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Abstract. Optical flow is a highly researched area in low-level computer vision.
It is a complex problem which tries to solve a 2D search in continuous space,
while the input data is 2D discrete data. Furthermore, the latest representations of
optical flow use Hue-Saturation-Value (HSV) colour circles, to effectively con-
vey direction and magnitude of vectors. The major assumption in most optical
flow applications is the intensity consistency assumption, introduced by Horn
and Schunck. This constraint is often violated in practice. This paper proposes
and generalises one such approach; using residual images (high-frequencies) of
images, to remove the illumination differences between corresponding images.

1 Introduction

Dense optical flow was first presented by Horn and Schunck [8]. Their approach ex-
ploited the intensity consistency assumption (ICA), coupled with a smoothness con-
straint. This was solved in a variational approach. Many more approaches have been
proposed since this, most using this basic ICA and smoothness constraint. In recent
years, the use of pyramids, warping and robust minimisation equations have improved
results dramatically [3]. This has further been improved and computational enhance-
ment in [21]].

Previous studies have compared the results of optical flow algorithms against ground
truth using various types of scenes [1I2I6I11]]. The earlier works in use synthet-
ically rendered scenes, and calculate the ground truth via ray-tracing. The more recent
work of [1]] calculates ground truth using structured lighting for real scenes. All of the
scenes in these papers have been made publicly available. They are of good quality, but
have a very limited number of frames (under 20).

None of these scenes are very difficult for the latest optical flow algorithms. The
Yosimite scene from [2] has varying illumination in the sky, therefore most people do
not use the sky for their evaluations. This means that most approaches still rely heavily
on the ICA, and if this is violated the results become much worse. This was formally
highlighted in [18], and then experimentally in [14]. This violation of the ICA is a major
issue in real-world scenarios, such as driver assistance and security video analysis. A
sample of the scene used, with ground truth, is shown in Figure [l This demonstrates
how lighting can differ dramatically between two frames.

For dealing with illumination artifacts, there are three basic approaches: simultane-
ously estimate the optical flow matching and model brightness change within the optical
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Fig. 1. Example frames from EISATS scene. Frame 1 (left) and 2 (middle) are shown with ground
truth flow (right) also showing the color key (HSV circle for direction, saturation for vector
length, max saturation at flow length 10).

Fig. 2. Example for removing illumination artifacts due to different camera exposure in the frame
2 of EISATS set 2. Original (left) has its residual image (middle, computed using TV-L?) and
Sobel edge image (right) shown. Notice that the residual image retains more information than the
Sobel image.

flow estimation [[7]], try to map both images into a uniform illumination model, or map
the intensity images into images which carry the illumination-independent information
(e.g., using colour images [12/20]).

Using the first option, only reflection artifacts can be modeled without major compu-
tational expense. From experiments with various unifying mappings, the second option
is basically impossible (or, at least, a very big challenge). The third approach has more
merit for research; we restrain our study to using the more common grey value images.

An example of mapping intensity images into illumination-independent images is the
structure-texture image decomposition [13] (an example can be seen in Figure[2). More
formally, this is the concept of residuals [9], which is the difference between an intensity
image and a smoothed version of itself. One of the first approaches, that exploited the
residual images of [13]], is TV-L' improved optical flow [19]], which is an improvement
to the original TV-L! proposed in [21]]. A residual is, in fact, an approximation of a
high-pass filter, so only high frequencies remain present.

In this paper we generalise the residual operator by using any smoothing operator
to calculate the low frequencies. Included in this study are three edge-preserving filters
(TV-L2 [15], median, bilateral [I7]), two general filters (mean and Gaussian), and a
gradient preserving filter (trilateral [4]). Furthermore, we use an edge detector as a ref-
erence (Sobel [16]). This paper shows experimentally that any residual image is better
than the original image when illumination variance is causing issues.
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2 Smoothing Operators and Residuals

Let f be any frame of a given image sequence, defined on a rectangular open set {2 and
sampled at regular grid points within (2.

f can be defined to have an additive decomposition f(x) = s(x)+r(x), for all pixel
positions x = (z,y), where s = S(f) denotes the smooth component (of an image) and
r = R(f) = f— S(f) the residual (Figure 2lshows an example of the decomposition).
We use the straightforward iteration scheme:

sO =, s = g5y D — p 0D forn > 0.

The concept of residual images was already introduced in [9]] by using a 3 x 3 mean
for implementing S. We apply the m X m mean operator and also an m x m median
operator in this study. Furthermore, we use an m x m Gaussian filter, with o for the
normal approximation. The other operators for .S are defined below.

TV-L? filter. [13] assumed an additive decomposition f = s + 7 into a smooth compo-
nent s and a residual component r, where s is assumed to be in L' (§2) with bounded
TV (in brief: s € BV), and r is in L?(2). This allows one to consider the minimization
of the following functional:

inf || |2 1
(s,r)EBVlile/\fZS‘i"" (/Q |Vs| + |T|L2> (1)

The TV-L? approach in was approximating this minimum numerically for identi-
fying the “desired clean image” s and “additive noise” r. See Figure [2l The concept
may be generalized as follows: any smoothing operator S generates a smoothed image
s = S(f) and a residuum r = f — S(f). For example, TV-L? generates the smoothed
image s = Sty (f) by solving Equ. ().

Sigma filter. This operator is effectively a trimmed mean filter; it uses an m X m
window, but only calculates the mean for all pixels with values in [ — of,a + of],
where a is the central pixel value and o is a threshold. We chose o to be the standard
deviation of f (to reduce parameters for the filter).

Bilateral filter. This edge-preserving Gaussian filter [17] is used in the spatial domain
(using o9 as spatial ), also considering changes in the colour domain (e.g., at object
boundaries). In this case, offset vectors a and position-dependent real weights d; (a)
define a local convolution, and the weights d; (a) are further scaled by a second weight
function ds, defined on the differences f(x + a) — f(x):

)= g IR A d s a) — fo0]da @
) = [ dia)-d [Fx+2) = ()] da

Function k(x) is used for normalization. In this paper, weights d; and ds are defined
by Gaussian functions with standard deviations o; and o2, respectively. The smoothed
function s equals Spr(f). It therefore only takes into consideration values within a
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Gaussian kernel (o5 for spatial domain, f for kernel size) within the colour domain (o
as colour o).

Trilateral filter. This gradient-preserving smoothing operator [4] (i.e., it uses the local
gradient plane to smooth the image) only requires the specification of one parameter o,
which is equivalent to the spatial kernel size. The rest of the parameters are self tuning.

It combines two bilateral filters to produce this effect. At first, a bilateral filter is
applied on the derivatives of f (i.e., the gradients):

000 = oy [ TI ) i) (VS +2) = VG da @)
o) = [ difa)-da (19 f6x+ ) = V()] da

Simple forward differences V f (z, y) ~ (f(z+1,y)— f(x,v), f(z,y+1)—f(z,y)) are
used for the digital image. For the subsequent second bilateral filter, suggested the
use of the smoothed gradient g¢(x) [instead of V f(x)] for estimating an approximating
plane pf(x,a) = f(x) + gr(x) -aLet fa(x,a) = f(x+a) — ps(x,a). Furthermore,
a neighbourhood function

1 ifflgr(x+a) —gr(x)|| < A
0 otherwise

n(x,a) = { 4)
is used for the second weighting. A specifies the adaptive region and is discussed further
below. Finally,

) =160+, [ falxa) di@) da(fatxa) nixa)da ©)
ka(x) = /le(a) -da(fa(x,a)) - n(x,a)da

The smoothed function s equals Str,(f). Again, d; and dy are assumed to be Gaus-
sian functions, with standard deviations ¢; and o9, respectively. The method requires
specification of parameter o; only, which is at first used to be the radius of circular
neighbourhoods at x in f; let g;(x) be the mean gradient of f in such a neighbour-
hood. Let

02 = 0.15 - || max g(x) — min g (x)|| (6)

(Value 0.15 was recommended in [4]]). Finally, also use A = 0.

Numerical Implementation. All filters have been implemented in OpenCV, where pos-
sible the native function was used. For the TV-L2, we use an implementation (with iden-
tical parameters) as in [19]. All other filters used are virtually parameterless (except a
window size) and we use a window size of m = 3 (o1 = 3 for trilateral ﬁltelﬂ). For the
bilateral filter, we use color standard deviation oy = I,./10, where I,. is the range of the
intensity values (i.e., 01 = 0.2 for the scaled images). The default value of o = 0.95 is

" The authours thank Prasun Choudhury (Adobe Systems, Inc.) and Jack Tumblin (EECS,
Northwestern University), for their implementation of the trilateral filter.
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used for the Gaussian filter. All images are scaled to the range —1 < h(x) < 1 using
normalisation.

In our analysis, we also use Sobel edge images [16]; this operator provides a nor-
malised gradient function. This is another form of illumination invariant images.

3 Optical Flow on EISATS Dataset

One of the most influential evaluations of optical flow in recent years is from Middle-
bury Vision Group [1I]. This dataset is used to evaluate optical flow in relatively simple
situations. To highlight the effect of using residual images, we used a high ranking (see
[13]) optical flow technique called TV-L! optical flow [21]]. The results for optical flow
were analysed on the EISATS dataset [5]]; see [18] for Set 2 (see below for details).
Numerical details of implementation are given in [19]. The specific parameters used
were:

Smoothness: 35 Duality threshold 6: 0.2 TV step size: 0.25
# of pyramid levels: 10 # of iterations / level: 5 # of warps / iteration: 25

The flow field is computed using U (h1, he) = u. This is to show that a residual image
r provides better data for matching than for the original image f. We computed the flow
using U(rgn) , ré")) with n = 1, 10, 50, and 100 to show how each filter behaves. The
results are compared to optical flow on the original images U ( f1, f2), and also for the
Sobel-edge images. Figure @] shows an example of this effect, obviously the residual
image vastly improves optical flow results. In fact, the original image results are so
noisy that they cannot be used.

EISATS Synthetic Dataset. This dataset was made public in [18] for Set 2 and is
available from [3]. We are only interested in bad illumination conditions. We therefore
use the altered data to resemble illumination differences in time, as performed in [[14];
the differences start high between frames, then go to zero at frame 50, then increase
again. For all ¢ (frame number) we alter the original image f using a constant brightness,
using f(x) = f(x) + c. The constant brightness change is defined by: even values of ¢,
c =t — 52, and odd values of t, c = 51 — t. An example of the data used can be seen
in Figure[]l and the brightness change over the sequence can be seen in Figure 3

Results. To compare the results numerically, we calculated the end-point-error (EPE)
as used in [1]], which is basically a 2D-root mean squared error. The results can be seen
in Figure [3l The zoomed out graph highlights that the results for the original image
are unusable. The shape of the graph is appropriate as well, because the difference
between intensities of the images gets closer together near the middle of the sequence,

Brigtness

Frame #

Fig. 3. Graph showing brightness change over sequence for EISATS dataset 2
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Fig. 4. Sample optical flow results on EISATS scene. Colour is encoded as in Figure [Tl Top row
(left to right): Using original images, Sobel edge images, and trilateral filter. Middle row (left to
right): Gaussian, mean, and sigma filter. Bottom row (left to right): Median, bilateral, and TV-L2

filter.
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Fig. 5. End-Point-Error results over entire EISATS sequence. Filter iterations ™ of n = 100
are shown. The left shows how different the magnitude is for the original sequence, and the right
hand graph is zoomed in between 0.5 and 7.
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Table 1. Results of TV-L' optical flow on EISATS sequence. Results are shown for different num-
bers n of iterations. Statistics are presented for the average (Ave.), zero-mean standard deviation
(ZMSD), and the rank based on ZMSD.

n TV-L? Sigma Mean Median Bilateral Trilateral Gaussian Original Sobel
1 Ave. 758 174 1.69 7.36 6.80 6.34 7.71 55.04 1.35
ZMSD 759 776 7.1 7.38 6.83 6.36 7.72 6941 1.84
Rank 5 8 6 4 3 2 7 9 1
10 Ave. 6.88 745 563 4.73 3.30 1.72 6.66 - -
ZMSD 691 747 5.69 4.93 3.44 1.93 6.70 - -
Rank 7 8 5 4 3 2 6 9 1
50 Ave. 517 559 283 3.85 1.47 1.72 2.83 - -
ZMSD 524 5.67 327 4.16 1.75 1.93 3.23 - -
Rank 7 8 5 6 1 3 4 9 2
100 Ave. 476 378 195 3.84 1.26 1.72 2.19 - -
ZMSD 485 3.89 253 4.16 1.46 1.93 2.72 - -
Rank 8 6 4 7 1 3 5 9 2

and further away near the end. The zoomed graph shows the EPE values between 0.5
and 7.

A major point to highlight is that at different frames in the sequence, there are differ-
ent rankings for the filters. If you look, for example, at the n = 100 graph at frame 25,
the rank is (best to worst): Sobel, trilateral, bilateral, sigma, TV-L2, median, Gaussian,
then mean. But if you look at frame 75 (roughly the same difference in illumination)
the rank is (best to worst): mean, Sobel, bilateral, trilateral, median, sigma, TV-L?, with
Gaussian coming last; a completely different order! From this it should be obvious that
a smaller dataset will not pick up on these subtleties, so a large dataset (such as a long
sequence) is a prerequisite for better understanding of the behaviour of an algorithm.

Since we have such a large dataset (99 results, 100 frames) we calculated the av-
erage and zero-mean standard deviation (ZMSD) for different iteration numbers n =
1,10, 50, and 100. These results are shown in Table [Tl Obviously, the original images
are far worse than any residual image. From this table you can see that the order of the
rankings shift around depending on the number of iterations for the residual image n.
Another point to note is that the Sobel filter (which has only 1 iteration) is the best until
50 iterations; this is when bilateral filtering is the best. Simple mean filtering (which
is much faster than any other filter) comes in at rank 5 after 50 iterations, and gets
better around 100 iterations. It is notable that the difference between the average and
ZMSD highlights how volatile the results are, the closer together the numbers, the more
consistent the results.

4 Conclusions and Future Research

We have demonstrated how different residual images effect the results of optical flow.
Any residual image is better than the original optical flow when using the illumination
adjusted dataset. It turns out that bilateral filter may be the best, but a Sobel filter or
mean residual image will work as well. So far, only simple residual images and Sobel
images have been tested. Other smoothing algorithms and illumination invariant models
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need to be tested, such as those exploiting phase information. Finally, a larger dataset
can be used to further verify the illumination artifact reducing effects of residual images.
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