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Abstract. Telemedicine is a current trend in healthcare. The present study is 

part of the ePHoRt project, which is a web-based platform for the rehabilitation 

of patients after hip replacement surgery. To be economically suitable the sys-

tem is intended to be based on low-cost technologies, especially in terms of mo-

tion capture. This is the reason why the Kinect-based motion tracking is chosen. 

The paper focuses on the automatic assessment of the correctness of the exer-

cises performed by the user. A Dynamic Time Warping (DTW) approach is 

used to discriminate between correct and incorrect movements. The classifica-

tion of the movements through a Naïve Bayes classifier shows a very high per-

centage of accuracy (98.2%). Models are built for each individual and reeduca-

tion exercise with only few attributes and the same accuracy. Due to these 

promising results, the next step will consist of testing the algorithms on patients 

performing the exercises in real time. 

 

Keywords: Telerehabilitation, movement assessment, Dynamic Time Warping, 
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1 Introduction 

A current trend in medicine is home therapy systems. This concept consists of ena-

bling patients to carry out part of the rehabilitation at home and to communicate 

through the Web the evolution of the recovery process. Thus, health professionals can 

proceed with a remote monitoring of the patient’s performance and an adaptation of 

the treatment accordingly. In Ecuador, telerehabilitation systems are still little devel-
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oped. However, this technology could bring several advantages for the individual and 

the society in terms of healthcare (improvement of the recovery process by the possi-

bility to perform rehabilitation exercises more frequently), economy (reduction of the 

number of medical appointments and the time patients spend at the hospital), mobility 

(diminution of the transportation to and from the hospital) and ethics (healthcare de-

mocratization and increased empowerment of the patient). 

By taking into account these considerations, the project ePHoRt proposes to devel-

op a Web-based platform for home motor rehabilitation. The tool is developed for 

patients after hip arthroplasty surgery. This orthopedic procedure is an excellent case 

study, because it involves people who need a postoperative functional rehabilitation 

program to recover strength, function and joint stability. In addition, due to the condi-

tion of the patients, it is difficult to carry them to the hospital. The project intends to 

tackle three main issues. First, the motion capture technology must be low-cost, in 

order to be used worldwide. Second, the system should automatically detect the cor-

rectness of the executed movement, in order to provide the patient with real time 

feedback. Third, new computational approaches have to be researched, in order to 

promote patient’s motivation to regularly complete the rehabilitation tasks (e.g., by 

the use of affective computing and serious games paradigms to detect difficulties and 

stimulate effort in the patients, respectively). 

This paper focuses on the two first parts of the project, which are the development 

of a program to automatically assess the correctness of the movements by using an 

information provided by a low-cost motion capture device. The manuscript is divided 

into five sections. The first part is a state of the art in terms of technologies for home 

rehabilitation and telemedicine. The second is a description of the architecture that 

will support the platform. The third exposes the methodology used to evaluate the 

movement. The fourth part consists of a presentation of the results. Finally, some 

conclusions and perspectives are drawn up regarding the midterm progress of the 

project. 

1.1 State of the Art 

In any kind of rehabilitation, repeated exercises of an impaired limb maximize the 

chances of recovery [1]. In practice, medical and economic situations limit the num-

ber of therapeutic sessions the patient can take at the hospital or medical centers. This 

fact justifies the increased trend in developing telehealthcare systems to enhance 

home therapy. However, this new approach of healthcare copes with several other 

obstacles. First, the used technology must be both reliable and affordable in order to 

significantly reduce the costs. Second, the system has to provide a rigorous and real 

time monitoring of the patient’s movements to make sure that the rehabilitation proto-

col is properly executed. For instance, it has to detect the patients’ tendency to com-

pensate their diminished limb with other functional part of their body, which makes 

rehabilitation progress slower [2]. Third, providing a therapeutic framework at home 

does not automatically implicate a speedy recovery, because of the lack of motivation 

among patients to exercise for sustainable period of time. 

Home-based rehabilitation has gained prominence over the recent years through 

the development of exercise platform [3], virtual reality-based system [4], gaming 

console [5] and the widely popular Kinect camera-based system [6]. For the purpose 



of this project it is necessary to make a survey on three critical points regarding home 

therapy. First, the existing technologies used in telemedicine for patient’s rehabilita-

tion. Second, systems and methods developed to perform a real time analysis and 

recognition of the movement. Third, the main approaches implemented to enhance 

motivation in patients to regularly complete the exercises. In the context of this paper 

that focuses on the motion capture and assessment parts of the project, the state of the 

art is based on the first two points, only. 

Motion Capture Systems. Motion capture is used in a wide range of areas, from the 

entertainment industry (e.g., three-dimensional animation) [7] to scientific studies, 

such as biological motion analysis [8]. However, it can be an expensive and complex 

technology that it is not always usable at home. For instance, one of the most famous 

motion capture systems for professional use is the Vicon motion system. This kind of 

technology is based on light-reflecting markers positioned on the individual body and 

infrared-camera sensors that enable a precise analysis of movements. The main limita-

tions of this tool are its high-cost and the fact that it only works in very controlled 

conditions (usually in laboratories). A quite more affordable equipment is the popular 

Kinect camera from Microsoft. This system has several advantages over the other 

technologies. It is a cheap motion capture device (around 100USD). It is quite easy to 

install and use at home. And it provides an automatic reconstruction of the three-

dimensional coordinates of the body main joints, with a reasonable spatial and tem-

poral resolution [9]. A study comparing the Vicon and the Kinect system for measur-

ing movement in people with Parkinson’s disease shows that the Kinect has the poten-

tial to be a suitable equipment to capture gross spatial characteristics of clinical rele-

vant movements [10]. Also, a computer vision approach based on the use of CCD 

webcams can be implemented, but the apparatus usually requires two optical sensors 

in order to calculate the 3D-coordinates by triangulation and it needs the development 

of additional image processing algorithms [11]. An attempt to reconstruct body pos-

tures and 3D movements from monocular video sequences was proposed by [12], but 

the true accuracy and applicability for real-time tele-rehabilitation are not yet demon-

strated. Finally, an alternative to vision-based monitoring is a wearable system. How-

ever, the use of complicated wearable devices makes it tiresome and, consequently, 

tends to decrease the effectiveness of rehabilitation exercises [13]. A preliminary 

experiment for the ePHoRt project shows a significant correlation between the accu-

racy of a Kinect and an accelerometer sensor, which demonstrates that a vision-based 

motion capture is an excellent alternative to an inertial-based motion capture [14]. 

Movement Recognition and Assessment. Human action recognition is a very chal-

lenging topic. It presents more degrees of freedom with respect to system design and 

implementation when compared to language processing [15]. Different approaches are 

used regarding the sensor technologies and computational algorithms. The first kind 

of sensors are wearable devices, which are based on pervasive and mobile computing 

[16, 17]. A less invasive technique consists of using a vision-based recognition. The 

Kinect camera has largely contributed to the growth of this approach, due to the fact 

that it facilitates the extraction of the pertinent features for gesture recognition [18] 

[19]. Movement recognition has to be carried out through a process flow that usually 



involves raw data recording and filtering, feature extraction and selection, and classi-

fication by the use of machine learning models. Techniques of time series analysis are 

applied to compare the similarity between two temporal sequences, such as Dynamic 

Time Warping [20]. A wide range of classifiers have been used for action recognition 

in the last decades [21]. One of the most successful methods to achieve recognition of 

daily activity is the discriminative approach. This classification is based on the con-

struction of decision boundaries in the feature space, specifying regions for each class. 

The main classifiers that implement this type of method for activity recognition are 

the k-Nearest Neighbour [22], Support Vector Machines [23], the Naïve Bayes [24], 

and C4.5 Decision Tree [25]. The last two are by far the most popular algorithms, 

because they generally enable a high classification accuracy [26] and the hierarchical 

tree representation makes the model easier to read than a sequence of rules [27]. 

1.2 Platform Architecture 

The ePHoRt project is a Web application based on a three layers Client-Server archi-

tecture (Fig. 1). The client layer (browser) will be developed in JavaScript by the use 

of two possible frameworks: jQuery or AngularJS. The application layer (domain 

server) will be implemented either in Django framework from Python or Java frame-

work. The data server layer (database) will be developed in MySQL. 

 

 

Fig. 1. ePHoRt platform architecture. 

A different user interface will be implemented for each of the three kinds of user: 

patient, physiotherapist and physician. After login, the patients will have an access to 

the programmed exercises they have to achieve. The patient’s interface will be com-

posed with two dynamic frames: (i) one to display a video example of the exercises to 



be completed and (ii) another to display a 3D-avatar that will mimic in real-time the 

patient’s movements captured by the Kinect. The patient will receive a real-time 

feedback regarding the correctness of the movements, thanks to the assessment mod-

ule, and game scores. In addition, questionnaires will be available on this interface, in 

order to record qualitative information. The main functionalities of the physiothera-

pist’s interface will be: (i) accessing to the patient’s performance for each exercise, 

(ii) consulting the answers to the self-reported functions, (iii) watching the three-

dimensional reproduction of the patient’s movement through an animated avatar and 

(iv) updating (to more challenging parameters of the same exercise or to new kinds of 

exercise) the rehabilitation program according to the patient’s progress and/or medical 

advices. Finally, an interface for the physicians will enable them to supervise all the 

recovery process and communicate with the physiotherapist to authorize or not certain 

movements according to the specific condition of each patient. The communication 

between the three stakeholders will be supported by an exchange of messages. 

The application layer will contain the logical structure of the platform. This inter-

mediate layer will be connected to the client, through Internet, and to the database 

server. It will receive and process the requests from the three types of user. Here, the 

Unity 3D game engine will be used to develop the game-based exercises and animate 

the avatar. Also, the affective and movement assessment modules will be integrated at 

this level. 

The database layer will be connected to the application layer. Heterogeneous data 

will be stored into the database, such as: (i) quantitative data about the 3D-coordinates 

of the movements, (ii) qualitative data about the responses to the questionnaires, (iii) 

videos of the exercises and (iv) comments made by the physiotherapists and physi-

cians. 

2 Automatic Assessment of the Correctness of the Movement 

2.1 Material and Method 

Experimental Protocol. Eight subjects participated in the experiment. They were 

asked to execute four different rehabilitation movements. Each movement was repeat-

ed eleven times: six times correctly and five times imperfectly. The correctness of the 

exercises was labeled by a physiotherapist. The first movement was a hip abduction 

(HA). The second movement was a hip extension (HE). The third movement was a 

slow flexion of hip and knee (SFHK). And the last movement was a sequence, in 

which the subject had to do one step forward, one step sideways and one step back-

ward (FSB). All of these movements were performed on the right side, only. For these 

rehabilitation exercises the main mistakes that an individual can do are: (i) an inap-

propriate amplitude of the movement (too short or too large), (ii) an additional flexion 

of joints not involved in the exercise (e.g., trunk flexion or extension), (iii) an execu-

tion of the movement in the wrong spatial plane, (iv) an incorrect positioning of the 

center of mass. All of these errors were used as imperfect trials of the experiment. 

During the execution of the movements, subjects were in stand up position and at 

approximatively 2.5 meters from a Kinect camera. The Kinect height was aligned 



with the xiphoid apophysis of the subjects. A program was developed to record the 

3D-coordinates (X,Y,Z) of each joint of the Kinect Skeleton. Thus, twenty joints were 

analyzed. The framerate of the motion capture was 33Hz, approximately. 

Time Series Analysis. A Dynamic Time Warping (DTW) analysis was used to assess 

the correctness of the movement. This method measures the similarity between two 

temporal sequences which may vary in speed [28]. Thus, similarities in rehabilitation 

exercises can be detected, even if the referential movement (the movement correctly 

executed by the patient) is not executed at exactly the same velocity when performed 

at home. This technique is based on the calculation of the distance between all pair of 

points in two signals (distance(i,j)). Lesser distance implies that these points may be 

candidates to be matched together. In order to find the minimum distance, an accumu-

lated cost matrix (D) is calculated as follows: 

D(i,j) =min{D(i−1,j−1), D(i−1,j), D(i,j−1)} + distance(i,j)  (1) 

For movement assessment, the signal of the movement to be assessed is compared 

to the signal of the movement correctly executed (correct trials). In the present proto-

col six trials per exercises were evaluated as correct by the therapist. Thus, the DTW 

algorithm was applied by the use of six different referential signals. At the end, forty-

five distances were calculated for each of the three axes of the whole joints. Thirty of 

these observations were labeled as incorrect movements and fifteen as correct move-

ments. Then, these data were used as input of a machine learning algorithm of classi-

fication, in order to evaluate if the DTW is an accurate technique to discriminate the 

correct from the incorrect execution of the movements. 

Machine Learning Algorithm for Classification. The assessment of the DTW ap-

proach is carried out through a machine learning classification. If a high percentage of 

correct classification is obtained, it will mean that the DTW is an appropriate tech-

nique to differentiate the right from the wrong movements. As described in the intro-

duction, several classifiers are possible. Here, the Naïve Bayes classifier is chosen 

because we make the assumption that all of the features (coordinates X,Y,Z of each 

joint) contribute equally and independently to the decision [29]. This method is based 

on the “Bayes Theorem” of the probability (Pr) of an event H (class of an instance) 

given an evidence E (attribute values of the instance), such as: 

Pr(H | E) = Pr(E | H) Pr(H) / Pr(E) (2) 

Pr(H) is called the priori, or baseline, probability of the hypothesis H. That is the 

probability of the event before any evidence is seen. Pr(H | E) is a posteriori probabil-

ity of H, after an evidence is seen (E). The naïve assumption is that the evidence splits 

into parts that are statistically independent. The parts of the evidence in the movement 

assessment are the sixty coordinates (20 x 3) in the joints motion dataset. When the 

events are independent the probabilities multiply, such as: 

Pr(H | E) = Pr(E1 | H) Pr(E2 | H)…Pr(E60 | H) Pr(H) / Pr(E) (3) 



There are two hypotheses (H) for the movement assessment: correct vs. incorrect. 

To get a probabilistic value (between 0 and 1), the likelihood of each hypothesis (or 

class) is normalized. The main possible issue in using Naïve Bayes method is in case 

of redundant attributes. In this situation it is possible to use additional methods for 

feature selection, in order to select a subset of fairly independent attributes. 

Feature Selection. Not all of the sixty attributes are essential to proceed with the 

assessment of the movement. Thus, a selection of the relevant attributes for each kind 

of exercises could be performed, in order to improve the classification (correct vs. 

incorrect) of the movement (elimination of redundant features) and to get a simplified 

model of assessment of the correctness of the movement (only based on the most 

pertinent features). Several techniques are available to automatically perform this 

selection. The method used in this study is the “wrapper” attribute selection [30]. This 

method can be applied backward, forward or bi-directional. The backward searching 

consists of removing one attribute (the worst one) at each search step. On the contra-

ry, the forward searching start with a zero attribute subset and add the best attribute 

each time. The bi-directional is a combination of backward and forward searching. In 

all of the cases, the search stops when the classification performance gets worse. The 

“wrapper” method uses cross-validation to select the best attribute to add or to drop at 

each stage. To sum up, two components have to be defined to apply this technique in 

practice: a search method and an attribute evaluator. The search method defines the 

searching direction and the search termination criteria. The attribute evaluator evalu-

ates feature sets by using a learning scheme and classifier. In this study, the setup 

used is backward searching and Naïve Bayes classifier. 

2.2 Results 

Experimental Results. Overall, the average classification accuracy of the movements 

is 98.2% (SD = 1.1). The mean of accurate assessments for each movement is higher 

than 97%. Table 1 shows that the accuracy of this classification is almost the same 

between the different exercises and the different subjects. These results suggest that 

the DTW is an appropriate technique to discriminate between correct and incorrect 

execution of the rehabilitation movements. 

Table 1. Percentage of accuracy in the assessment of the movements. 

Subjects HA FSB HE SFHK Mean 

1 .96 1 1 1 .99 

2 1 1 .98 .96 .985 

3 .91 1 1 .93 .96 

4 .96 1 .98 .98 .98 

5 1 1 .96 1 .99 

6 1 .96 1 1 .99 

7 .98 .93 1 .96 .968 

8 1 1 .96 1 .99 

Mean .976 .986 .985 .979 .982 



After feature selection the overall percentage of accurate classification of the 

movements is 98%. As previously, none of the movements have a classification lower 

than 97%. The similarity between the results with and without attribute selection is 

confirmed by a T-test analysis that shows no significant differences between the clas-

sification performance on these two datasets (p = .7). It is to note that the value of the 

standard deviation is slightly lower when a selection of features is performed (SD = 

.71). This fact suggests that the inter-individual differences in the assessment of the 

movements are reduced when they are based on a selection of the most relevant at-

tributes for each exercise and individual. Figure 2 shows a comparison of the classifi-

cation accuracy, for each movement and subject, between the two datasets. Even on 

this detailed analysis it is possible to confirm that the quality of the assessment with 

the selected features is as good as with the totality of the features. This result suggest 

that it is preferable to build a model based on a selection of the most relevant attrib-

utes than to use the whole features, because we will get a simple model as accurate as 

a complex one. This characteristic will be fundamental when the model will have to 

assess the correctness of the movements in real time. 

 

 

Fig. 2. Comparison of classification accuracy (in %) between the whole feature dataset (grey 

bars) vs. the selected feature dataset (white bars) for each exercise and individual. 

Models. Different models were created for each subject and exercise through a feature 

selection based on a wrapper technique. Table 2 shows a synthesis of the main joints 

involved in the assessment of the rehabilitation movements. The main features that 

enables the algorithm to discriminate between a correct and incorrect movement are 

related with the “Right Foot”, the “Right Ankle” and the “Right Knee”. This is not 

surprising considering that all of the exercises asked to the participants were designed 



for the rehabilitation of the “Right Hip”. Taking together, these three joints represent 

78% of the features used for the assessment. The other 22% are represented by differ-

ent kind of joints according to the exercise and the individual. With 62.5% of “Other 

Joints”, “Hip Abduction” is the movement with the largest inter-individual variability. 

On the contrary the “Forward, Sideways and Backward” sequence is the only exercise 

that can be exclusively assessed on the base of the lower limbs (100%) involved in the 

movement (mostly foot kinematics). Also, “Hip Extension” and “Slow Flexion of Hip 

and Knee” are mainly evaluable through an analysis of the lower limbs in movement 

with 80% and 90% of the recognition based on these joints, respectively. 

Table 2. Percentage of the joints used to assess each exercise. 

Exercises R Foot R Ankle R Knee Other Joints 

HA .375 0 0 .625 

FSB .625 .1 .25 0 

HE .4 .2 .2 .2 

SFHK .5 .3 .1 .1 

Mean .48 .15 .15 .22 

To sum up, half of the assessment of the exercises depends on the kinematic of the 

“Right Foot”. Then, the “Right Ankle”, “Right Knee” and the rest of the joints con-

tribute almost equally for the evaluation of the correctness of the movement. Howev-

er, it is difficult to get a generic model that could be used to assess anybody, because 

more than 20% of the features represent joints that are not directly involved in the 

movement. Thus, the best and easier way to assess the movement is to create a specif-

ic model for each individual and exercise. For instance, Table 3 shows the models 

obtained for the subject nº5. 

Table 3. Models for the subject nº5 to assess the whole therapeutic exercises. 

Exercises Attributes Classes 

  Incorrect Correct 

  Mean SD Mean SD 

HA Head - Y 2.67 1.92 .06 .07 

 R Foot - X 2.08 .92 1.11 .19 

FSB R Foot - Z 267805 93179 63722 15659 

HE R Elbow - Z 37712 24606 5758 1857 

 R Foot - Y 2.57 1.33 1.39 .29 

SFHK R Foot - Z 151958 69724 29849 4175 

 
In the case of this individual the algorithm only needed two features to discriminate 

between a correct and incorrect “Hip Abduction” (“Head” in the y-axis and “Right 

Foot” in the x-axis). For the “FSB” movement a single attribute was sufficient for the 

discrimination (“Right Foot” in the z-axis). Again, only two attributes were necessary 

for the assessment of the “HE” exercise (“Right Elbow” in the z-axis and “Right 

Foot” in the y-axis). And the “SFHK” was assessed by a single attribute, as well 

(“Right Foot” in the z-axis). The value of the mean of each feature corresponds to the 



distance between the referential movement and the tested movement calculated by the 

DTW technique. Data in table 3 confirm that the mean and the standard deviation are 

always lower for the correct movements than the incorrect movements. 

Through these models it is possible to estimate the correctness of a new movement 

executed by this subject, based on the calculation of the two probabilities of this 

movement for being correct and incorrect. The example of the “Hip Abduction” is 

used to explain the methodology applied to assess the movement from its model. The 

method is based on the use of the distribution of the numerical variable (attribute val-

ues) to have a good guess of the frequency. One common practice is to assume normal 

distributions for the numerical variables. The probability density function for the 

normal distribution is defined by two parameters: mean (µ) and SD (σ). These two 

values are provided by the model in table 3 for each selected feature of a determined 

movement. This probability is obtained through the calculation of the value of the 

normal distribution of an attribute value (x), by the use of the equation 4. 
 

𝑓(𝑥) =
1

𝜎√2𝜋
𝑒

−
(𝑥−𝜇)2

2𝜎2     (4) 

 

Thus, in the case of the “Hip Abduction” for subject nº5, the probabilities to assess 

a new movement as correct and incorrect by the use of the “Head distance in the y-

axis” (dheadY) will be obtained by the calculation of the equations 5 and 6, respective-

ly. 
 

Pr(𝑑ℎ𝑒𝑎𝑑𝑌  | 𝑐𝑜𝑟𝑟𝑒𝑐𝑡) =
1

0.07√2𝜋
𝑒

−
(𝑑ℎ𝑒𝑎𝑑𝑌−0.06)2

2(0.07)2   (5) 

 

Pr(𝑑ℎ𝑒𝑎𝑑𝑌  | 𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡) =
1

1.92√2𝜋
𝑒

−
(𝑑ℎ𝑒𝑎𝑑𝑌−2.67)2

2(1.92)2   (6) 

 

The same calculation has to be applied to get the probabilities with the feature 

“Right Foot distance in the x-axis” (drFootX), as described by the equations 7 and 8. 
 

Pr(𝑑𝑟𝐹𝑜𝑜𝑡𝑋  | 𝑐𝑜𝑟𝑟𝑒𝑐𝑡) =
1

0.19√2𝜋
𝑒

−
(𝑑𝑟𝐹𝑜𝑜𝑡𝑋−1.11)2

2(0.19)2   (7) 

 

Pr(𝑑𝑟𝐹𝑜𝑜𝑡𝑋  | 𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡) =
1

0.92√2𝜋
𝑒

−
(𝑑𝑟𝐹𝑜𝑜𝑡𝑋−2.08)2

2(0.92)2  (8) 

 

Then, the value of each probability is used to calculate the likelihood (LL) for a 

movement classification as correct and incorrect. The calculation of the two likeli-

hoods is described in the equations 9 and 10. 

LL(correct) = Pr(dheadY | correct) Pr(drFootX | correct) Pr(correct) (9) 

LL(incorrect) = Pr(dheadY | incorrect) Pr(drFootX | incorrect) Pr(incorrect) (10) 

Finally, these likelihoods have to be normalized to get the value of the probabilities 

for the new movement to be correct and incorrect (see equations 11 and 12). 50% is 



usually used as a threshold to take the final decision to classify the trial in one or the 

other class. 

Pr(correct) = LL(correct) / (LL(correct) + LL(incorrect)) (11) 

Pr(incorrect) = LL(incorrect) / (LL(correct) + LL(incorrect)) (12) 

3 Conclusions and Perspectives 

The presented study is part of the ePHoRt project, which is a telerehabilitation plat-

form for patients after hip replacement surgery. It focuses on the automatic assess-

ment of the correctness of the exercises performed by the user. The results show that a 

DTW approach permits a high level of discrimination between correct and incorrect 

execution of the movements (98.2%). The implementation of a feature selection tech-

nique allows us to build simple models only based on few attributes to evaluate the 

movement. Future work will consist of (i) a DTW analysis on the joint angles and (ii) 

testing the algorithms in real time with patients. 
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