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Abstract-Motion segmentation is a classic and on-going
research topic which is an important pre-stage for many video
processes. The reliability of the motion field calculation directly
determines either success or failure of such segmentation. Due
to the aperture property of optical flow calculation, motion
estimation at moving object boundary remains a challenging
ill-posed problem. In this paper, we propose a reliable optical-
flow estimation method from the view of missing data
reconstruction. Furthermore, to overcome the occlusion
problem at motion boundaries, we apply a motion
segmentation scheme which integrates with spatial
segmentation. Experimental results of proposed method and
other’s are presented.

I. INTRODUCTON

Motion segmentation is the process of categorizing pixels
based on the homogeneities of their motions. It has been
used for, but not limited to, layered representation of video
clips, video object definition to improve compression
efficiency, video surveillance, etc. As an example of
designing an automatic video object detection and
recognition system, knowledge of object shapes, which is
the by-products of motion segmentation, plays an important
role in the object classification or recognition.

During the past decades, extensive research has been
done on motion segmentation. The most classic one would
go to Wang and Adelson’s affine-model based motion field
clustering [1], in which adaptive K-means clustering was
carried out for individual pixels to minimize the squared
distance between the synthesized and estimated flow
vectors. Borshukov et al. [2] combined affine clustering
approach with dominant motion approach of Bergan et al.
[12]. This approach proposed use of residual error over
affine motion model and actual motion as criterion for a
multistage merging procedure. Altunbasak et al. [4] used
region based affine clustering with color information. This
approach yields motion boundaries which match with color
segmentation boundaries. These affine model based
clustering algorithms are computationally less expensive and
give comparable results with other approaches such as
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motion segmentation by Hough transform analysis [5, 6],
MRF modeling [7, 8], mixture modeling [9], simultaneous
motion estimation and segmentation [10], dominant motion
estimation [11, 12, 13], change-detection-mask analysis with
temporal estimation [14,15] and normalized cuts [16].

For the optical flow based motion segmentation, it is
clear that the success of the segmentation is tightly related to
the accuracy of the optical flow estimation, whereas the
latter suffers from errors due to occlusion and the aperture
problem. Occlusion introduces uncertainty of optical flow
calculation and results in possible miscalculation of motion
vectors at motion boundaries. On the other hand, aperture
problem comes from the fact that at each point only one
motion constraint equation is given while two unknowns of
motion vector exit. Due to the aperture problem it is not
possible to calculate correct motion in the regions of image
which are textureless. Failure to obtain correct motion
estimation leads to errors in clustering during motion
segmentation. There is no quantitative method for evaluating
correctness of optical flow estimation. However, based on
the texturedness one can choose pixels for which motion can
be calculated reliably. But such calculation will generate
sparse optical flow for textureless regions. On the other
hand, exact object boundaries can be obtained only if we
have reliably optical flow. This paper proposes methods to
achieve both goals: reliable dense optical flow calculation
and smooth boundary motion segmentation.

The majority of motion segmentation algorithms
mentioned above are based on dense optical flows which are
usually not reliable at motion boundaries because of
occlusion and smoothness constraints. However sparse
optical field based moving object segmentation will lead to
clusters biased towards objects comparing with higher
optical flow density due to the missing information in the
flow field. In this paper, we will propose a motion
segmentation algorithm which is an integration of good
features selection, thus reliable optical flow estimation,
motion vector clustering, and spatial color segmentation to
achieve segmentation with as precise as possible moving
object boundary description.
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This paper is organized as follows. In Section II, good
features are first selected based on texturedness and thus
optical flow is calculated for these selected points. To
overcome the sparseness problem of the optical flow field
produced by good feature selection, in Section III we will
propose a motion vector reconstruction scheme from the
view of missing data evaluation. Section IV will describe an
adaptive K-means procedure used for clustering of motion
vectors. This motion vector clustering processing combines
with spatial segmentation to achieve a smooth and visually
meaningful segmentation result. Finally in Section V we
will present our experimental results comparing to other
researcher’s work, and we will close our paper by
conclusion remarks.

II. GOOD FEATRURES BASED MOTION ESTIMATION

For the current various motion estimation techniques,
they can be categorized as gradient based [24],
correspondence-based, spatiotemporal energy-based [25]
and phase-based methods [3]. Performance of these
techniques is evaluated by Barron et al. [17].

The better performance and presence of high confidence
measures [17] make Lucas-Kanade method [18] a logical
choice for our problem. We use modified Lucas-Kanade
method by Shi and Tomasi [19] which extends pure
translational model to affine model of motion. To select
pixels from image based on the texturedness we use “good
features to track™ criterion discussed in [19]. Good features
are features which satisfy the measurement of appearance
dissimilarity between two frames. Fig. 1 shows the two
original images, and Fig. 2 demonstrates the estimated
optical flow field.

Figure 1. Frames 136 and 137 of Calendar and Mobile
Sequence.

1II. MOTION RECONSTRUCTION

We use a pattern vector X, to represent the n” pixel in an
image

Xo= (i j Vin Vyn) ! (1)

where coordinates (i, , j,) are position and (V,, ,V,,) are

optical flow estimates for the n” pixel. Because of the

texeturedness nature of “good features” selection, as we can

see from Fig. 2, the generated motion field tends to be

sparse. To reconstruct or restore the optical field at a
reasonable degree, we approach this challenge as missing
data problem in pattern recognition [20].

In [21], Dixon described several simple and general
techniques for handling missing data. These techniques
either eliminate part of the data and estimate the missing
values, or compute an estimated value using the distance
criterion.

Figure 2. Optical flow calculated by Lucas-Kanade method.

Elimination of data should be used only when number of
missing values is very small [21]. In the case of sparse
optical flow the number of missing values is significant,
hence elimination of data cannot be used. This means that
running K-means algorithm directly on the sparse field will
produce poor results.

Other technique used is to compute an estimated value
based on the distance criterion. To use this technique, it is
necessary to be able to calculate component of distance [20].
The distance criterion we chose for K-means algorithm is
given by

dnm = (I7xnm “Vin )2 + (I7ynm - Vyn)2 (2)

where (V.. V. )are the optical flow estimates for the n"

pixel if optical flow model of m™" cluster is applied to the
pixel. Calculations of these estimates will be discussed in

section 4. Components of distance criterion are ( Van L =Va)

and( I7ynm -Vm). None of the distance components can be

calculated for sparse optical flow, as V,, and V), are
unavailable. Hence the distance criterion can not be used
here.

Estimation of the missing motion vectors is suggested to
be done using nearest neighbor information. It is a general
observation that pixels belonging to the same spatial
segments tend to have similar motions. The motion field
reconstruction also uses spatial segmentation result which is
a result of Spedge-and-Medge algorithm as shown in Fig. 3
[23]. The special segmentation method Spedge-and-Medge
is an integration of well-known Canny edge detector, edge-
linking for broken edge repair, and split-and-merge. As long
as the spatial segments have few pixels for which optical
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flow values are available, these values can be used to
estimate the unavailable optical flow information.

Motion of individual spatial segments can be represented
using a six parameter affine motion model:

Vxn = (ap,l _l)in +ap,2in +ap,3 (3)

Vyn = ap,4in + (ap,S_l)jn + ap,G (4)

where a,.a,,,...

N give affine motion parameters for p”
spatial segment C,. Solution of these equations can be
obtained using least squares method. But this method is not
robust. We use robust least squares solution [22] to evaluate
the values of affine parameters. Doing this assures that
outliers, if any, are taken care of. After calculating the
motion model, it can be applied to spatial segment and the

missing optical flow can be reconstructed as
V,;n = (ap,l'l) in +ap,2.in +ap,3 (5)

Vin =@pa i, +(a,s-)j, +a,s . 6)

It is possible that for some of the spatial segments have

insufficient or no motion information to build affine motion

model. For real images such regions are smaller in

proportion and tend to be smaller in size. Elimination of data

can be used to deal with such regions. Fig. 4 demonstrates
the reconstructed motion field.
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Figure 3. Color segmentation result obtained from spedge-
and-medge.

IV. CLUSTERING

Once the optical field is reconstructed, we apply an
iterative spatial segmentation based K-means clustering for
the motion segmentation. The parameters of the K affine
motion models 4;, 4, ..., A g are estimated by minimizing

DD Ve, V') + Wy, V') @)

p neC,
where

I7xnm = (am,l - l)ln +am,2jn + am,3 (8)

Vynm = am,4in + (am,S_l)jn + am,6 (9)
are estimated motion vectors and m is the labeling of motion
segment for each pixel. m can take values from the set {1, 2
....K}. Solution to this problem can be achieved using the

region based affine clustering procedure proposed by
Altunbasak et al. [4].

V. EXPERIMENTAL RESULTS AND CONCLUSIONS

Motion segmentation approach discussed in this paper
was implemented and tested for variety of sequences.
Hierarchical implementation of Lucas-Kanade algorithm
with three levels of hierarchy was used to calculate the
optical flow of the image. Optical flow was calculated at
feature points selected by “Good features to track
algorithm”. Images were then segmented using spedge-and-
medge color image segmentation algorithm [23]. For sparse
individual color regions with optical flow density above a
threshold, the motion fields were reconstructed by the
proposed method. The reconstructed optical flow later was
used for carrying out K-means procedure in which robust
least square method was used for the clustering. Fig. 5
shows the segmentation result by the proposed method,
while Fig. 6 shows the result by Altunbasak et al. [4].

Figure 4. Dense optical field reconstructed by proposed
method.

Motion segmentation is a classic and on-going research
topic which is an important pre-stage for many video
processes. In this paper we proposed a reliable motion field
reconstruction method to the further generating of motion
segmentation. The idea of sparse optical flow reconstruction
by missing data evaluation is innovative and new.
Furthermore, to achieve a smooth motion boundary, the
temporal segmentation is carried out by assimilating the
homogeneity of spatial region information.
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Figure 5. Motion segmentation results by the proposed
method.

Figure 6. Motion segmentation results by Altunbasak et al. [4]
method.
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