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ABSTRACT 

 

Segmentation is a key process of the motion-capture-

data retrieval systems, which have been widely used in 

media technologies. This paper introduces a new 

method to improve the segmentation accuracy of 

complex motion data such as dancing. The proposed 

method is a neural network which is achieved as non-

linear classifier in many applications. Use of SMOTE 

technique can overcome a defective case of neural 

networks in case the data set is seriously imbalanced. 

An imbalanced dataset is where the instances of one 

class far outnumber the other class. In our case, the ratio 

of segmentation and non-segmentation classes equal to 

1:10. Our experimental results show the increasing 

percentage of both precision and recall comparing 

between using the neural network with and without 

SMOTE technique. The proposed method also provides 

higher accuracy than the previous works up to 50%.  

 

1. INTRODUCTION 

 

An efficient retrieval system of motion capture data 

requires an automatic segmentation of motions into 

meaningful unit motions. A long motion must be 

segmented before storing in database and long query 

motion must be segmented beforehand. Recent 

literatures related to retrieval systems introduce many 

approaches of fast and quick search techniques [1] and 

improved dynamic programming [2-4]. Those query 

techniques yield high accuracy and fast computation on 

a given query pattern. Some longer query motions can 

be partitioned into distinct motion primitives as 

addressed in [5]. Sonoda, et al. [5] proposed a 

segmentation method by extracting features from 

motion capture data. Their extracted features consist of 

the velocity of body parts, a change of a movement 

direction, and a change of size of the space produced by 

the whole body. 

 

A challenge of using the back-propagation neural 

network training for a motion-capture-data segmentation 

is how to deal with imbalanced data sets. The 

imbalanced data is a situation of unequally represented 

classes; as a result, the classifier tends to favor the 

majority class [6]. For example, a training data set of a 

mammography image consists of 98% normal pixel and 

2% abnormal pixel. Simply guessing all normal pixels 

would give a predictive accuracy of 98%. To overcome 

this drawback, Chawla et al. [6] proposed the technique 

named “SMOTE” by creating synthetic minority class 

examples. Their experimental results show the increased 

accuracy of classifiers for a minority class. 

 

The contribution of this paper is in showing that  

1) Neural networks trained by the back-

propagation can apply to the segmentation of complex 

motion sequences, 

2) SMOTE increases the accuracy of the minority 

class, i.e., the ratio of number of segmentation frames 

and number of non- segmentation frames is 1:10, and 

3) Encoding the neural network inputs, for the 

sake of simplicity, is the velocities of ten markers at 

present time and the mean velocities of them at past 

time.    

 

In this paper, the experiments focus on the motion 

capture data of human dances, which are complex 

motion sequences as discussed in [7]. The segmentation 

of such a complex motion sequence is a difficult task 

because its evaluation is subjective. The accuracy rate 

varies considerably from one human observer to 

another. The segmentation of human movement is to 

partition the motion into a number of unit movements. 

Kahol et al. discussed the difficulties of segmenting 

complex motion sequences as follows: 

1) Boundaries of unit movements are subjective. 

2) Boundaries are sequence dependent. 

3) The number of unit movements is infinite.   

  

Due to the absence of pre-defined thresholds such as 

detecting zero crossings of angular velocities [8], the 

neural network, which is one of non-linear classifiers, is 

a plausible solution for the segmentation of motion 

capture data. A distinctive advantage of using the neural 

network over the statistical techniques is that no prior 

knowledge of the data distribution functions is needed 

or when the data are non-gaussian distribution [9].  For 

example, the statistical techniques were applied in the 

segmentation problem such as principal component 

analysis [10-11], probabilistic PCA [10-11], and 

Gaussian mixture model [12]. This paper also shows 

that using SMOTE overcomes the disadvantage of the 

neural network if its data set is imbalanced. 



2. SMOTE  

 

SMOTE is an over-sampling method in which the 

minority class is over-sampled by creating synthetic 

examples rather than by over-sampling with 

replacement. The minority class is over-sampled by 

taking each minority class sample and introducing 

synthetic datum along the line segments joining any/all 

of the k nearest neighbors. Our implementation set k=5 

as addressed in [6].  

 
Fig. 1. Synthetic data using SMOTE 

 

As shown in Fig. 1, synthetic instances can be generated 

on the path between the instance under consideration 

and one of five nearest neighbors. Let M be the number 

of dimensions. A synthetic instance Y=[Y1 … YM]
T
 is 

generated by using the SMOTE Algorithm as shown 

below: 

1) Set d=1. 

2) Randomly select a sample X=[X1 … XM]
T
. 

3) Take the difference between the sample Xd and 

its nearest neighbor as denoted by D. 

4) Multiply this difference by a random number 

between 0 and 1 as denoted by W. 

5) Add it to the sample Xd. 

6) Repeat Step 3-5 until d > M . 

 

Thus, the equation of a synthetic data is written as 

below 

 

𝑌𝑑 = 𝑋𝑑 + 𝑊𝐷 

 

 

3. PROPOSED METHODOLOGIES  

 

The proposed methodologies mainly divided into offline 

and online stages. Only process of data synthesis using 

SMOTE is required in the offline stage. The other 

processes consisting of normalization, feature 

extraction, neural network as shown in Fig. 2 are 

identical. Our motion data were recorded by the optical 

motion capture system. 

  

To capture a full-body movement, the optical motion 

capture system by using 6-to-16 video cameras to record 

the reflective markers attached to a human body. The 

body movement is recorded by the optical motion 

capture system in a form of 3 × n-dimensional time 

series data corresponding to n markers. The frame-to-

frame motion capture data in three dimensional spaces 

can be derived from the triangulation-based mapping 

among the different camera views. 

 

Then, the normalization by the human height was 

required before extracting the feature.  The extracted 

features as explained later are the inputs of neural 

networks. In the training process, the SMOTE is applied 

to the data synthesis. After convergence of the neural 

network, the neural network can be used as the classifier 

of segmentations. 

 
Fig. 2. Overview of our methodologies 

 

4. EXPERIMENTS 

 

4.1. Encoded Inputs 

 

The inputs of the neural network consist of twenty-two 

dimensions as shown in the following computations: 

 

Features 1
st
– 10

th
: Velocity of a marker at the frame t; 

 

𝑉𝑚𝑎𝑟𝑘𝑒𝑟   =  𝑃𝑚𝑎𝑟𝑘𝑒𝑟
𝑡 − 𝑃𝑚𝑎𝑟𝑘𝑒𝑟

𝑡−1   
where  

 

𝑚𝑎𝑟𝑘𝑒𝑟 ∈ {𝑅𝑜𝑜𝑡, 𝐻𝐷𝑇𝑂𝑃, 𝐿𝐹𝐻𝐷, 𝑅𝐹𝐻𝐷, 𝐿𝐸𝐿𝐵, 
𝑅𝐸𝐿𝐵, 𝐿𝐾𝑁𝐸, 𝑅𝐾𝑁𝐸, 𝐿𝐴𝑁𝐾, 𝑅𝐴𝑁𝐾} 

 

Features 11
th
– 20

th
: Average velocity of a marker in 

frames between t-(L+1) and t;   

 

𝐴𝑚𝑎𝑟𝑘𝑒𝑟 =  
1

𝐿
 |𝑃𝑚𝑎𝑟𝑘𝑒𝑟

𝑡−1 − 𝑃𝑚𝑎𝑟𝑘𝑒𝑟
𝑡− 𝑖+1 

|

𝐿

𝑖=1

 

 

Feature 21
st
: Average of the features 1

st
 - 10

th
; 

 

 𝑉𝑚𝑎𝑟𝑘𝑒𝑟
          =

1

10
 𝑉𝑚𝑎𝑟𝑘𝑒𝑟

𝑚𝑎𝑟𝑘𝑒𝑟

 

 

Feature 22
nd

: Average of the features 11
st
 - 20

th
; 

 

𝐴𝑚𝑎𝑟𝑘𝑒𝑟
          =

1

10
 𝐴𝑚𝑎𝑟𝑘𝑒𝑟

𝑚𝑎𝑟𝑘𝑒𝑟

 



The above equations relate to the velocities of ten 

markers at present and the average values of them in L 

previous frames. A constant L can be varying depend on 

the speed of motions. In the experiments, the motion 

speed is at frame rate of 60 Hz so L is set at 10.    𝑃𝑠
𝑡   

represents a 3D position of the marker s at time t. Ten 

markers used in the equations are shown in Fig. 3. 
 𝑃𝑠

𝑡 − 𝑃𝑠
𝑡−1  is an Euclidean distance between position 

𝑃𝑠
𝑡  and position 𝑃𝑠

𝑡−1. 

   

 
 

Fig. 3. Ten markers for computing velocities 

 

4.2. Neural networks 

 

A structure of the neural network was implemented as 

follows: 22-input, 12-hidden, and 2-output nodes. This 

structure was an one-hidden-layer network. Two output 

nodes represent two classes of segmentation and non-

segmentation.  

 

The learning is done by back-propagation. In the 

learning parameters, the learning rate and momentum 

were set at 0.3 and 0.2, respectively. For convergence 

condition, the learning goal and the maximum number 

of learning epochs were defined at 0.001 and 500, 

respectively.  

 

4.3. Data Sets  

 

The data sets of motion capture data are human dancing 

by different dancers and performers among four data 

sets as shown in Table 1. These data sets are steps of 

break dance and gymnastic exercise as used in [5] and 

[13], respectively. Data set A is used for training the 

neural network. The rest of data sets, B-D are used for 

testing step.    

 

 

 

 

 

 

 

Table 1. Four data sets for training and testing steps that 

the set A is the training data set and the others 

are the test data sets 

Set Motion steps 

A Runman  2-step Bronx Entry Shift 

B Toprock  Bronx  Entry 

C Uprock  Bronx 2-step 6-step Shift 

D Gymnastic Exercise 

 

4.4. Data Synthesis using SMOTE 

 

The training data, which is the motion data set A, are 

over-sampling by using the SMOTE algorithm as 

explained in Section 2. The synthetic data of the 

minority class, i.e. segmentation, are generated in 22-

dimensional space. The ratio of segmentation data and 

non-segmentation data before and after applying 

SMOTE are 277:2488 and 1385:2488, respectively. 

Therefore, the over-sampled data of segmentation class 

is 400%.  In the training stage, the segmentation and 

non-segmentation points are derived by human’s visual 

observation. 

 

5. EXPERIMENTAL RESULTS 

 

To evaluate the proposed method, the data sets of 

human dances as explained in the previous section are 

used. The motion sequences of the data sets B, C, and D 

were fed into the trained neural network to find the 

segmentation frame.  Fig. 4 shows the poses at the 

segmentation points and the snapshots of the motion 

between segmentation points. The leftmost and the 

rightmost figures in each row represent the 

segmentation points. 

 

The accuracy was calculated based on the percentage of 

precision and recall [5]. Let G and R be a set of ground 

truth and a set of results obtained by the proposed 

method, respectively. |G| and |R| is the number of 

elements within the sets G and R, respectively. The 

ground truth of the segmentation is derived by human’s 

visual observation. The recall and precision are written 

as follows: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
|𝐺 ∩ 𝑅|

|𝐺|
 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
|𝐺 ∩ 𝑅|

|𝑅|
 

 

Table 2 shows the segmentation results of our method 

comparing between with data synthesis and without data 

synthesis, which our method of data synthesis is 

SMOTE. Fig. 5 shows the segmentation positions in the 

whole motion sequences of data sets B, C, and D, of 

which the total frames are 1415, 2430, and 2000, 

respectively.  



 

 
          (950)            (986)          (1006)            (1028) 

(a) Entry Movement in test set B 

 
          (930)                (950)         (970)          (1001) 

(b) 2-step movement in test set C 

 
         (1069)          (1120)         (1137)             (1162) 

(c) Gymnastic exercise movement in test set D 

 

Fig. 4. Poses at the segmentation points 

   (Numbers in the parentheses represent frame 

numbers) 

 

Table 2.  Precision and recall comparison between using 

NN with and without SMOTE 

Test set Method Precision Recall 

B NN 53.66 88.00 

NN with SMOTE 66.67 96.00 

C NN 55.38 83.80 

NN with SMOTE 65.62 97.60 

D NN 54.54 93.70 

NN with SMOTE 87.88 90.62 

 

 

6. CONCLUSIONS 

 

The experimental results show that the proposed 

methods can segment the complex motion data with the 

recall up to 96.00% and precision up to 87.88%.  

 

With comparison of [5], our method improved 50% of 

precision and 30% of recall. Using the SMOTE 

technique can solve the problem of training an 

imbalanced data set as shown in Table 2. 

 

In future work, analysis of feature extraction related to 

movement acceleration, convex of the human body, and 

angle velocities will be researched. The average 

precision of segmentation will be improved. To achieve 

our goal, this segmentation will be integrated in the 

retrieval system. 
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Fig. 5.  Charts of segmentation frames of three motion data sets B, C, and D, which the segmentation positions are 

represented by bars 
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