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Abstract. This paper presents a novel block-based moving region de-
tection algorithm to segment objects. The frame is first partitioned into
homogeneous regions. Moving region is then determined by a voting pro-
cedure of pixels within the region. To exploit the local features, we divide
the frame into n×n blocks and perform block analysis for moving object
segmentation. An iterative motion re-estimation technique is developed
to obtain reliable block motion parameters. The block eigen value is used
to measure the block texture. Block location corresponding to the region
partition is also considered as a clue. Based on motion, texture and lo-
cation information, moving regions are classified. Experimental results
show that our approach is robust and achieves remarkable performance.

1 Introduction

Moving object segmentation plays an important role in computer vision. Many
applications, such as video surveillance, video coding, video indexing, etc., ben-
efit from the reliable and robust object segmentation techniques. Many algo-
rithms and techniques have been developed for the object segmentation task in
the past decade. The techniques presented in [1-3] extract moving objects relied
on motion information. However, most physical objects usually exhibit non-rigid
motion and cannot be characterized by a parametric model, thus motion-based
moving object segmentation techniques usually result in a finer partition than
actually requirement.

To incorporate motion and object boundary, region-based segmentation algo-
rithms introduce image partition to obtain accurate segmentation results. Orig-
inal frame is first partitioned into homogeneous regions by image segmentation
algorithms. Moving objects are then segmented by combining the motion infor-
mation and the spatial partition. In [4], the first frame in a sequence is segmented
into homogeneous regions based on pixel intensities. After spatial partition, re-
gions are merged into objects based on the region motion similarity. On the other
hand, human interaction can be introduced to obtain accurate object definition
in the frame partition process. This leads to the semi-automatic object segmen-
tation techniques [5, 6]. To employ the interaction of adjacent regions, Markov
random filed model is adopted to guide object segmentation under the unified
MRF-MAP framework [7-10].
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However, local areas may have variant uncertainty in motion computation.
For example, a very smooth block often fails in motion estimation and may
obtain the false motion parameters. It poses a serious problem in moving ob-
ject segmentation, because smooth foreground region will be miss-classified as
background. To exploit local features of block, we design a block-based moving
region detection algorithm to extract objects. The reference frame is first divided
into nn blocks. Each block is imposed on an affine motion model estimated by
a motion re-estimation scheme. Blocks are then classified into different types
according to the block motion, texture and location information. Pixels within
different types of blocks are assigned with different weights corresponding to the
block types. Consequently moving regions are detected by the weighted pixel
voting process. Moving objects are segmented by combination of the detected
moving regions finally.

2 Block Motion Estimation

The reference image is divided into overlapped 2n × 2n blocks (n = 8 in our
experiments), where adjacent blocks are overlapped with each other by half of
the block size. We adopt the six-parameter affine model as the block motion
model. Suppose a pixel locates in the position (x, y). Under affine motion, the
new location (x′, y′) is computed as

x′ = a1x + a2y + a3

y′ = a4x + a5y + a6, (1)

where a1 to a6 are the motion model parameters. The robust regression for
parametric motion estimation technique is used to estimate motion parameters
[11]. The parameters are estimated by a coarse-to-fine gradient-based method,
and solved by minimization the following error function

ED(a) =
∑

R

ρ((∇I)T u(a) + It, σ), (2)

where σ is a control parameter and R is the image region. The function ρ is the
Geman-McClure norm in the implementation.

Sometimes motion estimation may fail to obtain true motion parameters due
to large image warping, multiple motion, noise, occlusion, aperture problem,
etc. Inaccurate motion estimation leads to unstable segmentation. To tackle the
problem, we design a motion re-estimation technique that uses adjacent block
motion as the parameter initialization in motion estimation. The idea underlying
the approach is that motion parameters among adjacent blocks will have small
difference, and can be used as a good initialization for the cost function min-
imization. From the up left corner of the image, block motion is re-estimated
using the motion parameters of its four neighbor blocks as the initialization.
If the new motion parameters are better than the old, we replace the motion
parameters for the block. This step is repeated until no new motion model is
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assigned to any block. How to define the superior motion parameters is an in-
teresting issue and outside the scope of this paper. We simple use the following
rule to compare two motion models:

a(k) =
{

a(j) if N(a(i), a(j)) > Sb · Th
a(k) otherwise,

(3)

where Sb is block size. N(a(j), a(k)) is the number of pixels whose DFD (dis-
placed frame difference) under the motion parameters a(j) is lower than the
pixel under the motion parameters a(k). Block j is a neighbor block of block k.
Threshold Th is determined by image noise and set to 0.6 in our implementation.

As the block motion is estimated on overlapped 2n × 2n blocks, an n × n
block has four motion models covering the same block. Therefore, we assign the
nn block with an optimal motion model by comparing the four motion mod-
els using Eq. (3). The advantage of the method is that the nn block motion is
induced from larger blocks and reduces the over-fitting effect. Fig. 1 shows the
comparison results between the proposed approach and the traditional block mo-
tion estimation technique without re-estimation. Two differences are computed
between the traditional technique and our approach. The first is the difference
of the average DFD between the corresponding blocks. The second is the differ-
ence of the summed block motion vector difference, which is computed between
the block and its four neighbor blocks. Block motion vector is computed as the
average of pixel-displaced vectors under the block motion. The experiments are
carried out on the 53rd and 54th frame in the Stefan sequence. As shown in
Fig. 1, the proposed approach has lower matching errors and smoother motion
parameter space.

Fig. 1. Comparison between the proposed approach and the traditional block motion
estimation.
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3 Moving Region Detection

Each n×n block has variant motion, texture, and location information. Different
types of blocks may provide different information in moving object segmenta-
tion. Therefore, block different block types provide different information for the
moving region detection.

3.1 Block Motion Classification

According to the motion information, a block can be classified as one of the
four motion types: background block (BB), moving block (MB), outlier block
(OuB), and occlusion block (OcB). Suppose the background motion is well ap-
proximated by the dominant motion, moving block can be classified as outlier
to the background. Let denote the DFD between frame Ik and Ik+1. Under the
hypothesis that only background pixel is at location (x, y), the related difference
dk obeys a zero mean Gaussian distribution

p(dk(x, y)) =
1√

2πσ2
exp[−−dk(x, y)2

2σ2 ], (4)

where variance σ2 is determined by the image noise. From the statistic theory,
there are more than 95% pixels whose DFDs will drop into the close region
[−2σ, +2σ]. Therefore, if a pixel’s DFD is out of the range [−2σ, +2σ], the pixel
can be classified as an outlier. A block can be classified as the moving block,
if the block has sufficient outliers. A moving block is defined as the block that
has more than 20% outliers to the background motion; otherwise, the block is
defined as the background block.

However, occlusion blocks are often classified as moving blocks because pixels
in the occluded blocks have no matched pixels in frame Ik+1. An occluded back-
ground block will be classified as the moving block in the outlier detection. To
tackle the problem, we develop a motion validation scheme to detect occlusion
blocks. As the affine motion model is imposed on each block, we can validate the
estimated block motion and detect outlier blocks to the block motion model. A
moving block that fails in block motion estimation can be classified as an outlier
block. If an outlier block locates on the boundaries of moving regions, the block
is most probable an occlusion block. The outlier block within a moving region
is probably caused by the object-to-object occlusion. Sometimes, the occlusion
block is not outlier block, if the block has very similar texture to adjacent back-
ground. To find this type of occlusion blocks, we develop an overlapping area
detection method. If a moving block and the background are both matched in
the same target area of the frame Ik+1 (the size of target area should be bigger
than a predefined threshold), we compare the two motion models using Eq. (3).
If the background motion model is better than the block motion model, the block
is classified as an occlusion block. The idea underlying the approach is that the
occluded block will partly match a background area in the frame Ik+1 and has
major matching errors.
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3.2 Block Texture and Region Type Classification

Motion parameters for a sufficiently textured block are usually reliably estimated
and thus the block texture can reflect the block reliability in motion estimation.
Shi and Tomasi have proposed the block eigen value to represent the confidence
of motion estimation [12]. Based on block eigen value, we classify blocks into two
types: texture block (TB) and smooth block (SB). A texture block has sufficient
texture and may have reliable motion parameters, while a smooth block may have
false motion parameters. If a block’s eigen value is above a predefined threshold,
the block is classified as a texture block; otherwise it is a smooth block.

The reference frame is partitioned into homogeneous regions by an intensity-
based watershed algorithm. A block locating in different position of a region may
contribute variant information. For example, a smooth block within a region may
provide less information than the block locating on the region boundaries. It is
because region boundaries often suggest object boundary and provide relative
high confidence in moving region detection. If a block has more than 80% pixels
in the same region, the block is classified as an inner block (IB); otherwise the
block is an edge block (EB).

4 Moving Region Detection

Moving objects can be considered to consist of moving regions. Moving region is
determined by the types of blocks covering the region. If a region has majority
of moving blocks, the region is classified as the moving region. However, a re-
gion may have several types of blocks simultaneously. Different types of blocks
contribute different information in moving region classification. To make the
moving region detection computation feasible, we assign each type of block with
a weight. All pixels in a block have the same weight according to the block type.
Consequently, the moving region (MR(k) = 1) is classified by the sum of pixel
weights as the following rule

MR(k) =
{

1 if
∑

j∈R Wj > 0
0 otherwise.

(5)

In our weight assignment scheme, a moving block has positive weight, and a
background block has negative weight. An outlier block has the small positive
weight, while an occlusion block has zero weight. A smooth texture block has a
scaled weight corresponding to the block motion type. If a smooth block is an
inner block, the block weight is assigned to zero. The weight assignment rule is
represented as

Wj =






α · s j ∈ MB
γ j ∈ OuB
0 j ∈ OcB or j ∈ SB
−β · s j ∈ BB.

(6)

where s is the scalar factor between 0 and 1. α, β and γ are constants determined
by the relative weight to each block type.
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Fig. 2. Segmentation process of the proposed algorithm.

5 Experimental Results

The performance of the proposed algorithm was evaluated on several MPEG test
sequences. The first is the Stefan sequence, which exhibits a moving camera and
the man is presenting a non-rigid motion. The second is the ETRI A sequence
that is captured in an outdoor environment with a middle focal length. The two
sequences are both SIF (352 × 240) sequences. The third is the Hall sequence,
which is a typical videoconference sequence with QCF (176 × 144) format. The
sequence displays slow motion over the stationary background.

Fig. 2 illustrates the segmentation process for the Stefan sequence between
50th and 51st frame. Fig. 2 (a) shows the original 51st frame. The result of spatial
region partition is given in Fig. 2 (b). Although there are some fragments, most
homogeneous regions are segmented out by the watershed algorithm and keep
the region boundaries. After block motion type classification, moving blocks
are found as outliers to the background motion. Because the real background
motion cannot be completely approximated by the dominant motion model, some
background blocks are miss-classified as shown in Fig. 2(c). Sometimes, smooth
blocks in foreground region are also miss-classified as background blocks, e.g. the
part of the man’s right leg. The proposed overlapping area validation approach
can successfully detect non-outlier occlusion blocks as displayed in Fig. 2(d).
From Fig. 2(f), it can be clearly seen that our algorithm can efficiently segment
moving objects by the block-based moving region detection approach though
there are many smooth texture blocks in the frame (shown in Fig. 2(e)).

Fig. 3 shows the segmentation results for the Stefan, ETRI A and Hall se-
quence. The segmented objects are displayed in Fig. 3 (c, f, i). Fig. 3 (a-c)
demonstrate the segmentation results between 3rd and 4th frame for the Stefan
sequence. In the scene of the Stefan sequence, background is panning left while
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Fig. 3. Segmentation results of the proposed algorithm.

the man is standing in the center of frame. The spatial partition is performed
on the 3rd frame. From Fig. 3 (c), the body of the man is entirely segmented
from the moving background, but some background pixels are included in the
object mask. It is because the partitioned region has inaccurate boundary and
contains some background pixels. Fig. 3 (d-f) show the segmentation results of
66th and 67th frame for the ETRI A sequence. The two men are moving from
the left to right. The segmented object masks are given in Fig. 3 (f). The third
line of Fig. 3 illustrates the results between 43th and 45th frame for the Hall
sequence. Although a foreground block is miss-classified in the position of the
suitcase (see Fig. 3(h)), the object is successfully segmented as well.

Our algorithm achieves satisfactory results in most cases. A bit of pixels
are miss-classified in the object mask. It is because the spatial region partition
cannot always coincide with the object boundary. From our experiments, the
more accurate the region partition is, and the more precise the segmented results
are. On the other hand, large size regions will have reliable segmentation results.
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6 Conclusions

In this paper, we propose a novel moving object segmentation algorithm based
on the block-based moving region detection. Block motion is reliably estimated
by the proposed motion re-estimation scheme. Moving regions are efficient de-
tected according to the types of blocks by the voting process. Moving objects
are successfully segmented from the detected moving regions. As accurate spa-
tial partition can improve the segmentation precision, future work will focus on
developing more sophisticated spatial partition algorithms.

Acknowledgement. The work is supported by the NEC-JDL sports video
analysis project and the One Hundred Talents Plan of Chinese Academy of
Science.
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