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Abstract — Computers can recognize human gestures by man-machine interactive systems such as the Xbox Kinect depth camera. 
Although they can identify easy body movements these systems lack flexible and robust mechanism to perform high-level gesture 
recognition. This paper proposes a robust method to recognize body actions, it relies on Dynamic Time Warping (DTW), which is a 
technique used to recognize actions by finding an optimal alignment between two sequences. We propose an improved DTW 
algorithm with first and second derivatives to reduce singular mappings. We get the skeleton joints through Kinect camera, store 
the 3D coordinates of the joints into joint-model, then translate and normalize the joint-models. We select the hand and foot joints 
as the key joints, and exercise the coordinate time sequence by the improved DTW. During the process of exercises, we get a 
threshold for each action recognition class. Finally, we demonstrate the performance of our method and compare the result with 
other two methods by experiments. 
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I. INTRODUCTION 

 
Human action recognition is a hot research topic in the 

field of computer vision, And be widely used in human-
computer interaction, intelligent monitoring, digital 
entertainment and storage and retrieval based on image 
content, so far, great efforts have been devoted to this 
research are [1-6], and involves the machine learning 
techniques in order to work reliably in different 
environments. A variety of methods have been proposed for 
gesture recognition, including Depth maps[1],Dynamic 
Time Warping(DTW)[2,16], Hidden Markov 
Models[4],and skeleton splitting[3],and in addition to these, 
there have method employed in gesture recognition that is 
not based on view, such as the use of Wii controller[7]. 
However, recognizing human postures and gestures is far 
from achieving full usage of Kinect in human-computer 
interaction. In practice, it is more meaningful to recognize 
human actions instead of recognizing postures and gestures. 

In this approach, in order to identify the human actions 
by Kinect, we present a novel method. We take the 
record of key joints of the movement trajectories as the 
training sample of machine learning, use the improved 
Dynamic Time Warping to training and recognizing every 
action, in the process of training, each action class will 
generate a threshold, and use the threshold we can 
recognize the action. The experimental results show that 
both upper limb movements or systemic action, the 
accuracy rate of recognition is more than 99%.compare 
with the method in literature[2,16] shows the method we 
proposed is superior. 

 
 

II. DYNAMIC TIME WARPING ALGORITHM 

 
Dynamic time warping is a typical optimization 

problem, It use a time planning function which meet certain 
conditions to describe the corresponding relation in time 
between input sample and the reference template on the 
time. dynamic time warping algorithm was proposed by 
Sakoe [9] at 1978, thought of the algorithm is : measures 
similarity between two time sequences which might be 
obtained by sampling a source with varying sampling rates 
or by recording the same phenomenon occurring with 
varying speeds[8]. As the basis of similarity measurement, 
Solve the problem of does not use the Euclidean Distance 
because of the length differences when calculate the 
similarity of normal time sequence. 

Given two time sequences Q and C with length m and 
n, their distance matrix D are given below. 

 
Q q , q ,⋯ , q ,⋯ , q  
C c , c ,⋯ , c ,⋯ , c  

D

d q , c d q , c ⋯		d q , c 	
d q , c d q , c ⋯		d q , c

⋮										 ⋮											 ⋮ 												 ⋮
d q , c d q , c ⋯		d q , c

 

 
Warping path W is a continuous set include matrix D, it 

define the mapping relation between Q and C, the kth 
element of W is defined as w i, j , so 
W w ,w ,⋯ ,w ,⋯ ,w max m, n K m n 1 

The warping path need satisfy the condition as below: 
(1) Boundary constraint 
w 1,1 And	w m, n , in fact, it require the start 

and end of warping path is the two endpoint of diagonal of 
a matrix. 
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(2)Continuity constraint  
If w a, b ,w a′, b′ ,then a a′ 1,b b′

1. 
(3) Monotonicity constraint 
If w a, b ,w a′, b′ ,then a a′ 0,b b′

0.this compel the point of  warping path is monotonicity on 
the time. 

 
Fig1. A warping path 

Get the cumulative distance r i, j  through distance 
d q , c ,it means to looking for the minimum value 
adjacent element  around the cumulative matrix elements, 
its iterative formula is given below. 
r i, j d q , c min	 r i 1, j 1 , r i 1, j , r i, j 1 (1) 

But the traditional DTW has a problem, even if the two 
sequences have the same length, A certain point of one 
sequence will map with multiple point of another sequence. 
The reason is the point has the nearest ‘distance’ with those 
multiple point of another sequence. We call this kind of 
behavior as “singular”. The singular problem was noticed 
early in 1978, The method to improve this problem include: 
set warping window[14,15],add the restraint band[17],step 
mode , force every step of  the warping path will Parallel to 
the diagonal. In addition,DTW is an O n algorithm, which 
is much slower than Euclidean distance’s O n .This is a 
serious problem if we want to use the algorithm to search a 
large database. The easiest way to speed up the algorithm is 
to calculate only a small fraction of the matrix. now we use 
the S–C band[10] to limit the number of calculation, at the 
same time，In order to improve the error mapping problem 
of the  traditional DTW algorithm, we propose a improved 
method. On the basis ofq 	and	c , we construct a three 
dimensional vector q , q , q 	and	 c , c , c  use the first 
order differential and second order differential, the first 
order differential can provide the shape information of the 
sequence, reduce the error mapping in the different 
tendency. And the second order differentials provide the 
information of max value, min value and inflection point 
.then we redefine the formula of distance: 

d q , c w ∗ q c w ∗ q c w ∗ q
c (2) 

The first order differential and second order differential 
is defined as: 

q
q q _

2
 

q q q 2q  
In order to ensure that differential can be worked, 

w ~w  should be satisfy:w w w . 
 

 
(a)two time sequence 

 
(b)The traditional DTW algorithm mapping results 

 
(c) Mapping results of improved method 

Fig2. compare of the mapping results between traditional DTW algorithm 
and improved method 
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III. HUMAN BODY ACTION RECOGNITION 

 
We get the position information of body joint from 

Microsoft kinect sensor [11], Kinect SDK tracks 3D 
coordinates of 20 body joints, record and save the 20 joint 
point coordinates on a certain time point into the joint-
model. Record a complete action requires many frames, and 
also need many joint-models. The action of the human body 
is mainly manifested in limb movement; especially the 
range motion of hands and feet is the biggest. Therefore, 
the exercise and recognize the action in our method is 
mainly focus on the hands and feet joints, this can reduce 
the complexity of algorithm meanwhile do not reduce the 
recognition accuracy. Such as the smash action in 
badminton game, its action mainly concentrated on the 
right hand, as long as we record the trajectory coordinates 
of the right hand joint point, use the trajectory of smash as 
the samples of training and recognition. The method we 
propose include two part: training process and recognition 
process. We must train the action if we want to recognize it, 
when a man stand in front of the kinect camera, he finish an 
action, we collect the all the joints coordinates and the 
trajectory of action, store these data into a set of joint-
models. Then let different men stand at different position to 
repeat the same action, before train these samples, we need 
preprocess the joint-models called sample normalization. 
then use the improved DTW method to train the samples, 
for each training of the action, a parameter was generated, 
gather all the parameter to produce a threshold range ,when 
identify an action, if the parameter was contain in the 
threshold range, then we considered that the action was 
recognized. 

 

A.Translating and normalizing the joint-models 

 
When a trainer or a player stand in front of the kinect to 

make an action, the position they stand are different, if we 
want to compare these actions , we must translate them to 
the same position. The method is translate all the joint-
models to the central coordinate(0,0,0), The process of 
translation is include two step: first, we calculate the 
geometric center of the trajectory, the geometric center 
point is a 3D coordinate, it is calculated by adding all the 
points of the trajectory and dividing the result by the 
number of points n [12],calculate usingEq.(3), x , y , z  is 
the point of the trajectory, n is the number of all the points, 
then we obtain the distance and direction of the translating. 

 

Centroid x, y, z
∑ , ,

 (3) 
 
Next step, we translate all the joint-models to make the 

centroid of the trajectory move to the origin coordinate. The 
method to finish this by subtracting the Centroid from each 
point of the collection ofjoint-models (Eq(4)),Thus, we 
finish the translating of move all the joint to the coordinates 
origin. 

 

x , y , z ′ x x , y y , z z (4) 
 
Next step we need to preprocess is to normalize the 

joint-models in order to elimination of variations of the 
different skeleton (such as broad-shouldered, narrow-
shouldered or tall, short), we normalize all the body joints 
in the joint-model by using the distance between the 
shoulder and the spine as presented in [13].And here we do 
not consider the rotation of body in front of the kinect [2], 
to sole the rotation, it will use two kinetic camera. 

 

B. training the action recognition technique 

 
After finishing the pre-process above, we now begin to 

train the samples. In our methods, we only need to care 
about the trajectory of hands and feet joints. So, in each 
joint-model, find out the 3D coordinates of left hand, right 
hand, left foot, right foot joints to form the feature vector as 
below: 

 
f x , y , z ,⋯ , x , y , z  

 
Where n is the index of an action joint-model, the 

number of a frame sequence we collect from kinect, and 
the 	x , y , z  is the coordinate of hand or foot after 
translating and normalization. 

Every movement trajectory can extract 4 feature 
vectors, we regard them as time sequence, using the 
improved DTW algorithm introduced in section 2 to train 
these time sequences set. After applying the algorithm 
between each pair of feature vectors in the set, we obtain a 
model trajectory feature vector that represents the set and 
the acceptance threshold for the action. The model 
trajectory is the one that resembles the rest of the 
trajectories the most. The upper bound of the threshold is 
determined by the longest distance between the other 
trajectories and model trajectory. Therefore, we set the 
range of the threshold is 0 to the upper bound. 

 

IV. RESULTS 

 
In order to verify the effect of gesture recognition we 

proposed, we design 6 actions in our training set, include 
Circle, Wave hand, Smash, and Kick ball, Mark time and 
Salute. Reference sample of each gesture class is shown in 
Fig 3. These actions we select because they involve 
movements of violent and slight action, Upper limb and 
lower limb action. The database use to training is include 
10 trainer, each trainer performed 8 times for every action, 
and the sample will be checked the correctness before store 
into the database. Thus, we got 80 samples each action,  
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Fig.3.six actions used in experiment 

enough sample will improve the accuracy of DTW 
algorithm [12]. The trainer can stand any position in front 
of the camera only make sure that the kinect can capture the 
trainer. Every action in a data frame including 20 joint 
points coordinates. The date collection rate is one second 
15 frame date (the half of the kinetic camera collection 
rate). 

At the same time, we train the same action sample use 
the method of pre-processing method [2] and a weighted 
DTW method [16], for each method we build their own 
database. The confusion matrices of the three algorithms for 
six gesture classes are given in Tables 1, 2, and 3.Note that 
the pre-processing method does not recognize the 
movement of lower limb, so, its recognition accuracy to the 
Kick ball and Mark time is lower than other methods. 

TABLE I. CONFUSION MATRIX FOR THE PRE-PROCESSING METHOD 

 Circle 
Wave 
hand 

Smash 
Kick 
ball 

Mark 
time 

Salute 

Circle 96.3 2.9 0 0 0 0.8 
Wave 
hand 

2.3 97.3 0 0 0 0.4 

Smash 0 2 98 0 0 0 
Kick 
ball 

0 0 0 96.6 3.4 0 

Mark 
time 

0 0 0 2.9 97.1 0 

Salute 0 0.6 2.8 0 0 96.6 

TABLE II. CONFUSION MATRIX FOR THE WEIGHTED DTW 

 Circle 
Wave 
hand 

Smash 
Kick 
ball 

Mark 
time 

Salute 

Circle 100 0 0 0 0 0 
Wave 
hand 

0 98.9 0 0 0 1.1 

Smash 0 0.8 99.2 0 0 0 
Kick 0 0 0 66.2 33.8 0 

ball 
Mark 
time 

0 0 0 32.9 67.1 0 

Salute 0 0.4 0 0 0 99.6 

TABLE III. CONFUSION MATRIX FOR OUR PROPOSED DTW 

 Circle 
Wave 
hand 

Smash 
Kick 
ball 

Mark 
time 

Salute 

Circle 100 0 0 0 0 0 
Wave 
hand 

0 100 0 0 0 0 

Smash 0 0 100 0 0 0 
Kick 
ball 

0 0 0 99.2 0.8 0 

Mark 
time 

0 0 0 0.6 99.4 0 

Salute 0 0 0 0 0 100 
 

According to the confusion matrices we can get the total 
accuracy of each method, the calculation formula is shown 
in Eq.(5). 

 

Accuracy
∑ ∑ ,

100  (5) 
 
According to the calculation results, we found our 

proposed method is superior to pre-processing method and 
a weighted DTW method (Table 4). Pre-processing method 
can not recognize the lower limb, its total accuracy is 
influenced. If we add the lower limb joint recognition into 
literature [2] method, the accuracy will grow up to 99%, but 
the number of sample in training and recognition increase 
to 12, however, the number of sample in an action only 
4(hands and feet), the recognition efficiency will be much 
faster than literature[2].and the method we proposed use the 
threshold to recognize the action ,it improve the error-
tolerant rate as well. 

TABLE IV.ACCURACIES OF THE THREE METHODS 

Method Accuracy(%) 
weighted DTW method 96.98 
pre-processing method 88.50 
Our proposed method 99.77 
 

V. CONCLUSION 

 
From the above-mentioned content, we proposed an 

improved method to recognize the body action. Collect the 
hands and feet joints of skeleton as the key points. Record 
the 3D coordinate of key points, use the movement 
trajectory to form the feature vector, and trained the feature 
vector by DTW algorithm. We also improved the 
traditional DTW, we Construct a three dimensional vector 
use the first order differential and second order differential, 
Reduce the singular mapping in the DTW mapping process, 
this improvement have better effect if the time series have 
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noise in the map. meanwhile ,the threshold to recognize an 
action is formed by using DTW to find out the biggest 
distance between model sample and other samples , it 
improve the error-tolerant rate. Due to the recognition 
method only select the key joints in the process of training 
and recognition, the method have rapid speed. the major 
deficiency of this paper is do not consider the trainer or 
player rotate in front of the camera, if we want to solve the 
rotation body action recognition, we need two kinetic 
camera. In the end, we hope our method can be used to 
remote device control , man-machine interaction, etc. 
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