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Abstract 
In the Kinect-based rehabilitation training system, the existing DTW similarity 
evaluation algorithm cannot effectively distinguish the key actions in the rehabilitation 
training, and the similarity evaluation results are easily interfered by non-key actions, 
which leads to poor evaluation of the similarity of key actions. To solve this problem, we 
propose a DTW similarity evaluation algorithm based on adaptive weighting of motion 
features. First, measure the motion amplitude of the joints in the motion sequence, and 
assign weights according to the amplitude, and then calculate the similarity of the two 
motion sequences. The experimental results show that compared with the traditional 
DTW algorithm, the evaluation algorithm proposed in this paper can more accurately 
and stably evaluate the similarity of key actions in rehabilitation training. 
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1. Introduction 

It is estimated that by around 2022, China's population over 65 will account for 14% of the total 
population, realizing the transition to an aging society. With the acceleration of the aging of the 
population, my country’s medical rehabilitation industry is also facing tremendous pressure. The 
traditional rehabilitation training model is basically one-to-one guidance between physiotherapists 
and patients. In my country’s existing medical environment, The medical resources of artificial 
assisted rehabilitation are relatively scarce, so in recent years, autonomous rehabilitation training 
systems based on depth vision sensors have gradually emerged. The system mostly borrows the 
Kinect depth vision sensor produced by Microsoft as a somatosensory device to collect depth images, 
uses depth information to separate the human body from the background environment, and can 
effectively capture the movement of human joints, and uses some general algorithms to evaluate 
moving targets The accuracy of the posture. 

In the process of using the Kinect-based autonomous rehabilitation training system to perform 
rehabilitation training for patients, an action usually contains two parts: the target posture and the 
action process. Only detecting the target posture cannot well evaluate the accuracy of the target action 
[1]. For the typical time series similarity evaluation problem of the action process, dynamic time 
warping (DTW) can be solved well. 

In the evaluation of the movement process, the DTW algorithm can effectively reduce the problem 
of non-uniformity of the action sequence on the time axis [2]. To this end, Huang Jian [3] proposed 
a method of combining DTW and RANSAC algorithms to effectively improve the confidence in the 
evaluation of motion trajectories; Rodrigo Ibanez et al. [4] used DTW and HMM algorithms to design 
two methods for evaluating motion trajectories; NianfengLi [5] proposed an improved DTW 
algorithm to evaluate the similarity of the motion trajectory by calculating the first-order and second-



 

 

87 

International Core Journal of Engineering 

ISSN: 2414-1895 
Volume 7 Issue 3, 2021 

DOI: 10.6919/ICJE.202103_7(3).0013 

order derivation sequences of the motion trajectory, and combining the motion trajectory to form a 
three-dimensional sequence, which increased the proportion of key actions in the evaluation. , 
Improve the accuracy of motion matching. 

Although the above method can better evaluate the accuracy of the motion target action, it does not 
set different weights for different joint points. In the actual rehabilitation training process, the 
rehabilitation physiotherapist will design different weights for the patient’s physical condition. 
Rehabilitation training actions, only need to calculate the amplitude of different joints in a certain 
period of time can effectively identify the main focus of the recovery part of the action, based on this, 
we propose a kind of adaptive recognition of the rehabilitation training action Key motion joints, 
adaptively weighted DTW similarity evaluation algorithm based on the motion amplitude of the joint 
points, this method can better evaluate the accuracy of the key parts of the rehabilitation exercise, and 
the evaluation results are more instructive. 

2. Human feature extraction based on Kinect 

2.1 Serialized bone data extraction 

The data of human bone points can be obtained through Kinect, which is a depth somatosensory 
device released by Microsoft. It has 3 cameras and can simultaneously acquire RGB color images, 
depth images and human bone images. Its appearance is shown in Fig. 1. In the middle is the RGB 
camera used to capture images, with a collection speed of up to 30f/s (frames per second); on the two 
sides are infrared transmitters and infrared receivers for depth image acquisition. The infrared 
projector is composed of a monochrome CMOS sensor to enable the device to recognize 3D space; 
the bottom is a multi-array microphone, which is mainly used for sound input and positioning, and 
can help filter environmental noise [6]. 

 

 
Fig. 1 Kinect physical map and observation coordinate system 

 

Kinect's bone tracking technology can obtain the coordinates of 25 human body joint points (as shown 
in Fig. 2) [7], and take the Kinect camera as the origin, the direction of the camera is the Z axis, the 
upward direction of the value is the Y axis, and the vertical Y axis The direction of and Z axis is X 
axis, and the joint position is output. 

For bone collection in motion, we can use the time series data of joint nodes for characterization. The 
time series of human joint nodes collected by Kinect can be expressed as 𝑃 = 𝑝 , 𝑝 , ⋯ , 𝑝 , ⋯ 𝑝 , 
where 𝑝  is the human joint position data at the i-th time point. 
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Fig. 2 Kinect recognizes the structure of human joint points 

 

3. DTW similarity algorithm based on adaptive weight 

3.1 Dynamic time warping (DTW) algorithm principle 

The main idea of the DTW algorithm is to pull the two time series to the same length at the minimum 
cost to maximize the similarity. Usually the dynamic programming method is used to find the 
minimum distance between two sequences to achieve the above effect. Suppose there are two time 
series 𝑆 and 𝑇, 𝑆 is the standard series with length m, and 𝑇 is the test series with length n. Among 
them, m and n respectively represent the length of the two sets of action sequences. 𝑠  and 𝑡  
represent the action characteristic values at time 𝑖 and 𝑗, respectively. 

𝑆 = {𝑠 , 𝑠 , ⋯ , 𝑠 , ⋯ , 𝑠 }, 1 ≤ 𝑖 ≤ 𝑚.                       (1) 

𝑇 = 𝑡 , 𝑡 , ⋯ , 𝑡 , ⋯ , 𝑡 , , 1 ≤ 𝑗 ≤ 𝑛.                       (2) 

1) If 𝑚 = 𝑛.directly calculate the distance of the eigenvalues of the two sets of action sequences at 
each moment. 

2) If 𝑚 ≠ 𝑛.use a matrix 𝐷(𝑚, 𝑛) of size 𝑚 × 𝑛to align the two sets of action sequences. 

3) For the matrix 𝐷(𝑚, 𝑛), the matrix element (𝑖, 𝑗) represents the distance 𝑑(𝑖, 𝑗)of the action 
feature values at two moments, which is used to reflect the similarity of the two sets of action series. 
The calculation method of this distance in the DTW algorithm is the Euclidean distance, and the 
formula is shown in (3): 

𝑑(𝑥, 𝑦) = (𝑥 − 𝑦 ) + (𝑥 − 𝑦 ) + ⋯ + (𝑥 − 𝑦 ) = ∑ 𝑥 − 𝑦 .      (3) 

The idea of DTW is to find the optimal path in the planned path 𝑊(𝐾)in such a grid matrix, defined 
as the formula (4): 

𝑊(𝐾) = {𝑤 , 𝑤 , ⋯ , 𝑤 , ⋯ , 𝑤 }, 𝑚𝑎𝑥(𝑚, 𝑛) ≤ 𝑘 ≤ 𝑚 + 𝑛 − 1.           (4) 

The path needs to meet three constraints [8-9]: 

1) Boundary conditions: Since the corresponding actions at the beginning and end of the sample and 
the standard sequence are the same, the path is required to satisfy the starting point 𝑑(1,1) and the 
end point 𝑑(𝑚, 𝑛). 

2) Continuity: Since the contents of the two sets of data are the same, but correspond to different 
moments, it is necessary to ensure the continuity of the path, that is, 𝑊(𝑘) is a continuous function. 
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3) Monotonicity: Since the two sets of data are collected based on time, it is necessary to ensure the 
monotonicity in time, that is, the moments of two adjacent points on the path meet the condition of 
monotonic increase. 

There are many paths that satisfy the conditions, and we need to find the optimal path among the 
many paths. The formula is shown in (5) 

𝐷𝑇𝑊(𝑚, 𝑛) = 𝑚𝑖𝑛
∑

.                         (5) 

The denominator K in the formula is used to compensate the optimal paths of different lengths 
generated by sequences of different lengths. For two adjacent points, the optimal path diagram is 
shown in Fig. 3, and the formula definition is shown in (6): 

𝐿(𝑖, 𝑗) = 𝑚𝑖𝑛

𝑙(𝑖 − 1, 𝑗 − 1)

𝑙(𝑖 − 1, 𝑗)

𝑙(𝑖, 𝑗 − 1)
, 1 ≤ 𝑖 ≤ 𝑚, 1 ≤ 𝑗 ≤ 𝑛.                (6) 

 

    
(a) Three different paths        (b) Final curved path 

Fig. 3 Optimal path diagram 

 

The similarity between the sample action series and the standard action series is expressed by the 
cumulative distance 𝛾(𝑖, 𝑗) obtained by accumulating the distance of each point under the optimal 
path. 

𝛾(𝑖, 𝑗) = 𝑑 𝑠 , 𝑡 + 𝑚𝑖𝑛

𝛾(𝑖 − 1, 𝑗 − 1)

𝛾(𝑖 − 1, 𝑗)

𝛾(𝑖, 𝑗 − 1)
, 1 ≤ 𝑖 ≤ 𝑚, 1 ≤ 𝑗 ≤ 𝑛.         (7) 

3.2 Adaptive weighted DTW algorithm based on motion characteristics. 

In the Kinect-based rehabilitation training system, the traditional DTW algorithm can only measure 
the movement similarity of the whole body joint movement or the specified joint movement, and the 
movement similarity evaluation result of the whole body joint movement cannot accurately represent 
the movement similarity of the key training movement. The characterization of the action similarity 
of the characteristic joint points requires additional data input, and the key training joints cannot be 
adaptively identified to measure the similarity of their training actions. 

Aiming at the problem that the traditional DTW algorithm cannot adaptively recognize the similarity 
of key motion joints and calculate the similarity of key limb movements, this paper proposes an 
adaptive weighted DTW similarity measurement method based on motion characteristics. First, we 
calculate the intensity of each joint movement in the template action sequence, and assign weights 
according to the intensity of the joint movement. The joint points with high weights can be considered 
as the joints that focus on training and rehabilitation in this rehabilitation training. Secondly, by 
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applying the motion weight of each joint point to the DTW algorithm, the key joints in the 
rehabilitation training can be adaptively identified, and the similarity of the rehabilitation training 
actions can be calculated. 

3.3 Joint weight calculation 

This article assigns weights according to the intensity of joint motion, that is, the size of joint motion 
ability, let 𝑓(𝑝 )  be the relative value of 𝑝  energy, 𝑓 [𝑓(𝑝 ), 𝑓(𝑝 ), ⋯ , 𝑓(𝑝 ), , 𝑓(𝑝 )]  is the 
vector of the relative magnitude of all joint energies of the reference action sequence 𝑃 . In 
information theory, entropy is used to measure the amount of information, which is defined as follows: 

ℎ(𝑥) = − ∫ 𝑓(𝑥) 𝑙𝑔( 𝑓(𝑥))𝑑𝑥.                         (8) 

Where x is a random variable and f is a probability density function. For a Gaussian distribution with 
a variance of 𝛿 , the entropy is defined as: 

ℎ(𝑥) = (𝑙𝑔 2𝜋𝛿 + 1)                            (9) 

Assuming that each joint 𝑝  in the action sequence obeys the Gaussian distribution, then the variance 
𝛿  of 𝑝  can represent the relative motion intensity of the joint 𝑝 . In addition, the variance itself 
can represent the degree of dispersion of random variables. Therefore, even when 𝑝 does not obey 
the Gaussian distribution, 𝑓(𝑝 )can reflect the intensity of its motion to a certain extent [11]. 
Therefore, the weight 𝑤 of the joint i in the action sequence is expressed as: 

𝑤 =
( )

∑ ( )
.                               (10) 

When the joint moves more vigorously and the amplitude of the movement is larger, 𝑤  is larger, 
and when the joint moves slightly or is still, the 𝑤  of the joint is close to zero. 

The adaptive weight DTW algorithm based on motion characteristics can be completed by the 
following steps: 

1) Calculate the relative energy 𝑓(𝑝 ) of the motion sequence 𝑝 , and get the energy vectors all 
joints in the sequence 𝑓 [𝑓(𝑝 ), 𝑓(𝑝 ), ⋯ , 𝑓(𝑝 ), , 𝑓(𝑝 )]. 

2) Count the proportion of energy 𝑓(𝑝 ) of each joint ID (i=1,...T) in the energy vector 𝑓  of the 
action sequence 𝑤  

3) Calculate the weighted DTW distance: 

𝐷(𝑠, 𝑡) =  ∑ [𝑑(𝑠 , 𝑡 ) × 𝑤 ].                        (11) 

Among them, s and t are the template sequence and training action sequence respectively, and 𝑠 and 
𝑡  are the joint motion sequences of the joint point 𝑖 in the corresponding sequence. 

4. Experimental results and analysis 

4.1 Experimental data 

In order to verify the accuracy of the algorithm in this paper compared with the traditional DTW 
algorithm in the rehabilitation training scenario, the experimental data collected four types of 
rehabilitation training actions (straight arm up left, straight arm up right, straight leg left up, straight 
leg right Lift) template data and training data. The template data requires that other limbs remain 
stationary when the trunk movement is specified in the action sequence of the rehabilitation action, 
as shown in Fig. 4. The training data is collected from people of different heights and body types for 
each type of movement. Taking into account the inconsistency of movements during the rehabilitation 
exercise, we divide the training data into “training” according to the consistency difference between 
the training movement and the template movement. There are eight types: static movement, “training 
movement too slow”, “training movement consistent”, “training movement too fast”, “training 
movement limb error-1”, “training movement limb error-2”, and “training movement inconsistent”. 
As shown in Fig. 5. 
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Straight arm up left         Straight arm up right 

 
Straight leg left               Straight right left 

Fig. 4 Schematic diagram of template action sequence 

 

 
Fig. 5 Schematic diagram of right leg lift training sequence action grouping 
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4.2 Experimental results 

4.2.1 Identification and analysis of key bone points 

We collected the template data of the four actions (Fig. 4), and the weights calculated using Equation 
(10) are shown in Table 1: 

 

Table 1 The weights of joint points of the four rehabilitation training template actions (%) 

Traini
ng 

action 

SpineB
ase 

SpineMi
d 

Neck 
Hea

d 
ShoulderL

eft 
ElbowLe

ft 
WristLeft 

HandL
eft 

ShoulderR
ight 

ElbowRig
ht 

Wrist 
Right 

Hand 
Right 

Hi
p 

Le
ft 

Straig
ht arm 
up left 

0 0 0 0 0.73 9.36 19.12 22.48 0 0 0 0 0 

Straig
ht arm 

up 
right 

0 0 0 0 0 0 0 0 0.88 7.92 20.36 22.48 0 

Straig
ht leg 
left 

0 0 0 0 0 0 0 0 0 0 0 0 
0.
2 

Straig
ht leg 
right 

0 0 0 0 0 0 0 0 0 0 0 0 0 

Traini
ng 

action 
KneeLeft 

AnkleL
eft 

Foo
t 

Left 

Hip 
Right 

Knee 
Right 

AnkleRig
ht 

Foo
t 

Rig
ht 

Spine 
Should

er 

HandTip 
Left 

ThumbL
eft 

HandT
ip 

Right 

Thum
b 

Right 

Straig
ht arm 
up left 

0 0 0 0 0 0 0 0 26.04 22.24 0 0 

Straig
ht arm 

up 
right 

0 0 0 0 0 0 0 0 0 0 26.88 21.48 

Straig
ht leg 
left 

15.24 38.16 46.4 0 0 0 0 0 0 0 0 0 

Straig
ht leg 
right 

0 0 0 0.4 14.24 40.28 
45.
08 

0 0 0 0 0 

 

Combining with Fig. 2 the schematic diagram of the Kinect recognizing the joint points of the human 
body, it can be seen that the key action recognition method based on motion characteristics can 
accurately identify the key action nodes. We use the traditional DTW algorithm and the algorithm in 
this paper to calculate the action similarity on the 8training data of left arm raising and left leg raising. 
The results are shown in Table 2 below. 

 

Table 2 Similarity evaluation of two DTW algorithms for different action sequences (%) 

 
Training action group 

Evaluation 
Left arm up Left leg lift 

Traditional 
method 

Method of this 
article 

Traditional 
method 

Method of this 
article 

Training motion is still 91.25 57.96 97.39 78.14 
Training is too slow 94.23 73.48 97.27 90.72 
Training moves are 

consistent 
97.45 92.07 98.51 92.55 

Training moves too fast 94.63 78.09 97.59 91.00 
Physical error in training 

movement-1 
88.93 60.45 94.15 78.32 

Physical error in training 
movement-2 

86.31 58.54 96.20 87.62 

Inconsistent training 87.62 66.23 90.99 87.62 
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We take the 8 types of training data on the left arm as an example, and draw the training data diagram 
as follows. 

 

 
Fig. 6 The result of similarity between the traditional method of left arm raising training data and 

this method 

 

It can be seen from the similarity comparison results of the traditional DTW method and the method 
in this article in the training data of the left arm raised in the above Fig. 6 that the similarity evaluation 
results of the two methods have a certain distinction between the training data of the eight scenarios. 
However, the traditional method still gives a similarity evaluation of action similarity>85% when the 
training action is static, the training action is wrong, the training action is inconsistent. Moreover, the 
similarity evaluation data cannot distinguish the scenes of "movement training static", "movement 
training too slow", "movement training consistent", and "movement training consistent". We record 
the similarity evaluation results of the action sequence of each joint of the training action in these 
three scenarios as shown in Table 3: 

It can be seen from the above table that in the four scenarios of "movement training static", 
"movement training too slow", "movement training consistent", and "movement training consistent", 
the non-key movement nodes in the training movement basically remain still , This state is consistent 
with the state of the corresponding node in the template data, so when the DTW similarity metric is 
used, the similarity of these joint points will be close to 100%, which leads to the similarity calculated 
by the traditional DTW method in these rehabilitation scenarios The degree result is higher than the 
DTW similarity evaluation method based on the adaptive weights proposed in this paper. In addition, 
it can be seen from the above Table 1 that the similarity evaluation results in the eight scenarios are 
very representative. It can accurately distinguish whether joints are involved in training, and evaluate 
the similarity of their training, and the evaluation results More traditional methods and subjective 
feelings are closer. 
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Table 3 Action similarity of rehabilitation training in four scenarios 

Trainin
g 

action 

SpineB
ase 

Spine
Mid 

Neck Head 
Shoulder

Left 
ElbowL

eft 
WristLe

ft 
HandL

eft 
ShoulderRi

ght 
ElbowRi

ght 
Wrist 
Right 

Hand 
Right 

Hip 
Left 

Motion 
is still 

0.9963 0.9958 
0.993

1 
0.991

4 
0.9292 0.7138 0.5993 0.5661 0.9951 0.9936 0.9922 

0.993
5 

0.99
68 

Too 
slow 

0.9947 0.9946 
0.994

6 
0.993

0 
0.9376 0.7895 0.7371 0.7319 0.9919 0.9962 0.9953 

0.996
7 

0.99
54 

Consis
tent 

action 
0.9778 0.9842 

0.988
1 

0.985
1 

0.9805 0.9188 0.9219 0.9182 0.9754 0.9912 0.9872 
0.991

0 
0.97
31 

Move 
too fast 

0.9824 0.9880 
0.989

8 
0.988

2 
0.9470 0.8200 0.7909 0.7802 0.9853 0.9838 0.9842 

0.985
2 

0.98
33 

Trainin
g 

action 

KneeL
eft 

AnkleLe
ft 

Foot 
Left 

Hip 
Right 

Knee 
Right 

AnkleRi
ght 

Foot 
Right 

Spine 
Shoulder 

HandTip 
Left 

ThumbL
eft 

HandT
ip 

Right 

Thum
b 

Right 

Motion 
is still 

0.9952 0.9962 0.9965 0.9960 0.9966 0.9983 0.9965 0.9941 0.5294 0.5677 0.9954 0.9947 

Too 
slow 

0.9982 0.9990 0.9991 0.9936 0.9973 0.9968 0.9989 0.9945 0.7034 0.7429 0.9901 0.9965 

Consis
tent 

action 
0.9910 0.9985 0.9984 0.9821 0.9938 0.9988 0.9986 0.9887 0.9218 0.9200 0.9880 0.9910 

Move 
too fast 

0.9899 0.9960 0.9970 0.9817 0.9914 0.9975 0.9983 0.9904 0.7526 0.7844 0.9828 0.9875 

 

5. Conclusion 

This paper proposes an adaptive weight-based DTW similarity evaluation algorithm for rehabilitation 
training scenarios. The algorithm starts from the motion characteristics and distinguishes the joints 
that move more vigorously from those that are almost stationary. The intensity of joint movement in 
the sequence is used to identify key actions and assign joint weights. The weights of joint actions are 
combined with the DTW algorithm to identify the similarity between the training action sequence 
and the template action sequence. The experimental results show that the method proposed in this 
article is more scientific and effective than the traditional evaluation method, and the calculated 
similarity evaluation result is more targeted, and it has more guiding value for rehabilitation 
physiotherapists, for the subsequent rehabilitation training and lay a good foundation for evaluation. 
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