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Large Disparity Motion Layer Extraction via
Topological Clustering

Yongtao Wang, Junbin Gong, Dazhi Zhang, Chenqiang Gao, Jinwen Tian, and Huanqiang Zeng

Abstract—In this paper, we present a robust and efficient ap-
proach to extract motion layers from a pair of images with large
disparity motion. First, motion models are established as: 1) ini-
tial SIFT matches are obtained and grouped into a set of clus-
ters using our developed topological clustering algorithm; 2) for
each cluster with no less than three matches, an affine transfor-
mation is estimated with least-square solution as tentative motion
model; and 3) the tentative motion models are refined and the in-
valid models are pruned. Then, with the obtained motion models,
a graph cuts based layer assignment algorithm is employed to seg-
ment the scene into several motion layers. Experimental results
demonstrate that our method can successfully segment scenes con-
taining objects with large interframe motion or even with signif-
icant interframe scale and pose changes. Furthermore, compared
with the previous method invented by Wills et al. and its modified
version, our method is much faster and more robust.

Index Terms—Graph cuts, layer-based motion, motion segmen-
tation, topological clustering, wide baseline matching.

I. INTRODUCTION

M OTION segmentation is of broad interest in computer
vision because it can serve various applications such as

video coding [1], [2], content-based video indexing and retrieval
[3], [4], mosaicing [5], [6], tracking [7], 3-D interpretation [8],
[9], and object detection [10]–[12]. Usually, motion segmenta-
tion consists of two major steps: 1) layer estimation, i.e., deter-
mining the number of layers and their motion model parameters;
2) layer assignment, i.e., assigning each pixel in the image pair
or sequence to the corresponding layer and identifying the oc-
cluded pixels.

Early motion segmentation approaches are based upon dense
optical flow [1], [13], [14]. Wang and Adelson [1] use optical
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flow to estimate affine motion models as the layer descriptions
with -means clustering, in which each layer corresponds to a
smooth motion field. Weiss [13] extends this approach to deal
with flexible motion. His model assumes that the image data
are generated by smooth groups and the velocity field of each
group is drawn from a distribution with a regularized radial basis
distribution function. More recently, Vazquez et al. [14] repre-
sent the velocity field by a set of basis functions. In spite of their
success, as pointed out in [11], optical flow based methods are
limited in their ability to handle large interframe motion or ob-
jects with overlapping motion fields.

Another category of motion segmentation approaches are
based upon sparse feature matches [10]–[12], [15]–[17]. Torr
[15] matches interest point features first and then uses the
sparse correspondences to estimate many motion models in an
iterative RANSAC framework. Smith et al. [16] get motion
models by tracking edges between frames using the expecta-
tion–maximization algorithm and then label the regions divided
by the edges in a Markov random field framework. Xiao et al.
[17] detect the robust seed correspondences over a short video
clip and expand the previous seed region using a bipartition
graph cuts algorithm integrated with the level set representa-
tion. They further merge the seed regions into several groups
and estimate the corresponding motion models simultaneously.
Finally, they use a graph cuts framework integrated with an
occlusion order constraint on multiple frames to obtain the
layer segmentation and the occlusions. Wills et al. [10] find the
initial correspondences by comparing vectors of filter outputs
at interest points, and then they estimate a number of tentative
motion models by the first round of RANSAC and further
refine them by the second round of RANSAC. They achieve
a dense and piecewise smooth assignment of pixels to motion
layers using a fast approximate graph cuts algorithm based
upon a Markov random field formulation. The planar motion
segmentation results are further used as an initialization for a
regularized thin plate spline fit to handle the nonplanar motion
problem in their recent work [11]. Kumar et al. [12] present
an approach for learning a layered representation from a video
for motion segmentation. They divide the frame into uniform
patches and estimate the motion of each patch between every
two consecutive frames, and then they cluster the patches
moving rigidly together to obtain rigid components, which are
further used to construct and update their layer representation.

None of the previously mentioned works demonstrates the
ability to perform dense motion segmentation on a pair of im-
ages with large interframe motion except Wills et al. [10], [11].
However, our experiments show that this algorithm [10], [11] is
time-consuming and unstable. In this paper, we present a robust
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and efficient approach to extract motion layers from a pair of im-
ages with discrete motion, which successfully segments scenes
containing objects with large interframe motion or even with
significant interframe scale and pose changes. Our method is
distinct from Wills et al. in the step of layer estimation. First, we
extract and match the “scale invariant feature transform” (SIFT)
[18] features to get initial matches because the SIFT features
perform best in Mikolajczyk and Schmid’s evaluation experi-
ments [19]. Second, the initial SIFT matches are grouped by
using our recently developed topological clustering algorithm
[20]. For each cluster with sufficient number of matches, i.e.,
three matches at least for the affine transformation, a tentative
motion model is estimated using least-square solution. These
tentative motion models are then refined and the invalid models
are pruned. Finally, we segment the scene into several motion
layers by further using Wills et al.’s graph cuts based layer as-
signment algorithm. Experimental results demonstrate that our
proposed algorithm is much faster and more robust than both
Wills et al. [10], [11] and its modified version.

The remainder of the paper is organized as follows. In
Section II, we introduce the topological clustering algorithm to
generate a group of SIFT match clusters. Section III describes
how to use these match clusters to establish a set of affine trans-
formations as the motion models. Section IV briefly reviews
the graph cuts based layer assignment algorithm proposed by
Wills et al. [11]. Section V provides the experimental results
and analysis. The data set and implementation details of the
proposed method are also depicted in this section. Possible
directions for future research are discussed in Section VI.
Finally, Section VII concludes the paper.

II. TOPOLOGICAL CLUSTERING

A. Motivation

For the motion segmentation methods based upon feature
matches, a critical step is how to extract layer description from
the sparse feature matches. It is a so-called chicken-and-egg
problem: if we have known which matches belong to which
layers, we can use the matches of each layer to estimate its
motion model; conversely, if we have known the motion model
of each layer, we can determine which matches belong to
it. Previous works [10]–[12], [15]–[17] focus on the model
coherence (i.e., all the matches of a layer should fit the motion
model of this layer), but the topological property of the layer
is neglected. For example, Fig. 1 shows two SIFT matches
of our experimental image pair “Mex,” in which the circles
represent the interest regions and the plus signs represent the
corresponding interest points. Notice that these two matches
belong to a same motion layer—the signboard with the figure of
a parrot. Furthermore, we can see that the topological relation-
ship is invariant; to be more specific, the two interest regions
in the left image intersect each other, while the relationship of
the corresponding interest regions in the right image remains
the same. In this light, we use the topological relationship
information of the SIFT match pairs to group the initial SIFT
matches into a set of clusters and further use the obtained
clusters to generate a set of tentative motion models.

Fig. 1. Two SIFT matches belong to a motion layer—the signboard with the
figure of a parrot.

B. Topological Clustering

A novel algorithm, called topological clustering is invented
in our recent work [20]. The algorithm can automatically par-
tition a region-match set into a collection of subsets (namely,
match clusters) which are topologically invariant. The strategy
of this algorithm is to connect every pair of region-matches

and that satisfied the following
conditions i) and ii), thus, forming several connected compo-
nents (so-called match clusters). Conditions: i) the topological
relationship between and in the image is preserved by

and in the image ; ii) .
There are four topological relationships between two regions
and as follows, where is the defined topological

relationship function:
“ ” when

“ ”

when

“ ” when

“ ” when

Fig. 2 illustrates all possible kinds of connected region-match
pair

“ ”

“ ”

“ ”

C. Case Study: Topological Clustering for the SIFT Matches

In this work, we extract and match the SIFT features to get
initial matches as introduced in our recent work [20]. A SIFT
feature comprises four components: keypoint location , scale

, local orientation , and local descriptor . Actually, a SIFT
feature can be treated as a circular region of the image with
center and radius , where is the ratio of the radius and the
scale. Therefore, we can determine the topological relationship
between two SIFT regions and :

if

then “ ”

if and

then “ ”

if and

then “ ”

if and

then “ ”
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Fig. 2. Illustration of all possible kinds of connected region–match pairs.

where , and are the location and the scale of the SIFT region
; , and are the location and the scale of the SIFT region
.
The ratio (i.e., ) of the radius and the scale is the parameter

of this topological clustering algorithm. In our previous work
[20], we set corresponding to the radius of the support
region from which the SIFT descriptor is computed. Clearly, if
we decrease the value of the parameter , a cluster may split
into some smaller clusters. In the following section, we use each
cluster with sufficient number of matches to estimate a tentative
motion model. In order to generate as many tentative motion
models as possible, our topological clustering algorithm is exe-
cuted six times with different values of parameter , 2, 3,
4, 5, 6, and all of the obtained clusters with sufficient number
of matches are used to estimate tentative motion models. Fig. 3
illustrates the topological clustering results for the image pair
“Mex” with parameter . In Fig. 3(a), we can see that the
initial matches are irregularly distributed, while in Fig. 3(b) we
can see that the initial matches are regularly clustered.

III. LAYER ESTIMATION VIA TOPOLOGICAL CLUSTERING

A. Tentative Motion Model Estimation

After topological clustering, the initial SIFT matches are
grouped and each group, called a cluster, is more likely to
correspond to a part of a motion layer (see Fig. 3 as an ex-
ample). For each cluster with sufficient number of matches

Fig. 3. Topological clustering results for the image pair “Mex” with the param-
eter � � �. (a) Initial SIFT matches. (b) Match clusters with no less than three
matches, each cluster is bounded by a rectangle.

(for example, three matches at least for estimating the affine
transformation), we can estimate a tentative motion model. The
motion models most currently used are affine transformation
and homography. In our experiments, affine transformation is
chosen as the motion model. The affine transformation of a
point in image to a point in image can be
written as

(1)

where the translation parameters are and , and the affine
rotation, scale, and skew are represented by the parameters ,

, 2, 3, 4. If matches ,
are obtained, we can get a system of linear equations to solve the
affine model parameters from (2)

(2)

This linear system can be further rewritten as

(3)

There are six parameters and each match contributes two linear
equations, so that at least three matches are needed to provide a
solution. If there are three matches or more than three matches,
a least-squares solution for the parameters can be obtained as

(4)

Obviously, we can only get a solution when is invertible,
i.e., .
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B. Refine the Tentative Motion Models

For each tentative motion model, we can find the inliers con-
sistent with this motion model and re-estimate the motion model
parameters from these inliers with (4). This two-step procedure
is iteratively executed until the number of the inliers stops in-
creasing.

A match is an inlier consistent with a mo-
tion model, if , where is the distance mea-
sure of the match fitting the motion model and is a preset
threshold. We use the symmetric transfer error [21] as the dis-
tance measure, that is

(5)

where is the forward prediction in the image , i.e.,

(6)

and is the backward prediction in the image , i.e.,

(7)

C. Models Pruning

After refining the tentative motion models, we get a series of
motion models with the corresponding inliers sets .
However, some models may conflict, i.e., their inliers overlap.
For example, if , , model conflicts with
model . To deal with this problem, steps (a)–(c) are itera-
tively executed until there is no candidate model:

a) select the model with the largest number of inliers ,
as one of the final motion models;

b) check the remaining models , and remove the
inliers overlapping with the model from their inliers
sets, that is , ;

c) re-estimate the remaining motion models , with
the corresponding inliers set , if does not contain
sufficient matches, is pruned. (In our experiments, if

contains less than six matches, is pruned.)

IV. LAYER ASSIGNMENT

When motion models have been estimated from the initial
matches, the motion segmentation problem can be treated as a
labeling problem, i.e., assigning each pixel of the image with
a motion model label. In this paper, we employ the method
proposed by Wills et al. [11], which minimizes the objective
function

(8)

where is the image pair, is the image we want to seg-
ment, is the model label of the pixel in the image ,

represents the corresponding point of in the image
associated with the motion model , is the measure

of similarity between the pixel and the pixel of the neigh-
borhood , is the Kronecker delta, and is the
tradeoff between the data and the smoothness term. A Gaussian
weighted measure of the squared difference between the inten-
sities of pixels and is used

(9)

where is the size of the neighborhood around each pixel. The
graph cuts algorithm proposed by Boykov et al. [22] is used to
optimize the preceding objective function. In order to remove
the occluded pixels, the graph cuts based algorithm runs twice,
the first time is to assign the pixels in the image to the forward
motion field, and the second time is to assign the pixels in the
image to the inverse motion fields relating and . If a point

in the scene occurs in both frames, following relationships
should hold:

(10)

(11)

where is the model label of the pixel in the image
, represents the corresponding point of in the

image associated with the motion model . Based upon
these assumptions, the final assignment is obtained by inter-
secting the forward and backward assignments.

V. EXPERIMENTS AND RESULTS

A. Experiment 1

To evaluate the performance, we compare our method with
Wills et al. [10], [11] and its modified version (in which SIFT
descriptors replace output of filters to form initial matches) on
four large disparity motion image pairs shown in Fig. 4.

The first image pair [Fig. 4(a)] is the first frame and the
31st frame of the standard motion sequence “flower garden,”
in which the tree, flower bed, and row of houses all move
towards the left but at different velocities. The second image
pair [Fig. 4(b)] shows a moving car passing behind a tree as
the camera pans. These two image pairs are also used in the
experiments in [11]. Image pair [Fig. 4(c)] is the first frame and
the 31st frame of the video sequence “Jojic” [12]. This scene
contains two people undergoing different translation in front of
a static background. Many types of objects (such as tree, house,
car, and human) with large interframe motion are contained in
the image pairs [Fig. 4(a)–(c)], while the scale and the pose of
them change slightly. Image pair [Fig. 4(d)] is the wide baseline
image pair “Mex” [23], and we can observe that the signboard
(depicting a parrot), the wall, and the goods inside the window
are all with large scale and pose changes.

The experimental platform we used is MATLAB 7.0 on Win-
dows XP with Pentium IV 2.0GHz CPU and 512 MB memory.
For layer estimation, we set the inlier threshold for the
image pair “flower garden,” “VW,” and “Jojic,” and for
the image pair “Mex.” For layer assignment, we set ,

as suggested in [10], [11]. Each algorithm with the same
parameters runs 10 times. Notice that, Wills et al.’s method and
its modified version use RANSAC to generate tentative models
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Fig. 4. Experimental image pairs. (a) “Flower garden” (352� 240). (b) “VW”
(320� 240. (c) “Jojic” (320� 240). (d) “Mex” (360� 288.

and refine the tentative models, so that the results of these two
methods may be different at each execution.

Figs. 5–8 show the inliers associated with each motion layers
obtained by our layer estimation method for each image pair, re-
spectively. One can see that motion layers of each pair are cor-
rectly extracted. Figs. 9–12 compare our segmentation results
[part (a)], and the best segmentation results [part (b)] of both
Wills et al.’s method and its modified version (the best one of
20 results for each pair). One can see that our results are compa-
rable to the best results of Wills et al.’s method and its modified
version.

To show the efficiency and the robustness of the proposed
method, the average runtime and the number of failures are com-
pared in Tables I and II, respectively. Because the layer assign-
ment algorithm of our method is the same as that of Wills et al.,
for the criterion “average runtime,” we do not calculate the time
that this step consumes.

From the Table I, one can observe that our method is the
fastest one. Compared with Wills et al. and its modified ver-
sion, our method reduces about 99% and 70% runtime, respec-

Fig. 5. Inliers associated with each motion layers obtained by our layer esti-
mation method for the image pair “Flower garden.” (Layer 1) the flower bed.
(Layer 2) row of houses. (Layer 3) the tree.

Fig. 6. Inliers associated with each motion layers obtained by our layer esti-
mation method for the image pair “VW.” (Layer 1) the background. (Layer 2)
the car.

tively. This is due to two factors. First, our feature extraction and
matching scheme are much more efficient. Second, in the step
of layer estimation from the matches, we only need to estimate
a tentative model for each match cluster, but Wills et al. have to
run RANSAC many times, i.e., times.

In the experiment, we find that Wills et al.’s method fails to
extract the correct layers at some executions. Table II reports
the number of failures. For example, only the background layer
is extracted at two executions of 10 for the image pair “Jojic.”
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Fig. 7. Inliers associated with each motion layers obtained by our layer esti-
mation method for the image pair “Jojic.” (Layer 1) the background. (Layer 2)
the man wearing a T-shirt. (Layer 3) the man wearing a white shirt.

The results are extremely bad for the image pair “Mex.” At each
execution of 10, some small layers are extracted and most of
the corresponding segmentations are wrong matches between
the image pair (see Fig. 13). The result of the modified version
is better. However, it still fails to extract the correct layers at
some executions for the image pair “Flower garden,” “Jojic,”
and “Mex.” In Wills et al.’s method and its modified version,
RANSAC is used to generate tentative models and refine the ten-
tative models. As we know, RANSAC is a stochastic algorithm,
so they can not ensure that correct layers are extracted from the
same image pair at each execution. Furthermore, for the image
pair undergoing large scale and pose changes, a large percent of
the initial feature matches are mismatches, so the probability to
get a correct sample for estimating a good model is extremely
low, and this is the reason that both Wills et al.’s method and
its modified version fail for the image pair “Mex” at many ex-
ecutions. In our previous work [20], experiments demonstrate
that clusters with no less than three matches consist of high pre-
cision matches, i.e., more than 70% of the matches are correct.
Only these clusters are used to estimate the tentative models, so
we have high probability to obtain many good models. More-
over, our method is a deterministic algorithm, so it achieves the
same result for the same image pair at each execution. The pre-
ceding experimental results and analysis both demonstrate that
our method is more robust than Wills et al.’s method and its
modified version.

Fig. 8. Inliers associated with each motion layers obtained by our layer esti-
mation method for the image pair “Mex.” (Layer 1) the signboard. (Layer 2) the
wall. (Layer 3) the goods inside the window.

Fig. 9. Segmentation results for the image pair “Flower garden:” (a) result of
our method, (b) the best result of Wills et al.’s method and its modified version.
(Layer 1) the flower bed. (Layer 2) row of houses. (Layer 3) the tree. (Layer 4)
the occluded parts.

B. Experiment 2

Additionally, we test our layer estimation algorithm and
Wills et al. on most of the Hopkins155 database [24]. The
Hopkins155 database consists of 50 video sequences of indoor
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Fig. 10. Segmentation results for the image pair “VW.” (a) Result of our
method. (b) Best result of Wills et al.’s method and its modified version. (Layer
1) background. (Layer 2) car. (Layer 3) occluded parts.

Fig. 11. Segmentation results for the image pair “Jojic.” (a) Result of our
method. (b) Best result of Wills et al.’s method and its modified version. (Layer
1) background. (Layer 2) man wearing a T-shirt. (Layer 3) man wearing a
white shirt.

and outdoors scenes containing two or three motions, and
these video sequences with corresponding ground truth motion
labels of some point trajectories are available at http://www.vi-
sion.jhu.edu/data/hopkins155/. The first and the last frame of
each video sequences are considered as the image pair with
large disparity motion. To verify whether these pairs are suit-
able for our experiment, the following tests are performed for
each sequence:

a) estimate affine transformations with the ground truth mo-
tion labels, that is, for the th motion, use all the point cor-
respondences with the ground truth label “ ” to estimate
an affine transformation according to (4);

b) re-label the point correspondences, that is, assign each
point correspondences to the affine transformation (ob-
tained with the ground truth motion labels) with the least
symmetric transfer error.

Fig. 12. Segmentation results for the image pair “Mex.” (a) Result of our
method. (b) Best result of Wills et al.’s method and its modified version. (Layer
1) signboard. (Layer 2) wall. (Layer 3) goods inside the window.

TABLE I
AVERAGE RUNTIME OF EACH METHOD

TABLE II
COMPARISON OF THE NUMBER OF FAILURES AMONG 10 EXECUTIONS

Because our algorithm uses affine transformations as motion
models, only the pairs with motions that can be modeled with
some affine transformations are suitable for our experiment. We
select this kind of pairs with a criterion “average fitting error”

, which is defined as

(12)

where , are all of the point correspondences
that belong to a motion (with a same ground truth motion label),

is the total number of them, and , are
the distance measures [i.e., the symmetric transfer error (5)] of
each point correspondences fitting the affine transformations ob-
tained with the ground truth label. Obviously, the less the is,
the better this motion can be modeled with an affine transfor-
mation. For an image pair, only if average fitting error of every
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Fig. 13. Bad motion segmentation result for the image pair “Mex” using Wills
et al.’s method at one execution of 10. Twenty motion layers are obtained, but
only the largest three layers are shown.

motions are less than 500 ( ), it would be used in our
experiment.

Besides, similar to Wills et al. [10], [11], our algorithm can
only handle the image pair with motions that are uniquely iden-
tifiable with our chosen motion models. We employ the classi-
fication error [24] as the second criterion to further select the
experimental pairs. The classification error is defined as

(13)

The less the classification error is, the more easily the motions
can be uniquely identified with the chosen motion models.
Therefore, we calculate the classification error for each pair
after the preceding step b), and only the pairs with classification
error less than 5% are used in our experiment. As shown in
Table III, the first and the last frame of 35 videos are selected
out with these two criterions.

The point correspondences of each experimental pair are used
to test our layer estimation algorithm and Wills et al.. Consid-
ering each point as a circular region centered at this point and
with radius pixels, each point correspondence can be treated
as a circular region-match, which is suitable for applying topo-
logical clustering. The topological clustering algorithm is exe-
cuted twice to generate match clusters: one for considering each
point as a circular region with the radius pixels, and
the other for considering each point as a circular region with the
radius pixels. All of the obtained clusters with suffi-
cient number of matches are used to estimate tentative motion
models. For each experimental pair, our layer estimation algo-
rithm and Wills et al. are both tested with the inlier threshold

. The motion models obtained by both algorithms are
further used to classify the point correspondences, that is, as-
sign each point correspondence to the affine transformation with
the least symmetric transfer error. Therefore, the classification

TABLE III
COMPARISON OF OUR LAYER ESTIMATION ALGORITHM AND WILLS et al. ON

MOST OF THE HOPKINS155 DATABASE

error can be employed to evaluate both algorithms as suggested
in [24]. The classification error of each method for each pair is
presented in Table III. Because Wills et al.’s layer estimation
results may vary in different runs, we execute the algorithm on
each pair 100 times and report the minimal and the maximal
classification error. From Table III, one can see that our algo-
rithm performs quite well on each pair. Comparing our algo-
rithm with the Wills et al., we can find that the classification
errors of our algorithm are smaller than the best results of the
Wills et al. The “average runtime” for each pair are also com-
pared in Table III. We can see that our algorithm is much faster
than Wills et al. (about 80% runtime saving). The preceding ex-
perimental results demonstrate, once again, that our method is
more robust and faster than Wills et al.’s method.

VI. DISCUSSION

Motion segmentation consists of two major steps: layer esti-
mation and layer assignment, while, in this paper we focus on
the layer estimation. For layer assignment, how to handle the oc-
clusion between the overlapping layers is an important problem
[17]. For example, please take a close look at the Fig. 11, we
can find that the bottom body of the man wearing a T-shirt in
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the left image and the bottom body of the man wearing a white
shirt in the right image both bleed into the background layer. We
can further see that the parts bleeding into the background layer
are textureless and with similar gray intensities between images.
These parts match the motion model of the background layer
quite well according with (10) and (11). Actually, these parts are
occlusions, but Wills et al.’s layer assignment algorithm fails to
detect and remove them from the layer segmentations. Handling
this kind of occlusions would be one of our further research di-
rections. Moreover, the data term of the objective function [see
(8)] only cumulates the squared difference between the inten-
sities of each pixel in the image and its corresponding pixel
in the image associated with the motion model, so this layer
assignment algorithm may be sensitive to the illumination varia-
tion. Hence, seeking a more robust objective function is another
direction of our further research. Besides, in our layer estima-
tion algorithm, we use the affine transformation as the motion
model, and it may limit our method to the planar motion. How-
ever, if we use the clusters with sufficient matches to estimate
some nonplanar deformations as tentative motion models, our
method may be capable of handling the nonplanar motions. Ex-
tending our method to the nonplanar motion will be an important
part of our future work.

VII. CONCLUSION

Within this paper, a robust and efficient approach is proposed
to extract motion layers from a pair of images with large dis-
parity motion. The proposed method is tested on four image
pairs and good experimental results are achieved, which demon-
strate that our method can extract motion layers from the scenes
containing objects with large interframe motion or even with
significant interframe scale and pose changes. The proposed
method is much faster and more robust in comparison to the pre-
vious method invented by Wills et al. and its modified version.
The layer estimation algorithm of our method and the Wills et
al. are specially tested on the Hopkins155 database, and the ex-
perimental results demonstrate that our method is more robust
and faster than Wills et al.’s method once again.
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