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Abstract. In recent years, relevant policies of rehabilitation medical care have been
released successively, and the development of the medical industry and the construction
of rehabilitation medical service system have been vigorously promoted from the macro
policy level. However, there is still a large shortage of rehabilitation therapists at this
stage, and there is obviously a shortage of supply in the rehabilitation medical industry.
This research focuses on the current social problem of insufficient professional guidance
in the rehabilitation medical industry, mainly for the lack of professional guidance in
home rehabilitation training, using computer vision recognition technology, with the help
of home computer equipment, to develop a set of suitable for community rehabilitation
services and home rehabilitation training, operation easy recovery system. At the same
time, the system design achieves the three goals of ”low cost, high efficiency, and easy
operation”. While solving the social problems of difficult home rehabilitation training, it
also reduces the treatment cost and space constraints of rehabilitation patients, so that
home rehabilitation patients can receive professional and accurate rehabilitation training
guidance at any time.
Keywords: healthcare; computer vision; physical rehabilitation; open pose; home re-
habilitation.

1. Introduction. Due to the increase in the elderly population, the number of patients
with chronic diseases is gradually increasing. According to incomplete statistics, there
are 260 million chronic disease patients, and the elderly are a high-risk group of chronic
diseases. The incidence rate of the elderly over 65 years old is 64.5%, of which the
urban incidence rate is 85.2%, and the rural incidence rate is 52.4%. Chronic diseases are
protracted and have a high rate of death and disability, seriously affecting the health of
the elderly. In addition to chronic diseases, many older adults face serious challenges with
impaired physical functions such as muscle strength, balance, and mobility due to organ
damage or decline in physical function [1, 2]. All these negative changes make it difficult
for the elderly to maintain independence in daily life, which further leads to their anxiety,
low self-esteem and reduced quality of life.

Traditional treatment often involves physical therapy and rehabilitation programs for
older adults, which are critical to the recovery of older adults. Relevant studies have
shown that participating in physical therapy and rehabilitation programs is an effective
way for the elderly to recover. Appropriate physical therapy and physical rehabilitation
exercises can improve the physical activity level and daily life exercise ability of the elderly
[3, 4], thereby improving their quality of life. However, the rehabilitation training of the
elderly usually requires multiple rehabilitation trainings in one day. If each rehabilitation
training is supervised by a doctor or relevant medical staff for the elderly, it is obviously
not feasible and economical. Even if family members are allowed time to supervise the
rehabilitation of the elderly, they cannot make professional judgments on the rehabilitation
content and movement norms [5, 6]. At the same time, since the outbreak of the novel
coronavirus in 2020, my country’s overall medical budget and medical staff gaps are very
large, and the healthcare system is facing tremendous pressure. In the current epidemic
stage, for non-emergency medical projects such as movement rehabilitation training for
the elderly, the general rehabilitation plan is to allow patients to carry out under the
direct supervision of clinicians. After a period of time, patients are asked to return to the
corresponding community hospital or their own residence. Get some prescribed exercise.
During this phase, patients are tasked with recording their daily rehabilitation exercises
and regularly visiting the hospital for functional assessments [7].

However, in practice, many patients have low adherence to exercise regimens during
home rehabilitation, hindering the healing process. Studies have shown that in home
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rehabilitation exercises, the non-adherence rate can reach 76% [5]. Failure to adhere to
rehabilitation results in significant healthcare burdens and risks, such as personal health
costs, unnecessary medical visits, prescription drug use, increased risk of complications,
and decreased quality of life [6]. In some cases, incorrect rehabilitation exercises can even
aggravate the injury in the recovering elderly. In addition, some foreign studies have
shown that the effect of unsupervised home exercise is not good for patients [8]. Because
patients receive little immediate feedback as they continue exercising at home. Even in
hospitals, doctors cannot continuously track each patient during their workouts. Because
doctors often alternate between several patients, or have other tasks, this situation can
lead to inadequate, inaccurate and often subjective feedback. Therefore, how to reduce the
difficulty of training auxiliary equipment, enable patients to effectively persist in training,
and provide patients with real-time and accurate estimation feedback has become a key
issue that needs to be solved urgently in home rehabilitation training for elderly patients
[9, 10].

In this study, a rehabilitation training estimation system based on ordinary cameras
is proposed to solve the problems of lagging feedback from doctors and complex use of
rehabilitation equipment in home rehabilitation training for elderly patients with chronic
diseases. Seniors can imitate their movements by following the standard movements in the
software. The attitude estimation algorithm will calculate the key points of the elderly
in real time, and display the training score in the software. Elderly patients can see
their own training movements in real time through the software, which is convenient for
immediate correction. After the elderly patient completes a series of actions, the system
will score each action of the elderly and give action guidance suggestions. The exercise
data of the elderly will be automatically stored in the computer, and doctors can check the
exercise of the elderly at any time and propose targeted improvement measures. Compared
with rehabilitation training robots and rehabilitation wearable devices on the market, the
rehabilitation training evaluation system based on computer vision is more suitable for
home rehabilitation training for the elderly with chronic diseases or limb injuries because
of its ”no need to wear and simple operation” [11,12].

1.1. Related Work. At present, various tools and devices for home physical rehabili-
tation have been developed both domestically and internationally, such as robot assisted
systems, wearable devices, and Kinect based games. The E2 Robot developed by the Uni-
versity of Valladolid in Spain. The principle is based on the X and Y axes of Cartesians
and adopts a cross axis structure. Robots have two rehabilitation modes: passive guid-
ance and active assistance, both of which are based on graphical environments and utilize
different game therapies. Similar commercialized rehabilitation robots are also emerging
in China.

There are also centrally driven rehabilitation robots with seats developed domestically.
Power is transmitted to the shoulder and elbow joints through synchronous belts and
bevel gear transmission mechanisms. The robotic arm can perform active and passive
rehabilitation training, and can also be trained according to the set trajectory. Robotics
technology provides some interesting advantages, such as the ability to automate and
personalize treatments to reduce fatigue caused by repetitive and monotonous exercises,
or the ability to integrate sensors for quantitative estimation of recovery. Robot assisted
systems typically have force feedback systems that can effectively assist patient movement,
but due to their mechanical limitations, the degree of freedom of movement is often limited
and can only mimic limited human movements. Moreover, the price of robot assisted
systems, which often cost tens of thousands of yuan, is too expensive and currently only
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suitable for use in large hospitals. It is not very suitable for individuals to use as home
rehabilitation training systems.

1.2. Motivation and contribution. In order to solve and estimate based on vision,
the main research contents of this research are as follows: The purpose of this subject
research is to use computer vision equipment and deep learning algorithms to construct a
family rehabilitation training evaluation system, and apply it to the evaluation of family
rehabilitation training for chronic diseases, impaired physical functions and other diseases
of the elderly. The research uses algorithms such as pose estimation, data filtering, feature
extraction, and machine learning to achieve objective and accurate estimation of motor
function and predict scoring. Compared with the traditional home rehabilitation training
system, the computer vision-based method greatly improves the ease of use of training
equipment, reduces the cost of home rehabilitation training, and provides accurate and
real-time evaluation feedback of movement rehabilitation training for elderly patients.

The main innovations and contributions of this work include:
(1) Using Mobile Net V3, shared convolution and residual hole convolution structure

to improve and optimize the pose estimation network. Open Pose, realize real-time pose
estimation and action scoring at about 30 frames per second on the home sensors-based
computer platform.

(2) A special normalization algorithm is proposed, combined with sensors-based the
angle information of the elbow joint and knee joint, to solve the error problem of motion
information caused by differences in human body size or distance from the camera.

(3) The dynamic time warping algorithm is used to calculate the movement similarity
between the old man and the standard action, which solves the problem of inaccurate
action evaluation caused by the old man’s movement hysteresis.

2. Literature review.

2.1. Sensors. Sensor technology [1] is the frontier technology of modern science and
the important technical foundation of the new technology revolution and information
society. In modern life and scientific research, a large number of reliable and accurate
information provided by various types of sensors can not only replace the functions of
human’s five senses, but also detect the information that human’s five senses cannot feel,
so that human beings can better understand and transform the world. At present, sensor
technology is widely used in the fields of cutting-edge technology such as aviation and
aerospace, and in many aspects of human daily life such as industry and agriculture.
The application penetration rate of sensors in the industrial sector has been regarded
by the international community as an important indicator of a country’s intelligence,
digitalization and networking. Therefore, as a new subject closely related to modern
science, sensor technology is developing rapidly and is being used more and more widely
in many fields [13, 14].

Sensor refers to the general name of components or devices that have the function of
sensing (or responding) and detecting certain information of the measured object, and
convert it into corresponding output signals according to certain rules. The sensor is
generally considered to be composed of three parts: sensitive element, conversion element
and measuring circuit, and sometimes auxiliary power supply is required. The sensor
can contact the measured object directly or not. There are usually many technical re-
quirements for sensors, some of which are applicable to all types of sensors, and some
of which are only applicable to specific types of sensors. The basic requirements for the
working principle and structure of sensors in different occasions are: high sensitivity,
anti-interference stability, linearity, easy adjustment, high precision, high reliability, no
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hysteresis, long working life, repeatability, anti-aging, high response rate, resistance to
environmental impact, interchangeability, low cost, wide measurement range, small size,
light weight, high strength, wide working range [15-18].

2.2. Artificial Intelligence Internet of Things. Artificial Intelligence Internet of
Things integrates AI technology and IoT technology, generates and collects massive data
from different dimensions and stores them in the cloud and edge through the Internet of
Things [19-23], and then realizes the digitalization and intelligent connection of everything
through big data analysis and higher forms of artificial intelligence. The ultimate goal
of the integration of Internet of Things technology and artificial intelligence is to form
an intelligent ecosystem. In this system, the integration of different intelligent terminal
devices, different system platforms, and different application scenarios is achieved. In ad-
dition to the need for continuous innovation in technology, the research and development
of AIoT-related technical standards and test standards, the implementation of relevant
technologies and the promotion and scale application of typical cases are also important
issues that need to be broken through in the field of Internet of Things and AI at this
stage. With the maturity of the Internet of Things and artificial intelligence technology,
more and more enterprises have listed AIoT as their main development direction. Since
2017, the word ”AIoT” has appeared frequently and become a hot word in the Internet
of Things industry. ”AIoT”, namely ”AI+IoT”, refers to the integration of AI technology
and the Internet of Things in practical applications. More and more industrial applica-
tions combine AI with IoT. For example, manufacturers such as Xiaomi, Skyworth and
Hisense have launched their own AIoT TV in succession. The purpose is to use TV as
the main control center and realize the control of intelligent equipment such as air condi-
tioners, refrigerators and washing machines through full-scene intelligence [35, 36]. AIoT
has become the best channel for intelligent upgrading of major traditional industries, and
will also become the inevitable trend of the development of the Internet of Things. The
huge and complex data generated by the Internet of Things needs to be analyzed and
processed, and AI technology is the best choice for effective information processing [37-
41], which can make intelligent products better understand user intentions. Only IoT can
provide AI data continuously [24-28]. The massive data provided by IoT can enable AI to
acquire knowledge quickly. The integration with AI technology can bring broader market
prospects for the Internet of Things, thus changing the existing industrial ecology and
economic pattern, and even allowing us to enter the life scene like science fiction movies
in advance [24-27].

2.3. Smart Education. Education has evolved into a lifelong process that extends far
beyond classrooms and whiteboards. Learners can easily connect to digital libraries, take
online classes, and submit homework and assignments electronically from virtually any
kind of mobile device. That’s why many education institutes provide mobile services
that allow students to attend class whenever and wherever they like. Smart education is
not only a complex construction process of comprehensively and deeply applying modern
information technology to promote education reform and development in the field of ed-
ucation, such as education management, education and teaching, education and scientific
research, but also a basic feature of digitalization, grid [29], intelligence and multimedia.
At the same time, smart education will continue to introduce the Internet of Things tech-
nology, cloud computing, wireless communication and other new generation of information
technology to create an interconnected, intelligent, perceptive, modern and personalized
new education form and mode. Smart education is not only limited to the information of
education, but also needs the perspective of technological innovation to apply emerging
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technologies to school management, education and teaching, and other aspects of real ed-
ucation equity, improve education quality and teaching effect, and create a new ecological
model of smart education [30-33].

2.4. Physical rehabilitation. At present, a variety of tools and equipment for home
physical rehabilitation have been developed at home and abroad, such as robot assistance
systems, wearable devices, and games based on Kinect [12]. The E2 Robot developed
by the University of Valladolid in Spain. Its principle is based on Cartesian X and Y
axes, adopting cross axis structure. The robot has two rehabilitation modes, ”passive
guidance” and ”active assistance”, both of which are based on a graphical environment
utilizing different play therapies. Domestic similar commercialized rehabilitation robots
are also emerging in an endless stream [34].

The power is transmitted to the shoulder and elbow joints through the synchronous belt
and bevel gear transmission mechanism. The robotic arm can perform active and passive
rehabilitation training, and can also perform training according to the set trajectory [9].
Robotics offers some interesting advantages, such as the possibility of automating and
personalizing therapy, which reduces fatigue from repetitive and monotonous exercises, or
the integration of sensors for quantitative estimates of recovery. Robot-assisted systems
usually have a force feedback system that can well assist patients in their movements.
However, due to their mechanical structure limitations, the degree of freedom of movement
is often limited to a certain extent, and can only imitate limited human movements.
Moreover, the price of robot-assisted system, which costs tens of thousands of yuan, is
too expensive. Currently, it is only suitable for use in large hospitals, not suitable for
individuals to use as a home rehabilitation training system [34-36]. Based on the Kinect
application, the developed intelligent motion analysis and training system is shown in
Figure 1.

Figure 1. Kinect-based rehabilitation system

The system collects the patient’s motion information through the Kinect camera, and
displays the patient’s motion on the screen as a mirror image, which is convenient for the
patient to find errors in the motion and correct the motion in real time. Using Kinect
for rehabilitation treatment, patients do not need to wear any sensors, and their motion
information is obtained through the Kinect device, which greatly reduces the complexity of
rehabilitation training for the elderly. Kinect provides a ready-made motion information
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capture algorithm, which facilitates the development of rehabilitation training estimation
algorithms. However, the Kinect device itself is expensive, and most families need to
purchase additional installations, and Microsoft has announced the discontinuation of
Kinect earlier, so the rehabilitation application based on this device will be difficult to
continue.

3. Research method. This research aims to use computer vision equipment and atti-
tude estimation algorithms to construct a family rehabilitation training estimation sys-
tem, and apply it to the research on family rehabilitation training estimation of the elderly
with chronic diseases, limb dysfunction and other diseases. Through the research on algo-
rithms such as pose estimation, data filtering, feature extraction, and machine learning,
the objective and accurate evaluation of motor function can be realized, and the score
can be predicted. Compared with traditional home rehabilitation training systems, the
computer vision-based method greatly improves the availability of training equipment,
reduces the cost of home rehabilitation training, and provides patients with accurate and
instant feedback on action estimation.

3.1. Improvement of attitude estimation algorithm. Attitude estimation, referred
to as HPE (Human, Pose, Estimation), its purpose is to obtain the posture of the human
body from a given sensor input. Traditional attitude estimation is generally divided into
two categories, one is to directly solve the attitude estimation problem into a classifi-
cation or regression problem through global features [10]. The other category is graph-
based models of structures and deformable components. This system uses a bottom-up
multi-stage plane pose estimation algorithm Open Pose. The specific convolutional layer
structure of the Open Pose network as Figure 2, after the image is passed through VGG-
19, a set of feature maps F are generated and input to the initial stage. The initial stage
consists of two branches, Branch 1 partly predicts the confidence map representing the
location of body key points, and Branch 2 (Branch2) partly predicts the part affinity do-
main representing the degree of association between body key points. The enhancement
stage also consists of two branches, but in order to maintain a large receptive field, three
7Ö7 planar convolutions are used. The reinforcement phase can be repeated multiple
times to improve model accuracy.

Figure 2. Open Pose network convolutional layer structure
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The Open Pose convolutional neural network can predict the X and Y coordinate in-
formation of 25 key points such as human eyes, ears, nose, shoulders, elbows, hip joints,
knee joints, and tread joints. The specific posture model is shown in FIGURE 3.

Figure 3. 25-point attitude model

However, after the image passes through the VGG-19 convolutional network, a set of
features F is generated and input to the initialization stage. From the initialization phase,
the two branches of the network will generate a set of confidence maps S1 and a set of
partial affinity domains L1, respectively. After this strengthening phase, each repetition
will produce a set of ST and a set of LT . Formula (1) and (2) are as follows:

Lt = ϕt(F,Lt−1),∀2 ≤ t ≤ TP (1)

St = ρt(F,Lt, St−1),∀TP ≤ t ≤ TP + TC (2)

where ϕ and ρ denote consecutive convolution operations for predicting partial affinity
domains and confidence maps, respectively. TP represents the maximum number of repeti-
tions of the branch of the partial affinity domain, and TC represents the maximum number
of repetitions of the branch of the confidence map. To improve the accuracy of the model,
the system adds intermediate supervision in each successive t stage, tϕtρTPTC ∈ {1 . . . T}.
The loss function uses L2 loss, as in Formula (3) and (4):∫ t

L

=
C∑
c=1

∑
P

W (P ) ·
∥∥Lt

C(P )− L∗
C(P )

∥∥2
(3)

∫ t

S

=
J∑

j=1

∑
P

W (P ) ·
∥∥St

j(P )− S∗
j (P )

∥∥2
(4)

where ti refers to the i-th stage of the predicted partial affinity domain, and tk refers
to the k-th stage of the predicted confidence map. L∗

C(P ) is the true value of the partial
affinity domain at pixel P , and similarly, S∗

j (P ) is the true value of the confidence map

at pixel P . WC
L (P )St

j(P ) W (P ) is a binary mask at pixel P , if pixel P is not marked,
then W (P ) = 0, otherwise W (P ) = 1. The total loss function is the addition of the loss
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of the partial affinity domain and the loss of the confidence map, with the same weight.
Formula (5) is as follows:

Loss =

TP∑
t=1

f t
L +

TP+TC∑
t=TP+1

f t
S (5)

The confidence map represents the probability that a joint point of the body is located at
each pixel in the image. The Open Pose network can predict 25 joint points of the human
body, so the output of the model should have 18 confidence maps. The probability values
in each confidence map are distributed in the form of a two-dimensional Gaussian function.
In theory, the closer the pixel is to the real joint point, the greater the corresponding
probability value in the confidence map, and vice versa. Typically, if there is only one
person in the image, and every joint point of the person is visible in the image, there is
only one distribution of Gaussian functions in each confidence map. If there are many
people in the image, and there are K identical joint points visible, then there are K peak
values of Gaussian functions in the confidence map corresponding to the joint point. The
calculation Formula (6) for the value of each element in the real confidence map is as
follows:

S∗
j,k(P ) = exp

(
−∥P − xj,k∥2

2σ2

)
(6)

where k means that there are k people in the picture, and j means the visible joints of
a certain person. Represents the specific pixel position of the visible joint points of the
k-th person, because the input of the image is two-dimensional, so the same for pixels.
It can be seen that the confidence map is a two-dimensional Gaussian function, which
controls the width of the peak. The accuracy of the plane human pose model established
by the open pose convolutional neural network is about 60%.

However, due to its huge network and data volume, the reasoning speed on the home
computer platform is slow, and the video frame rate is only about 13 FPS, which cannot
Normal use in home rehabilitation. For dynamic interactive rehabilitation training, the
video stream needs to be at least 24 FPS or higher, so that the human eye will not feel
obvious lag. Moreover, if the number of frames of the video stream is higher, more key
information will be extracted, which is conducive to real-time feedback and action scoring
for rehabilitation training. To this end, the research group improved and optimized Open
Pose: changed the Back Bone of Open Pose to Mobile Net V3, a mobile network with
faster inference speed and higher accuracy; the initial stage and the strengthening stage
refer to the lightweight model proposed by Intel Corporation The optimization method
used in Open Pose [11]. In the initial stage, all layers except the last two layers are shared,
which greatly reduces the number of parameters of the model. The specific method is
shown in Figure 4; in the strengthening stage, each convolution block with the same
receptive field is replaced by a convolution with a kernel size of 7Ö7 to capture long-range
spatial correlations, three consecutive 1Ö1, 3Ö3 and 3Ö3 convolutions, with a dilation
parameter equal to 2 in the last layer to preserve the initial perception.

It should be noted that after replacing the Back Bone part of Open Pose with Mobile
Net V3, in order to achieve the matching of feature map size and channel, it is necessary
to adjust the convolution step of some layers in Mobile Net V3, and delete the average
value and The following fully connected layer uses 1Ö1 convolution to change the number
of channels of its output. The network structure of Mobile Net V3 is shown in Figure
5. Mobile Net V3 inherits the depth wise separable convolution and the inverted residual
structure with a linear bottleneck, redesigns the time-consuming layer, introduces the
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Figure 4. Open Pose improvement structure diagram

lightweight attention model “SENet” and adds channel fitting capabilities. In addition,
it also uses the h-swish (see Formula (1)) activation function to improve the speed of the
model. Thanks to the above techniques, Mobile Net V3 achieved an accuracy of 75.2%
on the image classification dataset ImageNet.

Figure 5. Mobile Net V3 network structure diagram

3.2. Research on Scoring Algorithm for Action Rehabilitation Training. The
action evaluation algorithm mainly includes three main parts: human pose estimation,
data filtering, and feature extraction. The specific algorithm flow is shown in Figure 6.
After the information of the video stream is filtered by the pose estimation algorithm
and data, the key point information of the human skeleton is obtained. After preliminary
feature extraction, some useless key point information is deleted, and the angle informa-
tion of the elbow joint and knee joint is calculated as a shallow feature. Further, deep
feature extraction is performed to extract the dynamic time-warped similarity between
the motion data sequence and the standard action sequence, as well as the AMP, MEAN,
RMS, and JERK features of the key points to describe the amplitude, direction, dynamic
energy, and smoothness of the motion and randomness. Finally, according to all the ex-
tracted features, the mapping model with clinical rehabilitation estimation is established
through the support vector SVM algorithm.
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Figure 6. Action evaluation algorithm flowchart

3.2.1. Data filtering. The improved attitude estimation model has greatly improved the
recognition speed, but its average accuracy has dropped from 60% to about 39%, so there
is a certain noise signal in the detected key point information. In addition, when the user
bends down, some joint points of the body may be blocked. At this time, the position
of the joint points in Open Pose is represented by (-1, -1), which will cause jitter or
deformity mutations in the bone joint point data. In order to reduce the impact of noise
signal and joint point occlusion on the final estimation, the system performs limit filtering
and median filtering on the bone joint point data.

The principle of clipping filtering is to compare the sampling values of two consecutive
adjacent moments, and if the deviation of the two sampling values exceeds the threshold,
the latter sampling value is considered to be abnormal. The threshold is usually an
empirical value, which can be adjusted according to the actual experimental effect. There
are many ways to deal with outliers, and there are two commonly used ones: the first is
that the system considers the next sampling to be an outlier, delete it directly, and replace
it with the sampling value at the previous moment. This method is simple and efficient;
the second is the average value of the two sampling values is used to replace the second
sampling value, and this method retains the sampling information as much as possible. In
this system, the loss of joint points will directly cause the detected position to become (-1,
-1), which is usually far from the sampled value at the previous moment. If the second
method is used, the data will still be large fluctuation anomalies. Therefore, this system
adopts the first method, which is directly replaced by the data at the previous moment,
until the normal data is collected next time. The clipping filter method can simply and
efficiently remove the influence caused by the sudden change in the position of a joint
point when a certain joint point is suddenly occluded.

Median filtering has a good filtering effect on noise. Moreover, it can also protect the
edge information of the signal and prevent the signal from being blurred when filtering
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out the noise. This is an excellent characteristic that the linear filtering method does not
have, and this characteristic is also very suitable for the data processing of this system.
In addition, the implementation of the median filter algorithm is simple, and when the
window size is selected properly, the calculation speed is fast, which is conducive to the
real-time data processing of the system. It is verified by experiments that the threshold
of the clipping filter is set to 30, and the window size of the median filter is set to 5, and
the effect is the best.

Figure 7. A picture of the experimenter’s actions

Figure 7 takes the experimenter’s action 1 as an example, Figure 8 showing the com-
parison before and after filtering of the real-time transformation curve with the key point
being the X and Y coordinates of the left wrist. It can be seen that the filtering algorithm
only deletes all abnormal points in the data, and does less smoothing on the data. The
data does not lag or distort due to filtering, and the authenticity of the data is preserved
to the greatest extent.

Figure 8. Comparison of data filtering algorithm before and after
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3.2.2. Preliminary feature extraction. After data filtering, if the coordinate sequence of
25 key points of the human skeleton captured by the pose estimation model is directly
used for motion similarity estimation, the estimation method is unscientific, and the final
estimation result is also unreliable. Because an important problem in action scoring is
that there are great differences in the appearance of the human body, such as height, fat
and thin. Different people perform the same action. The point locations vary greatly.

Figure 9. The second picture of the experimenter’s actions

For example, as Figure 9, when the experimenter raises his hand in action 2, when
people of different heights raise their hand to the top of their head, the coordinates of the
key points of the hand must be different. And even if the same person is at a different
distance from the camera, the collected location information will be different. In order to
solve this problem, the key points of the shoulder, elbow, wrist, waist, knee, and ankle
joints are calculated by the Formula (7) to calculate the real-time transformation curves
of the angles of the left and right elbow joints and left and right knee joints respectively.

angle =
180

π
arccos

(
A2 +B2 − C2

2AB

)
(7)

For the upper limbs, A represents the distance from the shoulder to the elbow, B
represents the distance from the wrist to the elbow, C represents the distance from the
shoulder to the wrist, and the result angle represents the angle of the elbow joint. The
distance can be calculated using the Formula (7) for the distance between two points. In
the same way, the knee joint angle can be calculated by replacing the lower limbs with
the corresponding key points.

In addition, the research team found in actual tests that the system often cannot accu-
rately detect the position information of human eyes and ears due to different background
light or people’s hairstyles and decorations, such as strong light, wearing masks or hats.
Therefore, the system deletes the coordinate information of the left eye, right eye, left
ear, and right ear, and only retains the information of the nose to represent the position
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information of the head. The movement trends of these key points are almost identical,
and the deletion will not affect the system’s description of human movement information,
and can also reduce the number of parameters and improve the operating speed of the
system.

3.2.3. Special Normalization Algorithm. The change curves of the human elbow and knee
joint angles will not be different due to the appearance of the human body and the distance
from the camera, so it is very suitable as an effective feature for motion scoring. However,
only the angle information is not enough. For example, if the experimenter raises his
hand, if his arm is straightened but not placed on the top of the head, but only placed
on the side of the body, the angle of the elbow joint is also 180◦, but the movement is
not standard. At this time, the position of the key points of the hand is still used for
judgment, which shows that the position information of the key points is not completely
useless. In order to fully show the trajectory of the human body without being affected
by the size of the human body, the article proposes a special normalization algorithm.

xnew
1,t =

x1,t − x2,t

∥P1 − P2∥
(8)

Take the upper limb as an example, where f represents the initial position of the wrist, g
represents the initial position of the shoulder, which means the length of the human arm, A
represents the X-axis position of the wrist at time t, andX2t represents the X-axis position
of the shoulder at time t. In the same way, the Y-axis coordinate information is also
normalized. After normalization processing, it is equivalent to establishing a coordinate
system with the shoulder as the center, the position of the wrist as the coordinate value,
and the coordinate range is limited to the (−1,+1) interval.
Similarly, for the key points of foot stepping, the hip joint can be used as P2 for

normalization to represent the trajectory of the ankle. For the nose key, you can use the
neck as P2 to represent the lift or rotation of the head. Note that the angle curves are
not normalized, since there are no body size differences in the angle information. The
normalized curve can well represent the movement trajectory of the wrist, ankle, and
head of the joint points, and no longer contains specific position information, and the
error caused by the difference in human body shape is removed.

3.2.4. Dynamic Time Warping Similarity. Due to the decline of motor function, the el-
derly usually cannot follow the standard video movement quickly, so there is always a
problem of lag. But the lag of the movement does not mean that the old man’s movement
must not meet the standard. In this case, traditional methods such as Euclidean distance
cannot be used to calculate the similarity between the old man’s action and the standard
action. Instead, the dynamic time warping algorithm (Dynamic Time Warping, referred
to as DTW) should be used to calculate the similarity between the elderly’s movement
and the standard action. This algorithm can make up for the hysteresis between the el-
derly’s standard actions. Because DTW can output the best alignment value between two
curves, which is the minimum matching cost or cumulative distance. The closer the two-
time series are, the better the matching performance and the smaller the DTW output
value.

The specific calculation process of the dynamic time warping algorithm is as follows:
Assume that the change sequence of the wrist coordinates in the standard action is S =
(S1, S2, S3...Sn), and the change sequence of the wrist coordinates in the elderly training
action is T = (t1, t2, t3...tm), where s and t both represent the 2D coordinate information
of the wrist at a certain moment. In order to compare the similarity between sequences S
and T , DTW needs to first construct a cost matrix Cp(S, T ) with n rows and m columns,
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whose definition is shown in Formula (9). Here it represents the distance between the
sequence S at the i-th moment and the sequence T at the j-th moment. There may be
multiple distortion paths P in the cost matrix.

Cp(S, T ) =
s∑

k=1

C(Sik, tjk) (9)

The goal of DTW is to find the distorted path with the smallest cumulative distance
from all paths. The specific method is given by the recurrence equation Formula (10):

D(i, j) = min{D(i− 1, j − 1), D(i− 1, j), D(i, j − 1)}+ C(Si, tj) (10)

where 1 < i < n, 1 < j < m. D(i, j) represents the matching cost between the standard
action sequence S and the elderly motion data sequence T from time (1, 1) to time (i, j).

In addition to the action similarity, more features are needed to describe the user’s
action, such as the degree of completion, smoothness, randomness and other aspects of
the action for feature extraction. The extracted features and their corresponding physical
meanings are listed in Table 1.

Table 1. Extracted features and their physical meaning

No. Features Definition Physical meaning
1 DTW D(S, T ) Describe action similarity
2 AMP AMP = max(x)−min(x) Describe the amplitude of motion
3 MEAN MEAN = 1

N

∑n
i=1 xi Describe the direction of movement

4 RMS RMS =
√

1
N

∑N
i=1 x

2
i Dynamic energy describing motion

5 JERK JERK =
√

1
N−1

∑n
i=2(xi − xi−1)2 Describe the smoothness of motion

3.2.5. Key point angle calculation. According to the description of rehabilitation train-
ing in the ”Guidelines for Postoperative Rehabilitation in Orthopedics”, patients must
achieve the recommended range of physical activity within the specified rehabilitation
cycle. Among them, the angle of limb movement is a very important indicator in re-
habilitation training. Taking ankle joint and foot rehabilitation exercises after internal
fixation of foot, ankle, and calf fractures as an example, according to the requirements of
the rehabilitation data: ”Patients’ muscles in the affected limbs are completely relaxed,
and they can control the progress of rehabilitation by themselves according to the degree
of pain, the ankle joint reaches 120◦ dorsiflexion”, the specific rehabilitation guidance
requirements are shown in Table 2:

Table 2. Rehabilitation guidelines after ankle joint surgery

Stage Initiative Passive Effect

Early stage
(within 1 week)

Use the trunk, pelvis and the opposite
limb to do the downward active

movement, and perform the passive exercise
of the foot and ankle joints of the affected limb

The whole affected limb is in a relaxed state,
and the passive extension exercise of the ankle
joint of the group can be achieved by using

the role of the skeleton

For patients who delay the recovery time,
take a standing position,

pad their front feet high, use their weight,
and perform passive back

extension exercise of the ankle joint

Medium term
(2-6 weeks)

The trunk, pelvis and lower
limbs can be actively exercised

For patients with low pain area,
foot pedal method is also required

for passive exercise

The function of ankle
joint returns to normal

Later stage
(after 6 weeks)

ditto

For patients who delay the recovery time,
take a standing position,

pad their front feet high, use their weight,
and perform passive back extension

exercise of the ankle joint

The function of ankle joint
can basically return to
the functional position
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Take the patient’s ankle joint rehabilitation action in the Figure 10 as an example. To
calculate the joint angles of key points, the law of cosines can be used. Included angles
are represented by uppercase A, B, C, and side lengths are represented by lowercase a, b,
c:

Figure 10. Ankle joint angle

The mathematical formula for the law of cosines is as follows: Therefore, it can be
concluded that the calculation Formula (11)(12)(13) of each angle is:

a2 = b2 + c2 − 2bc · cosA (11)

b2 = a2 + c2 − 2ac · cosB (12)

c2 = a2 + b2 − 2ab · cosC (13)

Function Cos Angle (a, b, c: double)
var a, b, c: double
var p0, p1, p2: double

Begin
a = (p1[0] - p0[0]) ** 2 + (p1[1] - p0[1]) ** 2
b = (p1[0] - p2[0]) ** 2 + (p1[1] - p2[1]) ** 2
c = (p2[0] - p0[0]) ** 2 + (p2[1] - p0[1]) ** 2
If <a * b == 0>

Then returns -1.0;
Return (((a + b - c) / square(4 * a * b)) * 180 / 3.1415)

End

According to the calculation results of the program, the angle of the patient’s joint can
be obtained.

4. Results and Analysis. The Open Pose model has two computing versions, CPU and
GPU. The CPU version was successfully compiled and run in the virtual machine through
the downloaded Caffe model. However, in subsequent testing, it was found that the system
had a high load on the CPU, so this option was discarded. The development version of
the CPU computation is still reserved in the system options, providing a solution for some
home computers with better performance.

Compilation of the GPU version requires the support of CUDA and cuDNN and de-
pends on the computing power of the graphics card. During the compilation process, the
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default settings of Open Pose cannot automatically recognize the computing power of the
corresponding machine, which may result in mismatched computing power after compila-
tion and prevent the program from running. When setting up the system, the computing
power needs to be explicitly set to match the current machine for stable performance.

4.1. Bow Squat. The angle between the torso and the ground: for a healthy person,
this angle should be 90◦ ± 10◦, with a result error within ±2◦. Although the general
trend is visible, it is difficult to select a single peak as a basis for judgment due to large
fluctuations. It is more suitable to use the overall trend as a reference for assessment.
The red color in Figure 11 indicates the trend of the curve, which closely resembles the
condition of the subjects in the recorded video.

Figure 11. Bow squat - the angle between the torso and the ground Detection
results

4.2. Full Squat. Knee angle: The lower the minimum knee angle value, the better. For
a healthy person, the knee angle should be approximately 20◦ ∼ 35◦. From Figure 12, it
can be observed that the detection stability of the foot is higher than that of the torso.
Side-view video footage is used for detection in this assessment. The knee angle value
does not fluctuate excessively, and the error margin between the measured result and the
actual value is within ±2◦, allowing the results to be directly referenced with confidence.
The angle between the arm and the calf bone as Figure 13: take the minimum value,

the smaller the angle, the worse the condition, the running result is consistent with the
result, the healthy range should be greater than -20o, the error is ±3o.

4.3. Knee Spacing. Figure 14: Rehabilitation guidelines after ankle joint surgery use
the value curve to deviate from the initial value and reach the maximum value. The
maximum value and curve are consistent with the observations. When standing up and
squatting, healthy individuals should keep their knees and shoulders at the same width,
with the ratio of knee width to shoulder width between 0.7 ∼ 1.3. The curve should be
as smooth as possible. In the figure below, fluctuations can be observed within the red
circle, and the comparison video confirms that these fluctuations were due to vibrations
caused by insufficient knee stability during the test.
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Figure 12. Full squat-knee angle detection results

Figure 13. Full squat - the angle between the arm and the calf bone Detection
results

4.4. Touch the back with hands from bottom to top. Back touch position as
Figure 15. Rehabilitation guidelines after ankle joint surgery: Take the maximum value,
the larger the value, the higher the back touch point and the better the range of motion
of the joint. The result is consistent with the observed value.
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Figure 14. Full squat-knee distance detection results

Figure 15. Touch the back of the hand from bottom to top - back touching
position Detection results

5. Discussion and application social benefits. With the rapid development of soci-
ety, population aging is rapidly becoming a global phenomenon, the incidence of chronic
diseases is increasing, and more and more elderly people are facing serious challenges of
impaired physical functions such as muscle strength, balance and mobility. According to
incomplete statistics, there are 260 million chronic disease patients in my country, and
the elderly are a group with a high incidence of chronic diseases. At present, the rehabil-
itation programs for the elderly in the health care systems of various countries are still
in the initial stage. Routine rehabilitation is carried out under the direct supervision of
hospital doctors. After discharge, they return to the community or family for further
rehabilitation exercises to maintain and strengthen the effect of rehabilitation. However,
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many elderly people have low adherence to the exercise program during home rehabilita-
tion, which leads to prolonged treatment time and poor rehabilitation effect. Therefore,
how to carry out effective exercise rehabilitation exercises in the home environment has
become an urgent problem and research hotspot in home rehabilitation. The most diffi-
cult thing is how to use home rehabilitation equipment and how to accurately evaluate
rehabilitation training.

This project proposes a computer vision-based family rehabilitation training evaluation
method, and provides a system implementation. Using ordinary cameras to collect video
stream information of patients’ rehabilitation training, patients do not need to wear any
equipment, which greatly reduces the complexity of traditional rehabilitation training
equipment. The research results of this project have broad application prospects. It is
planned to be promoted in the field of public medical care and community health care.
It can effectively reduce the workload of physiotherapy rehabilitation medical staff and
improve the persistence and effectiveness of family rehabilitation for the elderly.

6. Conclusion. Aiming at the difficulties and social problems of rehabilitation patients
in home rehabilitation training, this paper proposes a home rehabilitation motion detec-
tion system based on the Open Pose open-source algorithm. Rehabilitation patients do not
need to wear any equipment, and use home computers and ordinary camera equipment to
systematically analyze and process video information of patients’ rehabilitation training
to obtain effective detection and guidance for rehabilitation actions. The system can solve
difficult problems such as body recognition, motion detection and motion scoring at low
cost and high efficiency. While solving the social problems of home-based rehabilitation
training, it reduces the treatment cost and space constraints of rehabilitation patients, ef-
fectively reduces the workload of physiotherapy rehabilitation medical staff, and improves
the persistence and effectiveness of home rehabilitation for the elderly. Allow home re-
habilitators to receive professional and accurate rehabilitation training guidance at any
time. The research results of this paper have broad application prospects are planned to
be promoted in the field of public medical care and community healthcare.
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