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COARSE-TO-FINE VIDEO OBJECT SEGMENTATION  
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視訊物件分割常被視一種圖的標記問題。本篇論文

中，我們採用階層式的機制，從低解析度到高解析度循序

以最大事後機率 (MAP) 的方法，將最佳的標記指定給視

訊中的每一個分水嶺區域。我們的方法分為兩個階段：(1)
預備處理階段以及 (2) 標記階段。在預備處理階段中，我

們先將視訊中的每一張影像分割成不同解析度的分水嶺

區域，然後估算每一個分水嶺區域的移動向量。利用估算

出的移動向量，接著對每一階層中所有分水嶺區域建立一

個空間時間區域相鄰圖 (ST-RAG)，每一個空間時間區域

相鄰圖中的節點，都代表一個分水嶺區域，當兩個分水嶺

區域是時間或空間上的鄰居時，他們所對應的節點間，就

會有一個邊將他們連結起來。在標記階段中，最大事後機

率的標記程序會由最低解析度的空間時間區域相鄰圖開

始，並延伸至高解析度。我們用高斯分佈來表示最大事後

機率的觀察項，此一高斯分佈的機率則統計其相接鄰的分

水嶺區域之運動向量而得到。最大事後機率的事前資訊項

則是以馬可夫自由場來表示。我們的實驗顯示本論文的方

法可以有效且精確地得到良好的分割結果。 

 視訊物件、影像分割、貝氏法、馬可夫隨機場、

分水嶺演算法。 

 
 
 

Abstract 

In this paper, we formulate video object segmentation 
as a graph-labeling problem and solve it with the MAP 
approach through a coarse-to-fine scheme based on multi-   
scale watershed segmentation.  Our method is divided into 
two stages: the preprocessing stage and the labeling stage.  
In the preprocessing stage, we first partition each image 
frame into a set of multi-scale watershed regions and then 
estimate the motion vectors for each watershed region. 
Next, based on the estimated motion vectors, all the 
watershed regions at each resolution scale are used to build 
one Spatio-Temporal Region Adjacency Graph (ST-RAG), 
one for each resolution scale.  Here, each node of a 
ST-RAG corresponds to one and only one watershed region, 
and two nodes are connected by an edge if their 
corresponding regions are either spatial or temporal 
neighbors.  In the labeling stage, the MAP labeling 
process starts from the ST-RAG of the coarsest scale, and 
gradually proceeds to the finer scale.  The observation 
term is modeled as a Gaussian distribution, learned from 
the estimated motion vectors of neighboring regions, and 
the prior term modeled as a Markov random field with 
some skillfully designed potential.  Our experiments 
showed that the proposed method could efficiently produce 
accurate results of video object segmentation. 

Keywords: video object, image segmentation, Bayesian 
approach, Markov random field, watershed 
algorithm. 
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1.  INTRODUCTION 

Video object is an important primitive in MPEG-4 
standard, and can provide more flexible manipulations.  
For example, video objects extracted from different 
video sources can be synthesized into one new video 
signal. Another application of video objects is in 
augmented reality, where the augmented video objects 
serve as dynamic textures or active components in a 
virtual world for enhancing user perception.  

Many methods have been proposed for video object 
segmentation.  Among them, some are unsupervised 
[1~4].  However, unsupervised methods may not be 
able to always extract the exact video object as desired. 
To solve this problem, some researchers propose 
semi-automatic methods by allowing user interaction to 
guide the segmentation [1,5~8].  For example, the 
method proposed in [8] use modified Intelligent Scissors 
to segment an initial frame and apply automatic tracking 
to extract the video object in the subsequent frames.  
This is a typical “initial single-frame segmentation + 
tracking” method.  While this type of method is quite 
popular, most researchers use only local temporal 
information to track the video object frame by frame.  
Therefore, the quality of segmentation result strongly 
relies on the success of frame-by-frame tracking, which 
can fail occasionally due to poor image data. 

Instead of tracking the video object frame by frame, 
we formulate video object segmentation as a graph-   
labeling problem, and find the globally optimal solution 
by using the maximum a posteriori probability (MAP) 
approach.  The work most related to ours is the one 
done by Patras, et al. [2].  They first partition each 
image frame into a set of watershed regions (WRs) and 
build a spatial region adjacency graph (S-RAG) based 
on these WRs, and then find the optimal labeling by 
using the MAP approach, frame by frame. By contrast, 
we first partition each image frame into a set of 
multi-scale watershed regions (MSWRs) and then utilize 
the motion information of MSWRs to build a 
spatio-temporal region adjacency graph (ST-RAG), one 
for each scale. Here, each node of a ST-RAG 
corresponds to one and only one watershed region, and 
two nodes are connected by an edge if their 
corresponding regions are either spatial or temporal 
neighbors.  Our method has two major contributions.  
First, we use ST-RAGs (instead of using S-RAGs) to 
achieve the globally optimal labeling, with which we 
can consider the labeling of WRs in all frames 
simultaneously.  Second, by adopting the coarse-to-    
fine scheme, we can reduce the computational time for 
MAP labeling.  

As shown in Fig. 1, our method consists of two 
stages: the preprocessing stage and the labeling stage.  
The preprocessing stage includes three operations: (i) 
constructing MSWRs; (ii) estimating motion vectors of 
every MSWR; (iii) building a set of ST-RAGs from the 
coarsest scale to the finest scale. We will describe the 
preprocessing stage in more details in Section 2.  In the 
labeling stage, the MAP labeling process starts from the 
ST-RAG of the coarsest scale, and gradually proceeds to 
the finer scale.  Here we introduce an “uncertain 
region” label that indicates, up to the current scale, a 
region can neither be classified into the desired video 
object nor into the background, and hence needs to be 
determined at a finer scale.  We will describe the initial 
labeling of the ST-RAG in Section 3 and our method for 
MAP labeling in Section 4.  At the finest scale, if the 
segmented result produced by MAP labeling is not 
consistent with user’s expectations, the user can adjust 
the segmentation result in one or more frames and 
restart the process of MAP labeling to propagate the 
modified result to all frames.  Here, user adjustment 
can be performed by using any interactive segmentation 
method, and in our current implementation we adopt a 
modified intelligent scissors [9].  In this paper, we 
show some experimental results in Section 5, and give a 
conclusion in Section 6.  

 

Fig. 1 Workflow of the proposed video object 
segmentation method 
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2.  PREPROCESSING STAGE 

In this stage, we first partition each frame in a 
video sequence into a set of multi-scale watershed 
regions by using the watershed segmentation algorithm.  
Next, we estimate the motion vectors of each watershed 
region using WR-based template matching.  The 
estimated motion vectors will be used to construct 
ST-RAGs in Section 2.3 and be used as observation 
features in the labeling stage. 

2.1 Construction of Multi-Scale Watershed 
Regions 

An image can be partitioned into a set of regions by 
using the watershed segmentation algorithm [10].  
However, the basic watershed algorithm tends to 
produce over-segmentation due to noise or local 
irregularities in the gradient image.  Since overly 
segmented regions may not be reliable enough for 
motion estimation in the next step, we apply geodesic 
reconstruction to alleviate the over-segmentation 
problem [11].  Noticing that a watershed region at a 
coarser scale is obtained by merging some watershed 
regions at a finer scale, we can easily build a multi-scale 
structure from the finest scale to the coarsest scale. 

2.2 MSWR-Based Motion Estimation 

For every watershed region, we use the template- 
matching algorithm to estimate its motion vector.  That 
is, we estimate the motion vector by minimizing the sum 
of absolute difference (SAD) between the template and 
the target.  Here, the template window for motion 
estimation is determined by the dilation of the watershed 
region. The dilation uses a unit circle as its kernel.  We 
use the sum of the gradient magnitude of all pixels 
within the template window to determine whether the 
template window is large enough.  If the sum is smaller 
than a threshold, the template window is dilated by unit 
circle.  This process is repeated until the sum is larger 
than the threshold.  

If the average absolute difference (i.e., the SAD 
divided by the number of pixels in the template window) 
of the target region is too large, the motion vector may 
be inaccurate and should not be used.  This information 
of inaccuracy will be stored in the node corresponding 
to the WR when constructing ST-RAGs, which will be 
described in the next subsection.  Notice that both 
forward motion vector and backward motion vector 
need to be estimated for each WR, except for the 
boundary frames, because motion vectors of both 
directions will be used in our method. 

2.3 Construction of ST-RAGs 

Let G = (V, E) be a ST-RAG at a certain scale, 
where V is the set of the nodes corresponding to 
watershed regions, and E is the set of edges connecting 
either the spatial neighbors or the temporal neighbors.  
Here, two regions are considered to be spatial neighbors 
only if they are in the same frame and share a common 
boundary, while two regions are temporal neighbors 
only if they are in adjacent frames and become 
overlapped after projection with the corresponding 
motion vector.  Figure 2 shows an example of two 
ST-RAGs constructed at two different scales.  Each 
node of the graph has two flags: the flag 
“ReliableMotion” and the flag “Fixed”.  The flag 
“ReliableMotion” is set to be true only if the region has 
a reliable estimate of motion vector.  This information 
will be used in MAP labeling, as described in Section 4.  
The flag “Fixed” is set to be true (either via initial 
labeling or via user adjustment) only if the region’s 
label is not allowed to be changed afterwards during 
performing MAP labeling. 

 

Fig. 2 An example of two ST-RAGs at two 
different scales 

3.  INITIAL LABELING 

After preprocessing, the labeling stage starts with 
initial labeling of the graph.  The label field K is 
defined as the following:  

 K = { “F”, “B”, “U” } , 

where “F”, “B”, “U” represent foreground region, 
background region, and uncertain region, respectively.  

Coarser
Scale

Finer
Scale
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A region is labeled as uncertain if, at the present time, 
the region cannot be decided either as a foreground 
region or as a background region.  The initial labels of 
the ST-RAG at the coarsest scale can be obtained by 
label propagation from key frames, as described in 
Section 3.1.  The initial labels of ST-RAGs at the finer 
scale are obtained by label propagation from the coarser 
scale, which will be described in Section 3.2.  

3.1 Label Propagation from Key Frames 

The initial label of the ST-RAG can be obtained by 
using segmentation results of a set of key frames, which 
can be generated either by an automatic video object 
segmentation algorithm [1] or by an interactive tool for 
single image segmentation [9] that is an extension of 
intelligent scissors [12].  After initial segmentation, all 
regions in the key frames are labeled to be “F ”, “B”, or 
“U ”.  If a region is labeled to be either “F ” or “B”, we 
set its flag “Fixed” to be true.  If we use the automatic 
video object segmentation algorithm [1], all frames will 
be key frames and will have initial labeling.  If we use 
the modified intelligent scissors to segment only a 
couple of key frames, the unlabeled regions in the 
remaining frames can be labeled by “label propagation 
from the key frames”.  

In order to determine the initial label of an 
unlabeled region, we define two variables lb and lf , 
where lb denotes the initial label propagated from the 
nearest antecedent key frame and lf denotes the initial 
label propagated from the nearest subsequent key frame.  
To determine lb, we successively project all the pixels in 
the unlabeled region to the nearest antecedent key frame 
by using backward motion vectors.  If most of the 
projected pixels are located at the regions labeled as 
“F ” or “B”, we set lb to be “F ” or ”B”.  Otherwise, we 
set lb to be “U ”. Here, “most” means the number of 
projected pixels having label “F ” or “B” is larger than a 
threshold.  Figure 3 shows an example of determining 
lb while frame t-1 is an antecedent key frame of frame t. 
To determine lf , we apply the same process of 
determining lb except that we project the pixels using 
forward motion vectors instead of using backward 
motion vectors.  Once lb and lf are determined, we set 
the initial label of the unlabeled region based on the 
values of lb and lf according to Table 1.  

3.2 Label Propagation from Coarser Level 

When the labeling procedure enters a finer scale 
from a coarser scale, the initial label of the ST-RAG at 
the finer scale can be determined by propagating labels 
from the coarser scale to save processing time.  For 
example, if a watershed region is labeled as “F ” and 
then splits into three smaller regions at the finer scale,  

 

Fig. 3 An example of label propagation from 
the nearest antecedent key frame 

Table 1 The value for initial labeling based on 
different values of lb and lf 

lb  lf F U B 

F F F U 

U F U B 

B U B B 
 

the corresponding nodes of these smaller regions will be 
still labeled as “F ” and their flag “Fixed” set to be true.  
That is, a node labeled as “F ” or “B” at the coarser scale 
cannot be changed during the MAP labeling process at 
the finer scale, unless purposely adjusted by the user. 

4.  MAP LABELING 

After initial labeling, we find the optimal labeling 
of the ST-RAG by using maximum a posteriori 
probability (MAP) approach. Using Bayes rule, we 
have:  

( | ) ( | ) ( )m ax m ax
L L

P L M P M L P L∝  

where M = {mi | i∈V } is the observed motion features, 
and L = {li | li∈K, i∈V} is a label field on the graph.  In 
this paper, we model the observation term by a Gaussian 
distribution and the prior term by a Markov random 
field (MRF).  

4.1 Observation Term: Gaussian Model 

Since the motion for each watershed region has 
been estimated, we can compute the observation term 
for each region by utilizing the motion information.  If 
the motion of a region is reliable (flag “ReliableMotion” 
is true), we can compute its observation term by first 
modeling the neighboring regions’ motion with a 
Gaussian distribution and then evaluating the probability 
of its motion vector in the distribution.  If the motion 
of a region is not reliable (i.e., flag “ReliableMotion” is 
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false), we simply ignore the observation term and 
completely rely on the prior term.  Note that if one 
region has both backward and forward motion vector, 
we will construct two Gaussian distributions for both 
directions and get two probabilities according to its 
motion vectors.  Furthermore, the observation term of 
the region is equivalent to the multiplication of the two 
probabilities.  In order to estimate the Gaussian 
distribution for a given region i, we need to determine 
its neighboring regions.  In our implementation, we 
apply the breath-first-search algorithm on the ST-RAG, 
starting from node i, in order to find a fixed number of 
neighbors (currently fixed to 30) with the same label as 
region i. To estimate the distribution more robustly, we 
weight the contribution of each chosen neighboring 
regions according to its area and the region-distance.  
The region-distance is the number of edges on the 
shortest path from node i to the chosen neighboring 
node.  

If the region i is labeled as “F ” or “B”, the mean 
and the covariance of the Gaussian distribution can be 
estimated by Eq. (1).  For each region, we should 
compute the probability of every possible label and 
determine which label has the maximum probability.  
As mentioned in Section 3, if a region is set to “U ” it 
means the motion information cannot reliably determine 
the label of this region at this moment. In this case, we 
model the conditional probability by using a uniform 
distribution.  
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In summary, we use Eq. (2) to evaluate the 
observation term.  Here, KA and KB are the 
normalization factors for label “F ” and “B”, and are 
dependent on their covariance.  Ku is a user-adjustable 
factor for controlling the probability of occurrence of 
uncertain regions. 
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  (2) 

where { }i iL L l= −  and KF, KB and KU are 

normalization factors for label “F ”, “B” and “U”. 

4.2  Prior Term: MRF Model 

We use a Markov random field defined on watershed 
regions to model the prior term as the following:  

1 ( )
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=   (3) 
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normalization constant, T is the temperature that is 
proportional to the current scale.  That is, the 
temperature is higher at coarser scale. U(L) is the energy 
function which is the sum of clique potentials over all 
possible cliques C.  For simplicity, we only use 2-   
cliques to define the energy function.  Note that Z is a 
constant across all possible configurations, so there is no 
need to compute the value of Z.  

Before defining our energy function, we first define 
similarity measures for two regions that are either 
spatially neighbors or temporally neighbors. Consider 
Fig. 4(a), we define spatial similarity measure (Ss) for 
two regions a and b by Eq. (4). 
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where δ is the factor for weighting the difference 
between motion vectors; a and b denote the two 
watershed regions that are spatial neighbors; la,b is the 
length of the arc between a and b; ci is the length of the 
contour of region i, i = a, b; and vi is the motion vector 
of region i, i = a, b.  
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Consider Fig. 4(b).  The temporal similarity 
measure (St) for two regions x and y is defined by Eq. 
(5):  

, ,max ,
Area Area

x y x y
t

x y

r r
S

⎛ ⎞
= ⎜ ⎟⎜ ⎟

⎝ ⎠
  (5) 

where x and y denote two watershed regions that are 
temporal neighbors; rx,y is the overlapping area of x and 
y; and Areai is the area of region i, i = x, y. 

Based on the spatial and temporal similarity 
measures, Eqs. (6) and (7) define the prior energy 
functions for two regions i and j that are either spatial 
neighbors or temporal neighbors, respectively.  
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ka: factor for “U ” labels 
k1: normalization factor 
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kb: factor for “U” labels 
k2: normalization factor 

Note that the value of the spatial similarity measure 
ranges between –1 and 1, and the value of the temporal 
similarity measure ranges between 0 and 1.  For both 
measures, two similar regions have a larger value, and 
two dissimilar regions have a smaller value.  A 
similarity value close to zero implies that it is not clear 
whether the two regions are similar or dissimilar.  

The potential function should have a large negative 
value if the labeling for the two regions agrees with their 
similarity measure.  In the contrary situation, the 
potential function should have a large positive value. 
For example, if two regions are both labeled as “F ” and 
the similarity measure between them is large, the 
potential will be assigned a large negative value.  If the 
similarity measure is close to zero, the potential function 
should have a relatively large negative value for 
uncertainty labeling.  Figure 5 shows the potential 
functions for different combination of the value of li and 
lj. To find the configuration of labeling by maximizing a 

posteriori probability, we use the modified ICM 
(Iterative Conditional Modes) algorithm [13]. 

 
(a) 

 
(b) 

Fig. 4 Illustration for defining the similarity 
measures of two regions that are (a) the 
spatial neighborhoods and (b) the 
temporal neighborhoods 

 

Fig. 5  The clique potential function 

5.  EXPERIMENTAL RESULTS 

In this section, we show some results obtained by 
using the proposed method for video object 
segmentation.  We choose three of the MPEG-4 
validation sequences (the “Akiyo”, the “Foreman” and 
the “Bream”) to demonstrate our method. 

3 
3
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1 2 
1 2 
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Figure 6 shows an example of multi-scale 
watershed regions obtained by using different scaling 
parameters.  Figure 6(a) is the first frame of the 
“Akiyo” sequence.  Figures 6(b), 6(c), and 6(d) show 
the watershed regions generated at a coarser scale, a 
middle scale, and a finer scale, respectively.  

Figure 7 shows the segmentation result of the 
“Akiyo” sequence. Figure 7(a) shows the original  

       
   (a) Original image      (b) WSs at a coarser scale 

       
(c) WSs at a middle scale    (d) WSs at a finer scale 

Fig. 6 An example of multi-scale watershed 
regions 

 
frame 30          frame 60        rame 90 

 
frame 120       frame 150       frame 180 

(a) Original images 

 
frame 30         frame 60         frame 90 

 
frame 120        frame 150        frame 180 

(b) Segmentation results 

Fig. 7 Segmentation results of the “Akiyo” 
sequence without any user adjustment 

images of frame 30, 60, 90, 120, 150, and 180, and 7(b) 
shows the segmentation results corresponding to these 
original images.  By using the proposed method, the 
obtained result looks very good even without any user 
adjustment, as shown in Fig. 7. 

Figure 8 shows the segmentation result of the 
“Foreman” sequence. Figure 8(a) shows the original 
images of frame 30, 60, 90, 120, 150, and 180, and 8(b) 
shows the segmentation results corresponding to these 
original images.  It is harder to automatically extract 
the foreground object from the “Foreman” sequence, 
because the difference in color between the foreman’s 
helmet and the wall of building is small. Hence, some 
minor interactive adjustment was required for achieving 
a better result, which is shown in Fig. 8(b). 

Figure 9 shows the segmentation results of the 
“Bream” sequence. It is difficult to separate the tail of 
the fish from the background, because the fish tail is 
somewhat transparent.  Figure 9(a) shows the original 
images of frame 30, 60, 90, 120, 150, and 180, and 9(b) 
shows the segmentation result generated by the 
proposed method with some minor user adjustment. 

 
frame 30         frame 60         frame 90 

 
frame 120        frame 150       frame 180 

(a) Original images 

 
frame 30         frame 60         frame 90 

 
frame 120        frame 150       frame 180 

(b) Segmentation results 

Fig. 8 An example of segmentation result of the 
“Foreman” sequence 
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frame 30        frame 60         frame 90 

 
frame 120       frame 150        frame 180 

(a) Original images 

 
frame 30         frame 60         frame 90 

 
frame 120        frame 150        frame 180 

(b) Segmentation results 

Fig. 9 Segmentation result of the “Bream” 
sequence 

6.  CONCLUSION 

In this paper, we formulate video object 
segmentation as a graph-labeling problem and solve it 
with the MAP approach through a coarse-to-fine scheme.  
Based on multi-scale watershed regions and their 
bi-directional motion estimates, we build one ST-RAG 
for each scale. Once the ST-RAG is constructed, the 
MAP approach is used to label each watershed region as 
foreground region, background region, or uncertain 
region.  The method proposed in this paper has two 
major contributions. First, we introduce a new 
presentation, the ST-RAG, to globally model the spatial 
and temporal relationship between watershed regions, 
and then use it to achieve the globally optimal labeling.  
Second, by adopting the coarse-to-fine scheme, we can 
greatly reduce the computational time required for MAP 
labeling.  Our experimental results have shown that the 
proposed method could efficiently produce accurate 
results of video object segmentation. 
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