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Dear editor,

The human motion recognition based on the segmented
datasets is a hot multidisciplinary research topic in the field
of computer vision. However, in reality, the collected data is
without segmented. Therefore, the motion segmentation is
crucial. Currently, common methods include principal com-
ponent analysis (PCA), cluster algorithm and deep learn-
ing. However, the difficulty of human motion segmentation
is summarized as follows: (1) The reasonable and easy-to-
calculate similarity measurement criteria are designed for
sequential motion data points. (2) In general, motion se-
quential data are a high-dimensional sequential data, which
needs to be preprocessed by similarity measurement, data
alignment as well as data dimensionality reduction.

The proposed human motion segmentation framework for
human motion sequence is shown in Figure 1. First, the so-
lution H is obtained by constructing an optimization objec-
tive and acquiring its local optimal solution by the method
of alternating iterative. Second, the relation diagram G can
be generated easily by utilizing the matrix of H. Lastly,
the segmentation result is obtained by segmenting G by the
method of normalized cut (Ncut).

Decomposition method of structural constraint matriz. In
this study, we propose a human motion data representation
method based on structure constraint and semi-NMF, i.e.,
structural constraint semi-NMF (SCseNMF).

Let input X € R%*" and the corresponding low-
dimensional representation be recorded as H € RP*", where
d is the original dimension of the data points in the sequence,
p is the dimension of data points in the low-dimensional
space, and n is the total number of data points in the se-
quence. Since the human motion is composed of the contin-
uous sequence, there is a high similarity among neighboring
sequential points. We hope that when constructing the se-
quential data representation, neighboring points are as sim-
ilar as possible. Let the current data point be i, and the
sum of neighbors before and after the comparison be ¢ with
q being a positive even number. We hope that the error
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between point ¢ and the corresponding neighboring points
is as small as possible, that is, Zf’zl H; — H; tends to zero
as much as possible. Therefore, a special banded matrix is
defined as R € R"*X™:

-q¢, 1=17
1, 1<li—jl<4g,
R(i,j)=4q 1, j+1<i<qg+1,1<j<i, (1)
1, n—q<i<j—4,n—2<j<n,
0, otherwise.

Therefore, H R represents the similarity error between the
sequential point and its ¢ neighbors.

To better process the data with negative values, Semi-
NMF is defined in this study as X ~ ZH™, where Z €
R4XP represents the feature space, and H™ represents the
negative matrix of the input data in the feature space. By
combining semi-NMF and structural structure regular term,
the optimization problem can be constructed as

N 2
rg}?—HX*ZHHFJraHHRHQJ st. H>0, (2)

where || - ||2, denotes the Frobenius norm, || - ||2,1 denotes
the L21 norm, and « is the weight parameter.

The basic idea of solving the above optimization problem
is to obtain the local optimal solution by the alternating it-
erative methods. We can fix H to obtain the iterative rule
of Z. Thus, this problem can be transformed into solving
X = ZH, that is, Z = XHT(HHT)~!. Furthermore, we
can fix Z to obtain the iteration rule of H. As a result, the
above problem can be rewritten as follows:

L(H)=tr(XXT - 2XT"ZH + HTZTZH)
+a-tr(HRDRTH™), 3)

where D € R™*" is the diagonal matrix. And the diago-
nal element of matrix D is defined in the form of D(j,j) =

WTM’ where ||(HR);|| denotes the Lz norm of vector
J
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(Color online) The framework of the proposed method. (a) Input data and parameters; (b) find the low-dimensional

representation of X : H; (c) clustering and video segmentation; (d) output segmentation results.

consisting of elements of column j of matrix HR. Since
X, Z and R contain negative values, the data can be seg-
mented into positive and negative parts. In the subsequent
process, the positive and negative parts of the matrix can
be represented by the symbols [X]*T = (]X| + X)/2 and
[X]™ = (|X| — X)/2, respectively.

To obtain the local minimum solution of L(H), the con-
structed auxiliary function G(H, H') is required to satisfy
the following condition: G(H,H') > L(H) and G(H,H) =
L(H), where H' represents a constant matrix. Thus, the
solution of G(H, H') can be regarded as a solution of L(H).

Based on inequalities z > 1 + logz for any z > 0,
2ab < a? +b? for Va,b > 0 and the correlation lemmas [1,2],
clearly,

G(H,H')
H.
=3 XX -2 (2" X)) HY, <1 + log Hj’“)
_H?2 + H? 2
+ Z(ZTX)“C$ +3 (2T z) H)y, H;k

H; Hyy

H}, Hj,
2

H;,

Hj,

>

ikl

A

<(ZTZ)l_in{kHl/k (1 + log

3 (H’ (RDRT>+) B

ik

)

- H, H;
-3 (Hgk (RDRT)M H;l> <1 +log ﬁ) > (4)
ikl @ i

is an auxiliary function with regard to L(H).

/7
Let % = 0, and then the successive update of H
i
with an initia’f value of H is expressed according to

HikHHik\j

Segmentation of the relation graph. We use matrix H to
generate the relation graph, and the graph cut technique [3]
is then employed to classify the sequential points. Specifi-
cally, firstly, based on the spectral graph theory, matrix H
is used to construct the relationship diagram G € R™*" of
sequential point, where the vertex of the graph stands for
the sequential point. The edge of the graph is obtained by
calculating the similarity between the sequential points and
other points on the matrix H. The top k points with the
highest similarity constitute the k-neighbor set N (i) of the
point i. The edge of G(4,7) is defined as

(ZTX)E+(Z272)"H) i +o(H(RDR™)~ )i
(ZTX) +(ZTZ)*H) i+ a(H(RDRT)+)

(5)

17
07

if j € N(i),

otherwise.

G(i,j) = { (6)

Secondly, the Ncut method is adopted to classify G. Rel-
evant details can be found in [3,4].

Ezperiments. In this study, four real datasets are used
to carry out the experiment, namely, Weiz, Keck, and the
no. 3 and no. 9 of CMU Mocap 86. The comparison al-
gorithm includes many classical sparse subspace clustering
algorithms, such as sparse subspace clustering (SSC), clus-
tering with adaptive neighbors (CAN), semi-NMF, temporal
subspace clustering (TSC), structured SSC (strSSC) and or-
dered robust NMF (ORNMF).

To quantitatively evaluate the performance of the clus-
tering, we adopt the accuracy (AC) and normalized mutual
information (NMI) metrics. The details about AC and NMI,
please refer to [5].

By comparison these algorithms on 4 datasets, experi-
mental results show that SCseNMF method is capable of
extracting the feature information of the motion action se-
quence better, so that the neighbor sequential points are
segmented into the same motion class accurately.

Conclusion and future work. This study develops a struc-
ture constraint regularization and proposes a structural con-
straint semi-non-negative matrix factorization method. The
low-dimensional representation is used to generate the se-
quence similarity relation matrix. Finally, we apply the
spectral clustering and graph segmentation methods to ob-
tain the segmentation of the motion sequence. Experiments
manifest that the proposed method can improve the accu-
racy of segmentation.
motion sequence more accurately, it is necessary to further
investigate the segmentation method with respect to the
starting point and ending point of motions, and the influence
of data characteristics on the parameter setting in future.

For the purpose of segmenting the
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