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flow estimation
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Abstract—Despite continuous improvements in optical
flow in the last three decades, the ability for optical
flow algorithms to handle illumination variation is still
an unsolved challenge. To improve the ability to interpret
apparent object motion in video containing illumination
variation, an illumination-robust optical flow method has
been designed. This method decouples brightness into
reflectance and illumination components using a stochastic
technique; reflectance is given higher weight to ensure
robustness against illumination, which is suppressed. Illumination experiments using the Middlebury and University
of Oulu databases demonstrate the decoupled method’s
improvement when compared to state-of-the-art. In addition, a novel technique has been implemented to visualize
optical flow output, which is especially useful to compare
different optical flow methods in the absence of the ground
truth.
Index Terms—Optical flow, illumination invariance, decoupled stochastic estimate, triple channel flow presentation.

I. Introduction
Optical flow has been applied in a broad range of
computer vision tasks, including object tracking [1],
crowd flow segmentation [2], and behaviour analysis
[3], [4], [5]. The computation of optical flow typically
relies on the assumption of brightness constancy: the
brightness (gray-scale intensity) of corresponding pixels
remains the same between consecutive frames. However,
in many practical settings, such as in scenes with varying
natural outdoor illumination, brightness constancy is
not an adequate model. Under changing illumination
conditions, methods that rely on brightness constancy
alone can produce unreliable results.
To address illumination variation when computing
optical flow, a novel decoupled approach to optical flow
estimation is introduced, in which the image brightness
is decoupled into reflectance and illumination components. Illumination robustness is achieved by treating
reflectance and illumination components as separate cues
and enforcing a stronger reflectance constancy assumption relative to the illumination constancy assumption
when computing optical flow. The decoupled components are estimated based on a stochastic illumination-

reflectance decoupling technique [6] and used to compute the optical flow in a variational framework [7].
To demonstrate the validity of the decoupled approach,
two sets of experiments are performed on third-party
datasets. The first set is from the Middlebury optical
flow database [8], which provides ground truth of optical
flow, but has no natural illumination variation. Tests
on this set are conducted by adding synthetic illumination variation to the samples. This first set provides
quantitative validation of the proposed algorithm. The
second set is from image sequences from the University
of Oulu face video database [9], which does not have
any ground truth for optical flow but contains sharp
changes in natural illumination. This set performs qualitative validation of proposed algorithm. These two sets
supplement each other’s deficiency to test illumination
invariant optical flow. Experimental results show that
the decoupled approach achieves improved robustness
to illumination variation when compared to three other
state-of-the-art optical flow methods [10], [7] and [11].
We observed that in the absence of ground truth,
color coded presentation of optical flow as suggested by
Baker et al. [8] does not provide sufficient information
to compare optical flow. Keeping this problem in mind, a
novel presentation of optical flow called Triple Channel
Flow Presentation (TCFP) (Fig. 1) has been introduced.
The rest of this paper is organized as follows. Section II describes related work in illumination-robust
methods for computing optical flow. Section III explains
the proposed decoupled approach for illumination-robust
optical flow. Section IV gives details of the proposed
TCFP. Section V presents experimental results, and conclusions are summarized in Section VI.
II. Related work
The design of illumination-robust methods for computing optical flow has been investigated in previous
research literature. To gain robustness against illumination, Brox et al. [7] added the brightness constancy
assumption, which was introduced in classical optical
flow literature by Horn and Schunck [12], with a gradient
constancy assumption in a variational optical flow framework. A variational framework formulates the optical
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flow estimation as an energy minimization problem.
An efficient coarse-to-fine numerical scheme is used to
minimize the energy functional. The work is extended by
Papenberg et al. [13] to include constancy assumptions
based on other higher-order derivatives, such as the
Hessian and the Laplacian.
Bruhn et al. [14] proposed to improve Brox et al.’s
optical flow by using L1 norm instead of L2 norm.
They also showed that a weighted combination of the
brightness constancy term and the gradient constancy
term can reduce the optical flow estimation error. A
better numerical scheme was proposed to make the
estimation computationally less expensive.
Mileva et al. [15] investigated the use of several
photometric invariants in computing an illuminationrobust optical flow in colour image sequences, including
photometric invariants obtained through normalization,
log-derivatives, and transformations into HSV and rφθ
color spaces. The authors combined the photometric
invariants using the variational optical flow framework
of Brox et al. [7].
Wedel et al. [11] proposed applying a structure-texture
decomposition as a pre-processing step to handle illumination. The structure and texture components are linearly
combined, with an emphasis on the texture component,
to obtain the input image for optical flow estimation.
Negahdaripour [16] introduced a revised optical flow
formulation that incorporates both geometric and radiometric changes. Geometric changes refer to illumination changes caused by object or camera motion,
while radiometric changes refer to illumination changes
caused by changes in the imaging conditions, such as
light source position. Negahdaripour’s formulation does
not assume brightness constancy and instead jointly
estimates the geometric and radiometric changes. The
radiometric changes are modeled using a multiplicative
component and an additive component. Kim et al. [17]
combined Negahdaripour’s formulation with an optical
flow framework that employs robust statistics [18].
Black et al. [19] modeled brightness changes using
a probabilistic mixture model of causes, including image motion, multiplicative illumination changes, specular
highlights, and outliers. The mixture model parameters
are estimated using the Expectation-Maximization algorithm. “Iconic” causes, which are object specific and
hence require prior training, are also investigated.
Haussecker and Fleet [20] introduced a framework for
integrating explicit models of physical processes that
cause illumination changes, such as thermal transport
(in infrared imaging), illumination source motion, and
surface rotation under directional illumination. An appropriate process model is selected based on a known
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TCFP of OF
Fig. 1. (a) is the optical flow visualization color coding used by the
Middlebury benchmark [8], (b) and (c) are two image frames for the
flow estimation. Other two rows show optical flow estimated using
three different methods. (d),(e), (f) and (g) show color coded optical
flow, (h), (i), (j) and (k) show TCFP (Sec. IV). In the absence of
ground truth optical flow, TCFP gives better visual comparison of
optical flow.

physical situation. The model parameters are simultaneously estimated with the image motion.
Zimmer [21] developed a complementary framework
to combine the information available from the data and
regularization term. It used constraint normalization and
higher order constancy assumption in HSV representation to achieve robustness against illumination changes
and outliers.
Sun et al. [10] showed that even classical optical
flow formulation [12] performs very well when modern
optimization and implementation techniques are used. To
make optical flow robust against illumination they applied structure-texture decomposition as a pre-processing
step, following Wedel et al. [11]. In addition to various
best practices found in modern optical flow algorithms,
the authors integrated a weighted non-local term in the
objective function to reduce oversmoothing.
III. Decoupled optical flow estimation
The computation of optical flow involves estimating the displacement of pixels between two sequential
frames. Commonly, the computation makes the assumption of brightness constancy [12], which holds that the
brightness (gray-scale intensity) of corresponding pixels
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Fig. 2. Multiplicative masks used to generate the synthetic illumination variation patterns: (a) Gaussian, (b) Linear, (c) Sinusoidal, (d)
Mixture of two Gaussians (η = 0.5 (Eq. 18)).

(a)

(b)

(c)

(d)
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Fig. 3. Examples of synthetically illuminated images generated using
the masks in Figure 2: (a) Original, (b) Gaussian, (c) Linear, (d)
Sinusoidal, (e) Mixture of two Gaussians.

remains the same between frames. The assumption can
be written as
I(x, y, t) = I(x + u, y + v, t + τ)

(1)

where I(x, y, t) denotes the brightness value of pixel
located at (x, y) for a frame occurring at time t and (u, v)
is the displacement vector for the same pixel relative
to I(x, y, t) in the image frame occurring at time t + τ.
Henceforth we shall represent vectors as x = (x, y, t),
f = (u, v, τ). Using this convention we can write Eq. (1)
as,
f x) = I(x + f);
(2)
To minimize error the flow vector field is constrained
locally by applying smoothness constraint on it. The
optical flow is estimated by minimizing an energy functional of the general form [12]
E(f) = Edata (f) + αE smooth (f)

(3)

where the data term Edata penalizes changes in pixel
parameters, the smoothness term E smooth penalizes deviation from the optical flow smoothness assumption, and
α is a regularization parameter.
In the classical approach of Horn and Schunck [12],
the data term Edata penalizes deviation from the brightness constancy assumption, as expressed by
Z
Edata (f) =
|I(x + f) − I(x)|2 dx
(4)
where

x represents a spatial vector (x, y).
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Brox et al. [7] demonstrated that better illumination
robustness can be achieved by combining the brightness
constancy assumption with a gradient constancy assumption, yielding the data term
Z
Edata (f) =
|I(x + f) − I(x)|2
+ γ|∇I(x + f) − ∇I(x)|2 dx

(5)

where ∇ denotes the spatial gradient and γ is a weight
between the constancy assumptions. While the gradient
constancy assumption is less sensitive to illumination
variations than the brightness constancy assumption,
this assumption becomes largely violated in scenarios
characterized by large illumination changes, which will
be illustrated in the experimental results.
In the proposed method, a different approach is taken
to improve illumination robustness when computing optical flow. Rather than just relying on brightness constancy or gradient consistency assumptions like most
optical flow approaches, the proposed method decouples
image brightness into separate reflectance and illumination components such that assumptions on reflectance
and illumination constancy can be enforced separately.
Since reflectance is invariant to illumination changes,
the assumption on reflectance constancy can be more
strongly enforced relative to the assumption on illumination constancy to provide improved robustness to
illumination variations.
A. Decoupling of Intensity
According to standard illumination-reflectance model,
the image intensity I is proportional to the product of
illumination L and reflectance R [22].
I ∝ L×R

(6)

The estimation of either L or R can lead to the
estimation of the other component. The estimation of
reflectance and illumination components is performed
based on a stochastic reflectance-illumination decoupling
framework [6]. The framework incorporates both local
and global image information to estimate the illumination component L, which is then used to recover the log
reflectance component via the expression
log R(x) = log I(x) − log L(x).

(7)

To estimate L at a pixel s, a set of samples
{q1 , q2 , ..., qN } are randomly selected according to a
spatially-adaptive probability density function p(q|s) [6]
p(q|s) =

1
|q − s|a

(8)

4

IEEE TRANSACTIONS ON IMAGE PROCESSING

where |q−s| is the spatial distance between q and s, and a
is a decay factor. The spatially-adaptive sampling scheme
preserves local spatial relationships while incorporating
information over a broad area of the image.
Given the set of drawn samples {q1 , q2 , ..., qN }, an
importance-weighted estimation approach [23] is employed to estimate L, and can be described as follows.
The importance weight associated with qi in estimating L
at pixel s is calculated as the exponential of the negative
cumulative Pearson Type VII error [24] between the local
m × m pixel neighborhoods ℵqi and ℵ s extracted from I
as
#
"
−Φ(ℵqi , ℵ s )
(9)
w(ℵqi , ℵ s ) = exp
d

Sample1

Sample2

Original

Proposed decoupling approach

Structure-texture decomposition approach
(Wedel et al. [11])

where d is a decay factor and
Φ(ℵqi , ℵ s ) =

m/2
X

m/2
X

j=−m/2 k=−m/2

 q

ln
1 + (ℵqi ( j, k) − ℵ s ( j, k))2

Wedel[11]

where, ℵqi ( j, k) and ℵ s ( j, k) are neighboring elements
of qi and s, while j and k correspondingly represent
relative row and column indices in the neighborhoods.
The importance-weighted stochastic estimate of L at
pixel s is determined as [6]
i=1 I(qi )w(ℵqi , ℵ s )
PN
i=1 w(ℵqi , ℵ s )

Proposed

(10)

Wedel[11]

Proposed

Optical flow results
Fig. 4. Illustration of the impact of the decoupling approach on
two real-world examples from the University of Oulu face video
database [9]. Images are shown in gray scale for the better visualization. The optical flow results based on proposed decoupled
approach are more robust to illumination variations when compared
to that proposed using the structure-texture decomposition approach
proposed by Wedel et al. [11] as shown in the fourth row.

PN
L(s) =

(11)

The intuition is that similar neighborhoods should
have greater influence in the estimation. The importanceweighted estimation scheme accommodates sharp illumination changes that may occur, for example, due to
shadows or depth discontinuities. For noisy images, L
can be estimated by applying (11) iteratively. To keep
the reflectance values between 0 and 1, the estimate of
L is bounded below by the image intensity I [25]. After
estimating L for each pixel in the image, R is estimated
using Eq. (7).

B. Integration to Optical flow
As logarithm is a monotonic increasing function, we
can modify the brightness consistency part of Edata (Eq.
4) as,
0
Edata
(f)

=

Z

| log I(x + f) − log I(x)| dx
2

(12)

0
Edata
can be reformulated using Eq. 6 as,
Z
0
(f) =
| log(L(x + f)R(x + f))
Edata

− log(L(x)R(x))|2 dx
=

Z

| log L(x + f) − log L(x)
+ log R(x + f) − log R(x)|2 dx

(13)

This expression effectively decouples the reflectance and
illumination components, thus enabling deviation from
the reflectance constancy assumption and the illumination constancy assumption to be penalized separately.
To improve robustness to illumination variation, the
illumination constancy assumption is down-weighted relative to the reflectance constancy assumption, giving the
expression
Z
0
Edata
(f) =
| β(log L(x + f) − log L(x))
|
{z
}
illuminance penalty

+ log R(x + f) − log R(x) |2 dx
|
{z
}
reflectance penalty

(14)

A DECOUPLED APPROACH TO ILLUMINATION-ROBUST OPTICAL FLOW ESTIMATION

where β (0 < β < 1) controls the weight between the
constancy assumptions. An illustration of the impact of
the decoupling approach is shown in Fig. 4, which shows
that the decoupled approach noticeably reduces illumination variations without affecting the structural details.
This helps in improving the robustness of the optical flow
computation as observed in the resulting optical flow
produced by the decoupled approach when compared to
the structure-texture decomposition approach introduced
by Wedel et al. [11].
If we represent illumination penalty by w and reflectance penalty by w , We can write Eq. 14 as,
Z
0
Edata (f) =
| βw (x) + w (x)|2 dx
(15)
Incorporating a similar modification of the gradient constancy component (5), and using a robust penalization
function Ψ [7], [13], [15], the final energy functional
E(u, v) is given by
Z 
E(f) =
Ψ |βw (x) + w (x)|2
2
+ γ β∇w (x) + ∇w (x) dx
Z
+ α Ψ(|∇u|2 + |∇v|2 ) dx,
(16)
where
the non-quadratic penalization function Ψ(s2 ) =
√
2
s +  2 prevents excessive penalization ( is a small
positive Rvalue that avoids numerical issues), and
E smooth = Ψ(|∇u|2 + |∇v|2 ) dx is the smoothness term in
(3). The energy functional can then be minimized using
a numerical method such as that described in Brox et
al. [7].
The decoupled approach can be summarized in pseudocode form as follows.
for each pixel in the image I do
Generate a random set of samples {q1 , q2 , ..., qN } for
each pixel using (8)
Form the importance-weighted stochastic estimate
of the illumination L using (11)
Calculate the reflectance R using (7)
end for
Compute the optical flow estimate by minimizing (16).
IV. Triple Channel Flow Presentation
The comparison of different optical flow algorithms
requires a suitable visualization method. Initially Horn et
al. [12] used a vector-based presentation to show optical
flow. This presentation is not viable for large images and
to ensure visibly clear presentation, vectors have to be
presented at a lower density than the number of pixels
in the image. Moreover, this presentation is very difficult
to visually compare.
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Baker et al. [8] introduced color-coded presentation of
optical flow to fix the previous limitation. In this presentation, the optical flow vectors are transformed into hue
and saturation color space, and thus the optical flow is
displayed as an image in HSV space. This approach can
present optical flow as densely as the number of pixels
in the image.The dense representation makes it easier
to visually compare different flow estimates. The most
significant contribution of this presentation is that it gives
a notion of motion direction of each pixel along with a
relative magnitude of motion. However, this presentation
requires ground truth to ascertain the accuracy of optical
flow. Without ground truth, visually it is difficult to
measure the extent of error introduced in optical flow
estimate.
We propose a novel way of presenting optical flow
called Triple Channel Flow Presentation (TCFP), which
makes it visually easier to compare optical flow results
even in the absence of truth. Define It and It+1 as two
consecutive image frames from a video. We can obtain
0
an estimated image It+1
using estimated optical flow f
as,
0
It+1
(x) = It (x − f)
(17)
0
where, It+1
has the same size as other image frames.
0
The closeness of It+1
with respect to It+1 gives a visual
measure of optical flow accuracy. The proposed TCFP,
uses three color channels of image to serve three different
purposes:
0
1) Red: When we create It+1
, there are certain pixels
for which we do not get mapping. For such pixels,
the red channel is set to 255. Thus red channel
indicates those pixels for which no mapping could
be found based on estimated optical flow. Nonmapped pixels can exist due to the following
reasons:
a) New regions appears in It+1 at the boundary,
this can happen if camera’s view shifts or an
object starts to enter into the view.
b) Hidden areas are exposed due to rotation of
objects or the relative motion among them.
These new regions do not get mapped.
c) Optical flow vectors (f) do not have integer
elements, we need to quantize them to move
pixels of It by f.
d) There can be estimation error, which can lead
to non-mapped pixels.
The number of red pixels are typically not zero, but
the relative number of red pixels across different
optical flow estimations gives direct information
about accuracies of those optical flow methods.
0
2) Green channel is the gray scale image of It+1
.
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Student Version of MATLAB

Gaussian

Sinusoidal

Ground truth
Student Version of MATLAB

2-Gaussian

Linear

Sun et al. [10]

Sun et al. [10]

Brox et al. [7]

Brox et al. [7]

Wedel et al. [11]

Wedel et al. [11]

Decoupled approach

Decoupled approach

Sinusoidal

Fig. 5. Optical flow results for the Middlebury database’s RubberWhale and Hydrangea sequences [8] with synthetic illumination variation.
A reference diagram of the color coding is shown in Figure 1. Flow magnitudes are normalized based on the ground truth flow. A visual
comparison of ground truth OF and estimated OF clearly shows decoupled approach consistently gives better results than Sun, Brox and
Wedel et al.’s approach. Corresponding average angular and endpoint error measures shown in Table I shows clear improvement of our
method over other methods.

3) Blue channel is gray scale image of It+1 .
Other than the red channel, the green and blue channels
provide visual cues to measure relative accuracies of
different optical flow estimates. In the ideal situation,
green and blue regions should match perfectly with each
other and thus produce cyan. If there is error in the
optical flow estimate, then two cases can appear:
1) An Abnormally large number of red pixels will be
seen (Fig. 1 or Fig. 7).
2) The green and blue channel will not match, and
green or blue regions will appear separately. This
effect will be more visible in high gradient regions
of the image (Fig. 1h).
V. Experiments
Two sets of experiments are presented to demonstrate the validity of the decoupled method. To perform
quantitative validation, The Middlebury dataset [8] is
used. This dataset provides ground truth of optical flow,
however it does not contain any sample with nonuniform lighting. To test robustness against illumination

variation and compare results, four synthetic illumination
variations are added to these image sequences. Validation on natural illumination variation is performed
on image sequences from the University of Oulu face
video database [9]. Since there is no ground truth for
these sequences, the results are visually assessed in a
qualitative manner using TCFP (Sec. IV).
A. Test Setup
The performance of the decoupled approach is evaluated by comparing the results with respect to the
illumination invariant optical flow described by Brox et
al. [7], Sun et al. [10] and Wedel et al. [11]. For testing
purposes, Brox et al.’s mex implementation of Brox et
al. [7] and Sun et al.’s Matlab implementation of Sun et
al. [10] were employed1 .
No code is available for the Wedel et al.’s approach,
so we replicated his approach. Wedel used total variation
1

Sun et al.’s implementation is available at http://www.cs.berkeley.
edu/∼brox/code.html, while Brox et al.’s code is available at http:
//www.cs.brown.edu/people/dqsun/
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based denoising approach by Rudin et al. [26], however
the code for that paper is not available so we used
another total variation method by Little et al. [27].
Moreover Wedel has used L1 optimization to estimate
optical flow, we have used brox’s framework for solving
optimization problem to avoid bias in our results due to
optimization method.
Modified image intensity values, (β log L(x)+log R(x),
Eq. 14) are linearly scaled to the range of (0, 255) to
match with the input criteria of Brox et al.’s mex code.
For the Middlebury dataset, the following parameters
were found to be optimal through comprehensive experimentations and hence used here for evaluation purposes:
• Brox et al. [7] {α = 60, γ = 10}
• Decoupled approach {α = 60, γ = 10, β = 0.1, N =
100, m = 5, }
• Sun et al. [10] method = classic+nl-fast, median
filter size = 5
• Wedel et al. [11] {α = 0.95}
The parameters α and γ of the proposed approach
is kept same as Brox et al.’s approach, as the rescaled
modified image behaves in a similar way as the original
image. In the Oulu experiments, (11) is applied in two
iterations to estimate L to handle moderate noise; α is
set to 120 and β is set to 0.3. All other parameter values
are kept the same as in the Middlebury experiments.
For the minimization of (16), the numerical method
implemented by Brox et al. is used.
B. Middlebury Database
As the database is created with constant illumination,
four synthetic illumination patterns (Gaussian, linear,
sinusoidal, and a mixture of two Gaussian models) are
added to the image. Fig. 2 shows multiplicative kernels
corresponding to these four illumination patterns. For a
illumination kernel h, the illumination is included to the
image I in the following way,
K = (1 − η) + η

h
max(h)

I† (x) = K(x)I(x)

(18)
(19)

where h is the illumination kernel of same size as image
I, η is a scalar that controls the illumination in the image,
K is the weighted illumination kernel, and I† is the
artificially illuminated image. Figure 3 shows the four
synthetically illuminated images for the RubberWhale
sequence as an example.
Figures 5 to 6 show the color code presentation of optical flow estimates obtained using the tested methods for
the RubberWhale, Hydrangea, Dimetrodon, and Urban2
image sequences [8] with added synthetic illumination
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variation η = 0.5, along with the ground truth flows.
In the ground truth flow image the flow vectors are not
defined for a few regions, those undefined flow vectors
are represented by black color. For all four methods, the
saturation of color coded flows are normalized according
to the ground truth flow.
On comparing optical flow visually in Figs. 5 and
6, we can see that optical flow estimated by decoupled
approach looks very similar to the ground truth optical
flow, it is also observed that Wedel et al.’s approach gives
very similar result as ours. To validate this observation
quantitatively two standard error measures are used: the
average angular error [28] and the average endpoint
error [8]. Following the Middlebury benchmark, the
ten boundary pixels around the edge of the image are
excluded in the calculation of these measures [8]. Pixels
without ground truth data, as indicated by black regions
in the color-coded ground truths in Figures 5 and 6,
are also excluded. Table I lists the error measures of
Sun et al. [10], Brox et al. [7], Wedel et al. [11] and
the decoupled method for the RubberWhale, Hydrangea,
Dimetrodon, and Urban2 sequences. The visual results
and quantitative error measures demonstrate that the decoupled method achieves higher optical flow estimation
accuracy in the presence of illumination variation.
On looking at Wedel et al.’s approach we see, though
it gives very close accuracy in most of the cases, in the
case of Urban2 the accuracy is noticeably lower. The
reason of such a significant error is that Wedel et al.’s
approach estimates illumination using total variation,
which inherently assumes that the illumination is piecewise smooth. This assumption is not true due to umbra,
penumbra and antumbra components of shadow, as well
as the surface of an object. The proposed method, on the
other hand, employs a stochastic approach to estimate
illumination and as such it does not make any fixed or
piecewise smooth assumptions about the characteristics
of the illumination component, as it adapts with the
underlying image data. The sample Urban2 contains a
synthetic piecewise smooth image; due to the underlined
assumption of piecewise smooth illumination, Wedel et
al’’s approach takes out most of the image as illumination component leaving very less structural information.
In the absence of sufficient information Wedel’s approach
fails to get good estimate of optical flow.
Though we get a quantitative idea of optical flow accuracy from angular error (AE) and end point error (EPE),
and optical flow presentation supports it, to understand
visually what type of errors are introduced by different
algorithms we have shown TCFP for the Dimetrodon
sample (Fig. 7). The red region clearly shows that Sun
et al.’s method misses many mappings based on illumi-
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Fig. 6. Optical flow results for the Middlebury database’s Dimetrodon and Urban2 sequences [8] with synthetic illumination variation.
A reference diagram of the color coding is shown in Figure 1. Flow magnitudes are normalized based on the ground truth flow. A visual
comparison of ground truth OF and estimated OF clearly shows decoupled approach consistently gives better results than Sun, Brox and
Wedel et al.’s approach. Corresponding average angular and endpoint error measures shown in Table I shows clear improvement of our
method over other methods.

nation changes, whereas Brox et al. and Wedel et al.
algorithms remains quite stable. On using the proposed
modification on Brox et al., we get further reduction
in mapping errors. For Sun et al.’s method we see a
few separated blue patches for each illumination, which
implies the estimated flow does not match well with the
second frame. In the case of Brox et al.’s method, on
zooming in TCFP, we see thin blue lines near edges
of objects, so there are minor differences; in the case
of the decoupled method, those thin blue areas almost
disappear. Wedel et al.’s method gives similar results as
our approach but it introduces a few unmapped (red)
pixels in the optical flow. These visual and quantitative
comparisons show the proposed decoupled approach is
more stable and it gives better results compared to other
methods.
To compare stability of different algorithms against illumination, optical flow are estimated for several Middlebury samples (Dimetrodon, Rubberwhale, and Hydragea)
with increased illumination (η, Eq. 18), and average of

log of AE and EPE are plotted with respect to varying
illumination in Fig. 8. We have not included Urban2 in
our plot to avoid high error in Wedel et al.’s approach.
We found that though Sun et al.’s method give very good
result for low illumination, the result quickly deteriorates
after η = 0.1, whereas Brox et al.’s method is affected
far more slowly for most of the samples. Wedel et al.’s
method remains comparatively very stable. On using
proposed method, it was found that the optical flow error
remains almost same until a very high value of η, which
implies that our proposed algorithm behaves very stably
with respect to illumination variation.
Figure 9 shows the behaviour of our approach with
respect to β (eq. 14), which controls the proportion of
reflectance with respect to illumination. We can clearly
see the observed minima of the proposed approach at
β = 0.1. It is observed that for Urban2 our approach gives
best results for a higher value of β, this happens because
of the presence of many sharp edges in the image.
Because of many sharp edges, gradient component in
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C. University of Oulu Database

(a)
Frame I
Gaussian

(b)
Truth Based Frame II

2-Gaussian

Linear

Sinusoidal

Figure 11 shows additional image sequences from
the University of Oulu face video database in which
natural illumination change is present. The optical flow
estimates obtained by Sun et al. [10], Brox et al. [7],
Wedel et al. [11] and the decoupled approach are shown
using color coding representations and TCFP. As there
is no ground truth available, AE or EPE could not be
estimated. Visual observation reveals the following facts:
•

Sun et al. et al. [10]

Brox et al. [7]
•

Wedel et al. [11]

Decoupled approach
Fig. 7. TCFP of optical flow estimated for Middlebury database’s
Dimetrodon, corresponding to color coded presentation shown in Fig.
6. We can clearly see that Sun et al.’s method misses mapping on the
darker regions, Brox et al.’s method gives comparatively good results.
Results of Wedel and decoupled approach are very similar and better
than other two, but Wedel misses mapping in more pixels near closely
spaced edges compared to our approach. TCFP of different optical
flow estimated can also be compared with TCFP of ground truth OF
(Fig. 7b).

brox formulation (Eq. 5) compensate illumination effect
significantly. However for samples with smooth gradients
like rubberwhale, higher proportion of reflectance (lower
value of β) is required compared to illuminance. Overall,
β = 0.1 has been found to give the best results.
Fig 10 shows the accuracy of the proposed optical
flow on changing η when the γ = 0. The result along the
green line in both the figures (10 and 9) are obtained
with all the parameters same except γ. A significant
increase in the estimation error can be observed on
ignoring the gradient component, which supports our
claim that the decoupled approach helps reduce the
effects of illumination variation without greatly affecting
the structural information.

For a few samples, the color coded presentation
appears to be same for Sun et al.’s and Brox et al.’s
methods but different for the decoupled method.
However, for those cases TCFP shows many green
and blue separated patches for Sun et al., Brox et
al. and Wedel et al. results; these patches almost
disappear using the decoupled approach. This shows
that the decoupled approach generates more accurate estimates of optical flow.
For a few samples, though there are not many
unmatched blue and green regions in TCFPs, we
can see increase in the number of red pixels as we
observe TCFP in the order of Decoupled approach,
Brox et al.’s approach, and Sun et al.’s approach.
In a few cases we see fewer red regions in Wedel et
al.’s result, but there are very significant separation
of blue and green region.

Based on these visual observations, we can say that
decoupled approach performs better than tested state-ofthe-art approaches.
VI. Conclusion
The brightness constancy and gradient constancy assumptions are inadequate when estimating optical flow
under strong illumination changes. By decoupling image
brightness into reflectance and illumination components,
an illumination-robust optical flow estimation method
has been formulated. The visual and quantitative comparison show that the proposed decoupled method combined
with the brightness constancy and the gradient constancy
assumptions achieves improved accuracy in the presence
of high illumination variation. Wedel et al.’s approach
also gives very good results, but its results does not
show stability across all cases as observed in the case
of sample Urban2 in the table I. An alternate way of
presenting optical flow (TCFP) has also been introduced,
which can greatly improve optical flow visualization
and can help in comparing optical flow estimate in the
absence of ground truth. Potential directions for future
work include the integration of other visual cues such as
texture.
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Loge (Average Angle Error(AE)) vs η

Loge (Average End Point Error(EPE)) vs. η

Gaussian

2-Gaussian

Linear

Sine
Fig. 8. Optical flow errors in terms of AE and EPE with respect to increasing illumination (η in Eq. 18), when OF is estimated using
using Sun et al.’s method(magenta), Brox et al.’s method (blue) Wedel (et al.)’s method (red) and decoupled approach (black). These plots
are made by taking average over Middlebury samples Dimetrodon, RubberWhale and Hydrangea. Plots clearly shows proposed decoupled
approach to be least sensitive to illumination variation with respect to other two approaches, Wedel et al.’s approach also does very well with
respect to illumination. We have not included Urban2 in our results to avoid introducing high optical flow error in Wedel et al.’s approach
on Urban2, (Table I)
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Loge (Average Angle Error(AE)) vs β
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Loge (Average End Point Error(EPE)) vs. β

Fig. 9. Optical flow Error of our approach in terms of AE and EPE with respect to increasing β (Eq. 14) at η = 0.5, the plot shows that
on average our approach gives good results at β = 0.1 (along the green line). In terms of individual cases lower β is preferred for samples
containing high density of strong edges.

Loge (Average Angle Error(AE)) vs β

Loge (Average End Point Error(EPE)) vs. β

Fig. 10. Optical flow Error of our approach in terms of AE and EPE with respect to increasing η at γ = 0. The results along the green line
in the figure and Fig. 9 are same except γ is set to zero here. There is a significant increase in error on discarding gradient in the optical
flow formulation.
TABLE I
Average angular errors (AE) and average endpoint errors (EP) for the Middlebury database’s RubberWhale, Hydrangea, Dimetrodon, and
Urban2 sequences [8] with synthetic illumination variation.
Gaussian
AE
EP
RubberWhale
Sun et al. [10]
Brox et al. [7]
Wedel et al. [11]
Decoupled approach
Hydrangea
Sun et al. [10]
Brox et al. [7]
Wedel et al. [11]
Decoupled approach
Dimetrodon
Sun et al. [10]
Brox et al. [7]
Wedel et al. [11]
Decoupled approach
Urban2
Sun et al. [10]
Brox et al. [7]
Wedel et al. [11]
Decoupled approach

2-Gaussians
AE
EP

Linear
AE
EP

Sinusoidal
AE
EP

Without Illumination
AE
EP

50.96
10.05
5.43
4.82

27.03
0.44
0.17
0.17

59.60
8.03
5.70
4.70

30.31
0.28
0.18
0.15

36.29
7.71
5.33
4.45

13.63
0.24
0.17
0.14

36.41
16.62
5.83
7.70

9.82
0.75
0.18
0.22

2.81
3.99
4.17
3.99

0.08
0.12
0.13
0.12

55.52
5.09
2.28
2.14

16.37
0.41
0.19
0.17

68.09
6.01
2.47
2.19

30.93
0.48
0.16
0.17

57.54
2.96
2.59
2.12

28.61
0.24
0.19
0.17

16.11
4.63
2.76
2.16

4.59
0.42
0.21
0.18

1.86
2.53
2.46
2.11

0.15
0.20
0.19
0.17

48.14
4.42
2.52
2.09

26.48
0.22
0.14
0.11

44.87
4.86
2.47
2.13

19.91
0.25
0.13
0.11

49.36
4.38
2.30
2.13

22.79
0.24
0.13
0.11

18.82
7.89
2.35
2.21

3.99
0.42
0.13
0.13

2.31
2.14
2.01
2.14

0.12
0.11
0.12
0.11

20.37
5.56
33.04
3.29

6.64
0.68
7.06
0.23

20.37
5.80
33.46
5.03

6.64
0.71
7.07
0.52

15.00
5.65
34.02
5.01

3.25
0.66
7.11
0.48

4.95
5.09
33.23
4.52

0.81
0.61
7.13
0.47

2.15
2.87
32.73
3.98

0.21
0.37
7.07
0.42
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Sun et al. [10]

Brox et al. [7]

Wedel et al. [11]

Decoupled

Sun et al. [10]

Brox et al. [7]

Wedel et al. [11]

Decoupled

Sun et al. [10]

Brox et al. [7]

Wedel et al. [11]

Decoupled

Sun et al. [10]

Brox et al. [7]

Wedel et al. [11]

Decoupled

Sun et al. [10]

Brox et al. [7]

Wedel et al. [11]

Decoupled

Sun et al. [10]

Brox et al. [7]

Wedel et al. [11]

Decoupled

Fig. 11. Optical flow results for image sequences from the University of Oulu face video database [9] with natural illumination variation.
Color coded OF (second row) and TCFP (third row) for each example show consistency of decoupled approach based optical flow. Decoupled
approach based results clearly show least proportion of non-overlapping green and blue channel indicating more accurate estimates.
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