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Sergio Garćıa-Vega, Andrés Marino Álvarez-Meza,
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Abstract. A methodology for automatic segmentation and classifica-
tion of multi-channel data related to motion capture (MoCap) videos
of cyclic activities are presented. Regarding this, a kernel approach is
employed to obtain a time representation, which captures the cyclic be-
havior of a given multi-channel data. Moreover, we calculate a mapping
based on kernel principal component analysis, in order to obtain a low-
dimensional space that encodes the main cyclic behaviors. From such,
low-dimensional space the main segments of the studied activity are in-
ferred. Then, a distance based classifier is used to classified each MoCap
video segment. A well-known MoCap database is tested which contains
different activities performed by humans. Attained results shows how
our approach is a simple alternative to obtain a suitable classification
performance in comparison to complex methods for MoCap analysis.

Keywords: Multi-channel data, kernel methods, MoCap, human activ-
ity recognition.

1 Introduction

Human action recognition from video data are a growing area of study in the
computer vision field. For a correct recognizing, it is necessary to develop a
system that allows to identify and classify characteristic patterns from the in-
put data [1] [2]. In real life, there are some human activities involving a cyclic
behavior along the time, such as: walking, running, swimming, among others.
Commonly, it is important to identify the main cyclic behavior that describes
each action to find relevant information about the process [3]. For such purpose,
it is necessary to develop three main stages: preprocessing, segmentation, and
classification. However, the segmentation stage is not always developed in an
automatic way, which can lead to unstable results and low classification perfor-
mances. Moreover, when the data segmentation stage is fixed manually, it could
lead in a time demanding process for the user. Then, it is necessary to develop
an automatic segmentation stage that allows to obtain a suitable data analysis.
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There are some works in the state-of-the-art related to the analysis of Motion
Capture - MoCap data for human activity recognition. In [4], it is used a well-
known MoCap database and the dynamics of each action class is modeled by a
Bayesian based approach using Hidden Markov Models - HMM. The achieved
accuracy classification results are over the 90%, however, the system requires
that the multi-channel data is previously segmented, such that each segment
contains a whole course of one action. Moreover, a complex classifier is employed
to train the data, which requires a high computational load. Other approaches
that require a manual MoCap data segmentation can be found in [5].

Here, a methodology for automatic segmentation and classification of multi-
channel data is proposed. In this sense, a kernel function is employed to dis-
cover the time relationships among multi-channel data. Our aim is to highlight
the cyclic behavior of the studied process, which is assumed to be hidden into
the input samples. Indeed, an eigen-based decomposition is used to find a low-
dimensional space that allows to segment the cyclic segments of the input data.
Thus, proposed methodology is able to capture cyclic behaviors hidden into
multi-channel data, avoiding the need of a manual segmentation that could lead
in biased and unstable results. A well-known MoCap database is tested, which
contains different activities executed by humans. Furthermore, two classification
alternatives are studied: by considering each MoCap frame as an unique sample,
and by considering a set of frames.

The remainder of this work is organized as follow. Section 2 introduces the
proposed methodology for automatic segmentation and recognition of multi-
channel data using kernel based methods. In Sections 3 and 4, the experimental
results are described and discussed, respectively. Finally, in Section 5, the work
conclusions are presented.

2 Kernel Based Multi-channel Data Representation

Let X ∈ �N×P be a multi-channel input matrix, with P channels and N sam-
ples, where xi ∈ �1 × P is a row vector containing the information of all the
provided channels at different time instants, with i ∈ {1, . . . , N}. Our aim is to
identify the main relationships that the channels share along the time to high-
light hidden cyclic patterns into the studied process. For such purpose, a kernel
function is employed to discover such relationships taking into account a non-
linear mapping ϕ : �N×p → H, where H is a Reproducing Kernel Hilbert Space
- RKHS [6]. Thus, the kernel based representation allows to deal with nonlinear
structures that can not be directly estimated by traditional operators, such as,
the linear correlation function. Regarding this, the inner product between two
samples (xi,xj) is computed in RKHS as κ (xi,xj) = 〈ϕ (xi) , ϕ (xj)〉H, being
κ (·, ·) a Mercer’s kernel [6]. Taking advantage of the so-called kernel trick, the
kernel function can be computed directly fromX. Here, the well-known Gaussian
kernel is considered, which can be defined as

κ (xi,xj) = exp

(
−‖xi − xj‖22

2σ2

)
, (1)
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being σ ∈ �+ the kernel band-width. Then, from equation (1) the similarity
matrix S ∈ �N×N can be estimated as Si,j = κ (xi,xj). It is important to
note that other kind of kernels could be used, e.g. linear, polynomial, Laplacian,
tangential, among others. However, due to the smooth nature of the input data
and considering the universal approximating capability, the Gaussian kernel is
used [7]. Each application task could be adapted or not to each kernel function
according to the prior knowledge about the input data (see [6,8]). In this sense,
S encodes the temporal dynamics of the multi-channel input data. Analyzing the
pair similarities information into S, it is possible to cluster (segment) samples
that are related to a cyclic behavior of the studied process. Note that, the above
mentioned kernel representation assumes that the multi-channel data shares an
unique cyclic behavior. In case that the input data is composed by different
processes, or when the multi-channel data is non-stationary, an unique kernel
function could be not enough to deal with such changes along the time, not
mentioning the need to consider the time structure of such kind of processes.

2.1 Automatic Multi-channel Data Segmentation

From the above mentioned kernel based multi-channel representation, and in or-
der to find out the cyclic behavior into X, we propose to use an eigen-based
decomposition of S to calculate a low-dimensional space Y ∈ �N×m, with
m < P , which reveals the main components of X. Therefore, the well-known
Kernel Principal Components Analysis - KPCA algorithm is performed over S.
KPCA is a nonlinear generalization of PCA in the sense that it performs PCA
in H, which can be viewed as a feature space of arbitrarily large dimension-
ality [6]. Before applying KPCA, a Laplacian based normalization is employed
to avoid the effect of outliers, thus, the matrix LM ∈ �N×N is computed as
LM = D−1/2SD−1/2, where D ∈ �N×N is a diagonal matrix with elements
dii =

∑n
i=1 Sij . Afterwards, the low-dimension KPCA mapping is obtained as

Y = LMV , where V ∈ �P×m is a matrix containing the first m eigenvectors
of LM , after discarding the first one as trivial solution.

As a result, we obtain a low-dimensional representation that contains the
main cyclic components of X. Hence, we find the local maxima or peaks vector
ρ ∈ �B, where B indicates the number of found peaks into the first coordinate
(column vector) y of Y . Note that, each column vector of Y could be related
to a different cyclic component of X. However, for complex dynamics and/or
non-stationary environments, such components can mix more than one cyclic
behavior. As a first approach, here, we assume that the given multi-channel
data encodes an unique cyclic dynamic. Besides, the signal to noise ratio is high
enough to ensure stable performances. Then, each element of ρ is estimated
as follows. We compare each element yi against its two nearest neighbors yi−1

and yi+1. If yi value is higher than the value of its neighbors, so, yi is labeled
as a local peak and ρb = i, with b ∈ {1, . . . , B}. After that, we compute the
differences between adjacent elements of ρ and finally, take into account the
amount of peaks found B, we obtain B − 1 segments of X. Fig. 1 illustrates
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Fig. 1. Proposed methodology for multi-channel data segmentation

the proposed approach for automatic multi-channel segmentation using a kernel
based representation (a motion capture video analysis example is described).

3 Experimental Set-up and Results

We test our automatic segmentation and classification methodology for multi-
channel data analysis, using a well-known Motion Capture Database - MoCap
database, with the purpose to find the main cyclic patterns of human motion
activities. In this sense, the CMU MoCap is used1. Such data were recorded in
a MoCap lab at Carnegie Mellon University, which contains 12 Vicon infrared
MX-40 cameras, each of which is capable of recording 120 Hz with images of
4 mega pixel resolution. The cameras are placed around a rectangular area, of
approximately 3m× 8m, in the center of the room. Subjects wear a black jump
suit and have 57 markers taped on, and the Vicon cameras see the markers
in infra-red. The images that the various cameras pick up are triangulated to
get 3D data representation. The subjects are asked to perform several human
motions activities, which are captured by the MoCap system. Then, a video in
BVH format for each motion activity by a given subject is recorded. Thus, 146
videos of 31 different subjects are considered for 11 different activities: jump,
walk, run, marching, salsa dance, golf, boxing, swimming, yoga, monkey (human
subject) and chicken (human subject). For each video, an input multi-channel
matrix X ∈ �N×P is obtained, where P = 57 × 3 = 171 corresponds to the 57
joints in 3D coordinates, and N represents the number of frames in the BVH file.
As seen from Fig. 2, it is possible to notice some examples from the database
used on this work.

In order to avoid the bias effect due to the subject translation along the 3-D
space when performing a human activity, e.g. walking and running, a prepro-
cessing stage is carried out, where each input frame is normalized with respect
to the Hips joint 3-D coordinates. Thus is, this joint will be always centered at
the (0, 0, 0) position for every time instant. After that, we compute the kernel
matrix as shown in equation 1, where σ is computed according to the empiri-
cal estimation of the Gaussian kernel band-width by the Sylverman’s rule [9].
From such kernel based representation, we estimate the different segments for

1 http://mocap.cs.cmu.edu/

http://mocap.cs.cmu.edu/
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Fig. 2. Some MoCap human activities representative frames

each video as described in subsection 2.1, fixing m = 1. Table 1 describes the
amount of segments found automatically for each activity with our approach.
Such segments contain the main cycles of the dynamics for the different consid-
ered activities. As result we found 910 different segments that represent 112045
frames. The main stages for the proposed automatic segmentation approach are
presented in Fig. 3 for two MoCap videos examples.

Furthermore, given the computed segments, the generalization abilities for the
provided experimental conditions are tested by using a 10-fold cross-validation
scheme. Regarding this, a k -nearest neighbors (KNN) classifier is used to recog-
nize automatically different activities. The number of neighbors for this classifier
is optimized with respect to the leave-one-out error of the training set. In this
case, two kind of experiments are provided. First, each frame is employed as
an unique sample. Second, for a given video segment, its class membership is
estimated as the mode of the labels of the frames within the segment. In Tables
2 and 3 the mean confusion matrices for the above mentioned classification con-
ditions are presented. Finally, at the bottom of the Table 3, the performance of
the proposed methodology is compared against the results obtained in [4].

4 Discussion

At the top of the Fig. 3, it is possible to see the main segmentation results by
using the proposed approach to analyze a walk MoCap video. Particularly, Fig. 3
(b) shows the computed kernel matrix, which properly identifies the cyclic simi-
larities (green circles) into the video. Now, Fig. 3 (c) describes how our method

Table 1. Number of identified segments per each human activity

Activity Found Segments Activity Found Segments

jump 68 golf 23
walk 127 boxing 36
run 78 swimming 41

marching 81 yoga 86
salsa dance 114 monkey(HS) 135
chicken(HS) 121

Total: 910 Segments
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Fig. 3. Some automatic segmentation results - Main stages

Table 2. Mean confusion matrix - frames classification results

Jump Walk Run Marching Salsa dance Chicken (HS) Golf Boxing Swimming Yoga Monkey (HS)

Jump 92,94 0,16 1,75 0,52 0,96 0,00 0,60 0,00 0,33 1,97 0,46
Walk 1,06 98,22 6,00 0,84 0,52 0,00 0,70 0,00 0,08 0,10 0,00
Run 0,70 1,06 79,84 3,25 1,24 0,00 0,58 0,00 1,93 0,63 0,00

Marching 0,37 0,42 5,16 94,34 0,95 0,00 0,21 0,00 1,47 0,84 0,00
Salsa dance 0,69 0,05 3,38 0,89 93,13 0,00 1,50 0,00 0,39 2,86 0,00
Chicken (HS) 0,00 0,00 0,00 0,00 0,08 100,00 0,00 0,00 0,00 0,14 0,00

Golf 0,09 0,00 0,62 0,00 0,97 0,00 92,28 1,47 0,00 0,80 0,00
Boxing 0,22 0,00 0,00 0,00 0,21 0,00 2,75 97,73 0,00 0,98 0,00

Swimming 0,00 0,09 2,40 0,00 0,12 0,00 0,39 0,10 95,80 0,00 0,00
Yoga 3,83 0,00 0,34 0,15 1,38 0,00 0,77 0,44 0,00 90,02 0,62

Monkey (HS) 0,10 0,00 0,52 0,00 0,45 0,00 0,23 0,27 0,00 1,64 98,92

Table 3. Mean confusion matrix - video segments classification results

Jump Walk Run Marching Salsa dance Chicken (HS) Golf Boxing Swimming Yoga Monkey (HS)

Jump 98,57 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,83
Walk 0,00 100,00 2,50 0,00 0,91 0,00 0,00 0,00 0,00 0,00 0,00
Run 0,00 0,00 93,75 1,25 0,00 0,00 0,00 0,00 2,36 0,00 0,00

Marching 0,00 0,00 0,00 98,75 0,00 0,00 0,00 0,00 2,50 0,71 0,00
Salsa dance 0,00 0,00 2,50 0,00 99,09 0,00 0,00 0,00 0,00 1,48 0,00
Chicken (HS) 0,00 0,00 0,00 0,00 0,00 100,00 0,00 0,00 0,00 0,00 0,00

Golf 0,00 0,00 0,00 0,00 0,00 0,00 97,50 2,00 0,00 0,00 0,00
Boxing 0,00 0,00 0,00 0,00 0,00 0,00 2,50 98,00 0,00 0,00 0,00

Swimming 0,00 0,00 1,25 0,00 0,00 0,00 0,00 0,00 95,14 0,00 0,00
Yoga 1,43 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 96,32 0,00

Monkey (HS) 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 1,48 99,17

Simple Activities Complex Activities
Benchmark [4] Kernel Multi-Channel Benchmark [4] Kernel Multi-Channel

Mean accuracy 91.96% 97.77% 92.14% 97.88%

models, in one-dimensional coordinate, the main relationships among frames. In
this case, due to walking is a slow motion with smooth changes between adjacent
frames, the KPCA mapping can be related to a sin function. Now, from Fig. 3
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(d) 3 peaks are calculated (red circles), which properly identify the 2 gait cycles
performed by the subject. Analogously, at the bottom of the Fig. 3, we have
the main segmentation results for a jump MoCap video. Note that, even when
jumping is a cyclic activity with a stronger dynamic of change than walking,
our approach is able to infer such behaviors. As seen in Fig. 3 (f) the computed
kernel matrix highlights 2 set of frames that share a strong similarity into them.
Such segments can be identified in the first KPCA coordinate as presented in
Fig. 3 (g). Again, note that how our approach is able to track the activity cyclic
behavior, even when S1 is smoother and longer than S2.

Regarding to the classification results, as can be seen in Table 2, the mean
confusion matrix for the frame based classification scheme demonstrates how our
approach obtains a suitable recognition accuracy. Overall, performances over the
90% are attained for all the provided classes. The worst result is obtained for
run, where the system is confused with walk andmarch classes. Above drawback
is expected considering that run is the class with lowest number of segmented
sequences (see Table 1). Moreover, a frame based classification could not be
the best alternative to differentiate between activities that share many MoCap
poses, e.g., run and walk. Thus is, such video segments are conformed by some
frames where the spatial position of the human body joints are similar for both
activities. It is important to note that our method, in most of the cases, obtains
a better frame based classification performance in comparison to a closed work
presented in [4]. Moreover, our approach is a simple solution that includes both,
data segmentation and classification.

Now, taking into account the segment based classification scheme results pre-
sented in Table 3, it is possible to see how such alternative is more stable than
the frame based classification. Attained results describe an average accuracy over
the 95%. Particularly, the worst frame based classification performance (run) is
improved from 79, 84% to 93, 75%. Above system behavior can be explained by
the fact that a segment classification decision considers the mode of the frame
labels as the segment membership. So, the mode function can be viewed as a
filter that is robust against wrong decisions due to pose mistakes (human body
joint similarities). Finally, at the bottom of the Table 3, the performance of the
proposed methodology is compared against the results obtained [4]. The clas-
sification success of our method lies in the automatic segmentation approach,
which suitable identifies the main dynamic cycles of the process.

5 Conclusions

A methodology for automatic segmentation and classification of multi-channel
data was presented. In this sense, a kernel based representation is employed to
find out the time relationships among channels. Then, a KPCAmapping is calcu-
lated to highlight the main dynamics of the studied process in a low-dimensional
space. From such low-dimensional space, a local minimum based method is used
to cluster different time segments that share a common behavior. Therefore,
our approach is able to capture cyclic behaviors hidden into multi-channel data.
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A well-known MoCap database was tested, which contains different activities ex-
ecuted by humans. For concrete testing, proposed approach is used to segment
automatically the video data. Such segments are employed to train a k-nearest
neighbors (KNN) classifier for recognizing automatically different activities. Be-
sides, two kind of classify experiments are carried out: by considering each frame
as an unique sample, and by considering a set of frames (video segment). The
attained results showed that our approach is a simple but efficient alternative
to obtain a suitable classification performance in comparison to other complex
state of the art methods related to MoCap data classification. Besides, state art
methods employs, in most of the cases, a manually video segmentation, which
can lead to subjectively results and inefficient real-world implementations. As
future work, we are interested in test our methodology in other kind of human
activities that involve different cyclic patterns and non-stationary environments
by coupling the proposed method with an online based adaptive filter scheme.
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