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Illumination Robust Video Foreground
Prediction Based on Color Recovering
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Abstract—Video foreground prediction is a technique to estimate
the probability of each pixel being foreground in current frame
based on a foreground segmentation result of its previous frame.
Existing foreground prediction algorithms usually assume that the
illumination conditions are constant for consecutive frames. There-
fore, they cannot predict foreground accurately when the illumi-
nation condition changes sharply between video frames. In this
paper, a new robust video foreground prediction algorithm is pro-
posed based on color recovering, which is derived based on an
observation that the illumination changes are locally smooth. By
integrating color recovering with an optical flow estimation algo-
rithm and an opacity propagation algorithm, the negative impact
of the illumination changes could be removed. Experimental re-
sults show that the proposed algorithm can get more accurate re-
sults for videos with illumination changes compared with the ex-
isting foreground prediction algorithms.

Index Terms—Color recovering, foreground prediction, illumi-
nation changes, opacity propagation, optical flow estimation.

I. INTRODUCTION

V IDEO foreground extraction (segmentation) has been
widely studied in recent years [1]–[12] as it is an impor-

tant video editing technique and widely used in commercial
television, film and advertisement production, etc. Many fore-
ground extraction algorithms [13]–[17] employ foreground
prediction techniques, i.e., to estimate the probability of each
pixel being foreground in the current frame given a foreground
segmentation result (an alpha matte or a binary mask) of its
previous frame. The accuracy of video foreground segmenta-
tion greatly relies on the accuracy of foreground prediction. On
the other hand, if the accuracy of the foreground prediction is
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improved, the user interactions required in the video foreground
segmentation process will be greatly reduced [16].
Existing foreground prediction algorithms [13]–[17] are all

based on a probability density function (PDF) estimation frame-
work, i.e., first constructing color models for the foreground and
background pixels of the already segmented previous frame,
and then predicting the foreground in the current frame using
the PDF estimation method. The prediction results are usually
represented as probability maps. Based on the color models
they used, these existing foreground prediction algorithms can
be classified into two categories: the global color model based
methods and the local color model based methods. The global
color model based methods build color models for all the fore-
ground and background pixels in the already segmented pre-
vious frame. These global color models include sub-set pixels
sampled from the foreground and background pixels of previous
frame [13], the foreground and background histograms [14],
[15]. The local color model based methods build color models
(Gaussian Mixture Model, GMM) for the foreground and back-
ground pixels in local windows dropped along the boundary of
the foreground [16]. The estimation algorithm commonly used
in these literatures include Kernel Density Estimation (KDE)
[13], [16], Bayes formulation [14], [15], and Weighted Kernel
Density Estimation (WKDE) [14]. Bai [17] proposed a newmo-
tion-adaptive color model called Dynamic Color Flow (DCF).
In this model, the color modeling and motion estimation were
combined into a single probabilistic framework so that it can
simultaneously address the appearance and motion complexi-
ties. They employed a parameter to determine the scale of the
color sampling. By setting different values for this parameter,
the color models may change from pixel-wise color model to
local color model and global color model. Other foreground seg-
mentation algorithms such as geodesic matting [18], video ob-
ject cut and paste [20], interactive video cutout [21] and Livecut
[22] also employed global and local color models in their sys-
tems. Generally speaking, foreground prediction results gener-
ated by the local color model based methods are more accurate
than that generated by the global color model based methods,
because the foreground and background colors in local windows
are more clearly separated.
Besides these PDF estimation based algorithms, an opacity

propagation based foreground prediction method is proposed in
the recent work [19]. In this paper, the temporal smoothness
between successive frames is employed to propagate the seg-
mentation result (binary mask or alpha matte) from the previous
frame to the current. This algorithm solved one problem ex-
isted in the traditional PDF estimation based method. As we all
know, in the PDF estimation based method, the pixels are pro-
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cessed independently without considering correlations between
pixels. It cannot obtain accurate results in many cases. Actually,
if one pixel has high probability to be foreground, the pixels in
its neighborhood that have similar colors also have high proba-
bility to be foreground. The opacity propagation based method
takes the correlations between pixels into account, and more ac-
curate foreground prediction results are obtained.
Although the existing foreground prediction algorithms can

obtain good results in many cases, there is one problem that is
still not resolved. That is, the traditional PDF estimation based
methods all assume that the illumination between consecutive
frames is constant, so that the color models constructed for the
previous frame can be applied to the current frame. However,
the illumination conditions of a real video may change from
frame to frame because of the lighting geometry changes, the
illuminant color changes, or the camera device changes, such
as the camera flashes of the news videos, the flashing lights
of the stage play videos, or the light turned on/off in videos.
In these cases the color distribution is changed, and the color
models from the previous frame are no longer applicable to
the current frame. If we still use the global/local color models
from the previous frame to predict the foreground in the cur-
rent frame, the accuracy of the foreground prediction results will
be greatly lowered. Although the OPSIC (Opacity Propagation
with Sudden Illumination Changes) algorithm proposed in [19]
is more robust to the illumination changes than the PDF estima-
tion based method, the employed illumination changing model
is too simple that it cannot recover the image colors correctly as
demonstrated in this paper.
In order to process the illumination changes between video

frames, a novel color recovering algorithm is developed based
on an observation that the illumination changes are locally
smooth. A Gaussian model transformation is used to describe
the illumination changing procedure. The color recovering
algorithm is then integrated with the optical flow estimation
algorithm [23] and the opacity propagation algorithm [19]
to remove the negative impact of illumination changes. The
experimental results show that the proposed algorithm can deal
with sharply changed illuminations better compared with the
existing algorithms.
Compared to the previous work such as in [19], the new con-

tributions of this paper are:
• A general color recovering algorithm is presented to better
preserve the line model distribution of pixel colors in the
corresponding local windows of two successive frames
with illumination changes.

• An illumination robust optical flow estimation algorithm
is developed by integrating the color recovering algorithm
with the cost-volume filtering based visual corresponding
matching algorithm [23].

• An acceleration algorithm based on integral image is de-
veloped to accelerate the illumination robust optical flow
estimation process.

• An illumination robust opacity propagation algorithm is
developed by integrating the color recovering algorithm
with the opacity propagation algorithm proposed in [19].

The rest of this paper is organized as follows. Section II gen-
erally formulates the problem to be solved in this paper. In

Section III, the illumination robust foreground prediction algo-
rithm is described in detail. After showing and discussing sev-
eral experiments and comparisons in Section IV, the conclu-
sions are presented in Section V.

II. PROBLEM FORMULATION

The notations in this paper are defined as follows. Symbol
denotes a color or gray scale image, denotes the frame at time
instant where is the frame time index, and denotes the
foreground mask (binary mask or alpha matte) at time instant
and is also a vector composed of the pixel values in the corre-
sponding masks. Matrices are denoted by bold capital charac-
ters, such as , and vectors are denoted by bold italic lowercase
characters, such as . Symbol denotes the color of pixel ,
and it is a vector for a color image and a scalar quantity
for a gray image.
Suppose the current frame , the previous frame , and

the foreground mask of the previous frame are given, the
task of this work is to estimate the foreground mask of the
current frame. If not considering the illumination changes be-
tween frames, this process can be simply formulated as:

(1)

where can be regarded as a propagation function which can
obtain from according to the spatiotemporal correla-
tions of and . Pixel correlations can be represented by
a sparse matrix called matting Laplacian which is originally
proposed in [27]. In the previous work [19], we extend the mat-
ting Laplacian to 3D windows and use it to represent the spa-
tiotemporal pixel correlations calculated from and . Con-
sidering , Eq. (1) becomes:

(2)

The above equation is not suitable for videos with sharp
illumination changes because the spatiotemporal correlations
between and become very weak if the colors of
corresponding pixels change greatly due to the illumination
variation. In this case, a color recovering algorithm is required
to recover the pixel colors distorted by illumination changes,
and thus maintain the correlations. Considering these factors,
Eq. (2) should become:

(3)

where is the recovered image. The above equation ex-
presses the basic idea of our method: for videos with illumi-
nation changes, we need to first recover the color the current
frame to obtain , and then calculate the spatiotemporal
correlations between and , and at last use a propa-
gation function to obtain .

III. ILLUMINATION ROBUST VIDEO FOREGROUND PREDICTION

The opacity propagation algorithm proposed in the previous
work [19] is based on an observation of color line model for the
pixels in a 3D local window composed of two 2D local windows
centered at two corresponding pixels of successive frames. The
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Fig. 1. Optical flow with illumination changes between frames. (a) and (b) are
two consecutive frames, the red points in (c) represent the pixels with valid
optical flow vectors, and (d) is the inaccurate foreground prediction result.

Fig. 2. The characteristic of the illumination changes. (a) and (b) show that
the illumination changes are locally smooth; (c) shows the color distribution of
pixels in the corresponding windows and in (a) and (b).

corresponding pixels are found by optical flow estimation al-
gorithm. The illumination changes between frames may have
two negative impacts on this algorithm. 1) The optical flow
cannot be accurately estimated; and 2) the color line model in
the spatiotemporal 3D window is no longer hold because the
pixel colors are changed. In this case, the foreground mask of
the previous frame cannot be propagated to the current frame.
Examples of these two negative impacts are shown in Fig. 1 and
Fig. 2. Fig. 1 shows that the number of pixels which have valid
optical flow vectors is very small because of the illumination
changes, and the foreground prediction result obtained by the
opacity propagation algorithm will be inaccurate as shown in
(d). Fig. 2 shows that the color line model is no longer hold when
there exist illumination changes between frames. The colors are
separated into two groups, and the affinities (correlations) be-
tween these two groups are weak. The fundamental reason of
these two problems is that the colors of the corresponding pixels
are changed due to the illumination changes. One direct way to
solve these two problems is to develop a color recovering al-
gorithm, and integrate it with the optical flow estimation and
opacity propagation to remove the negative impact of illumina-
tion changes.

A. Color Recovering

Through studying the illumination changes in videos, it can
be observed that one of the most important characteristics/prop-
erties of the illumination changes is that the illumination
changes are locally smooth in most cases as shown in Fig. 2(a)
and (b). In other words, the pixels in a small local window of
one frame almost have the same illumination changes. If we
use a small scale local window, the color distribution in this
small window will be very simple. So that it is appropriate to
model it as a single Gaussian distribution. From Fig. 2(c) we
can see that the color distribution is changed in two aspects

Fig. 3. Distribution transformation in one-dimension case. The solid and
dashed lines represent the color distributions before and after illumination
changes respectively.

before and after illumination changes, i.e. the change of the
mean color value and the change of the standard deviation
of the color values. The task now is to transform the pixel

colors of the current window, so that it can have the same color
distribution as the pixels in its corresponding window.
Consider the one-dimension case (corresponding to the gray

scale image) as shown in Fig. 3. The solid line represents the
color distribution of one local window in the previous frame
before illumination changes, and the dashed line represents the
color distribution of its corresponding window in the current
frame after illumination changes. We want to recover the pixel
colors by transforming the color distribution distorted by the
illumination changes, so that the pixel colors can have the dis-
tribution represented by the solid line. Denote (where

represents the pixel coordinate, is the
displacement of pixel from to ) as the new color of
pixel after this distribution transformation operation. We
want to have the same value as , then we have:

(4)

where , and ( or ) are all scalars for
the gray scale image.
Applying this color distribution transformation algorithm to

each channel of the pixel colors, we can achieve a 3D color dis-
tribution transformation. Instead of performing this algorithm in
RGB color space where the three color channels are correlated,
we perform it in a uncorrelated CIE Lab color space. Thus the
deviation , in the two corresponding windows can also
be represented as vectors, which is similar to the mean
color vector and . Based on these conditions, Eq. (4)
can be extended to the three channel color image as following:

(5)

where , and ( or ) are all color
vectors for the color image, “ ” means the quotient of the cor-
responding element of vector and , and “ “ means
the product of the corresponding element of vectors. Since the
pixels in the local windows almost have the same illumination
changes, the pixel colors in this window can be recovered by
the same parameters of this window.
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Fig. 4. Color recovering algorithm comparison. (a) shows the color distribu-
tion of the corresponding windows as shown in Fig. 2 after color recovering by
the new algorithm and (b) shows the color distribution of the same window re-
covered by [19].

Fig. 4 shows a comparison between the new color recovering
algorithm in this paper and the color recovering algorithm de-
scribed in [19]. From the color distribution as shown in Fig. 4(a),
we can see that after color recovering, the colors of the two cor-
responding local windows as shown in Fig. 2 almost overlap to
each other, which means the color is recovered in high quality.
However, if we use the algorithm described in [19] to recover
the colors, the color distributions of the two corresponding win-
dows are not overlapped to each other, because they have ap-
parently different variations as shown in (b).

B. Integrate Color Recovering With Optical Flow Estimation

Actually, there is still one problem remained in the new
color recovering algorithm: the corresponding local windows
between successive frames are required to be found before
color recovering. Usually, this task can be done by optical
flow. However, to obtain accurate optical flow for successive
frames with illumination changes, color recovering needs to
be performed first. This becomes a conflicting problem. In this
section, we describe how to solve this problem by integrating
color recovering with optical flow estimation.
Different from the previous work [19], we employ a cost-

volume filtering based optical flow estimation algorithm [23],
since it is more robust to the large displacement movements as
demonstrated in their paper. The matching cost function they
used is the pixel-based truncated absolute difference of color
and gradient at the matching point [23]:

(6)

where is the matching cost for pixel with label repre-
senting the displacement between the matching points,

and is the gradient in and direction, balances
the color and gradient terms, , are truncation values,
is the color of pixel in the previous frame, and is the
color of its potential corresponding pixel in the current frame.
The window size used to search the correct label for each pixel
is greatly related to the foreground moving speed. Thus the
window size used in this paper ranges from to .
The large window size can capture large displacement of the
corresponding pixels. This cost function can be minimized over
the whole image by a cost-volume filtering algorithm described
in [23] to find the best label (pixel displacement) for each pixel.

Fig. 5. The impacts of illumination changes made on the matching cost func-
tion Eq. (6) and the effectiveness of color recovering in removing these impacts.
(a) and (b) are two images taken under different illuminations, and (c) is a re-
covered image by recovering the colors in (b) according to the colors in (a);
(d) shows the color distributions of the local pixels, where the red, green, and
blue points correspond to the red boxes shown in (a), (b) and (c); (e) and (f) are
the color term (of Eq. (6)) distribution (histogram) for image pair (a, b) and
(a, c) respectively; (g), (h) and (i) are the gradient images in direction corre-
sponding to (a), (b) and (c); (j), (k) and (l) are the gradient value distributions
(the histogram of the gradient values) corresponding to the red boxes in (g), (h)
and (i) respectively; (m) and (n) are the gradient term (of Eq. (6)) distribution
for image pair (g, h) and (g, i) respectively.

Although Rhemann [23] mentioned that the cost function (6)
have been shown to be robust to illumination changes, it is
actually impacted by the illumination changes, especially the
sharp/severe illumination changes. Denote and shown
in Fig. 5(a) and (b) as two images taken under different il-
luminations. as shown in Fig. 5(c) is an image gener-
ated by recovering the colors of image according to
by the new color recovering algorithm. , and de-
note the corresponding local windows in three images. For the
color term , it is clear that when illumi-
nation is severely changed, the pixel color will be changed
greatly. Hence the difference between and will be-
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come greater. This is demonstrated in Fig. 5(d)-(f), where (d)
shows the color distributions of the pixels in local windows with
red, green, and blue points corresponding to , and re-
spectively. It is clear that the red points and the green points have
different mean colors, thus the distribution of the color differ-
ences of corresponding pixels in and will not be around
0 as shown in (e). However, the pixel colors (the blue points
shown in (d)) recovered by color recovering algorithm almost
have the same mean colors as the original ones (the red points in
(d)). Therefore the distribution of the color differences of corre-
sponding pixels in and will be around 0 as shown in (f).
The gradient term

is robust to the illumination changes to some ex-
tent because the gradient of one pixel is calculated by the differ-
ence of its neighboring pixels in and direction. According to
the assumption that the neighboring pixels have the same illu-
mination changes, the mean value difference caused by the illu-
mination changes will be eliminated by the gradient operation.
However, this cannot eliminate the gradient variance caused by
the illumination changes. This is demonstrated in Fig. 5(g)-(l),
where (g)-(i) are three gradient images in direction corre-
sponding to the images shown in (a)-(c). Since the gradient has
negative values, we add 0.5 to the gradient value of each pixel
to ensure that it is positive and can be correctly demonstrated.
Fig. 5(j)-(l) are the distributions of the gradient values in the
red boxes , and respectively. It can be seen from
(j)-(l) that the three gradient images have the same mean values
(0.5 as demonstrated, which means the original mean value be-
fore we add 0.5 to each pixel is 0). This means that the gradient
operation can eliminate the difference of mean gradient values
caused by illumination changes. But the width of the distribu-
tions are different as demonstrated in (j)-(l). Since the width of
the distribution stands for the variation of the gradient values,
the wider the distribution is, the bigger the differences between
pixel gradients are. In other words, a wide distribution means
that the texture (gradient of image stands for the texture) of the
image is clear, while a narrow distributionmeans that the texture
is smoothed, and the edges are not clear. This is demonstrated
in Fig. 5(g)-(i), where the edges of the object in (g) are clearer
than that in (h). Color recovering can correct this kind of dis-
tortion as shown in (i), where the edges are as clear as in (g).
The gradient value distribution (l) after color recovering is also
very similar to the original distribution (j). Based on the above
observations, the gradient term of Eq. (6) is also negatively af-
fected by the illumination changes as shown in the bottom row
of Fig. 5, where (m) is the distribution of the gradient term of
Eq. (6) for the gradient values in the red boxes and , and
(n) is the distribution of the gradient term of Eq. (6) for the gra-
dient values in the red boxes and . We can see that the
variance of (n) is small which means that the gradient values
shown in (i) after color recovering are better matched than the
original values shown in (h).
Through the above analysis, we can see that the color recov-

ering algorithm can be integrated into optical flow estimation
to improve its accuracy. For a pixel in the previous frame,
we first find its potential corresponding pixel in the current
frame according to the potential label that represents the op-
tical flow vector . Then the colors in the local window cen-

Fig. 6. Demonstration of the visual correspondence matching using color re-
covering. (a) and (b) are two views taken in the same illumination conditions;
(c) is an image of the same view as (b) taken in a different illumination condi-
tion; (d) is the disparity map of (a) and (b); (e) is the disparity map of (a) and (c);
and (f) is the disparity map of (a) and (c) after integrating the color recovering
algorithm.

tered at pixel in the current frame is recovered according to
the color distribution of its corresponding window centered at

. Correspondingly, the gradient term and in
Eq. (6) are also calculated using the recovered colors. By doing
so, Eq. (6) becomes:

(7)

where is the recovered color for pixels . Since the
configuration of Eq. (7) is the same as Eq. (6), the cost-volume
filtering algorithm [23] is also used here to obtain the final op-
tical flow field. Fig. 6 shows a comparison of visual correspon-
dence matching results before and after employing color recov-
ering. Comparing (e) and (f), we can see that the visual corre-
spondence matching result is more accurate after the color re-
covering algorithm is integrated.
Directly calculating the cost volume in Eq. (7) is very

time consuming, because for each pixel with each displace-
ment label , the color recovering algorithm will be called one
time, where the mean color vector and the variance color vector
for the corresponding windows should be calculated. Consid-
ering that the color recovering algorithm is a window-based al-
gorithm, in order to reduce the time cost, we employ integral
images to accelerate this process. According to the statistical
theory, the color variance for pixels in a window can be calcu-
lated as:

(8)

where is a pixel index in one window, and is the total number
of pixels in this window, is the pixel color vector of pixel .
Here, and only stand for the square of the elements in the
vectors. Since and are summations of the
values in a window, they can be calculated very fast by the inte-
gral images and where represents
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Fig. 7. An illustration of local 3D windows used for calculating the Laplacian
matrix .

the square of the color vector for each pixel in this image. The
integral image is also a three-channel image with each channel
corresponds to the integral image of one color channel of the
image. Thus for the color recovering algorithm, we need to
calculate four integral image: , ,

and . After employing the
integral images, the process of calculating the cost volume
in Eq. (7) is 6–10 times faster than directly calculation. The de-
tails of the time cost analysis will be presented in the experiment
part.

C. Integrate Color Recovering With Opacity Propagation

After we obtain the optical flow field, we can integrate color
recovering with the opacity propagation algorithm. In the pre-
vious work [19], we extended the matting Laplacian matrix
in [27] to 3D windows between frames without illumination
changes. Considering illumination changes, we can calculate
the matrix by:

(9)

where is a pixel set composed of all the pixels in and
the recovered image , that is

, and are two pixels in this set (here, and also
represent the color vectors of these two pixels) and they
both lie inside , a spatiotemporal window composed of
two corresponding 2D windows in successive frames as shown
in Fig. 7, is an index of all 3D windows containing pixel
and . The pixel number in window is represented by

, is the Kronecker delta, is a identity matrix,
denotes the mean color vector, and denotes the
color covariance matrix for the pixels in . It should

be noted that, although we use to denote the recovered
image, we do not recover the whole image in the implementa-
tion. We only recover the pixel colors in the 2D local window in
according to the pixel colors in its corresponding 2D window

in when calculating .
The cost function that used to solve the opacity propagation

problem is similar to that in [19]:

(10)

Here suppose we have pixels in one frame, then will
be a sparse matrix, is a diagonal ma-
trix whose diagonal elements are one for constrained pixels and
zero for other pixels; is a vector with length containing
the specified opacity values for the constrained pixels and zero
for other pixels. The constrained pixels mean the pixels whose
opacity values are known, i.e., the pixels in the previous frame
are all regarded to be constrained pixels. The constant is a
preset penalty factor for the penalty function Eq. (10).
In the previous work [19], the explicit expression about the

propagation function which can obtain from is not
given. Here we will deduce the explicit expression of by fur-
ther reducing the dimension of the Eq. (10) from to [24].
Since the foreground mask is known and the foreground
mask of the current frame is unknown, we can decompose
, , and into blocks corresponding to the pixels in the
current frame and previous frame:

(11)

where and ( , and respectively) represent
the sub-matrices or vectors corresponding to pixels in the cur-
rent and previous frame. As we discussed above,
is the known opacity values and , correspond to
the unconstrained pixels (all the pixels in the current frame).
Here can be regarded as the affinity matrix for unknown
pixels, contains the affinities between the known and un-
known pixels, and is the affinity matrix for the known
pixels. Substituting , and into
Eq. (11), we obtain:

(12)
Differentiating with respect to and finding the critical
point yields,

(13)

and we can further obtain the explicit expression of with
respect to ,

(14)

Nowwe obtained the explicit expression of propagation func-
tion and the Laplacian matrix that appear in Eq. (3). Di-
rectly solving is computational expensive. Fortunately,
the large linear system of equations can be efficiently solved by
a conjugate gradient method or a multigrid method [29].

D. Summarization and Rationality Analysis of the Proposed
Algorithm

1) Summarization of the Proposed Algorithm: Till now, we
have obtained all the parameters that need to be calculated in
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the foreground prediction algorithm. In a short word, the new
algorithm can be summarized as Algorithm 1.

Algorithm 1 Summarization of the proposed algorithm

Input: The previous frame and its foreground mask
, and the current frame .

Step 1: Find the corresponding pixels between successive
frames using optical flow estimation integrated by color
recovering based on cost function (7) which can be minimized
by the cost volume filtering algorithm [23], and construct the
spatiotemporal local windows;

Step 2: Calculate the Laplacian Matrix using (9) based on
the spatiotemporal local windows and color recovering;

Step 3: Decompose into blocks, and obtain the sub-matries
and ;

Step 4: Solve the linear equation system as shown in (14), and
obtain the foreground prediction result .

2) Rationality Analysis of the Proposed Algorithm: As de-
scribed in the previous work [19], opacity propagation is based
on a premise of color line model. Although we have extend
the opacity propagation algorithm to deal with videos with il-
lumination changes as described in Section III-C, we have not
demonstrated that the color line model can also be hold over
the spatiotemporal window after color recovering. Since
color line model is the base to derive the new algorithm, we
need to analytically prove that the color line model is hold over
each spatiotemporal window after color recovering. To achieve
this goal, we first demonstrate that the color line model is still
hold over a local spatial window of current frame after color re-
covering, and then analytically prove that the color line model
is also hold over a spatiotemporal window.
From Eq. (5) we can see that color recovering is actually an

affine transformation operation. It first translates the pixel colors
from their original center in the RGB color space
to the new center , and then scale the distance from
each point to the center point, so that the color distribution of the
current window can match that of its corresponding window in
the previous frame. The affine transformation does not change
the straightness of the original color distribution, which means
if the pixels in a local window satisfy a color line model before
color recovering, they also satisfy a color line model after color
recovering.
Now we analytically demonstrate that the color line model

is also hold over a spatiotemporal window after pixel colors
are recovered. A spatiotemporal window is composed of
two corresponding local windows and . In the ideal
case, if there are no illumination changes between frames, the
pixel colors in the two windows will not be changed. That is to
say, the color distributions of the two local windows will be the
same, and this color distribution is also exactly the same with
the color distribution of the spatiotemporal window . So if
there are no illumination changes, the color line model will be

Fig. 8. A demonstration of the recovered colors satisfying the color line model.
(a) and (b) are two images with two local windows denoted by the red boxes;
(c) and (d) are the color distributions before and after color recovering; (e) is the
user input scribbles; (f) and (g) are the alpha mattes calculated using the original
and the recovered pixel colors respectively; (h), (i) and (j) show the foreground
prediction results where (h) is the known foreground segmentation result (alpha
matte) of (a), (i) and (j) are the foreground prediction results using the original
and the recovered colors of (b) respectively.

hold in the spatiotemporal window . If there exist illumi-
nation changes between frames, the illumination changes will
be locally smooth according to the observation of the new color
recovering algorithm. That is to say, the illumination changes
nearly make the same impact for all the pixels in . Thus
we can recover the color for all the pixels using the same pa-
rameters as shown in Eq. (5). It can be proven that, after color
recovering, the pixel colors in will have the same distri-
bution as . That is to say, the color line model will also be
hold over the spatiotemporal window after color recov-
ering if there are illumination changes.
Since color line model is originally presented in [27], we use

an example of [27] to demonstrate the effectiveness of color re-
covering in preserving the color line model. The result is demon-
strated in Fig. 8 where (a) is the original image, and (b) is a com-
puter generated image which is used for simulating the process
of the illumination changes. Thus (a) and (b) can be regarded
as two images of the same view taken under different illumina-
tions. The optical flow vectors for each pixel are all (0,0),
so that we can accurately find the corresponding window in (a)
for each local window in (b). Thus we can test the effectiveness
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of the color recovering algorithm without considering the errors
of finding the corresponding windows. From (c) we can see that
the color distributions of the two corresponding local windows
are very different. And after color recovering, the color distribu-
tion of local window in (b) are transformed to be mostly over-
lapped with the color distribution of its corresponding window.
Using the same user inputs as shown in (e), the alpha matte gen-
erated by the closed-form matting using the original colors and
the recovered colors in (b) are shown in (f) and (g) respectively.
Comparing (f) and (g) it can be seen that they are nearly the
same, which means that the color recovering algorithm does not
apparently deteriorate the final result. As we discussed before,
the colors of the corresponding windows are separated into two
groups because of the illumination changes as shown in (c). The
affinities between pixels of the two groups are so weak that it
cannot accurately propagate the foreground segmentation result
of the previous frame to the current frame as shown in (i). But
after color recovering, the pixel colors of the two groups in-
tersect each other, i.e. the affinities become very tight, and the
colors of all the pixels from the two corresponding windows
also satisfy a color line model. Thus the foreground segmenta-
tion result can be accurately propagated as shown in (j).

IV. EXPERIMENTAL RESULTS

A. Comparison of the Proposed Algorithm With Existing
Algorithms for Videos With Illumination Changes

We test the proposed foreground prediction algorithm with
many sequences that have sharp illumination changes, and
compare it with the previous foreground prediction algo-
rithms. Some examples are reported in Fig. 9, where (a) and
(b) demonstrate two examples captured from a real TV video
stream; (c) shows an example which is taken by our Lab under
different illumination conditions, and (d) uses an computer
generated images to simulate the sharp illumination changes.
From row (4)-(7) we can see that the previous PDF estimation
based foreground prediction algorithm cannot process the
illumination changes between frames. The quality of the prob-
ability maps obtained by these algorithms is so poor that the
foreground segmentation results of the current frame obtained
by the commonly used foreground segmentation algorithms
(such as graph cut) will be very inaccurate. The reason for this
phenomenon is clear. Pixel colors are greatly changed by the
illumination changes, so that the color distribution of the pre-
vious frame is very different from the one of the current frame.
If we still use the color models of previous frame to estimate
the probability of each pixel being foreground in current frame,
the estimation accuracy will be very low. Row (8) are the
opacity maps generated by the opacity propagation algorithm
without employing the color recovering algorithm. It can be
seen that the foreground prediction results are also not very
accurate. This is because the opacity propagation algorithm is
based on an assumption that the illumination conditions are
constant between frames. The illumination changes will impact
the calculation of the spatiotemporal correlations between
pixels, thus leading to the result that the opacity values of the
segmented previous frame cannot be correctly propagated to
the current frame. The last row shows the results of the new

Fig. 9. Comparison of the new foreground prediction algorithm with existing
algorithms for videos with illumination changes. (a)-(d) show four sets of com-
parison results. For each set, the top three rows show the previous frame, the
foreground segmentation result of the previous frame and the current frame with
illumination changes respectively; row (4)-(7) show the probability maps gen-
erated by foreground prediction algorithms based on Bayesian Estimation [15],
WKDE [14], coherence strips [13], and local classifiers [16]; row (8) is the result
of the opacity propagation algorithm without employing color recovering, and
the last row shows the opacity maps generated by the new foreground prediction
algorithm. (a) and (b) are captured from the CCTV (China Central Television)
program, (c) is captured by our Lab, and the current frame of (d) is a computer
generated image which is used for simulating illumination changes.

foreground prediction algorithm. The comparisons demonstrate
that the new foreground prediction algorithm is very robust to
the sharp illumination changes, but the existing algorithms all
fail in this case.

B. Comparison of the Proposed Algorithm With Improved
Existing Algorithms for Videos With Illumination Changes

We also integrate the new color recovering algorithm with
the previous PDF estimation based foreground prediction al-
gorithms to see whether or not they can deal with illumina-
tion changes and obtain accurate foreground prediction results.
Since the foreground prediction algorithms based on Bayesian
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Fig. 10. Comparison of the proposed algorithm with existing algorithms im-
proved by integrating global color recovering. The test video sequences used
here is the same as shown in Fig. 9. (a)-(d) show four sets of comparison re-
sults. For each set, row (1)-(4) show the probabilitymaps generated by improved
foreground prediction algorithms based on Bayesian Estimation [15], Weighted
Kernel Density Estimation (WKDE) [14], coherence strips [13], and local clas-
sifiers [16]; row (5) is the result of the improved opacity propagation algorithm
by integrating the global color recovering algorithm with it.

Estimation [15], WKDE [14] and coherence strips [13] all em-
ploy global color models and do not contain a visual correspon-
dence matching step, there are two ways to integrate the color
recovering algorithm. The first way is to recover the pixel colors
globally, and the other way is to recover the pixel colors locally
by employing the visual correspondence matching algorithm at
the same time.
1) Comparison of the AlgorithmWith Existing Algorithms Im-

proved by Global Color Recovering: The new color recovering
algorithm proposed in this paper is based on local windows. It
can be well combined with the opacity propagation algorithm,
because it is also based on local windows. However, the pre-
vious foreground prediction algorithms [13]–[15] all work in a
global manner. Although the local classifier based foreground
prediction algorithm [16] also employs local windows, the size
of the local windows is much larger than that used in this paper.
In this case, we can extend the proposed color recovering al-
gorithm to a global scale by taking the whole image as a large
window. By integrating this global color recovering algorithm,
the previous foreground prediction algorithms are improved.
We compare the proposed foreground prediction algorithm with
these improved algorithms. Some comparison results are re-
ported in Fig. 10. Comparing row (5) with the other four rows
of Fig. 10, it can be seen that the new opacity propagation algo-
rithm can get the best foreground prediction results after these
algorithms are improved by the same global color recovering
algorithm. Comparing Fig. 10 with row (4)-(8) of Fig. 9, we
can see that after integrating global color recovering, many fore-
ground prediction results are improved such as the toy picture
as shown in Fig. 10(c). But some become even worse such as

(b4) and (b5) of Fig. 10. This is because global color recovering
cannot recover the pixel colors in a very accurate way. This can
also be seen by comparing row (5) of Fig. 10 and row (9) of
Fig. 9. Row (9) of Fig. 9 is generated by the proposed foreground
prediction algorithm, which can be seen as an improved opacity
propagation algorithm by integrating a local color recovering
algorithm with it. This means that the local color recovering al-
gorithm can better recover pixel colors than the global one as
we discussed in the following.
Local color recovering can obtain more accurate recovered

colors than global color recovering because of several reasons.
First, in local color recovering, all the pixel colors in a local
window are recovered using the same parameters. This is rea-
sonable because of the assumption that the illumination changes
are locally smooth. But the illumination changes are apparently
not smooth in the global level in most cases, which means that
using the same parameters for the whole image cannot well cor-
rect the distorted colors. The second reason is that in global color
recovering, the color distribution of the whole image is so com-
plicated that it is not accurate to bemodeled by a single Gaussian
distribution. This will lead to the result that the color distribu-
tion of the recovered current frame will not be very similar to
the previous frame. The third reason is that global color recov-
ering does not consider whether or not the two images have
corresponding pixels. In other words, global color recovering
does not have a mechanism to ensure that the corresponding
pixels in two successive frames will have the same colors after
color recovering. In many cases, the pixels in the corresponding
windows still have very different color distributions after global
color recovering as demonstrated in the following.
Fig. 11 shows a comparison of two foreground prediction

algorithms, which are constructed by integrating the opacity
propagation algorithm with global and local color recovering
respectively. It should be noted that the one employing local
color recovering is exactly the proposed foreground prediction
algorithm. Fig. 11(a) and (b) are two real images of the same
view taken under different illuminations. We use images of the
same view because we can easily and accurately find the corre-
sponding pixels between these two images. Thus we can con-
centrate on the comparison of the global and color recovering
algorithms, and neglect the errors of visual correspondences
matching. The illumination changes are locally smooth other
than globally smooth, which means that the neighboring pixels
in local windows almost have the same illumination changes,
but it is not true for the pixels that have long distance to each
other. It can be seen from Fig. 11(b) that the pixels within the
window or almost have the same illumination changes
(locally smooth). But it is apparent that the pixels in have dif-
ferent illumination changes from the pixels in (not globally
smooth). This means that the pixel colors in and should
be recovered by different parameters as did in local color recov-
ering instead of using the same parameters as did in global color
recovering. Fig. 11(c) and (d) show the results of global and
local color recovering. Comparing (c) and (a), we can see that
there is still severe color distortion after global color recovering.
But the image (d) recovered by local color recovering is nearly
the same as the original image (a). This can be seen more clearly
from their difference images as shown in (e) and (f), where the
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Fig. 11. Comparison of two foreground prediction algorithms which are con-
structed by integrating the opacity propagation algorithm with global and local
color recovering respectively. (a) and (b) are two images of the same view taken
under different illuminations; (c) and (d) are the results of the global and local
color recovering algorithm respectively; (e) is the difference image of (c) and
(a); (f) is the difference image of (d) and (a); (g) and (h) are the histograms of (e)
and (f) respectively; (i) shows the color distribution of the corresponding win-
dows (blue dots) and (green dots), (j) shows the color distribution of

(blue dots) and (red dots), where the three windows are pointed out by
the red boxes in (a), (c) and (d); (k) and (l) are the foreground prediction results
using images recovered by global and local color recovering respectively.

difference of (d) and (a) is almost invisible for our eyes. (g) and
(h) are the histograms of (e) and (f), where we can see that most
of pixels have large color differences with global color recov-
ering but very small color differences with local color recov-
ering. Global color recovering uses the same parameters for all
the pixels in the image which may have very different illumina-
tion changes. Thus it cannot ensure that pixels in a local window
recovered by global color recovering will have the same color
distribution as its corresponding window as shown in Fig. 11(i),
where the blue and green dots represent the pixel colors in
and as shown in (a) and (c) respectively. It is clear that the
green dots and the blue dots have different centers, which means
that the affinities between the two groups are still very weak. In
this case, the foreground segmentation result of image (a) cannot
be accurately propagated to image (b) as shown in (k). However,
local color recovering can achieve these tasks well. As shown in
(j), the color distributions for pixels in (blue dots) and
(red dots) are very similar, and the foreground prediction result
is also very accurate as shown in ( ).

Fig. 12. Comparison of the proposed algorithm with existing algorithms im-
proved by integrating local color recovering. The test video sequences used
here is the same as shown in Fig. 9. (a)-(d) show four sets of comparison re-
sults. For each set, row (1)-(4) show the probability maps generated by im-
proved foreground prediction algorithms based on Bayesian Estimation [15],
Weighted Kernel Density Estimation (WKDE) [14], coherence strips [13], and
local classifiers [16].

2) Comparison of the Proposed Algorithm With Existing Al-
gorithms Improved by Local Color Recovering and Visual Cor-
respondence Matching: We can also integrate the local color
recovering algorithm and the visual correspondence matching
algorithm with the previous PDF estimation based foreground
prediction algorithms to improve them. Some foreground pre-
diction results are reported in Fig. 12. Comparing these results
with the ones shown in Fig. 9 and Fig. 10, we can see that the
accuracy of the foreground prediction results is improved, es-
pecially for the local classifiers based methods [16] as shown in
row (4) of Fig. 12. But these improved foreground prediction re-
sults are still not as accurate as the proposed algorithm as shown
in row (9) of Fig. 9. This is because the spatiotemporal corre-
lations between pixels are employed in the proposed algorithm,
while the probabilities of pixels being foreground are estimated
independently in the previous algorithms.

C. Comparison of the Proposed Color Recovering Algorithm
With Existing Color Normalization Algorithms

We compare the proposed color recovering algorithm with
the chromaticity normalization algorithm [30], the gray-world
assumption algorithm [30], and the log-chromaticity normal-
ization algorithm [31]. As we described in the former text, the
basic assumption of the opacity propagation algorithm is that
the colors in the corresponding local windows satisfy a “line
model” distribution. From this point of view, the most impor-
tant property for the color normalization algorithms which can
be integrated with the opacity propagation is whether or not
they can preserve the line model color distribution. In order
to compare different color normalization algorithms on this
point, we select two images captured from the same view but
under different illumination conditions as shown in Fig. 13(a)
and (b), where the corresponding pixels are aligned with zero
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Fig. 13. Comparison of the new color recovering algorithm with the existing
color normalization algorithms. (a) and (b) are two images of the same view
taken under different illuminations, where the red and blue boxes denote the
corresponding windows; (c) is the foreground mask of (a); (d) is the color dis-
tribution of the two local windows shown in (a) and (b); (e) is the color distri-
bution after applying the new color recovering algorithm and (f) is the corre-
sponding foreground prediction result; (g), (h) and (i) are the color distributions
and corresponding foreground prediction results by applying the chromaticity
normalization, gray-world assumption, and the log-chromaticity normalization
algorithm, respectively.

displacement, so that the optical flow estimation error can be
eliminated. The color distribution after applying the color re-
covering algorithm and other three color normalization algo-
rithms are shown in (e), (g), (h), and (i) respectively. Com-
paring these color distributions, we can see that although these
color normalization algorithms can remove the illumination
changes to some extent, they cannot well preserve the line
model distribution of the color, which can be clearly observed
at the middle enlarged red box of the (g), (h) and (i). This will
lead to inaccurate foreground prediction results if we integrate
these color normalization algorithm with the opacity propaga-
tion algorithm as shown in the right most columns of (g), (h)
and (i). The color recovering algorithm can better preserve the
line model distribution of the color as shown in (e) where it
can be seen that the red and blue points nearly overlap each
other. This leads to a much more accurate foreground predic-
tion result as shown in (f).

Fig. 14. Comparison of the modified optical flow estimation with the optical
flow estimation algorithm employed in the previous work [19]. (a), (b) and
(c) show the previous frame, the foreground mask of the previous frame, and the
current frame; (d) and (e) are the optical flow estimation result of [19] and the
corresponding foreground prediction result; (f) and (g) are the optical flow esti-
mation result of this paper and the corresponding foreground prediction result.

D. Comparison of the New Algorithm to Our Previous Work

In the previous work [19], we employed a visual corre-
sponding matching algorithm [31] which can also cope with
the illumination changes to estimate the optical flow vectors,
and proposed a much simpler color recovering model which is
also integrated with the opacity propagation process to make
it robust to illumination changes. Compared to the previous
work, the optical flow estimation algorithm employed in this
paper not only can cope with the illumination changes by
integrating the new color recovering algorithm, but also be
more robust to the large displacement as described in [23].
Furthermore, the color recovering model employed in this
paper is more general and accurate than the previous one,
which will lead to more accurate foreground prediction result,
especially for the objects with large fuzzy regions. Fig. 14
shows a comparison result between the optical flow estima-
tion algorithms employed in this paper and in the previous
work. It can be seen that the optical flow vector estimated
by the previous algorithm is somewhat smoothed along the
head and shoulder boundary, while the optical flow vector
estimated by this paper’s algorithm is much better. It has a
relatively clear foreground boundary. As a result, the fore-
ground prediction result of this paper is more accurate as
shown in (g). Fig. 15 shows a comparison of the color recov-
ering algorithm proposed in this paper and the one proposed
in the previous work. Comparing (d) and (e), it can be seen
that by employing the previous color recovering algorithm,
the foreground prediction result is degraded. The hairs are
over smoothed. While by employing the new proposed color
recovering algorithm, the foreground prediction result is much
better. This is because when the illumination becomes very
dark, the discriminability of the pixel colors is degraded as
we described before (see Fig. 5(h) for example). The previous
color recovering algorithm cannot fully remove the illumina-
tion changes and improve the discriminability because it only
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Fig. 15. Comparison of the proposed color recovering algorithm and the one
proposed in the previous work [19]. (a), (b) and (c) show the previous frame, the
foreground mask of the previous frame, and the current frame; (d) and (e) are
the foreground prediction results by employing the previously proposed color
recovering algorithm and this paper’s algorithm, respectively. Note that (c) is a
computer generated image to simulate the illumination changes.

correct the mean color value difference, but not correct the
color variance difference as demonstrated in Fig. 4. It should
be noted that Fig. 15(c) is a computer generated image from
(a) to simulate the illumination changes, thus the optical flow
estimation error can be eliminated and we can concentrate on
comparing different color recovering algorithms.
We employ the error rate criterion to evaluate the proposed

algorithm quantitatively and compare it with the previous work
in [19]. For one frame, the error rate is calculated as follows:

Error rate
true

Number of all pixels
(15)

where denotes the estimated opacity value of the -th pixel
in one frame, and the true is the ground truth opacity value
of the -th pixel. The ground truth is obtaine by applying an
interactive image alpha matting algorithm [25] on each frame
of the video. The comparison results are shown in Fig. 16. It
can be seen that due to the more general color recovering model
and more accurate optical flow estimation algorithm employed
in this paper, the error rate of the new algorithm is much lower
than that in [19].

E. Comparison of the Proposed Algorithm With Existing
Illumination Robust Foreground Segmentation Algorithm

In recent years, several foreground segmentation algorithms
which are robust to illumination changes have been proposed
such as [32]–[36]. However all these methods are designed
for the video surveillance application, and these methods con-
centrate only on the videos captured by static cameras. In
this case they can build complex background models such as
two-layer Gaussian mixture models [36] to cope with the il-
lumination changes. Compared to these kinds of methods, the
proposed algorithm is designed for the video editing applica-
tion. The purpose of the proposed algorithm is to let the user

Fig. 16. Error rate comparison of the foreground prediction results obtained by
the new algorithm and the algorithm in [19] on two video sequences.

provide the foreground mask of the first frame, and then to
automatically segment the following frames by accurate fore-
ground prediction, so as to reduce the user interactions as far
as possible. The foreground segmentation result obtained by
the proposed algorithm is usually much more accurate than the
automatic foreground segmentation algorithms [32]–[36], but
with a much higher time cost. Furthermore, since the proposed
algorithm employs the optical flow estimation algorithm, it can
process the videos captured by both static and freely moving
cameras. This is very important in video editing application,
because many videos are usually captured by the users with
the hand-held cameras. Fig. 17 shows some comparison re-
sults of the proposed algorithm with the automatic foreground
segmentation algorithm described in [36] on videos captured
by static and hand-held cameras. In this experiment, we only
initialize the proposed algorithm by providing the foreground
mask of the first frame, and the segmentation results shown in
Fig. 17 are all obtained automatically. The existing algorithm
[36] cannot process these two kinds of videos because for
the video shown in (a), the foreground only moves in a fixed
area, and does not move out of the scene, thus the algorithm
cannot learn a pure background. For the video shown in (b),
the background is also moving, and the background learned
by the algorithm is not accurate.
By initializing the first frame, the new algorithm can auto-

matically segment the following frames. But how many frames
it can accurately segment in an automatic way depends on the
accuracy of the optical flow estimation. Generally, if the fore-
ground object (and the camera for the non-static background
videos) moves slowly in the scene, the proposed algorithm can
accurately segment tens or even hundreds of frames. However,
if the object moves very fast and leads to inaccurate optical flow
estimation, the performance of the new algorithm will deterio-
rate, and needs to initialize a new frame to continue. Moreover,
the optical flow estimation algorithm used in the new algorithm
is replaceable. A more accurate and efficient optical flow esti-
mation algorithm can improve both the accuracy and efficiency
of the new algorithm.
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Fig. 17. Comparison of the proposed algorithm with existing illumination robust foreground segmentation algorithm. (a) shows some results of the proposed
algorithm on a video captured by a static camera; (b) shows the segmentation result of one frame by the algorithm described in [36]; (c) shows some results of the
proposed algorithm on a video captured by a hand-held camera; and (d) shows the segmentation result of one frame by the algorithm [36]. Image sequence shown
in (a) has 60 frames with size , and contains sharp illumination changes; image sequence shown in (c) has 75 frames with size , and contains
a slight gradual illumination change.

F. Comparison of the Proposed Algorithm With Existing
Foreground Prediction Algorithm Through Binary
Segmentation

To demonstrate the effectiveness of the proposed foreground
prediction algorithm in foreground segmentation, we compare
the new algorithm with the foreground prediction algorithm de-
scribed in [16] and the previous work [19] through binary seg-
mentation. We use the graph cut algorithm to segment the fore-
ground object. The probability maps and the opacity maps gen-
erated by algorithms in [16], [19] and the new algorithm are used
as the data term of the energy function of graph cut. The same
pairwise term of the energy function is used. The binary seg-
mentation results for two video sequences are shown in Fig. 18.
For both (a) and (b), the first row shows the original frames,
the second to the fourth rows are the binary segmentation re-
sults obtained by employing the foreground prediction results
of [16], [19], and the new algorithm. It can be seen from the
second row of (a) that for the video with slight gradual illumi-
nation changes, binary segmentation results with visible small
segmentation errors are obtained by employing the probability
maps of [16], while by employing the opacity maps of the new
algorithm, more accurate binary segmentation results can be ob-
tained as shown in the fourth row of (a). The binary segmenta-
tion results shown in the third row of (a) are obtained by em-
ploying the opacity maps of [19]. They are also not as accu-
rate as the proposed algorithm of this paper, because the optical
flow estimation is not so accurate as employed in this paper as
demonstrated in Fig. 14. (b) is a video sequence with sudden il-
lumination changes. For this kind of video, the binary segmen-
tation results obtained by employing the proposed foreground
prediction results are obviously more accurate than the ones ob-
tained by employing the foreground prediction results of [16],
which demonstrate that the proposed algorithm is more robust

to the sudden illumination changes. For this video, the segmen-
tation errors of the binary segmentation obtained by employing
the opacity maps of [19] are also mainly caused by the inaccu-
rate optical flow estimation. The errors caused by different color
recovering algorithms can be very small, because the boundary
of the foreground is very clear. Color recovering may have a
great impact for the images with large fuzzy regions as demon-
strated in Fig. 15.
As did in Section IV-D, we also employ the error rate cri-

terion to evaluate the binary segmentation quantitatively. For
binary segmentation, the error rate is defined as:

Error rate
Number of misclassified pixels

Number of all pixels
(16)

The ground truth of the binary segmentation is obtained by in-
teractive editing. The comparison results are shown in Fig. 19.
It can be seen that the proposed algorithm obtains the best re-
sults on both of these two video sequences.

G. Time Cost Analysis

We test the computation time of each step of the proposed
algorithm on a laptop with Intel(R) 4 Core CPU, 2.1 GHz and
8G RAM. The whole algorithm is implemented in Matlab. The
size of the test image is . The window size used in op-
tical flow estimation is which can capture most of the
large displacements of pixels. Thus we have
labels when calculating the cost volume function (7) for optical
flow estimation. The local window used for color recovering and
opacity propagation is . For each label when calculating
the cost function (7), the average computation time for the color
recovering algorithm is 12.6s, where the computation time for
calculating the four integral images is about 5.5s, and calcu-
lating the recovered colors cost 7.1s. If not using integral im-
ages, the computation time for the color recovering algorithm is
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Fig. 18. Comparison of the proposed algorithm with the existing foreground prediction algorithms through binary segmentation. For both (a) and (b), the first row
shows the original frames, the second to the fourth rows are the binary segmentation results obtained by employing the foreground prediction results of [16], [19],
and the proposed algorithm. The red boxes in the second and third row of (a) point out the segmentation errors, and for convenient comparison, we also enlarged
the same region of our segmentation results. The red ellipses in (b) point out the segmentation errors of the existing algorithms.

Fig. 19. Error rate comparison of the foreground binary segmentation results
generated by the graph cut algorithm based on the foreground prediction results
obtained by [16], [19] and the new algorithm.

about 89.5s. Thus the integral images accelerate the color recov-
ering process seven times faster. Another very time consuming
process in optical flow estimation is cost-volume filtering [23].
For each cost volume slice corresponding to one label, the com-
putation time of filtering is about 7.4s. Thus the whole optical

flow estimation process cost about 14 hours for this image. Since
we have used a window to estimate the optical flow
vector, we can generate a rough trimap for the foreground ob-
ject in the current frame by applying dilation operation on the
foreground mask of the previous frame. This can reduce the un-
known pixel number greatly and can significantly reduce the
computation cost for the opacity propagation step. For the image
mentioned above, the computation time for the opacity propa-
gation step is about 34.7s with unknown pixel number 81041.
As can be seen, the optical flow estimation step costs too much
computation time. Thus in most of our experiment, we use a
smaller window. For the videos with large foreground
displacement, we down-sample the image, so that we can use
a small window to estimate the optical flow vectors. Using this
method, the optical flow estimation can be done in one to three
hours.
Although the un-optimized Matlab code costs a very long

time to calculate the optical flow vectors, it can be accelerated
by GPU programming [23], where the authors reported that it
only costs 5 ms to filter a 1Mpix image. Thus it can process 200
labels per second in a 1Mpix image. The process of color recov-
ering for different labels can also be implemented in parallel on
GPU, which may cost much shorter time. The opacity propa-
gation can also be accelerated by GPU programming according



WAN et al.: ILLUMINATION ROBUST VIDEO FOREGROUND PREDICTION BASED ON COLOR RECOVERING 651

to existing literature. It has been shown in [26] that the entry
of the Laplacian matrix can be implemented efficiently on
the CPU as a sequence of box filters using the integral imaging
technique [28], and also can be implemented more efficiently
on a GPU [23]. The process of solving a large linear system is
equivalent to that of solving a large sparse matrix. It can also
be implemented on a GPU as described in [29]. From the above
analysis, we can conclude that the proposed algorithm can be
efficiently implemented by employing these fast algorithms and
GPU technology, and its computation time can be significantly
reduced.

V. CONCLUSIONS

In this paper, a new illumination robust foreground prediction
algorithm is proposed by integrating a novel color recovering
algorithm with the optical flow estimation and opacity propa-
gation algorithm. The color recovering algorithm which is de-
signed based on the observation that the illumination changes
are usually locally smooth, is used to recover the pixel colors
distorted by the illumination changes. We demonstrate that the
color recovering algorithm can remove the negative impact of
the illumination changes made on the optical flow estimation
and opacity propagation, and make them robust to the illumi-
nation changes. The experiments on real and synthetic video
sequences containing illumination changes show that the pro-
posed algorithm clearly outperforms the existing foreground
prediction algorithms in both accuracy and the robustness to the
video illumination changes. Although the computational com-
plexity of the proposed algorithm is higher than existing fore-
ground prediction algorithms, it can be implemented efficiently
on a GPU, which makes it practically useful for video fore-
ground segmentations.
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