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Abstract With the development of the technology like 3D 
specialized markers, we could capture the moving signal from 
marker joints and create a huge of 3D action MoCap data. The 
more we understand the human action, the more chance we could 
apply it to our systems like security, animation game, analysis of 
sports, etc. In order to find the semantically representative 
features of human actions, we define the set of action 
characteristics and present different actions as graphs.  We then 
propose a method to extract the common sub-sets shared by 
different action classes as the common sub-graphs. The extracted 
representative action characteristics are defined in the semantic 
level, so that it reduces the complexity of computing from the 
various samples in the data. In experiments, we show that the 
knowledge extracted by this method is stable with the new input 
data, and provides high accuracy in recognizing actions. 

Keywords: action characteristics; 3D mocap data; semantic-
based; automatic extraction; relational features; data mining; 
information retrieval; TF-IDF. 

I.  INTRODUCTION 

With the great advance of technology, today’s motion 
tracking systems can track specialized markers and map the 
participant’s motion into 3D space. From the moving signal of 
maker points on the actors, we could capture and record 
human motion to create the 3D MoCap data. It describes 
exactly the position of the joints in the 3D space. This clear 
information copies the real movement of human, so that it has 
a rich semantic content. It requires us to develop the methods 
to extract the action knowledge from these databases. Deeper 
understanding on these actions is required in many fields, e.g., 
action recognition (security), animation (sport, 3D cartoon 
movies, virtual world…), etc.   

All 3D position joints of every pose create a large space in 
the 3D MoCap data. The underlying questions are how to 
measure similarity between motions or how to compare 
motions in a meaningful way. The main problem is that the 
granularity of MoCap data is too fine for our purpose [1]: 
Human actions typically exhibit global and local temporal 
deformation, i.e. different movement speed and timing 
difference. The similar types of motions may exhibit 
significant spatial and temporal variations. The irrelevant 
details (like noise) as well as spatial pose deformations may 

interfere with the actual semantics that we are trying to 
capture.  

The previous methods in mining 3D motion data often rely 
on wrapping or alignment techniques that are computationally 
expensive. We could divide them into two approaches: 
content-based ones and semantic-based ones. 
 Content-based approaches, which classify and represent 

human motions in the temporal domain. They provide a 
foundation in lower dimensional representation for the 
movement sequence analysis, retrieval, identification and 
synthesis. 

 Semantic-based approaches, which focus on solving the 
high-dimensional computational problems arising from the 
human motion sequences. They support the follow-up 
stages of processing the human movement on a natural 
language level. 
Most of the content-based approaches to motion 

comparison are based on features that are semantically close to 
the raw data. Lee and Elgammal [2] defined motion style as 
the time-invariant, personalized aspects of gait, whereas they 
view motion content as a time-dependent aspect representing 
different body poses during the gait cycle. Similarly, Davis 
and Gao [3] view motions as depending on style, pose, and 
time. In their experiments, they use Principal Component 
Analysis (PCA) on expert-labeled training data to derive those 
factors that best explain differences in style. Zhang et al. [4] 
extracted the low-level numerical feature by Haar wavelet and 
PCA and classified human activities by Hidden Markov 
Model. 

These approaches pay the price for the inherent complexity 
of human motion in terms of computational complexity. These 
features are also very sensitive towards pose deformations 
which may occur in logically related motions. Furthermore, 
Kovar and Gleicher [5] have proved that a logic similar 
sequence is not always in the numerical similarity measures. 
The above mentioned methods do not analyze the human 
motion capture data at a profound semantic level. Thus, the 
movement data cannot achieve fine-grained knowledge and 
understanding. 

The semantic-based processing is still less developed. They 
focus on how to measure similarity between motions or how 
to compare motions in a meaningful way. It requires the 
understanding of the capture motion action and expresses 
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Fig. 1. (A) Relational feature ‘Right Foot is behind Left Leg’. 

(B) Skeletal kinematic chain model consisting of rigid bones and joint names.
  
them in language. Current approaches for the semantic 
description of object motions mainly depend on manual 
definition of object motion models. Arikan et al. [6] proposed 
a semi-automatic annotation procedure, where a user is 
required to annotate a small portion of the database. The user 
annotations are then generalized to the entire database in a 
frame-wise fashion using SVM classifiers. Muller and Roder 
[7] composed and encapsulated the lower level joints data of 
human motion by motion templates and labeled every motion 
template as a natural language parse. They used the concept of 
relational features and feature-induced temporal 
segmentations. Relational features (RFs) provide a compact, 
semantically meaningful representation of motions and are 
largely invariant to various kinds of spatial deformations of 
poses. This annotation strategy is segment-based instead of 
frame-based, thus resulting in semantically more meaningful 
units.  

For action retrieval or recognition, the above systems 
require the user to incorporate some prior knowledge about the 
intended motion hits by selecting suitable features. This 
manual interaction is a disadvantage in view of fully automatic 
retrieval, as required for automatic motion reuse applications. 
The main contribution of this work will fill this gap by 
automatically extracting the common sets for each action 
class. We propose the semantic annotation approach of the 
human motion capture data. We use the relational feature 
concept to define a set of action characteristics. For each 
action class, we propose a statistic method to extract the 
common set and present them as the graphs. The action 
knowledge extracted is used to recognize action.  

The structure of this work as following: In section 2, we 
review the Relational Feature concept and create the set of 
action characteristics. We propose a method to extract 
automatically common characteristics set for each action class 
in section 3. The common action characteristics are denoted as 
graphs. In section 4, we experiment on using these graphs to 
action recognize problem. We have the conclusion and 
discussion for further works in the section 5. 

II. RELATIONAL FEATURES AND ACTION 

CHARACTERISTICS SET  

The concept of relational features was first introduced by 
Muller M. and T. Roder [7]. Relational features describe the 

boolean geometric relations between specified body points of 
a pose or between short sequences of poses, and show how 
these features induce a temporal segmentation of motion 
capture data streams. For example, the four points (j1, j2, j3, j4) 
can be picked in various meaningful ways. Let (j1, j2, j3) 
denote the oriented testing plane spanned. General relational 
feature Fplane(j1, j2, j3; j4) get value 1, if point j4 lies in front of 
plane (j1, j2, j3) and get 0 otherwise. When we apply this 
character to four specific body joints j1=‘root’, j2=‘lhip’, 
j3=‘ltoes’, and j4=‘rankle’, the relational feature expresses 
whether ‘The right foot is behind or in front of the left leg’. 
This relational feature is demonstrated in the Figure 1(B). The 
right foot is behind the left leg when it gets value 1 as showed 
as the blue rectangles. Figure 1(A) shows the skeletal 
kinematic chain model consist of rigid bones that are flexibly 
connected by joints, which are highlighted by circular markers 
and labeled with joint names. 

The set of Relational Features (RFs) is created by a small 
number of Generic Relational Features (GRFs) which encode 
certain point constellations in 3D space and time. Each of these 
features maps a given pose to the set {0, 1} and depends on a 
set of joints, denoted by j1, j2, … to create the set of relational 
features. 

The relational feature is a function stream f frames that only 
assumes the values zero and one:  
  : 0,1

f
F P   

From four points, we have some GRFs as following: 

1. 1 2 3 4( j , j , j ; j )
plane ,planeF F assumes the value one iff point j4 has a 

signed distance greater than   from the oriented 
plane spanned by the points j1, j2 and j3. 

2. 1 2 3 4( j , j , j ; j )
nplane , planeF F n  is similar to planeF , but the plane in 

terms of a normal vector given by points j1, j2, and passes 
through the anchor point j3. The Hesse normal form yields 
the signed distance of point j4. 

3. 1 2 3 4( j , j , j ; j )
,angleF Fangle   assumes the value one iff the angle 

between the directed segments determined by line (j1, j2) 
and line (j3, j4) is within the threshold range [0, ]  . 

4. 1 2 3 4( j , j , j ; j )
,nmoveF Fnmove   considers the velocity of point j4 

relative to point j3 and assumes the value one iff the 



component of this velocity in the direction determined the 
line segment from point j1 to j2 is above . 

5. 1 2 3 4( j , j , j ; j )
,moveF Fmove 

 
is similar semantics to Fnmove , but the 

direction is given by the normal vector of the oriented 
plane spanned by points j1, j2, and j3. 

6. 1( j )
,fastF Ffast   assumes the value one iff point j1 has an 

absolute velocity above . 
The simple quantization scheme using the threshold 

function θ as described for the above generic features could 
lead to very strong output fluctuations, even if the input value 
only fluctuates slightly around the threshold. To alleviate this 
problem, we adopt the hysteresis threshold [8]. We employ a 
robust quantization strategy with two thresholds: a stronger 
threshold θ1, and a weaker threshold θ2. The insignificant 
fluctuations can be filtered out by only switching the feature 
value over from one to zero if the distance falls below θ2. 

Regarding GRFs as the letters in the alphabet, we treat the 
set of RFs as the bag of words created from these letters. The 
set of relational features is created by applying the set of GRFs 
to special poses and joints. Each relational feature has a 
different semantic meaning. Because of these different 
semantic meanings, we consider our set of relational features as 
the set of all action characteristics:  

   1

CHARN

i i
F


Φ  

where NCHAR is the number of action characteristics. For 
example, we create 28 relational features from above six 
GRFs as showed in the Table 1. In this table, we abbreviate 
the resulting length unit as “hl”, “sw” and “hw” for “humerus 
length”, “shoulder width” and “hip width”. 
 
Table 1. List all relational features 

ID Type j1 j2 j3 j4 θ1 θ2 Description 

F1/ 
F2 Fnmove neck rhip lhip rwrist 1.8 

 hl/s 
1.3 
hl/s 

rhand moving 
forwards 

F3/ 
F4 Fnplane chest neck neck rwrist 0.2 

hl 
0  
hl 

rhand above 
neck 

F5/ 
F6 Fmove belly chest chest rwrist 

1.8  
hl/s 

1.3 
hl/s 

rhand moving 
upwards 

F7/ 
F8 Fangle relbow rshoulder relbow rwrist 

[0 o, 
110o] 

[0 o, 
120 o] relbow bent 

F9 Fnplane lshoulder rshoulder lwrist rwrist 2.5  
sw 

2  
sw 

hands far apart, 
sideways 

F10 Fmove lwrist rwrist rwrist lwrist 1.4 
 hl/s 

1.2 
hl/s 

Hands 
approaching 
each other 

F11/
F12 Fmove rwrist root lwrist root 1.4 

 hl/s 
1.2 
hl/s 

rhand moving 
away from root 

F13/
F14 Ffast rwrist       2.5 

 hl/s 
2  

hl/s 
rhand fast 

F15/
F16 Fplane root lhip ltoes rankle 0.38 

 hl 
0  
hl 

rfoot behind 
lleg 

F17/
F18 Fnplane (0, 0, 0) T (0, 1, 0) T (0, 5, 0)T rankle 1.2 

hl 
1  
hl 

rfoot raised 

F19 Fnplane lhip rhip lankle rankle 2.1  
hw 

1.8 
hw 

feet far apart, 
sideways 

F20/ 
F21 Fangle rknee rhip rknee rankle 

[0 o, 
110 o] 

[0 o, 
120 o] rknee bent 

F22/ 
F23 Fangle neck root rshoulder relbow 

[25 o, 
180 o] 

[20 o, 
180 o] 

rhumerus 
abducted 

F24/
F25 Fangle neck root rhip rknee 

[50 o, 
180 o] 

[45 o, 
180 o] 

rfemur 
abducted 

F26 Fplane rankle neck lankle root 0.5 
 hl 

0.35 
hl 

root behind 
frontal plane 

F27 Fangle neck root (0, 0, 0) T (0, 1, 0) T 
[70 o, 
110 o] 

[60 o, 
120 o] spine horizontal 

F28 Ffast root       
2.3  
hl/s 

2 
hl/s root fast 

 

III. AUTOMATIC EXTRACTION OF COMMON ACTION 

CHARACTERISTICS 

A. Extract the common characteristics 

Although the appearance items can be fed into many data 
mining methods, e.g. Apriori, kNN, Naive Bayes, etc. the 
associative rules between appearance items are focused either 
with explicit links or probability dependency. Here, we 
consider the association dependency between pairs of relational 
features, in a more explicit way. Instead of counting individual 
items, we count the frequency of the relationship for pairs of 
items. The general common set is represented by a full-graph 
in which the nodes are the items and the edges are the relation 
between items. The edge weights present for the frequency 
appearance of pairs of items in the data set. The final common 
set is extracted as its sub-graph where all edge weights are over 
the expecting frequency appearance threshold . 
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Fig. 2. (A) Illustration of extracting the common characteristics. 

(B) Action graphs for actions ‘lie Down Floor’ and ‘sit Down Chair’. 
 

For example, we want to extract the common set from the 
four figures (1), (2), (3)&(4) as showed in the Figure 2(A). 
Each figure has a different number of nodes, but their nodes 
have the same index order. The full-graph, as showed in Figure 
2(A.5), is the general common set extracted from four figures. 
This graph contains all nodes from four figures. The edges 
present for the relationship between nodes. The edge weights 
are the frequency appearance of the edges in the dataset. By 
setting the frequency threshold  = 3/4 means that the edges 
appear at least 3 times in four figures, we get the final common 
set as the sub-graph showed in the Figure 2(A.6). After 
extracting the common set from the set of 28 action 



characteristics (Table 1), we get two graphs for ‘lie Down 
Floor’ and ‘sit Down Chair’ as showed in the Figure 2(B). The 
number in each graph node is the relational feature index. For 
‘lie Down Floor’, we get threshold  = 0.88 and  = 0.97 for 
‘sit Down Chair’. The graph of ‘lie Down Floor’, in Figure 
2(B), shows that the characteristics ‘right/left hand moving 
upwards’(5/6), ‘right/left hand fast’(13/14), and ‘root fast’(28) 
are high relations. The relations between (5), (6), (13), (14), 
and (28) are higher than the others. These graphs show that ‘lie 
Down Floor’ and ‘sit Down Chair’ present different 
characteristics. For example, ‘lie Down Floor’ has ‘right/left 
hand above neck’(3/4) and ‘right femur abducted’(25) while 
‘sit Down Chair’ has ‘right humerus abducted’(23). 

In the action, we only know whether the characteristics 
appears or not during the time of action happening. It is 
difficult to compare directly each characteristic from the set of 
action samples. So that, in order to extract the common 
characteristic set for each action, we calculate the relations 
between every action characteristics. The relations are the 
pairs of characteristics that frequently appear in all samples of 
the action class. We decide the final common set of action 
characteristics by setting the expecting threshold. The 
common set contains the action characteristics in which their 
relation support values are over this threshold. 

B. Pair of action characteristics 

The sequence of action signals under a pair of action 
characteristics takes three possible values: 

  
For every two action characteristics Fu and Fv, 

CHAR; , 1,u v u v N  , we define the i-th sequence of active 

signals as: 

  Seg Seg

F F F
,1 ,1 ,2 ,2 , ,

( , ), ( , ),..., ( , )
i i

uvi i i i i i N i N
p k N k N k N  

where ACTIVE
, Si tk  ; F

,i tN  is the number of continuous 

frames get value ki,t; 
Seg
iN is the number of segments in 

sequence pi. 
For the similar measure process, we first define quvi as a 

sub-sequence of puvi: 

  
1 1 2 2

F F F
, , , , , ,( , ), ( , ),..., ( , )

h huvi i t i t i t i t i t i tq k N k N k N  

where h is the number of segments in the sub-sequence and 
Seg
i1 h N  ; tl is the segment index of the sequence puvi and 

satisfy tl  ≤ tl+1 – 1, l = 1,2,…,h – 1. 

C. Extract common action characteristics 

Each action is a set of NCHAR sequences. Without loss of 
generality, for each action, we check the relationship between 
every pair of characteristics (Fu, Fv). For conciseness of the 
formulation, we omit the subscripts u and v in the related 
variables for sequences. We check every pair (qi, qj) from all 
examples of this action class. 

We define a similar as a process to find a pair of sub-
sequences qi  pi, qj pj which satisfies |qi| = |qj| and the 

optimal warping is achieved by ˆ ˆ( , )i jq q which maximizes the 

warping distance, i.e,  


, | ,
( , )

ˆ ˆ( , ) arg max
i j i j

i j

i j p p q q
q q

q q S  

 ˆ ˆ, , | ,i j i j i jp p p p q qS S  

where , | ,i j i jp p q qS stands for the wrapped similarity between pi 

and pj under wrapping style (qi, qj). And ( , )i jS p p  is the 

maximized similarity between pi and pj under optimal warping 
style ˆ ˆ( , )i jq q .  Especially, we define 

 , ,

| |

, , ,1
, | , | | | |

, ,1 1

( )i

i t j t

i j i j i j

p

i t j t k kt
p p q q p p

i t j tt t

nf nf
S

nf nf
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1

0i t j tk k

a b

a b



  

 being the Kronecker delta 

function. , | ,i j i jp p q qS takes value from 0 to 1, and evaluates the 

number of matched values between sub-sequence of qi and qj 
by the total active frames in two sequences. It gets value near 
to 1 if the sequence qi is the same to sequence qj. 

The support of current classification results by pair (Fu, Fv) 
is evaluated by the average similarity between all pairs (pi, pj) 
from all examples of the action At: 


,2

1

1
( , )

i j

AA tt

SUP
u v p p

i j NN

R F F S
C   

   

where 
tAN  is the number of samples in the action class At . 

The relationship between Fu and Fv is the weight decided 
as: 


SUP SUP

uv

( , ) ( , )

0
u v u vR F F R F F

w
otherwise

 
 


，

，
 

 

D. Common Action characteristics and Action graphs 

We assume that we have NACT different actions in our 
database. For the t-th action, where t = [1, NACT], we check the 
relationship for all pair (Fu, Fv), and then create the graph  
Guvt = (Vuvt, Euvt). Node Vuvt contains the set of its action 
characteristics. Edge Euvt contains the relationship between 
nodes, the edge weight and the average sequence presented for 
all samples in this action category: 
  | 1... ( )E

uvt uvtj uvtE e j N G   

where NE(Guvt) is the number of edges in this  action. The 
average sequence is chosen among all sample sequences set, if 
it is the most similar to others.  

List of action graphs: 

 { | 1, }, { | , 1, }ACT CHAR
t t uvtG t N G G u v N     

 

IV. EXPERIMENT AND DISCUSSION 

We experiment to use the action knowledge extracted to 
action recognition. In order to recognize the unknown action, 
we consider the same problem to classify the new document to 
different categories. By this way, the list of graphs is correlated 



to the category of different documents. The edges in each 
graph present for the common words of each document 
category. In this experiment, we use the word weighting 
method TF-IDF [9] to classify the new document to different 
categories.  

At first, we collect the words for the new document 
(unknown category). Each document is the action which 
contains NCHAR sequences correlated to the set of NCHAR 
relational features. Each word is a relationship between two 
action characteristics. For each action, we collect the ‘words’ 
as following:   

We calculate the similarity between the sequence from 
unknown action and the average sequence TRN

tp in action At by 

checking the relationship for all pairs (Fu, Fv): 


TST, ( , )

,

TRN
TST uvt uv uvt
uvt

E S p p
E

otherwise

 
 


 

where TRN
uvtp is the average sequence of the t-th action; TST

uvp  is 

the sequence in the unknown action for two characteristics Fu 
and Fv. 

We collect all words for the new document for the action 
At:  

 TST TST

,
t uvt

u v

E E  

Then, we use the TF-IDF to calculate each word in the new 
document ‘belongs to’ action Gt from the database of 
categories . For each word in the new document, we get its 
edge weight from the action Gt to calculate the TF. IDF is 
calculated as the number of graphs in the list action  which 
contains the edge e.  


TST

( ) ( , ) ( , )
t t

TST
t t

e G E

C G TF e G IDF e
 

    

where,                                                                                                                                                                                                                         

 

 

( , ) ;
1

1
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: | 1,

tG
t
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t t

weight e
TF e G

IDF e
G e G t N










  




 

The winner is the action index which gets the highest value 
from following equation: 
  TST TSTarg max ( )t

t
L C G  

where, t = [1, NACT]. If CTST(Gt) gets the highest value in all 
action categories Gj, j = 1,2,…, NACT , then the testing action 
takes t as the winner label LTST. 

 
For the database, we use the 3D motion capture data from 

HDM05 motion capture database [10]. We collect sixteen 
different actions as show in the Table 2. Each action has from 
thirteen to fifty-one samples. We randomly sampled two-thirds 
of the action sequences for training and used the remaining 
one-thirds for testing. We repeated the experiment 10 times and 
averaged the results. We create and use the set of 28 action 
characteristics as showed in the Table 1. 
 

We make an experiment of the changing of threshold  
from 0.5 to 0.99. The results are showed in the Figure 4. The  
 

Table 2. List experiment actions 

No. Action name Number of 
samples

0 clap5Reps 17
1 depositFloorR 32
2 elbowToKnee1RepsLelbowStart 27
3 grabFloorR 16
4 hitRHandHead 13
5 hopBothLegs1hops 36
6 jogLeftCircle4StepsRstart 17
7 jumpDown 14
8 jumpingJack1Reps 52
9 kickLFront1Reps 29
10 lieDownFloor 20
11 punchLFront1Reps 30
12 rotateArmsBothBackward1Reps 16
13 runOnPlaceStartAir2StepsLStart 15
14 shuffle2StepsLStart 13
15 sitDownChair 20

 
highest average accuracy for training is 91.60 percent () 
and testing is 87.51 percent ()The averaged accuracy is 
over 60 percent for testing and 70 percent for training. The 
accuracy starts to go down when threshold is over 0.95. 
When the threshold increases too high, the common actions 
characters sets are overlap between different actions and it 
affects to our action recognize accuracy.     
 

 
Fig. 4. The relation between accuracy and threshold 

 
The Figure 5 shows the averaged confusion matrix from 10 

datasets of training (with ) and testing (with ). 
From training datasets, as showed in Figure 5(A), most of the 
action gets very high accuracy. There is confusion from action 
‘hop Both Legs 1 hops’(5) to actions ‘deposit Floor R’(1) and 
action ‘lie Down Floor’(10). From testing datasets, it also has 
confusion from action (5) to action (1); from ‘punch L Front 1 
Reps’(11) to ‘jump Down’(7). The worst confusion happen 
from action ‘jog Left Circle 4 Steps R start’(6) to action 
‘deposit Floor R’(1) as showed in Figure 5(B). 



 
Fig. 5. The confusion matrix result of averaged accuracy for  

(A) Training and (B) Testing dataset. 
We use the same training and testing dataset as introduced 

above to compare this propose method to our previous method 
Extraction of Discriminative Patterns from Skeleton Sequences 
(EDPSS) [11]. The approach of the EDPSS is the extraction of 
discriminative patterns as local features and using statistical 
approach in text classification to recognize actions. Given a 
skeleton sequence, we use the 3D skeleton histograms to 
convert skeletons into histograms which can comparable and 
use those to summary the 3D videos to the sequences of key-
frames. We define patterns as the local features based on these 
key-frames. We extract discriminative patterns which obtain 
characteristics for separating different categories. This bag of 
discriminative patterns is used to recognize actions. 

 
Fig. 6. Comparing different actions between the propose method to 

the EDPSS[11]. 
 

The results of comparing different actions between two 
methods are showed in the Figure 6. The accuracy from the 
propose method is higher than the method EDPSS. With 
threshold 0.95, the propose method gets 89.69 percent for 
training dataset and 87.51 percent for testing, while the EDPSS 
only gets 72.54 percent of training dataset and 58.17 percent 
for testing. Comparing to EDPSS, the propose method gets 
very high accuracy in most of the actions especially at actions 
12, 13 and 14 for both training and testing dataset. We use the 
database HDM05[10] which has four different actors to present 
the actions. Although EDPSS performs data normalization by 
spatially aligning the skeletons, the quantized histogram of the 
skeletons still includes more personal characteristics than our 
semantically defined relational features. This definition 
confuses between different actors skeletons, which reduces the 

action recognition. By using the semantic definition, the 
proposed method is very robust to the different actors’ 
skeletons and gives the higher accuracy recognition.  

The method EDPSS is considered as the content-based 
approach, while the propose method is semantic-based 
approach. EDPSS depends on the automatic key-frames 
extraction, and patterns definition. So that, it could contains the 
noise patterns which should not present for the actions. This 
proposing semantic method shows that it is very robust to 
noises. In our future work, we could combine the semantic 
action knowledge and the local process in the real action 
recognition applications.       

V. CONCLUSION 

In this work, we propose a method to extract the knowledge 
from the 3D action MoCap data. We define the set of action 
characteristics and use a statistic method to extract the common 
sets for different action classes. The knowledge extracted is 
presented by the graphs for different actions. The results show 
that this action extracted knowledge is stable with the new 
input data, which gives high accuracy when we use them for 
testing on recognizing actions. In the present research, we 
focused on the global information of actions, and extracted the 
common action characteristics. The local information was 
omitted. However, this local information could help us to learn 
and recognize actions in real-time, which will be discussed in 
our further works. 
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