.
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