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Abstract. The performance of clustering based motion segmentation
methods depends on the dimension of the subspace where the point tra-
jectories are projected. This paper presents a strategy for estimating
the best subspace dimension using a novel clustering error measure. For
each obtained segmentation, the proposed measure estimates the aver-
age least square error between the point trajectories and synthetic tra-
jectories generated based on the motion models from the segmentation.
The second contribution of this paper is the use of the velocity vector
instead of the traditional trajectory vector for segmentation. The eval-
uation on the Hopkins 155 video benchmark database shows that the
proposed method is competitive with current state-of-the-art methods
both in terms of overall performance and computational speed.

1 Introduction

The task of motion segmentation is to label a set of tracked feature points from
several moving objects into different groups based on their motions. This is an
important step in many computer vision problems, such as robotics, inspection,
video surveillance, etc. Motion segmentation has been studied mostly in the case
of the affine camera model, under which the vectors of feature points from each
rigid motion lie in a subspace of dimension four or less [1], thus the motion seg-
mentation problem can be posed as a subspace separation problem. The main
difficulty in subspace separation is that it is usually hard to determine the num-
ber of subspaces and their dimension. For example, tracked feature points from
a static background might lie on a 2-dimensional subspace, while points from
other motions might lie on subspaces of dimension 3 or 4. Moreover, practical
motion scenes usually exhibit partially dependent motions, such as when two
objects have the same rotational but different translational motion relative to
the camera [2], or for articulated motions [3].

Many methods [4], [5], [6], [7], [8] project the feature trajectories onto a
smaller dimensional space and perform clustering on the projected points. This
approach not only provides computational advantages, but also imposes some
sort of a spatial prior on the point trajectories.

Unlike earlier attempts to find a best projection dimension for subspace sepa-
ration, this paper proposes to perform subspace separation for all possible dimen-
sions. Based on this idea, this paper proposes a motion segmentation approach
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which performs spectral clustering in many dimensions, and then carefully selects
the result with the best separability using a novel clustering error measure.
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Fig. 1: Illustration of the process of selection of the best result after perform-
ing spectral clustering in spaces of dimensions in the range [dmin, dmax]. The
selection is based on a clustering error measure described in Section 3.4.

Related Work. Early works of multiframe 3-D motion segmentation
based on matrix factorization [9], [10] find the segmentation by threshold-
ing the entries of a similarity matrix built from the factorization of the ma-
trix of data points. However, the thresholding process is very sensitive to noise
and such methods are only provably correct when the subspaces are indepen-
dent. The Generalized Principal Component Analysis (GPCA) [7] is an algebraic
method for subspace separation which could deal with dependent motions, but
it is not robust to data contaminated by outliers and noise. Some statistical
methods, such as Agglomerative Lossy Compression (ALC) [6], RANSAC [11],
Multi-Stage Learning (MSL) [2], etc, can handle noise in the data, but their
assumptions about the distribution of the noise are not optimal. In recent years,
spectral clustering has become a widely used method in motion segmentation.
Based on the fact that a point and its k-nearest neighbors (k-NNs) often belong
to the same subspace, Local Subspace Affinity (LSA) [8], Spectral Local Best-fit
Flats (SLBF) [12], Locally Linear Manifold Clustering (LLMC) [13] use the an-
gle or distance between a point and the subspace fitted through the point and
its k-NNs to construct the affinity measure for spectral clustering. However, the
neighbors of a point could belong to different spaces, especially when close to
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the intersection of two subspaces. Also, the selected neighbors may not span the
underlying subspace. The spectral clustering (SC) method [5], which uses the an-
gular information between trajectories as affinity, is simple and efficient, but its
criterion to select the best subspace dimension is noise-sensitive. More recently,
some approaches such as Spectral Curvature Clustering (SCC) [14], Sparse Sub-
space Clustering (SSC) [4], and Low-Rank Representation (LRR) [15], use the
so-called sparsity information as the affinity measure. Optimization is always
involved in these methods, which makes them computationally expensive.

Our Contributions. In this work, we provide two main contributions.
First, we use the velocity vector as a preprocessing step to reduce the influence
of the errors accumulated during feature point tracking. This step proves to
be very important for improving performance. Second, we present a method
for estimating the optimal projection dimension for spectral clustering. We use
the angular information between the points proposed in SC [5] to build the
affinity matrix. Compared to the SC algorithm, the proposed method presents
a different strategy for selecting the best subspace dimension. The SC finds the
best dimension before performing the spectral clustering, and the dimension is
determined by the so called relative gap which is related to the eigenvalues of a
Lapacian matrix L . However, when the noise level is large, the relative gap is not
very effective. Instead, our method performs spectral clustering after projecting
to each of the possible dimensions in a range [dmin, dmax], and then selects
the best result based on a novel clustering error measure. The advantage of the
proposed strategy is that the performance is much more robust to data corrupted
by noise. Moreover, the complexity of the resulting algorithm remains low as long
as the number of motions is small. When applied to the motion segmentation
data from the Hopkins155 database [16], the proposed method is competitive
with the current state-of-the-art methods both in terms of segmentation accuracy
and computational speed.

2 Mathematical Background

Recent works on motion segmentation [5], [14], [4], [15] usually considered
the affine camera model. The affine camera model assumes an affine projection
model, which generalizes orthographic, weak-perspective and paraperspective
projection. Under the affine camera model, a point on the image plane (x, y) is
related to the real world point (X,Y, Z) by

[
x
y

]
= K

1 0 0 0
0 1 0 0
0 0 0 1

[ R t
0T 1

]
︸ ︷︷ ︸

A∈R2×4


X
Y
Z
1

 , (1)

where A is the affine motion matrix, which is determined by the camera cali-
bration matrix K ∈ R2×3 and the relative orientation of the image plane with
respect to the world coordinates (R, t) ∈ SE(3).
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Let t = (x1, y1, x2, y2, . . . , xF , yF )T be a trajectory of a tracked feature point
in F frames. Given P trajectories undergoing the same rigid motion, the mea-
surement matrix W = [t1, t2, . . . , tP ] is constructed. From equation (1), W can be
decomposed into a motion matrix M ∈ R2F×4 and a structure matrix S ∈ R4×P

as

W = MS
x11 x12 · · · x1P
y11 y12 · · · y1P
...

...
. . .

...
xF1 xF2 · · · xFP
yF1 yF2 · · · yFP

 =

 A
1

...
AF



X1 · · · XP

Y1 · · · YP
Z1 · · · ZP
1 · · · 1

 .

where Af is the affine motion matrix at frame f . It implies that rank(W ) ≤ 4. In
other words, under the affine camera model, the 2-D trajectories of a set of 3-D
points from a rigidly moving object reside in a subspace of dimension at most 4.
Also, it is worth noting that the rows of each Af involve linear combinations of
the first two rows of the rotation matrix Rf , hence rank(W ) ≥ rank(Af ) = 2.

Additionally, the entries of the last row of the structure matrix S are iden-
tically 1. It is easy to derive the orthographic camera model [1]. Define the
registered trajectories as

t̃i = ti −
∑P
i=1 ti
P

,

then the registered measurement matrix

W̃ = [t̃1, t̃2, . . . , t̃P ] (2)

is at most rank 3. This means that the trajectories are in a 3-D affine subspace
within the 4-D space.

3 Motion Segmentation by Spectral Clustering

This paper only focuses on the problem of segmentation of tracked feature point
trajectories. The goal is to find labels for all trajectories, to group them according
to their corresponding motions. Also, we assume that the number of different
motions is already known.

3.1 Noise Reduction using Velocity Vectors

Methods for reducing the noise level in the trajectory data is an area that did
not receive enough attention in previous work. Noise is an inevitable by-product
of feature tracking. Tracking errors are introduced with each new frame, due to
factors such as aliasing, non-constant brightness, lack of texture, occlusion, and
so on. These errors tend to accumulate and the total tracking error tends to
grow as the number of frames increases.
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In order to reduce the effect of the accumulated error in the motion seg-
mentation, we use the velocity vector to characterize the trajectories, which is
defined by

[x1 − x2, y1 − y2, . . . xF−1 − xF , yF−1 − yF , xi, yi]T , i ∈ [1, · · · , F ] (3)

With the exception of the last two rows, the entries of the other rows are replaced
with the corresponding velocities. In the last two rows, the feature locations of
the i-th frame are kept. The selection of i is not crucial. In this paper, we use
i = F but we could as well use i = 1 for example. The advantage is that the
velocities in each frame contain only the tracking error from the previous frame
to the current frame, and not the error accumulated from the starting frame. A
similar velocity has been used to measure the distance between trajectories for
motion segmentation in [17].

It is easy to see that when the measurement matrix W ′ is built from the
velocity vectors, no information is lost since the original measurement matrix W
can be recovered from W ′ by simple row operations. Because of this, the ranks
of W and W ′ are the same. In other words, the subspace clustering problem has
not been changed. However, even though the velocity matrix differs from the
original measurement matrix only by row operations, the subspace projections
are different because these row operations cannot be represented by a rotation
matrix.

Table 1: The SSE and variance of the distances from the projected points to
the fitted subspaces in 3D for a synthetic experiment. The projected points were
generated from trajectories with different signal-to-noise ratio (SNR).

SSE Variance

Distance Vector (No noise added) 0 0
Velocity Vector (No noise added) 0 0

Distance Vector (SNR = 10) 0.256e-5 0.0011e-5
Velocity Vector (SNR = 10) 0.106e-5 0.0004e-5

Distance Vector (SNR = 5) 1.058e-5 0.005e-5
Velocity Vector (SNR = 5) 0.208e-5 0.001e-5

The noise reduction effect of using the velocity vector can be well observed in
a synthetic experiment. For this purpose, 242 synthetic trajectories of length 20
were generated for two different motions, perfectly following the affine camera
model. The starting feature points were randomly chosen in the first frame,
and different levels of Gaussian tracking errors were introduced based on the
displacement of feature points. If denote the tracker as f , and noise as n, to a
point pi in frame i, the tracked point in the next frame would be pi+1 = f(pi)+n.

The trajectories were projected to a 3D subspace by truncated SVD. A plane
was fitted in a least squares sense to the projected points of each motion. The
sum of squared error (SSE) and variance of the distances from projected points
to the fitted planes are shown in table 1. One could see that by using velocity
vectors the noise is reduced, and the reduction is greater when the tracking errors
are larger. Since the projected points obtained by velocity clustering are closer to
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Fig. 2: Spectral clustering of lines with a distance-based affinity mixes points
from different subspaces (left), while the angle-based affinity (4) separates them
very well (right).

satisfying the planarity assumption, it should be expected that the segmentation
results would also be better.

3.2 Spectral Clustering of Subspaces

Spectral clustering [18], [19] is a popular technique for solving motion segmen-
tation problems [20], [21], [8], [12], [13], [4], [15], [14]. One challenge in
applying spectral clustering is the construction of a good affinity matrix. Two
points that lie in two different subspaces and are near the intersection of the
subspaces may be close to each other. Conversely, a pair of points in the same
subspace could be far from each other. As a consequence, one cannot use the
typical distance-based affinity.

SC [5] proposes an affinity measure based on the angle between two vectors,
defined by

Aij = (
xTi xj

‖xi‖2‖xj‖2
)2α, i 6= j, α ∈ N (4)

where xi, xj are two vectors. The parameter α > 1 is used to increase the
separation and should be tuned according to the noise level. It has been proved [5]
that the proposed affinity measure (4) guarantees that each point xi has a higher
connection with its own group than the others. Figure 2 shows the power of
angle-based affinity over the distance-based affinity in clustering 1D subspaces
in 2D. This paper also uses the angular information to build the affinity matrix.
While SC [5] suggests to set α = 4 for motion segmentation, in the experiments
of section 5, we find that α = 2 could produce better results for our algorithm.

3.3 Best Subspace Dimension

Most motion segmentation methods usually require the projection to a low di-
mensional space where the clustering is performed. The dimension of this pro-
jection space has a large impact on the speed and accuracy of the final result.
GPCA [7] suggests to project trajectories onto a 5-dimensional space. However,
five dimensions are not sufficient to complex scenes, such as scenes with ar-
ticulated or nonrigid motions. Motivated by compressive sensing [22], ALC [6]
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chooses to use the sparsity-preserving dimension

dsp = min
d≥2D log(2F/d)

d

for D-dimensional subspaces (with D = 4 for motion segmentation). SC [5] wants
the intersection of different subspaces to have minimal dimension and proposes
to set dimension d = kD+1, where k is the number of motions and 1 ≤ D ≤ 4 for
motion segmentation; the d used for clustering is searched in range [k+1, 4k+1]
by some relative gap.

The main difficulty for selecting the best subspace dimension is that the
dimension of one affine subspace is not fixed. If one tries to find the correct
dimension by setting a threshold of noise, this scheme will not work well because
different scenes may have different thresholds.

The search strategy in SC [5] is innovative, but the range of possible dimen-
sions that are searched is a parameter that needs to be tuned. Moreover, the
criterion to select the best dimension in SC [5] is related to the noise level, and
is not optimal in some scenarios, as we will see in experiments.

In this paper, we don’t look for the best subspace dimension directly. Instead,
we employ an exhaustive strategy. Since the best dimension is unknown and hard
to determine, our method performs clustering after projecting to spaces of all
possible dimensions, then the best result is chosen by a clustering measure. Based
on this idea, finding the best subspace dimension is not necessary in this paper.
What we need to do is to find a bound on the possible dimensions.

The dimension of one affine subspace S is not fixed but is bounded by

2 ≤ dim(S) ≤ 4.

If there are k linear affine subspaces in general position embedded in space Sk,
we would expect

2k ≤ dim(Sk) ≤ 4k.

This is the range of space dimensions that will be used in our method. The best
dimension will be determined using the clustering error measure defined in the
next section.

3.4 Motion Error Measure

When the spectral clustering is performed in the selected spaces, a number of
results will be obtained. A question is raised naturally: how to select the best
one? In this paper we investigate two types of estimators of the segmentation
error, both based on a RMSE error measure for each trajectory.

The Tomasi-Kanade factorization [1] allows us to write the registered matrix
W̃ in equation (2) as

W̃ = M̃S̃

where M̃ is a 2F × 3 matrix and S̃ is a 3 × P matrix. There is an inherent
ambiguity in M̃ and S̃ but we will show that it is irrelevant for the error measure.
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Any registered trajectory t̃ in W̃ will have a corresponding point P̃ ∈ R3

obtained by least squares:

P̃ = argmin
P̃

‖t̃− M̃P̃‖2.

We define the RMSE error of t̃ as

RMSEW̃ (t̃) =

√
minP̃ ‖t̃− M̃P̃‖2

F
(5)

The RMSE error is measured in pixels and can be viewed as the tracking error
for one trajectory.

Remark 1 The RMSEW̃ (t̃) is invariant to the choice of M̃ and S̃ in the de-

composition W̃ = M̃S̃.

Proof. To any 3×3 invertible matrix A, W̃ = M̃AA−1S̃. It can be easily verified
that RMSEW̃ (t̃) in equation (5) does not change when M̃ is multiplied by an

invertible matrix A. Moreover, any decomposition W̃ = M̃ ′S̃′ has M̃ ′ = M̃A for
some invertible matrix A. �

Given a labeling L of the trajectories, obtain for each label l the registered
measurement matrix W̃ l containing all trajectories with label l. Based on W̃ l

we define two types of estimators of the segmentation error.
The first type is just the sum of the RMSE errors of all registered trajectories

based on their corresponding motion matrices

E(L) =

k∑
l=1

∑
i,L(i)=l

RMSEW̃ l(t̃i). (6)

The second type makes the contribution of each registered trajectory com-
paring to a threshold τ

Eτ (L) =

k∑
l=1

∑
i,L(i)=l

I(RMSEW̃ l(t̃i) ≥ τ). (7)

where I(·) is the indicator function taking on value 1 if its argument is true or
0 otherwise.

In a perfect segmentation result, each trajectory would have a small RMSE
error because of the affine camera model, resulting in a small clustering error
E(L) and Eτ (L).

A number of segmentation results can be obtained by projecting the original
trajectories to spaces of different dimensions and performing clustering in those
spaces. The problem is how to select from the obtained segmentations the one
with the smallest error. For that we can use an estimator that correlates well
with the segmentation error.

We propose to use the measures E(L) and Eτ (L) to rank the obtained seg-
mentations. We evaluated the capability of these error measures to find the better
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Fig. 3: The average percentage of times the proposed error estimators find the
better segmentation out of two segmentations vs. their difference in misclassi-
fication errors for sequences with 3 motions in the Hopkins 155 dataset. If one
segmentation is much better than the other, it will be found most of the time.

one out of two segmentations on the sequences with 3 motions in the Hopkins
155 dataset (See section 5). It is expected that when one segmentation is much
better than the other (i.e. the error difference is large), the better segmentation
should be found more often. Different segmentations were obtained in this way:
for one sequence, a random set of p% of trajectories (p ≤ 50 is a random number)
were assigned random labels, while the labels of the remaining trajectories were
untouched. 500 sets of segmentation were generated for each sequence (25000
segmentations in total for all sequences). At last, we calculated the difference in
misclassification error and the average correct detection rate shown in Figure 3.
One can see that if one segmentation is much better than the other, it will be
found most of the time. Also, E(L) always outperforms the other two estimators.
Thus in this paper, E(L) is adopted.

4 Complete Procedure

Dimension Reduction. Dimension reduction seems to be a standard pro-
cedure for motion segmentation by spectral clustering in [5], [6], [7]. It can
improve the computational tractability without adversely affecting the quality of
the segmentation, since in general the projection onto an arbitrary d-dimensional
space preserves the multi-subspace structure of data lying on subspaces with di-
mensionality strictly less than d. There are two different strategies in dimension
reduction: the random sampling [14], [4] and the truncated SVD [9], [5], [2].
This paper uses the latter method for dimension reduction from W ′ ∈ R2F×P

to X = [x1, ..., xP ]T ∈ RD×P in our framework, where D is the dimension of
the subspace. The truncated SVD is related to the factorization-based meth-
ods [23], [24], which use the SVD, W = UΣV T , to obtain a shape interaction
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matrix Q = V V T . In order to deal with the noise and dependencies, we use the
truncated SVD of the velocity measurement matrix, W ′ ≈ UDΣDV TD .

Details of Spectral Clustering. After the projection for dimension
reduction, the spectral clustering method is applied to obtain the clustering
result.

The affinity matrix is constructed using the angular affinity metric in equa-
tion (4). In fact, the affinity matrix can be easily calculated as Q = (ṼDṼ

T
D )2α,

where ṼD is the VD with normalized rows. This normalization ensures that only
the angular information is taken into account.

From the affinity matrix, the corresponding Laplacian matrix L is obtained.
Then the k largest eigenvectors of L are found, where k is the number of clusters.
A matrix A is formed by stacking the k eigenvectors in columns. Finally, the
segmentation of the trajectories follows by applying K-means clustering to the
rows of Ã, which is obtained by normalizing the rows of A .

Selection of the best result. According to section 3.3, to ensure that
the best result is not missed, an exhaustive search strategy is employed. Let
dmin = 2k and dmax = 4k be the minimal and maximal subspace dimensions,
motion segmentation is performed in spaces with all dimensions D in the range
D ∈ [dmin, dmax]. Then the best result is selected among all results based on
the smallest clustering error (6) or (7). The whole procedure is illustrated in
Figure 1 and described in Algorithm 1.

Algorithm 1 Velocity Clustering with Estimation of Subspace Dimen-
sion

Input: The measurement matrix W = [t1, t2, . . . , tP ] ∈ R2F×P whose columns are
point trajectories, and the number of clusters k.
Preprocessing: Build the velocity measurement matrix W ′ by row transformations
of W given by eq. (3).
for D = dmin to dmax do

1. Perform SVD: W ′ = UΣV T

2. Build the N -by-D data matrix

XD = [v1, ..., vD]

where vi is the i-th column of V .
3. Apply spectral clustering to the N points in XD using the affinity measure (4).
4. Compute the clustering error ED of the segmentation result using eq. (6).

end for
Output: The segmentation result with the smallest error ED.

5 Experiments

The Hopkins 155 Dataset [16] has been created with the goal of providing an
extensive benchmark for testing feature based motion segmentation algorithms.
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(a) Checkerboard (b) Traffic (c) Articulated

Fig. 4: Sample images from some sequences of three categories in the Hopkins
155 database with ground truth superimposed.

It contains video sequences along with some feature points extracted and tracked
in all the frames. The ground-truth segmentation is also provided for evaluation
purposes. Based on the content of the video and the type of motion, the 155
sequences can be categorized into three main groups: checkerboard, traffic and
articulated. Figure 4 shows sample frames from three videos of the Hopkins 155
database with the feature points superimposed. The sequences contain degener-
ate and non-degenerate motions, independent and partially dependent motions,
nonrigid motions, etc. Since the trajectories were obtained by an automatic
tracker, they could be considered as slightly corrupted by noise.

We have tested our algorithm on the image sequences from the Hopkins 155
database, as well as several other state-of-the-art algorithms: ALC [6], SC [5] and
SSC [4]. For each algorithm on each sequence, we recorded the misclassification
rate defined as

Misclassification Rate =
# of misclassified points

total # of points
(8)

The parameter setting in our method are α = 2, dmin = 2k, dmax = 4k, and the
locations of the last frame are kept to build the velocity matrix. The results on
sequences with 2, 3 motions and the whole dataset are presented in Table 2 and
compared with the three state-of-the-art and baseline methods. We also show in
the table the results of the algorithm with fixed subspace dimension D = 4k as
well as results without using the velocity preprocessing step.

One could see that by using the velocity for clustering the misclassification
error decreases by about 0.8% while by using the clustering error measure to
decide the best segmentation the error decreases from 4.91% to 0.99%. Thus the
clustering error measure has a large impact in the spectral clustering performance
while the velocity clustering has a smaller but also important impact.

Compared to other motion segmentation algorithms, our approach outper-
forms for the 3 motion sequences and for all the sequences combined and is
outperformed on the two motion sequences by SC [5] and SSC [4]. We achieve
an overall misclassification error of 1.10% for 3 motions, around half of the best
reported result (SC [5]); an overall error of 0.96% for 2 motions, coming close
to the best performing SSC [4]; and an overall error of 0.99% for the whole
database, which is better than the other methods. Our method always obtains
good results for checkerboard sequences which have the most complicated scenes
(including both translation and rotation motions) in the dataset.
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Table 2: Misclassification rate (in percent) for sequences of full trajectories in
the Hopkins 155 dataset (Subscript 4k means using fixed dimension 4k instead
of dimension search, and superscript ∗ means not using velocity for clustering).

Method ALC SC SSC Our Method∗4k Our Method∗ Our Method4k Our Method

Checkerboard (2 motion)

Average 1.55 0.85 1.12 2.07 1.38 1.38 0.67
Median 0.29 0.00 0.00 0.30 0.00 0.00 0.00

Traffic (2 motion)

Average 1.59 0.90 0.02 6.87 1.35 8.25 0.99
Median 1.17 0.00 0.00 1.33 0.30 1.09 0.22

Articulated (2 motion)

Average 10.70 1.71 0.62 6.02 2.56 2.46 2.94
Median 0.95 0.00 0.00 0.99 0.88 0.88 0.88

All (2 motion)

Average 2.40 0.94 0.82 3.67 1.48 3.25 0.96
Median 0.43 0.00 0.00 0.51 0.00 0.00 0.00

Checkerboard (3 motion)

Average 5.20 2.15 2.97 4.38 1.06 2.28 0.74
Median 0.67 0.47 0.27 1.37 0.58 0.51 0.21

Traffic (3 motion)

Average 7.75 1.35 0.58 27.80 8.22 19.21 1.13
Median 0.49 0.19 0.00 32.27 1.42 28.28 0.21

Articulated (3 motion)

Average 21.08 4.26 1.42 6.18 6.18 18.95 5.65
Median 21.08 4.26 0.00 6.18 6.18 18.95 5.65

All (3 motion)

Average 6.69 2.11 2.45 9.17 2.78 6.62 1.10
Median 0.67 0.37 0.20 1.99 0.67 0.85 0.22

All sequences combined

Average 3.37 1.20 1.24 4.91 1.78 4.01 0.99
Median 0.49 0.00 0.00 0.57 0.00 0.24 0.00

The performance on the articulated sequences with 3 motions is worse than
the SC, possibly because these sequences don’t obey the rigid motion model
and thus the RMSE measure might not be accurate. On the other hand, when
the motions follow the rigid model, the RMSE measure helps obtain very good
results. This is clearly visible in the three motion checkerboard sequences, where
our algorithm obtains errors less than half of the other algorithms.

From the cumulative distributions in Figure 5, we see that for 2 motions, our
method is comparable to the best method SSC; and for 3 motions, our method
outperforms all others. Moreover, the largest error of our method for 3 motions
is about 10%, while that of the other methods is around 40%.

Table 3: Average computing time for sequences in the Hopkins 155 database.
ALC SC SSC Our Method

2 motions 7.85m 0.53s 2.27m 0.72s

3 motions 16.77m 1.34s 4.08m 1.81s
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Table 3 shows that the average computing time per sequence (obtained on
a 2.66GHz Core 2 Duo computer with Matlab on Linux) for sequences with 2
motions is less than 1 second, while that for sequences with 3 motions is less
than 2 seconds. In comparison to other methods, our method is much faster than
ALC and SSC, but slightly slower than SC.
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Fig. 5: The cumulative distribution of the misclassification rate for two and three
motions in the Hopkins 155 database.

6 Conclusion and Future Work

In this paper, we presented a method for segmenting moving objects using spec-
tral clustering. The method uses the velocity vectors as the input for clustering,
which is more robust to accumulated errors, and then applies spectral cluster-
ing in all possible subspace dimensions. The final segmentation is selected from
the obtained results using a novel clustering error measure. Our evaluation on
the Hopkins 155 database shows that the method is competitive with current
state-of-the-art methods, both in terms of overall performance and computa-
tional speed. The algorithm has been shown to be robust to different types of
scenes and motions present in the Hopkins 155 database, while remaining very
efficient in computation time.

Future work will study how to extend the method to deal with incomplete
trajectories, and hopefully, treat complete and incomplete trajectories equally.
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