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Abstract. Motion segmentation is the task of classifying the feature tra-
jectories in an image sequence to different motions. Hypergraph based
approaches use a specific graph to incorporate higher order similarities
for the estimation of motion clusters. They follow the concept of hypoth-
esis generation and validation. For the sampling of hypotheses, a high
probability of selecting clean samples, i. e. samples consisting of points
from the same cluster, is desired. Many approaches use spatial proximity
to build an auxiliary graph for the sampling. But, spatial proximity is
often not sufficient to capture the main affinities for motion segmenta-
tion. Thus, we introduces a simple but effective model for incorporating
motion-coherent affinities into the auxiliary graph. The hypotheses gen-
erated from the resulting hypergraph lead to a significant decrease of the
segmentation error evaluated on two state of the art benchmarks. Addi-
tionally, less computation time is required due to a reduced hypergraph
complexity.

1 Introduction

Motion segmentation algorithms classify feature trajectories in an im-
age sequence to a number of motions. Most approaches are multi-frame
methods [1,4,5,20]. They take trajectories from many frames (e.g. 30)
as input. On the other hand, there are two-view methods [7,12,14,18,20]
which use correspondences of only two frames as input. In practice, it is
often impossible to establish a sufficient number of trajectories on mov-
ing objects with large trajectory length. Often, a short response time is
desired. Thus, our aim is to solve the motion segmentation task using
small trajectory lengths, such as 5− 10 frames.
Recently, hypergraph based methods have been proposed for cluster-
ing tasks, such as motion segmentation [8,15,20], geometric model fit-
ting [19,20] or face clustering [15]. A hypergraph contains higher order
similarities instead of pairwise similarities which results in more accu-
rate results with the same number of samples. In contrast to previous
approaches [2,9] where only small degrees for hyperedges are used, re-
cent approaches employ large hyperedge degrees [15,20]. Using large de-
grees of hyperedges yields better clustering accuracy because more in-
formation of the relationship between vertices is included. To incorpo-
rate large hyperedges, the approach [15] makes use of a special sampling
technique [13,16]. Therefor, a neighborhood structure is required which
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Fig. 1. Feature distribution for the example cars5 from the Hopkins155 bench-
mark [17] (left) and for the example van from the MPTV benchmark [7] (right).
For cars5, feature points on different objects mostly have large spatial distances while
for van, features all features show small spatial distances, but different motion vectors.

guides the hypothesis sampling. The neighborhood structure is encoded
in the auxiliary graph. In [15], the auxiliary graph is based on spatial
proximity. The idea is that adjacent trajectories are likely to belong
to the same motion segment. Thus, it is advantageous that they share
the same hyperedge. Sampling from these hyperedges guarantee a rel-
atively high probability of selecting candidates from the same motion
segment, so-called pure hyperedges. Experiments [15] show superior per-
formance of large hyperedges for the applications face clustering (Yale
face database [6]) and motion segmentation (Hopkins155 data set [17]).
For the evaluation of motion segmentation approaches the well known
Hopkins155 benchmark [17] is widely used. It consists of image sequences
and trajectory data together with ground truth information providing
the motion segmentation result (cf. Figure 1, left: red, green, and yellow
colors indicate three motion segments). All trajectories in the Hopkins
benchmark consist of points which are visible in every frame of the se-
quence. Trajectories which discontinue within the sequence were deleted
from the data set. Thus, only large trajectory lengths are provided in
the benchmark. Since its publication in 2007, many approaches result in
low segmentation errors on the Hopkins data set.
The MPTV benchmark [7] includes eight challenging sequences. Like in
Hopkins155, a ground truth labeling of the trajectories is provided. In
contrast to Hopkins155, feature tracks may start and end in any frame.
Thus, trajectories of arbitrary length are included in MPTV. For appli-
cations such as motion estimation from a camera mounted on a car, short
trajectories are of special importance since long trajectories are rarely
available on moving objects.
We propose a method for building the auxiliary graph which incorporates
the motion of a trajectory instead of using spatial proximity only [15].
The new auxiliary graph leads to improved hypotheses which lead to a
decrease of the segmentation error on both benchmarks. Furthermore,
less computation time is required since the complexity of the graph is
reduced. The extension is evaluated on Hopkins155 and MTPV. For the
evaluation, the sequences are divided into subsequences of length fs to



provide results for limited trajectory length. For the subsequences, all
trajectories which are visible in all images are included in the evalua-
tion. This leads to a large number of experiments for each sequence. For
MPTV, this step is necessary since all trajectories have arbitrary length.
To summarize, the contributions of this paper are as follows:
– an improved method for the generation of the auxiliary using motion

cues from the trajectory data
– the evaluation on two reference benchmarks [7,17] based on limited

trajectory lengths
– the evaluation of the applicability of the benchmarks [7,17] since

Hopkins155 only includes long trajectories while MTPV provides
arbitrary trajectory lengths

In the following Section 2, the hypergraph based approach of motion
segmentation is introduced. In Section 3, the new auxiliary graph is pre-
sented. Section 4 shows experimental results. In Section 5, the paper is
concluded.

2 Motion Segmentation based on Hypergraphs

We briefly review the reference method proposed in [15]. An overview
diagram is shown in Figure 2. Based on the input data matrix X, the
auxiliary graph is generated. This graph guides the generation of hyper-
edge of the hypergraph Gt at iteration t. The hypotheses are generated
using the RCM (Random Cluster Model) [13] and Swendsen-Wang sam-
pling [16]. The sampling procedure is designed for larger than minimal
subsets and a large hyperedge degree [13]. After several iterations, the
motion segmentation result is achieved based on a minimal subspace
approximation error resulting from the subspace estimation.

Neighborhood
Measure

Auxilary Graph
Hypothesis
Generation

Labeling
Subspace
Estimation

Motion Segmentation

Next Iteration

Data Matrix X

Fig. 2. Motion segmentation using hypergraphs (cf. Section 2). The hypotheses are
generated using the auxiliary graph as neighborhood structure. The proposed neigh-
borhood measure based on motion affinities exchanges the spatial proximity proposed
in [15] in the box with the dotted border. It leads to improved hypotheses.

Hypergraphs A hypergraph H = (V,E) consists of a set of vertices V
and a set of hyperedges E. In a weighted hypergraph H, a weight w(e)
is associated with each hyperedge e. The degree of a hyperedge δ(e) is
defined as the number of vertices in edge e. The degree of a vertex d(v)



is the sum of all weights of the hyperedges incident with vertex v. If
all hyperedges have the same degree r, the hypergraph is a r-uniform.
A two-uniform hypergraph describes a common graph in which an edge
connects two vertices.

2.1 Auxiliary Graph

For the RCM sampling, a spatial neighborhood structure is required.
This structure is represented as a graph G. In [15], the spatial proximity,
i.e. the Euclidean distance of trajectory vectors, is encoded in G.
Initially, mean subtracted coordinates of the trajectory vectors are com-
puted from the data matrix X. In the case of motion segmentation, X

consists of all point coordinates of a trajectory in the images. The graph
is built by firstly using a PCA on the trajectory vectors to reduce the data
dimension to dim (default: dim = 5) followed by a k-nearest-neighbor al-
gorithm (default: k = 3). The k-nearest-neighbor employs the Euclidean
distance for each vector in the reduced data matrix Y = {yi}Ni=i. Two
vertices vi, vj are connected if vj is a k-nearest neighbor of vi and vice
versa. The distance between two data points determines the weight pe of
the edge e connecting these points as follows [15]:

pe = exp

(
−||yi − yj ||

2

2σ2
e

)
(1)

The weight pe indicates the probability of regarding two data points
of the same structure. σe is computed as the standard deviation of the
nearest neighbor distances in Y. The auxiliary graph shares the same
vertices as the hypergraph G0 = (V,E0).

2.2 Hypothesis Generation using RCM

Hypothese are generated using the Random Cluster Model (RCM) [13]
as well as Swendsen-Wang sampling (SWS) [16]. The RCM provides the
partitioning of the auxiliary graph while SWS is an enhanced Monte
Carlo sampling procedure [11]. The Swendsen-Wang approach [16] in-
troduces a binary bond variable d ∈ {0, 1} for each edge e which can be
turned on (d = 1) or off (d = 0). The vector f = {fi}Ni=1 represents labels
of the vertices, f ∈ {1, . . . ,K}. A realization of (f, d) effectively parti-
tions the vertices into a set of connected components. Each connected
component is a subset of V such that all the bond variables between
vertices in the component are turned on. Additionally, vertices in a con-
nected component must have the same label. This leads to the graph
G(t) = (V,E(t)) with E(t) = {e =< i, j > |f (t)

i = f
(t)
j } at iteration t.

In [15], the vector f and the samples d are updated alternatingly. Given
f , a number of samples d provides a set of hyperedges. Given the hyper-
edges, f is updated using NCut [21]. Each subcluster is a set of vertices
connected by bond variables that have been turned on. Subclusters with a
size less than a given hyperedge size D (D = 10 by default) are removed.
The newly generated subset is added to the set of all generated hyper-
edges. The iterative process is terminated when either the labels f do
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Fig. 3. Calculation of the dominant motions from a set of feature correspondences.
The three dominant motions in this example are marked with red color.

not change significantly, or a maximum number of iterations is reached.
Initially, the bond variables d ∈ {0, 1} are determined probabilistically
by comparing a random number r ∈ [0; 1[ with the edge weight pe (cf.
equation (1)). If r ≤ the edge probability pe, the bond variable is turned
on.

2.3 Subspace Estimation

In the last step of each iteration, the subspace error of the current labeling
f is determined. The weight w(e) of a hyperedge e is calculated as:

w(e) =

{
exp(−r2(v,φs)

2σ2 ) if v /∈ s
0 otherwise

(2)

Here, s is a sampled D − 1 tuple, and v is an arbitrary vertex in V . φs
is the model fitted in a least squares manner on s, and r(v, φs) is the
residual of v with respect to φs. The parameter σ is problem dependent
and needs to be tuned [15]. It is determined as the sigma which gives the
lowest subspace approximation error [3].

3 Auxiliary Graph based on Dominant Motions

The input data for the auxiliary graph is given by the correspondences
of all feature points in the current image Ik to the corresponding feature
in image Ik−s. The auxiliary graph serves as initialization for the hyper-
graph G0. Hypergraph edges between differently moving objects should
be avoided. The reference algorithm [15] employs spatial proximity to
generate the auxiliary graph. We argue that this is not an appropriate
measure as shown in the example input sequence van in Figure 1, left.
Many data point pairs have a low spatial distance from each other but
belong to different motions, e.g. points on the trees in the background
are near to points on the upper region of the van. But, their motion
vectors are very different from each other (one motion pointing to the



Fig. 4. Visualization of two dominant motions. The trajectories classified as in the
histogram bins as dominant motions are marked with yellow and red color, respectively.
The image subsequences is taken from the van sequence [7], cf. Figure 4, right.

left, the other pointing to the right). Thus, the motion of the trajectories
should be incorporated in the computation of the auxiliary graph.

The proposed approach determines the dominant motions in the scene.
The main idea is borrowed from the task of computing the main orien-
tation for scale invariant features, such as SIFT [10]. In SIFT, the main
orientation of a texture patch surrounding a feature is estimated using
orientation histograms build from the angles of gradients. The angles are
grouped into bins and the maximum is determined. The maximum gives
the dominant orientation of a feature.

For our task of computing the dominant motions in the scene, we extend
this idea to two dimensions, angle φ and length l of a trajectory. The two
dimensional histogram array of size dφ×dl is shown in Figure 3. The an-
gle φ is determined from corresponding points xi−s = (xi−s, yi−s)

T , xi =

(xi, yi)
T as φi = tan−1(

yi−yi−s

xi−xi−s
) while the length li is li = |xi − xi−s|.

The lengths li are normalized using the maximum length of all trajecto-
ries. All correspondences are grouped into a two dimensional histogram
array as shown in Figure 3. Then, local maxima are determined (marked
with red color in Figure 3). The feature correspondences included in the
maximum bin determine the dominant motion of the object. A threshold
value Mthres ensures that a dominant motion has at least Mthres entries.
Otherwise, it is discarded. The dimensions of the 2D histogram are given
by parameters dφ and dl. In Figure 3, dφ = 8 and dl = 3 are illustrated
while in all experiments in this paper dφ = 10 and dl = 4 are used.
The number of minimum bin entries for the dominant motion is set to
Mthres = 8.

The dimensions of the 2D histogram are given by parameters dφ and dl.
In Figure 3, the configuration dφ = 8, dl = 3 is shown while in all exper-
iments in this paper dφ = 16 and dl = 8 are used. The threshold Mthres

for the minimal number of trajectories to build a dominant motion clus-
ter is set to Mthres = 5. An example for the determination of a dominant
motion is shown in Figure 4. The trajectories of the dominant motion
induced by the moving van is marked with red color while the dominant
motion of the background is shown with yellow trajectories.



The information of trajectories located on the extracted dominant mo-
tions are incorporated in the generation of the auxiliary graph such that
vertices in the auxiliary graph which belong to different dominant mo-
tions are not allowed to share an edge in the hypergraph (cf. Section 2).
Thus, no hypotheses are generated from points on different dominant
motions. This leads to a decreased number of samples required for a
accurate segmentation result. Furthermore, the hypergraph has reduced
complexity which leads to smaller computation times.

4 Experimental Results

The performance of the proposed approach is evaluated on the Hop-
kins155 [17] database and the MTPV benchmark [7]. Both benchmarks
provide image sequences together with annotated feature tracks as ground
truth information. The benchmarks do not contain outliers. While the
trajectories in the Hopkins155 benchmark consist of points visible in ev-
ery frame of the sequence (up to 53 frames), feature tracks may start
and end in arbitrary frames in MTPV [7].
For the evaluation, the matlab code provided by the authors of [15] is
used. The proposed approach using motion-coherent affinities is imple-
mented as an extension of this code. We focus on the performance with
limited trajectory lengths. For all evaluations, subsequences with a fixed
number fs, fs = 3, . . . , 10 of consecutive images are generated. Then, all
trajectories of length fs in this subsequence are used as input data. To get
a sufficient number of experiments per sequence, the next subsequence
starts with a frame distance of fd (fd = 2 used for all experiments). The
segmentation error is defined as [17]:

segmentation error =
# of misclassified points

total # of points
(3)

Additionally to the segmentation error mean, we report the median val-
ues. The segmentation results for Hopkins155 and MTPV are subsumed
in Table 1 and Table 2, respectively. Generally, the mean segmentation

Fig. 5. Visualization of the auxiliary graphs for Pulak et al. [15] (left) and the proposed
method (right). Edges between the bus (blue) and the background (red) are not estab-
lished by the proposed method since their motions differ. Even spatially long edges are
possible for small subgraphs. The image example is taken from the bus sequence [7].



Table 1. Segmentation error [%] on benchmark Hopkins155 [17] for Pulak et
al. [15] and the proposed method. Bold numbers depict the lower error.

Mean Median

fs reference proposed reference proposed

3 7.96 7.03 0.84 0.67

4 5.76 5.32 0.0 0.0

5 4.94 4.71 0.0 0.0

6 4.64 4.36 0.0 0.0

7 3.79 3.61 0.0 0.0

8 4.03 3.58 0.0 0.0

9 3.76 3.75 0.0 0.0

10 3.87 3.83 0.0 0.0

error decreases with increasing fs. While the improvement of the pro-
posed method is small for Hopkins155, its performance is significantly
better for the MPTV benchmark. The decrease in the mean segmenta-
tion error is larger than 30% for fs ∈ {4, . . . , 10}. For fs = 7 the largest
gain of 41 % is achieved.

Obviously, the reference auxiliary graph leads to a much lower probabil-
ity of sampling pure hyperedges from the input data MTPV. Since only
trajectories with a large lengths are included in Hopkins155, the spatial
proximity appears to provide a suitable metric for the auxiliary graph.
This is not the case for MTPV since trajectories with short lengths are
are not excluded from this data set. Thus, trajectories on differently mov-
ing objects may have a small spatial distance in the images (cf. Figure 5).
This is often the case in applications using trajectory data extracted
from natural sequences since trajectories with small length are required
to capture moving objects. Thus, we can conclude that: (1) our approach
provides significantly improved results for the MTPV dataset (2) Hop-
kins155 may not be a suitable benchmark for the evaluation of motion
segmentation approaches if short trajectory lengths are of interest.

Table 2. Segmentation error [%] on benchmark MTPV [7] for Pulak et al. [15]
and the proposed method. Bold numbers depict the lower error.

Mean Median

fs reference proposed reference proposed

3 26.86 21.19 32.01 22.13

4 21.35 13.89 22.63 0.46

5 19.80 12.77 17.89 0.30

6 18.27 12.60 9.74 0.30

7 19.01 11.21 12.30 0.19

8 18.66 11.84 10.75 0.24

9 17.46 11.04 1.21 0.25

10 16.83 10.97 1.87 0.21
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Fig. 6. Mean segmentation error [%] on the MTPV benchmark for each individual
sequence with varying length of input trajectories fs. In blue (solid line) the refer-
ence method [15] is shown, while in red (dashed line) the proposed auxiliary graph is
employed. Note that the y axes have different scalings.
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Fig. 7. Median of segmentation error [%] on the MTPV benchmark for each indi-
vidual sequence with varying length of input trajectories fs. In blue (solid line) the
reference method [15] is shown, while in red (dashed line) the proposed auxiliary graph
is employed. Note that the y axes have different scalings.

The MTPV results for different trajectory lengths fs are shown in Fig-
ure 6 and Figure 7 in detail. For 6 of the 8 sequences, the proposed
method leads to a significant decrease in the segmentation error. For the
other 2 sequences (boat and raffles), the results are comparable. The
sequence boat leads to small segmentation errors for both approaches.
The sequence raffles fails for both methods. The proposed approach can
not recover the motion because too few trajectories are located on the
object and no dominant motion can be established.

The computation times are shown in Table 3. They are measured on
a 3.20 GHz AMD Processor with Matlab2016. On the one hand, the
computation time is heavily dependent on the number of trajectories.
On the other, it is dependent on the complexity of the hypergraphs
built at each iteration. As the hypergraphs resulting from the proposed
auxiliary are less complex, the computation times for our method are
much smaller than for the reference.



Table 3. Computation time in seconds for the a segmentation processing for Pulak
et al. [15] and the proposed method. Bold numbers depict better values. The influence
of fs, fs ∈ {3, . . . , 10}, on the computation time is negligible.

Mean Median

Benchmark reference proposed reference proposed

Hopkins 8.83s 2.49s 5.53s 2.12s

MPTV 7.98s 4.30s 4.26s 2.75s

5 Conclusions

Hypergraph based approaches for motion segmentation reduce the num-
ber of required samples by exploiting higher order similarities for the hy-
pothesis generation. The reference method proposed by Pulak et al. [15]
uses an auxiliary graph which guides the sampling process. The auxiliary
graph is based on spatial proximity of the trajectories.
The proposed approach uses a simple but effective scheme to combine
motion direction and length of the trajectories for the determination of
an improved auxiliary graph. Thus, less samples are required for accurate
segmentation results.
The evaluation of the approaches employs two benchmarks, the well-
known Hopkins155 and the MTPV benchmark. While for Hopkins155,
the proposed approach provides similar results regarding classification
accuracy, it decreases the segmentation error significantly for MTPV.
Since only long trajectories are included in Hopkins155, spatial proximity
is an adequate measure to discriminate differently moving objects. It is
shown that this measure is suboptimal for the MTPV benchmark. The
proposed auxiliary provides a significantly lower segmentation error of up
to 41%. Additionally, the computation time decreases since the resulting
hypergraphs have reduced complexity.
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