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Manifold Warp Segmentation of Human Action
Shenglan Liu, Lin Feng, Yang Liu, Hong Qiao, Senior Member, IEEE, Jun Wu, and Wei Wang
Abstract— Human action segmentation is important for human
action analysis, which is a highly active research area. Most
segmentation methods are based on clustering or numerical
descriptors, which are only related to data, and consider no
relationship between the data and physical characteristics of
human actions. Physical characteristics of human motions are
those that can be directly perceived by human beings, such
as speed, acceleration, continuity, and so on, which are quite
helpful in detecting human motion segment points. We propose
a new physical-based descriptor of human action by curvature
sequence warp space alignment (CSWSA) approach for sequence
segmentation in this paper. Furthermore, time series-warp metric
curvature segmentation method is constructed by the proposed
descriptor and CSWSA. In our segmentation method, descriptor
can express the changes of human actions, and CSWSA is
an auxiliary method to give suggestions for segmentation. The
experimental results show that our segmentation method is
effective in both CMU human motion and video-based data sets.
Index Terms— Curvature, dimensionality reduction, human
action segmentation, space alignment.

I. I NTRODUCTION

H

UMAN motion sequence contains rich and delicate
natural information; it is now widely used in video and
animation production, physical training, rehabilitative training,
and so on. In the process of human motion capture, the motion
sequence should be segmented into meaningful primitives,
which is used for guaranteeing that motion clips have the
meaning of specific semantics. After that, these motion clips
can be used in human motion synthesis [1], recognition,
retrieval [2], [3], and prediction [43].
Human motion sequence segmentation is very important
and meaningful [4], [5]. Human motion sequences are highdimensional time series. The sequences can be simplified and
described with higher level semantics by segmentation, and
then provide a support for time series indexing, clustering,
and classification [6], [7]. In addition, the synthesis of human
motion requires different motion primitives, and the synthesis
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results should consider motion continuity. The more continuous the motion sequence is, the better the synthetic results
are [8]. Thus, human motion synthesis also requires human
motion segmentation [9].
There are many significant research achievements on the
issue of human motion segmentation, which study the essence
of human motion from different perspectives. For instance,
considering that different motion clips spatio-temporally
belong to different classes [10], many researchers reveal
the essence of motion sequences by clustering algorithms.
However, the motion sequences are an ordered set of poses
and the motion frames do not always obey Gaussian distribution; therefore, this method does not achieve good results.
Zhou et al. [11] proposed an algorithm combining kernel
k-means with generalized dynamic time alignment kernel to
cluster time series data. The algorithm is also optimized
with a coordinate descent strategy and dynamic programming. Moreover, they provide an unsupervised hierarchical
bottom-up framework to find a low-dimensional embedding
for the time series, which is effective for segmenting complex
motions [12]. Yet, while a motion class contains too many
different actions, the length of segments is strongly limited by
the (H)ACA methods [13], the segmented lengths are shorter
than the actual lengths of motions. To solve the problem of
clustering algorithms, the intracluster variance should be low.
Vogele et al. [13] proposed a detecting algorithm based on
neighborhood graph structure similarity. Classification method
is another category that accomplishes human motion segmentation, but classification-based algorithms cannot avoid the
drawbacks of lags, which result in the problem, as the accuracy
of segmentation result is not high enough. Lin et al. [14]
put forward an online motion segmentation algorithm; all data
points are labeled either segment points or nonsegment points
by an online classifier. The labeled segment points are the
transition frames of the motion sequence. Some researchers
segment the human motion sequences by detecting transition
frames of the sequences. Gong et al. [15] proposed a kernel
algorithm based on Hilbert space embedding, which can
detect the transition frames as well as the repetitive frames
simultaneously of a motion sequence. Besides, statistical
algorithms [16], Markov models [16], and biological modelbased algorithms [17] are also applied in realizing human
motion segmentation.
In addition to the human motion segmentation algorithms
mentioned earlier, dimensionality reduction algorithms have
been widely used in segmenting human motion sequences.
Barbic et al. [10] segmented human motion sequences from the
probability distribution perspective, where frames of different
motion classes were assumed to have a Gaussian distribution,
and Gaussian mixture model (GMM) was built to solve
the problem. To improve the efficiency of the algorithm,
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principle component analysis (PCA) was used to reduce
the dimensionality of the original motion data, and then
EM algorithm was employed to estimate the parameters of the
GMM model. Barbic et al. [10] also proposed a PCA approach
to segment the motion sequences based on the assumption
that intrinsic dimensions (IDs) will change if the human
motion changes, but linear algorithms, such as PCA approach,
cannot yield good results on the nonlinear human motion
data. In addition, another segmentation algorithm in [10] was
proposed, which is based on the probability PCA (PPCA)
approach. However, PPCA approach demands the motion
frames that strictly obey Gaussian distribution (details in
Section III-C). Based on the idea, other manifold learning
algorithms can also be applied to analyze human motion
sequences, e.g., locality preserving projection (LPP) [41], local
tangent space alignment (LTSA) [26], [42], and so on.
Above all, the key to human motion segmentation is to find
the segmenting features of different motions in a sequence.
Transition point detection is a complex process. The same
motion sequence may have different segmentation results
under different backgrounds [27]. This paper puts forward
a manifold learning-based segmentation algorithm from the
perspective of motion continuity. A local curvaturelike descriptor was defined to measure the curvature of each frame and
its neighborhood, and then utilizing the local curvaturelike
descriptor analyzes the motion continuity. In this paper, we
assume that inconsistent frames are transition clips between
different motions, and propose the Time Series-Warp Metric
Curvature Segmentation (TS-WMCS) algorithm to realize
human motion segmentation based on this assumption.
TS-WMCS can adjust the segment points by analyzing temporal feature curves in low-dimensional space.
The main contributions of this paper are as follows.
1) Describe motion continuity by local curvaturelike
descriptors generated in angle space, and then utilize
the descriptors to detect the transition points in motion
sequences.
2) The local curve degree of the motion sequences
described in angle space can reflect human kinetic
features well. If human motion changes, the local curve
degree of the motion sequences will change as well.
3) Propose a robust ID estimation algorithm based on a
cosine metric (CM), and provide reliable IDs for human
motion sequences.
4) Segment the motion sequence from multiperspectives by
using temporal feature curves to describe the motion
sequences in low-dimensional space, thereby improving
the segmentation accuracy efficiently.
5) The TS-WMCS algorithm can guarantee the recall
when dealing with simple motion sequences, and has a
comprehensively better performance while segmenting
complex motion sequences compared with other
manifold-based segmentation algorithms.
II. M OTIVATION
Human motion sequence contains lots of low-level characteristics. Segmenting directly using motion sequence implies

Fig. 1.

Human motion sequence and its curvature.

an effective method, which needs no semantic annotation.
Human motion can be depicted by a significant number
of approaches. The majority of human motion segmentation
methods are data-driven method, and physical driven methods
are seldom applied in segmenting human motion sequences.
Arikan et al. [8] point out (claim) that continuity is a significant characteristic in human motion analysis. Inspired by this
characteristic, we describe motion sequences by its continuity,
which is utilized to segment human motion sequences. How to
express continuity mathematically becomes the main task in
this paper. Consequently, we will illustrate that the curvature
change of human motion sequences has the capability to
describe the continuity of motions.
Curvature is an effective data-changing descriptor of data,
and has been applied to manifold learning [18], [19]. Manifold
learning aims to preserve the sufficient topology structure
information between samples (nonlinear data distribution)
while data lie in low-dimensional space. Human motion
sequences can be regarded as a temporal manifold because
of its time continuity. Subsequently, curvature of motion
sequences can be calculated in local space. The same type
of motions is more relative and more continuous to each other
than different types of motions in human motion sequences.
Thus, curvature can be used to reflect the continuity changes of
human motion and can be incorporated into the human motion
segmentation process. The relationship between continuity and
curvature of human motions can be described as follows:
the curvature of the sequences may have a more dramatic
change in transition clip than elsewhere between two different
motions, which is shown in Fig. 1, and more details can be
seen in Section IV.
III. R ELATED W ORKS
In this section, three human motion segmentation
approaches utilizing local characteristics of motion sequences
will be introduced. They are PCA-based approaches (PCA
and PPCA approach) and LPP approach for human motion
sequence segmentation. These approaches utilize motion characteristics of themselves in the sequences, and realize human
motion segmentation by detecting transition points in motion
sequences.
A. PCA Approach to Human Motion Segmentation
PCA-based segmentation approach divides human motion
sequences by utilizing the PCA algorithm to estimate the ID
of local motion sequences. Given a human motion sequence
with the length of m frames, Z = [z 1 , z 2 , . . . , z m ] ∈ R D×m .
The PCA approach detects transition points by analyzing the
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variance ei between the neighborhood of the i th frame Nei
and its projection z i in intrinsically low-dimensional space.
The variance ei is as follows:
D
 


z i − z  2 =
ei =
σ j2 .
i

C. PPCA Approach to Human Motion Segmentation
(1)

j =d+1

i∈Nei

Here, d is the ID of neighborhood in (4). The PCA approach
to human motion segmentation is based on the assumption
that the variance ei of z i ’s neighborhood and its projection z i
in intrinsically low-dimensional space is not high even if the
frames belong to different motion clips, but if the frame i is
located in the transition clips, the variance ei will increase
significantly. The PCA approach realizes human motion
segmentation by detecting transition points in the motion
sequences, which is based on the analysis of the variance ei
of neighborhood and its projection z i in intrinsically lowdimensional space. This approach works well if different
types of motion subsequences have obvious transition clips,
but in practical application, changes in different motions are
generally continuous. Thus, the variance ei of z i ’s neighborhood and its projection z i in intrinsically low-dimensional
space does not change significantly in practical applications,
which lead to the problem that the approach cannot detect
all the transition points of a motion sequence. Even worse,
the correlation between ID and motion type is not obvious,
segmenting motion sequences by this approach do not have a
definitive physical meaning.
B. LPP Approach to Human Motion Segmentation
LPP aims to find the optimal linear approximations to
eigenfunctions of the Laplace Beltrami operator on the
manifold. Though it is linear, LPP shares many properties with
nonlinear algorithms. With these properties and explicit linear
transformation, LPP can be utilized to analyze human motion
segmentation based on the idea of PCA-based approach.
Furthermore, LPP is more appropriate for analyzing human
motion sequences, because LPP algorithm preserves local
neighbors’ relationships while PCA considers to maximize
variance. Through estimating the similarity among neighborhoods, LPP-based approach determines the transition clips in
the human motion sequences


z  − z  2 Wi j
(2)
ei =
i
j
ij

where Wi j = e−((zi −z j )/(2σ )) (σ = 1 in our experiments)
denotes the weight between the frame z i and z j . This method
is presented based on the fundamental assumption that the
original neighbors still remain close to each other in intrinsically low-dimensional space if the frames belong to different motion clips. In other words, frame i in the transition
clips means a dramatic increase of ei . Thus, LPP-based
approach is able to recognize transition points in the motion
sequences by utilizing the analysis of the parameter ei ,
and then complete the human motion segmentation task. This
approach works well if there are obvious transition clips
in the motion subsequences. However, most human motions
change continuously in practical application, so usually the
2

parameter ei does not increase dramatically in all the transition
points.

PPCA-based approach realizes human motion segmentation
by estimating the distribution of the frames in a motion
sequence. PPCA approach assumes that the frames of a
motion sequences obey the Gaussian distribution, and build the
correlation covariance matrix C, which reflects the correlations
among different motions by extending the traditional PCA
algorithm with the Gaussian model. The correlation covariance
matrix C is used to calculate the average Mahalanobis distance H of the neighborhood of frame k in the motion
sequence. Then, estimating the likelihood of motion frames
k + 1 through k + m of belonging to the Gaussian distribution [10] based on the average Mahalanobis distance H . H is
calculated as follows:
H=

k+m
1 
(z i − z)T C −1 (z i − z)
T

(3)

i=k+1

where k represents the start frame of a motion sequence and m
represents the length of the neighborhood of frame k. The
value of k is increased with the length of segment m, and the
average Mahalanobis distance of the neighborhood of frame k
is calculated in (3). The transition point detected by PPCA
approach should follow two conditions: 1) the Mahalanobis
distance of the transition point must be the largest in the
subsequence and 2) there must be a frame whose average
Mahalanobis distance is the smallest one before the transition
point, and the difference of the average Mahalanobis distance
between the point whose Mahalanobis distance is the smallest
and the transition point should be larger than a threshold R.
To avoid the impaction that the first behavior is characterized in a “wide” distribution and the following behavior is
characterized by a narrow distribution in some cases. The
PPCA approach does a backward detection after forward
detection to detect as many transition points as possible.
Segmenting motion sequences by PPCA approach captures the
correlation in the motion of different joint angles as well as
the variance of all joint angles. However, the PPCA approach
still has the following limitations. First, the frames in the
motion sequences should obey the Gaussian distribution while
many motion sequences cannot meet the condition in practical
applications. Besides, both PPCA and PCA approaches are
based on a joint method, and difficult to extend to other fields.
In addition, there are many parameters in the process of PPCA
model establishment and transition point detection, but these
parameters do not have clear physical meaning.
IV. S UBSPACE L EARNING
Curvature is an important characteristic of the local structure of motion sequences. It implies the continuity of the
motions in a motion sequence. On this basis, we proposed
a curvature-based descriptor—sequence local warp (SLW),
which expresses the continuity of motions efficiently (see
Section IV-B). In Section IV-A, we will introduce the spatiotemporal interest point (STIP)-based video feature extraction
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Fig. 3.

Fig. 2. Video frames of “action clip train00011.avi” from Hollywood Movie
Data Set. (a) Talking. (b) Getting out of the car. (b) Getting out of the car.
(d) Walking.

method [28], [29], through which we transform video data
sets into time series. The SLW descriptor can be applied
into video human motion sequences’ segmentation after the
STIP-based feature extraction method. In Section IV-C, we
introduce the Bottom-Up algorithm [30] proposed by Eamonn
Keogh, and then utilize it to approximate piecewise linear
SLW curve. In addition, the SLW can be used to estimate the
IDs of motion sequence, and then use the space projection
technology to efficiently learn the local anomalies, such
as local high curvature and noises. In Section IV-D, we
present a manifold learning algorithm–Curvature Sequence
Warp Space Alignment (CSWSA), which is effective to dimensionality reduction of high curvature and nonlinear sequence.
Low-dimensional temporal feature curves can be obtained by
the CSWSA algorithm, which can improve the segmentation
performance of motion sequences. In Section IV-E, we present
a new ID evaluation algorithm. The human motion sequence
segmentation algorithm that contains SLW descriptors and
visual curves is presented in Section V.
A. Spatio-Temporal Interest Point-Based Video
Feature Extraction
Video motion sequence segmentation is of great significance
to the classification of video sequence, which can effectively
improve the classification accuracy of the classification
algorithms [31]. A video motion clip always contains multiple motions in practical applications, which will influence
the performance of the classification algorithms and retrieval
algorithms if the clip is not segmented. Taking the “actionclipautoautotrain00011.avi” of the Hollywood Movie Data Set2
as an example [32], this video clip contains multiple motions,
such as talking, getting out of the car, walking, and so on
(details in Fig. 2). The classification accuracy and retrieval
precision will be decreased if the clip is not resegmented.
The STIP based on the feature extraction algorithm can
efficiently transform the complex video motion sequences
into standard and tractable time series [28], [33]. The STIPbased feature extraction method can be summarized as
follows. Given video motion sequence, VS = {vsi |1 ≤ i ≤
length(VS)}, where vsi is a frame in the sequence V S.
First, utilize the scale-invariant feature transform-based STIP
extraction method to obtain the interest points of all the
frames in the sequence V S, and add these interest points

Process of the STIP-based extraction method.

into the interest point set I P Set. Then, cluster the elements
in the interest point set I P Set by the k-means clustering
algorithm to get the main interest points of the sequence V S.
Construct the bag-of-visual words [34] model on the basis
of these main interest points, and obtain d main interest
points set MIPSet = {mipi |mip1 , mip2 , . . . , mipd } of the
sequence V S. Last, analyze each frame vsi in the sequence V S
through the bag-of-visual words [34] model, and generate a
d-dimensional histogram for vsi . By the STIP-based feature
extraction method, the given video motion sequence V S
can the transformed as a time series where each frame of
the sequence is represented by a d-dimensional vector. The
process of the STIP-based extraction method is presented
in Fig. 3.
B. Sequence Local Warp
First of all, to maintain the temporal characteristic of a
motion sequence when initializing neighborhoods, we selected
the k nearest neighbors for z i , Z i = [z i− p , z i− p+1 , . . . , z i+ p ],
where p = k/2. To avoid interference of the start and the
end of the motion sequence, the computation of the motion
sequence should delay start and end points prematurely (see
in Fig. 1). Set X = [z p+1 , z p+2 , . . . , z m− p ] = [x 1 , x 2 , . . . , x n ]
∈ R D×n , X i = [x i− p , x i− p+1 , . . . , x i+ p ], centralized neighborhood of X i is X̂ i = [x̂ i− p , x̂ i− p+1 , . . . , x̂ i+ p ], where
x̂ j = x j − x̄ i 
, j ∈ Ni = {i − p, i − p + 1, . . . , i + p}, x̄ i =
(1/(2 p + 1)) j ∈Ni x j . Besides, x −1 = z p , x − p = z 1 x n+1 =
z m− p+1 , . . . , x n+ p = z m . Because of the specificity of the
human motion sequences, we usually set k = [100, 200] [10].
The linearity of many initialized neighborhoods is not high,
where local high curvature is a key issue of manifold learning.
If the curvature of the neighborhood is too high, its local
structure cannot be well linearized. Most of the classical
manifold learning algorithms are based on the assumption that
the local structure can be linearized [25], [35]. Hence, we
proposed a descriptor to measure the curvature of the local X i ,
and analyzed the neighborhood of X i on the i th frame from
the perspective of the local tangent space. The local curvature
of x̄ i reflects the curve degree of x i . Reference [36] utilizes the
tangent space of the samples in the neighborhood to describe
the curvature, but it is easy to be affected by noise. Moreover,
numerous eigendecomposition consumes significant time.
We found the angle where the samples derive a tangent space
of the neighborhood can be easily obtained, which describes
the curve degree of the local structure as an effective curvature.
We just need to compute the angle αi j between x̂ j and its
orthogonal projection. αi j = α j (Q i ) (as is shown in Fig. 4),
where j ∈ Ni , αi j ∈ [0, π/2]; the local low-dimensional space
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will be lost, and the segment results will not well approximate
the original curve. Otherwise, the segmented sequences will
have redundant information, which will hurt the performance
of the human motion segmentation algorithm. To obtain an
ideal approximation results, the number of the segmented
pieces is determined as: sn = n/24, where n is the length of
the motion sequence after eliminating the effects of the start
and the end of the original motion sequence. Movie cameras
typically operate at a speed of about 24 frames/s. Hence, we
set the length of every segmented piece as 24.
Given T̃ to be piecewise linear approximated contains
n points, the implementation process of Bottom-Up algorithm
is in Algorithm 1.
Fig. 4.

Neighborhood of motion X i .

can be expanded by Q i . The curvaturelike descriptor SLW can
be defined as


cos αi j
x̂ j .
(4)
ci =
j ∈Ni

j ∈Ni

Q i which is defined by αi j in (4) can be obtained by
optimization problem


max Tr Q iT X̂ i D̃ X̂ iT Q i
s.t. Q iT Q i = I

(5)

D0 = diag(1/||x i− p ||, . . . , 1/||x i+ p ||). Set
where D̃ =
M = X̂ i D̃ X̂ iT ; the d largest eigenvalues of M can deduce the
computational complexity of (4) by (6) as follows:
D02 ,


j ∈Ni

cos αi j =

d


λi .

(6)

i=1

Set the difference of two adjacent samples in SLW curve
as di = |ci+1 − ci |, where i = 1, . . . , n − 1. If di is less
than the set threshold η, we can conclude the following two
points: 1) the curvature of the motion sequence is not high and
2) there are no outliers in the local motion sequence, and the
sequence is continuous. On the other hand, the continuity of
the local motion sequence is worse. By this taken, if the local
structure of a frame can be well linearized, the frame must
be a continuous point in the motion sequence. There must be
a “joint” between two continuous motion sequences, which is
the discontinuous frame in the human motion sequence and
the high curvature point in the geometry structure of the data.
Thus, the numerical abnormalities of the “joints” can be used
to segment the human motion sequence. Its corresponding
value of ci can be used to contract or expand neighborhood,
and then applied to the dimensionality reduction algorithm in
Section III-D.
C. Bottom-Up Piecewise Linear Approximation Algorithm
The Bottom-Up algorithm is utilized to piecewise linear
approximates the SLW curve. The algorithm segments the
motion sequence as well as determines the number of the
pieces. Determining the number of segmented pieces is
an important step. If the number of segmented pieces is
small, some important information of the motion sequences

Algorithm 1 Bottom-Up Algorithm
Input:
Time series T̃ .
Output:
Linear approximated series Seg_T S.
1. Initialize the segment number sn, Seg_T S =
Bottom_U p(T̃ , sn)
2. Segment the series T into pieces where each piece
contains two points.
3. Compute the difference of two adjacent pieces and
combine them. Update Seg_T S.
4. Repeat
Combine two adjacent pieces whose difference of the
normative errors is the smallest.
Calculate the normative error einew for the combined
piece, and update Seg_T S.
Until
length(Seg_T S) = sn
5 Output Seg_T S

First of all, divide the given sequence into j pieces,
j = n/2. At this time, every piece contains two points;
if (n/2) has reminder, then the last piece contains three points.
Each piece is the line, which approximates the original time
series best, and the line is defined by the classical regression
function: y − ȳ = ((sx y )/(sx2 ))(x − x̄). For each line, it is
hardly to be the same as the original time series, and there
will be a lot of different residual variance. Residual variance
is the difference between the original point and the ordinate
value of the best approximated line. We define these residual
variances as d1 , d2 , . . . , d j . Define normative error for every
j
piece ei = m=1 dm2 /j , where ei represents the effectiveness
of the line approximates the i th segmented piece of the original
curve. In most cases, the differences of ei are large.
Second, combine two adjacent pieces whose difference of
the normative errors is the smallest. Compute the normative
error einew for the combined piece. The number of divided
pieces has come to j − 1. Repeat the process until the number
of divided pieces has become the determined value sn. The
Bottom-Up algorithm is summarized in the following.
According to [38], the time complexity of Bottom-Up
algorithm is O(n log n/sn).
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D. Curvature Sequence Warp Space Alignment
According to the temporal characteristic of the motion
sequence, taking X i as neighborhood of the i th frame and
using the numerical results Q i , di computed in Section IV.
If the value of di of a frame on the SLW curve is larger
than the threshold η, then contract the size of the neighborhood X i . If the distribution of the data set is sparse,
then expand the neighborhood X i . Set the new neighborhood
of the i th frame as X ki ,i , where ki is the number of the
frames added or removed from the original neighborhood.
For each linear approximative neighborhood, reconstruct the
low-dimensional space expanded by Q ki ,i can meet the
demands of human motion sequences, and its local affine coordinates can be calculated as ki = Q kTi ,i X̂ ki ,i , i = 1, 2, . . . , n.
In order to realize global low-dimensional visualization, each
local low-dimensional coordinates is transformed by L i into
the global low-dimensional coordinates T = [τ1 , τ2 , . . . , τn ] ∈
Rd×n . To keep the uniqueness of the global coordinates, we
impose constraints T T T = Id for T , where Id is a d × d
identity matrix.
By the above-mentioned descriptions, we can get its
mathematic model
min

τi ,L i

n


2

ci  Tki − τ̄i ekTi − L i ki  .

(7)

i=1

where Tki is the low-dimensional representation of X ki , τ̄i is
the mean value of Tki , eki = [1, 1, . . . , 1], and L i is

ki

the unknown local affine transformation matrix. To get the
minimum value of function (7), we can set L i = (Tki − τ̄i
ekTi )†ki . Moreover, function (7) can be transformed into a
constrained optimization problem
min TSM2F

Algorithm 2 CSWSA Algorithm
Input:
The neighborhoods X i of the sequence.
Output:
T, the global low-dimensional mapping of X i .
1. Set threshold ηc and given i = 1.
2. If di > ηc , then set i ← i + 1. Otherwise, contract
the neighborhood and get the new neighborhood Nki .
Then add i into C = {i |di < ηc } and set i ← i + 1.
If i > n go to step 3.
3. Eigen decompose the matrix X̂ ki D̃ki X̂ kTi for each i
in the set C, then we can obtain ki . Get matrix
G ki which is composed of eigenvectors of kTi ki .
Calculate Mi = ci Ji (I − G ki G kTi ), set i ← C(i + 1).
If i = |C|, go to step 4.
4. Initialize matrix B = 0n×n . Update matrix B with
the following rules: (1) B(Nki , Nki ) ← B(Nki , Nki ) +
Mi MiT , i = 1, 2, · · · , n. (2) B = B − I .
5 Obtain the eigenvalues of matrix B by eigendecomposition. Sort these eigenvalues as: μ1 ≤ μ2 ≤ · · · ≤
μd+1 ≤ · · · ≤ μn , and set T = [u 2 , · · · , u d ]T .

In most cases, D
ki always causes eigendecomposition of
1/2
matrix X̂ ki D̃ki X̂ kTi a time-consuming task. Let Fi = X̂ ki D̃ki ,
considering FiT Fi v i j = λi j v i j , where v i j is eigenvector of
FiT Fi , j = 1, . . . , d. It is easy to prove that FiT Fi and
X̂ ki D̃ki X̂ kTi share the same eigenvalues [39]. The following
theorem 1 suggests an efficient approach to get Q i while
D
max ki and d < min ki .
i∈{1,...,n}

i∈{1,...,n}

problem (5) can be calcuTheorem 1:√Q i in optimization
√
lated by [v i1 / λi1 , . . . , v id / λid ].
Theorem 1 can be proved by the similar approach in [39].

T

s.t. T T T = I

(8)

where S = [S1 , S2 , . . . , Sn ], Si is a 0-1 selection matrix, which
meets the function T Si = Tki and M = diag(M1 , . . . , Mn ),
where Mi = ci Ji (I − ki †ki ); and Ji = I − (1/ki )eki ekTi is
a centralization matrix. To obtain ki †ki here is not as
easy as that in LTSA, and one more eigendecomposition is
needed in (8). We can choose the iterative Lanczos algorithm
to get partial eigenvalues and partial eigenvectors. Given
B = SMMT S T , its eigenvalues are μ1 ≤ μ2 ≤ · · · ≤ μd+1 ≤
· · · ≤ μn and the pairwise eigenvectors are [u 1 , . . . u n ], then
the second to the (d + 1)th eigenvectors compose T , and
T = [u 2 , . . . , u d ]T .
By the above-mentioned theoretical analysis, the process of
CSWSA algorithm is summarized as Algorithm 2.
|C| in step 2 of Algorithm 2 represents the number of
the elements in set C. CSWSA algorithm saves the time of
searching neighborhood of each sample. The time complexity
of the eigendecomposition in step 3 is O(|C|k 3 ), and the time
complexity of the eigendecomposition in step 5 is O( pn 2 ),
where p in the number of nonzero elements in sparse matrix B.
The calculation of the rest steps can be ignored. In this paper,
k 3  n 2 . Hence, the total time complexity is O( pn 2 ).

E. Intrinsic Dimension Estimation Algorithm of
Local Sequence
The ID is an important parameter in manifold learning.
Considering the geometric meaning of the eigenvalues of Q i
in (5), we can estimate the ID of the human motion sequence
by PCA method [37]. On this basis, all the Q i values can
be embedded into the low-dimensional space by the space
alignment method. The ID estimation algorithm, which is
based on CM, is summarized in Algorithm 3.
By utilizing Algorithm 3 in this paper, we can get the
IDs of the human motion sequences. The calculation results
suggest that little information is lost while the dimension is
reduced to 3. Besides, the temporal feature curves provide
a computable correction algorithm for the human motion
sequence segmentation.
V. N EW H UMAN M OTION S EGMENTATION A LGORITHM
A new sequence segmentation algorithm–TS-WMCS is
introduced in Section V-A. In Section V-B, we explain how
to utilize the low-dimensionally temporal feature curve to
improve the segmentation result of TS-WMCS. The process
of human motion segmentation is specified in Section V-C.
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Algorithm 3 ID Estimation by CM
Input:
The neighborhoods X i of the sequence.
Output:
The intrinsic dimension d of the sequence.
1. Initialize the threshold ηd , set i = 1, I Di = 1.
I
Di
k

2. Calculate ri =
cos α j /
cos α j by the equation
j =1

j =1

(4) and (6). If ri > ηd , then set I Di = I Di + 1 and
repeat Step 2. Otherwise, save I Di and go to Step 3.
3. If i ≤ n, then return to Step 2 and set i ← i + 1. Reset
I D = 1. If i > n, then go to Step 4.
N

I Di /n.
4. Calculate d =
i=1

Fig. 5.
Low-dimensional temporal feature curves of the 01_05 and
17_08 human motion sequences of the CMU Motion Capture Database.
(a) 01_05 Human motion sequence. (b) 17_08 Human motion sequence.

A. TS-WMCS Algorithm
Given pairwise frames of segment points as seg = {segi },
i = 1, 2, . . ., the TS-WMCS algorithm is summarized in
Algorithm 4.
By analyzing the time complexity of Bottom-Up algorithm
and CSWSA algorithm, we can conclude that the time complexity of TS-WMCS algorithm is O( pn 2 ). δ should be set
according to different human motion sequences.
B. SWSA Algorithm Improves the Human
Motion Segmentation
Reduce the human motion sequence data to three dimensions by the SWSA algorithm, and then construct three temporal feature curves by combining the human motion data of each
low dimension with the time. By analyzing the changing trend
of the temporal feature curves, we can obtain the transition
point of different motions.
Take the 01_05 and 17_08 human motion sequence of the
CMU Motion Capture Database as an example. The dimension
reduced temporal feature curves is shown in Fig. 5. In the
temporal feature curves, the highest position is obvious, which
means the human motion changes sharply there. That is to
say the highest point in the low-dimensional temporal feature
curves is the transition point of a human motion sequence.
By analyzing the low-dimensional temporal feature curves of
the 01_05 and 17_08 human motion sequences, the pairwise
frames of the highest position point in the curves are located
in the segment clips of the human motion sequences.
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Algorithm 4 TS-WMCS Algorithm
Input:
The neighborhoods X i of the sequence.
Output:
The segment points set seg.
1. Centralize the X i as X̂ i , set the minimum number
δ of frames of a behavior, and the error adjustment
parameter ε. Set seg = {Null}.
2. Compute curvature curve cur by equation (4) and
equation (5)
3. Compute the low-dimensional time series curve by
CSWSA algorithm
4. Utilize the Bottom-Up algorithm to piecewise liner
approximate the low-dimensional curve and obtain
the curvature array newCur = {newCuri }, i =
1, 2, . . . , Sn. Set f r ame = { f r amei }, i =
1, 2, . . . , Sn to represent the pairwise frame of
newCuri .
5. Traverse frame, if f r amei is in the range of δ/2 of
the start or the end of a motion sequence, remove the
pairwise newCuri of f r amei .
6. Sort the elements of newCur ascending, and change
the position of f r amei based on this sorting result.
7. Add f r ame(1) to the set seg. If f r amei is in
the range of [seg(end) − δ/2, seg(end) + δ/2], then
remove f r amei from the set f r ame = { f r amei }.
Repeat this step until there is no f r amei in the range
of [seg(end) − δ/2, seg(end) + δ/2].
8. Detect all the segi in the set seg = {segi }.
If |cur (seg(i ))| < |means(cur ) + ε|, then remove
segi from the set seg = {segi }.
9. Output the set seg = {segi }, which represents the
transition points of a motion sequence.

Hence, the low-dimensional temporal feature curves will
play an important role while the curvature of the segment
point in the SLW curve of a human motion sequence is not
high, which makes up for the shortcoming of the TS-WMCS
algorithm.
C. Process of Human Motion Segmentation Algorithm
The process of human motion segmentation will be
presented in this section. By combining the algorithms and
technologies mentioned in Sections IV and V, the human
motion segmenting process is summarized in Fig. 6. No matter
the video motion sequences or the CMU human motion
sequences, they can be described as a standard time series,
which can be well segmented by the TS-WMCS algorithm.
VI. E XPERIMENTAL R ESULTS AND A NALYSIS
To illustrate the validity of the TS-WMCS algorithm, the
experiments are conducted on the CMU Motion Capture
Database as well as the video motion sequence database in this
section. Sequences in the CMU Motion Capture Database are
standard and well extracted time series of the human motions.
To verify the validity of the proposed algorithm on real motion
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Process of human motion segmentation.

sequences, we also conducted the experiments on the video
data set (details in Section VI-B).
A. CMU Motion Capture Database
Ten motion sequences of the database are selected as the
experimental data, and the lengths of these motion sequences
range from 2056 frames to 7875 frames. The basic human
motions include: walk, run, jump, squat, twist, and so on. The
hierarchy in a CMU motion contains 31 joints [24]. Hence,
unify the independent coordinate of the 31 joints of each
frame to a global coordinate, and construct a 93 × m matrix,
where m is the length of a human motion sequence. Since the
motions in the transition clips still have some similarities with
the motions in the nonsegment clips, if the value of ε is too
large, the segment points will be removed from the segment
points set. Otherwise, the motions, which are similar to that
of the segment points will still hurt the performance of the
segmentation algorithm. In our experiment, we set ε = 0.05.
The shortest length of a single motion in the CMU Database is
300 [10]. To ensure the algorithm can detect every segment
points, we set δ = 300.
In order to show the experimental results clearly and verify
the validity of the proposed algorithm in this paper, we set the
precision Pp = Z /Q, and the recall Pr = Z /N, where Z is
the number of the segment points located in the actual segment
clips computed by the algorithm, Q is the total segment points
computed by the algorithm, and N is the number of the actual
segments clips. The precision of a segmentation algorithm
represents the accuracy of the algorithm in detecting transition
points while the recall of an algorithm depicts the effectiveness
of the algorithm in detecting correct transition points.
To verify the effectiveness of segmentation algorithm on
human motion sequence, we segment the sequence in the
database manually as ground truth at first, and then compare
the segmenting results detected by the segmentation algorithms
and the ground truth. The ideal segmenting points should be
located in the transition clips. The comparison of segmentation
results of the PCA, PPCA, LPP, and TS-WMCS algorithms on
ten selected human motion sequences is shown in Fig. 7. The
motion clips of the ground truth are labeled with red bars and
blue bars in Fig. 7 while the transition clips are labeled with
gray bars. The transition points detected by the algorithms

are labeled with black lines between different motions, which
are labeled with red bars and blue bars in Fig. 7. We can
conclude that the proposed method can accurately segment
the complex human motion sequences by Fig. 7 and Table I.
The precision of the segmentation results conducted by
TS-WMCS algorithm can reach 55.19% while the recall of the
TS-WMCS algorithm can reach 87.63%, which outperforms
PCA, PPCA, and LPP algorithms significantly. The main
reasons are as follows. The PCA approach is based on the
idea that the intrinsic dimensionality of a motion sequence
containing a single behavior should be smaller than the intrinsic dimensionality of a motion sequence containing multiple
behaviors [10]. However, the IDs of complex motions are all
high, and the change of IDs is slight. Thus, the PCA and
LPP algorithms are hard to work out. The PPCA approach is
based on the assumption that Gaussian models of two separate
behaviors will be quite different [10]. However, different
motions represent different meanings while the difference
of the actions of these motions is small. Taking the 31_01
motion sequence of the CMU Database as an example, its
main motions are basketball signals, which mainly reflect the
changes of arm movements. In this sequence, the difference
between the “traveling violation” and the “double dribble”
analyzed by Gaussian model is not large. Hence, the PPCA
algorithm cannot segment this kind of sequences effectively.
The TS-WMCS algorithm is based on the assumption that
the curvature of the transition points changes more sharply
than the curvatures of motions. The TS-WMCS algorithm pays
attention to the changes of the motions when detecting transition points of the motion sequences. Hence, the TS-WMCS
algorithm can capture the changes of the motions in time,
which helps detect the transition points and realize human
motion sequence segmentation. However, if the actions are not
continuous of the same motion, the proposed algorithm in this
paper will not perform excellent. For example, the actions of
a same motion in the 14_14, 49_02, and 86_01 sequences
in the CMU Database are not continuous. Comparing the
segmentation results of the proposed algorithm and the PCA,
PPCA, and LPP segmentation approaches on theses sequences,
even if the recall of the proposed algorithm is higher, the
precision of the proposed algorithm is lower than the other
two algorithms significantly (details in Table II). From Table II
and Fig. 7, we can conclude that the recall of the TS-WMCS
algorithm outperforms PCA algorithm but is lower than PPCA
algorithm, and the precision of the proposed algorithm is
higher than the other two algorithms. That is mainly due to
the reason that if the actions are not continuous of a same
motion, or a motion contains repeated actions, the clips of
the actions will be detected as transition points while using
curvatures to describe motions. Taking the 14_14 sequence
of the CMU Database as an example, the sequence contains
a “squat” motion, and the clips between two adjacent squats
will be recognized as transition points. For the reason that,
the continuity between two squats is not high while using
curvature to describe motions.
PCA, PPCA, LPP, and TS-WMCS algorithms segment the
motion sequences into less correlated clips are all utilizing the
characteristics of the motion themselves. Some actions are not
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Fig. 7. Comparison of different manifold-based segmentation algorithms on motion capture data of CMU Database. (a) 01_05 human motion sequence contains
playground-climb and going under. (b) 14_14 human motion sequence contains jumping jacks, jog, squats, side twists, and stretches. (c) 15_09 human motion
sequence contains wander. (d) 17_08 human motion sequence contains muscular and heavyset person’s walk. (e) 27_02 human motion sequence contains
different arm movements. (f) 31_01 human motion sequence is composed of basketball signals. (g) 49_02 human motion sequence contains jump up and
down, and hop on one foot. (h) 56_03 human motion sequence contains fists up, wipe window, yawn, stretch, angrily grab, smash against wall, lift open
window, skip, and so on. (i) 82_05 human motion sequence contains sitting on ground relaxing. (j) 86_01 human motion sequence contains jumps kicks and
punches.
TABLE I
P RECISIONS AND R ECALLS OF THE T OTAL T EN M OTION S EQUENCES
S EGMENTED BY T HREE A LGORITHMS

TABLE II
P RECISIONS AND R ECALLS OF T HREE S IMPLE M OTION S EQUENCES
(14_14, 49_02, AND 86_01) S EGMENTED BY T HREE A LGORITHMS

correlated with each other, but their high-level semantics are
consistent in some applications, such as the martial art motion
sequences and dancing motion sequence. When segmenting

these motion sequences, the segmentation precisions will be
low. Fig. 8 shows the segmentation results of the 12_04 motion
sequence of the CMU Database by the above-mentioned
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Fig. 8. Segmentation results of TaiChi (the 12_04 motion sequence of the
CMU Database).

Fig. 10. Samples of the Olympic sports video data set. (a) Parallel Bars.
(b) Horizontal Bars. (c) Javelin. (d) Balance Bean. (e) Rings.
TABLE III
P RECISIONS AND R ECALLS OF UT-I NTERACTION V IDEO D ATA S ET 2
S EGMENTED BY T HREE A LGORITHMS

Fig. 9. Samples of the UT-Interaction standard video data set. (a) Hand
Shaking. (b) Hugging. (c) Kicking. (d) Pointing. (e) Punching. (f) Pushing.

three algorithms. The motion sequence contains 17 799 frames
and represents the motions of TaiChi.
It is obvious in Fig. 8, all the three algorithms have the
shortcoming of detecting too much transition points, that
is mainly due to the motion sequence contains many basic
motions under the same high-level semantic. Take the move
of “White Crane Spreads its Wings” in TaiChi as an example,
which contains twisting, leg lifting, striding, arm swing, and
so on. It is easy to cause the problem of segmenting too much
if utilizing the motion characteristics to realize the human
motion sequence segmentation. However, if we know the
high-level semantic of the motions in advance, joining the segmented basic motions and implementing the semantic-based
human motion sequence segmentation are still meaningful.
B. Video Motion Database
To illustrate the segmentation efficiency and robustness of
the TS-WMCS algorithm toward video motion sequences,
we have conducted experiments on UT-Interaction standard
video data set [40] and the self-built Olympic sports video
data set to compare the segmenting performance of the
TS-WMCS algorithm, PCA algorithm, PPCA algorithm, and
LPP algorithm. The UT-Interaction data set1 contains videos of
continuous executions of six classes of human–human interactions: shake hands, point, hug, push, kick, and punch. There is
a total of 20 video sequences whose lengths are around 1 min.
Each video contains at least one execution per interaction,
providing us eight executions of human activities per video
on average. Several participants with more than 15 different
clothing conditions appear in the videos (as is shown in Fig. 9).
1 The ground-truth segmentation can be found on http://cvrc.ece.utexas.
edu/SDHA2010/Human_Interaction.html

We select eight videos of the subset 1 to conduct the experiments, since effective segmentation on sports sequences is
of great guiding significance to the training of the athletes.
To verify the efficiency and the application value of the
segmentation algorithms toward sports training, we select five
common sports (Parallel Bars, Horizontal Bar, Javelin, Balance
Beam, and Rings) in the Olympic game to carry out the
comparative experiments (as is shown in Fig. 10).
To carry out experiments on the UT-Interaction standard
video data set, we first utilize the STIP-based feature extraction
method, which is introduced in Section III-A to transform
the video motion sequence into standard time series. As the
characteristics of the transformed motion sequences are similar
to the sequences in the CMU Motion Capture database, the
parameters set here of the TS-WMCS algorithm are the same
to the parameters while dealing with sequences of the CMU
Motion Capture database. The segmentation results of
TS-WMCS algorithm, PCA algorithm, PPCA algorithm, and
LPP algorithm are presented in Table III and Fig. 11(a).
It can be seen from Table III that the performance of the
TS-WMCS algorithm is better than the PCA algorithm, PPCA
algorithm, and LPP algorithm on the segment precision as
well as the segment recall. The ID of the real video motions
changes slightly. Hence, the PCA and LPP algorithms cannot
achieve good results. For the PPCA algorithm, since the video
motion set mainly describes the interaction of two people, the
Gaussian models of two different motions are not distinct,
such as punching and pushing in the video data set. Thus,
the PPCA algorithm is hardly to detect the motion changes
effectively. The motion continuity-based TS-WMCS algorithm
can effectively find the changes between different motions, and
realize the video motion sequence segmentation efficiently.
As for the sports video data set, the motion length and
frequency of the transformed time series are different from that
of the motion sequences in the CMU Motion Capture database.
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motion types and the changes of the motion units. In addition,
the proposed segmenting algorithm can be used to judge
the continuity of the motion sequences, such as dancing and
gymnastics, which has practicable value.
The future works and limitations of our method mainly
include the following two aspects.
1) When the amount of the samples in a motion sequence
is small, the continuity of the motions will decrease.
To realize segmentation in this circumstance is an issue
to consider.
2) How to reduce the time complexity and improve the
effectiveness of algorithms is an open question while
the length of the motion sequence is large.
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Fig. 11. Comparison of different manifold segmentation methods on video
data sets. (a) Example of segmentation result on the UT-Interaction standard
video data set. (b) Example of segmentation result on the Olympic sports
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