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Abstract

In this paper, we propose a method to solve the occlu-
sion problem for insertion of a synthetic image into the
planar region. This paper consists of the two main proce-
dures; a tracking algorithm in the presence of occlusion
and a segmentation algorithm to separate the occluding
object from the planar region. To track the planar region
in a robust way, a new energy function is proposed, and
the planar region is tracked by extracting the homography
that minimizes the energy function between images using
the LM (Levenbert-Marquardt) algorithm. The energy
function includes the intensity difference considering illu-
mination change and slow motion prior. Also, it is
modeled with the skipped mean estimator to exclude the
effect of the occlusion. In each tracked planar region, the
occluding object is segmented and replaced with synthetic
objects by modeling each pixel with the mixture of Gaus-
sian. Even if the occluding object exists, the planar region
is tracked successfully by using the tracking algorithm.
And experimental results show that the synthetic images
are naturally inserted into the desired planar region.

1 Introduction

The algorithm of image insertion is applied to a wide
range of video editing technology. In research on image
insertion, the occlusion problem has been a difficult prob-
lem.

Many algorithms have been proposed for this problem.
Tracking with the template matching method [1][2] can be
reliable over a short duration, but it deals poorly with the
occluding object. The approach using background sub-
traction [3][4] is only applied to the static camera. Also,
the method using global statistics [5][6] such as color his-
tograms cannot track the planar region exactly in the
presence of occlusion. The segmentation algorithm using
the color chromakeying [7] cannot segment moving object
from the planar region which have a complex color dis-
tribution.

These algorithms commonly have problems because no
appropriate model representing the occluding objects ex-
ists. In this paper, we propose a method to solve the
occlusion problem for insertion of a synthetic image into a
planar region. Two main algorithms are proposed in this
paper; a tracking algorithm of the planar region in the
presence of occlusion and a segmentation algorithm to
separate the occluding object from the planar region.
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To track the planar region in a robust way, a new energy
function is proposed, and the planar region is tracked by
extracting the homography that minimizes the energy
function between images using the LM (Leven-
bert-Marquardt) algorithm. The energy function includes
the intensity difference and slow motion prior. To exclude
the effect of the occluding object, the skipped mean esti-
mator is used to model the energy function. Also, it is
modeled with the illumination parameter to improve the
robustness when the illumination changes.

After the planar region is tracked, the occluding object
is segmented from the planar region. Each pixel is mod-
eled with MoG (the mixture of Gaussian) model. The EM
(Expectation-Maximization) algorithm is used to estimate
the parameters of MoG, and we use the internal parame-
ters of MoG as threshold values to segment the occluding
object.

The novelty of the tracking algorithm is that the planar
region is tracked successfully even if an occluding object
exists. Also, through the proposed segmentation algorithm,
the occluding object is segmented exactly even with noisy
images by using the mixture of Gaussian model.

The remainder of this paper is organized as follows. In
section 2, we briefly describe our tracking, segmentation,
and insertion system. In section 3, we show some experi-
mental results, and we conclude with some remarks in
section 4.

2 Proposed Algorithm

Fig. 1 shows the block diagram of our algorithms. First,
the planar region is tracked in the presence of occlusion.
After that, the occluding object is segmented from the
planar region. Finally, the synthetic image is inserted into
the planar region. More detailed algorithms are presented
in section 3, 4.

2.1 Tracking algorithm

In this section, our tracking algorithm is introduced to
solve the occlusion problem. To track the planar region
robustly in the presence of occlusion, an energy function
is modeled using a robust estimator.

The homography relation between the current frame
and the previous frame is represented by
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Figure 1. Block diagram of our proposed algorithm.
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where Xx,,,),, is the coordinate of the current frame,
X;, 4>V, 1is the coordinate of the previous frame, and
my,m,...,m, are elements of the homography.

The illumination change is modeled with parame-
ters L4, & , and the illumination change between the current
frame and the previous frame can be represented by

It(xi,t’yi,t) :#llt—l»(xi,t 10V 1) <. (2)

Finally, all parameters to be estimated are represented
by

Mt:[m0 moom, my; m, m; m, m, [ S]T'(3)

Before tracking, we get the translation (X,,),) be-
tween the current and the previous frame using NCC
(Normalized Cross Correlation), and we use it as the ini-
tial homography to be estimated.

Among a bulk of noisy data in the overlapping region,
there may be outliers such as moving objects which con-
tribute too much to the overall solution in a negative
direction. A way of overcoming the outlier problem is by
robust statistics. To track the planar region exactly, the
energy function for the intensity difference considering the
illumination change is represented by

E, M) =3 o, (5ov) 1, v ) ) 0 D

i€Q
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where 0 is the M-Estimator [8], which is used to mini-
mize the effect of the occluding object, f,& is the
illumination change parameter, € is tracked region of
the previous frame, N is the number of pixels in €2,
and / (x,y) is the intensity of X,y coordinate at #-th
frame.

The energy function for the slow motion prior is repre-
sented by

E,M)=M,-¥)'C'M, g . )

where ¢ is the mean vector and C the covariance ma-
trix. If each parameter strays far from the mean value, the
energy function increases. Therefore, it prevents the pa-
rameter from changing abruptly.

The final energy function to be minimized is given by

EM)=E,(M)+E,M) . (6

where A is Lagrange-multiplier.

The planar region is tracked by extracting the parameter
M, that minimizes the energy function of equation (6)
using the LM (Levenberg-Marquardt) algorithm. As we
use the robust estimator to model the energy function, the
planar region can be tracked exactly even if occluding
objects exist. The choice of the p-functions results in
different robust estimators, and the robustness of a par-
ticular estimator refers to its insensitivity to outliers. In
this paper, we used a Huber-type skipped means estimator
as shown in Fig 2. This rejects everything which is more
than 5.2 median deviations away from the median and
takes the mean of the remainder, and the second derivative
is always positive, which is a very important property for
incorporating the robust estimator into LM optimization.
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Figure 2. Outlier process of the least squares estimator and
the skipped mean estimator. (a) p -function. (b) The de-

rivative of p -function.

2.2 Segmentation algorithm

Before starting segmentation, the frame images are
aligned to the coordinate of the occluding object as shown
in Fig. 3 (a) through the following procedure; 1) get the
initial mask representing the occluding object through
background subtraction, 2) get the homography of the oc-
cluding object by tracking the region corresponding to the
initial mask, 3) align the frame images using the homo-

graphy.

(b)(c)

Figure 3. Candidate of the occluding region and expected
distribution. (a) Aligned candidate of occluding region. (b)
The distribution of the occluding object region. (c) The
distribution of the non-occluded region.

After all the frames are aligned, the distribution of one
pixel is represented by equation (7) to model the distribu-
tion of Fig. 3 (b), (c) in the aligned image of Fig. 3 (a).

M
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where dj is the observation of the j-th data, ¢; is the
mixing probability of the i-th Gaussian distribution, gz,
O'i2 are the mean and varignce of the i-th Gausgjan dis-

tribution, a:[ozng.., M] , HZ[,uy..., v | »and
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To estimate all parameters in equation (7), the likeli-
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hood function is defined by
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where OE [A@UUOTT, |yees s frees 4 1) I8
the MoG parameter to be estimated, X(=[d,,...,d,]") is
the data observation of one pixel, and K is the number
of frames with occluding objects.

We used the EM (Expectation-Maximization) algorithm
[9] to estimate parameters @,p,X which maximize the
probability of equation (8). Once all the parameters are
estimated, the pixel is classified as the occluding object
through thresholding (7]) with max(e,,...,a,,). The
occluding object is segmented from the planar region by
processing the above procedure for all pixels.

3 Experimental Results

We present the experimental results of our algorithm.
We used 5 as the number of the mixture of Gaussian M
and 0.8 as threshold 7. A SONY digital handicam
LCM-TRVX is used in acquiring the input sequence, and
a Pentium IV 1.8G processor system is used to process the
algorithm.

In Fig. 4, the building signboard was tracked exactly in
the presence occlusion(the black pillar), the black pillar
was segmented from the signboard. Finally, the movie was
naturally inserted into the building signboard.

Figure 4. The building signboard tracking and insertion of
another image. (a) Original image of initial frame. (b) In-
sertion result of synthetic image in initial frame. (c) Input
sequences of frame 100, 160, 320, and 440. (d) Insertion
result of frame 100, 160, 320, and 440.

Fig. 5, the license plate is tracked exactly although the
occluding object (tree region) is relatively large. In addi-
tion, the tree region is segmented from the license plate as
shown in second row in Fig. 5 (c). The same parameter



values are used as in Fig. 4.

Figure 5. The License plate tracking and insertion of an-
other image. (a) Original image of initial frame. (b)
Insertion result of synthetic image in initial frame. (c) In-
put sequences of frame 0, 23, 46, 56, 66, and 72. (d)
Insertion result of frame 0, 23, 46, 56, 66, and 72.

Fig. 6 shows the tracking result when illumination
changes exist, and Fig. 6 (d) shows the result. It showed
that the planar region was tracked robustly as we used the
illumination change parameter.

Figure 6. Insertion result in the presence of illumination
change. (a) Original image of initial frame. (b) Insertion
result of synthetic image in initial frame. (¢) Input se-
quences of frame 120, 126, 132, 139, 146, and 152. (d)
Insertion result of frame 120, 126, 132, 139, 146, and 152.

In these experiments, the planar region was tracked in
the presence of occluding object, and the rigid-occluding
object was segmented from the planar region. Also, we
showed that the tracking method proposed in this research
was robust to the illumination change.
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4 Conclusion

We presented a framework for inserting synthetic im-
ages into a planar region. To estimate parameters robust to
outliers such as misaligned pixels or occluding moving
objects in the overlapping region, we adapted a
skipped mean estimator, and incorporated it with LM
optimization. The occluding object is segmented from the
planar region with MoG (the mixture of Gaussian) model,
and EM (Expectation-Maximization) algorithm is used to
estimate the parameters of MoG. The occluding object was
successfully segmented if the planar region follows a rigid
motion. However, we need to improve our segmentation
algorithm to handle non-rigid occluding objects. In addi-
tion, the computational cost of the segmentation algorithm
is relatively high because our segmentation algorithm is a
post-processing approach that uses all frame images. More
research is required to develop methods to reduce the
computational cost.
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