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Abstract: The rapid development of algorithms for skeleton detection with relatively inexpensive 12 
contactless systems and cameras opens the possibility of virtual exercise therapy for patients with 13 
different complications. However, evaluation and confirmation of posture classifications is still 14 
needed. The purpose of this study was therefore to find the most accurate algorithm for automatic 15 
classification of human exercise movement. A Kinect V2 with 25 joints identification was used to 16 
record movements for data analysis. A total of 10 subjects volunteered for this study. Four 17 
algorithms were tested for the classification of different postures in Matlab. These were based on: 18 
total error of vector lengths, total error of angles, multiplication of these two parameters and 19 
simultaneous analysis of the first and second parameters. A base of 13 exercises was then created to 20 
test the recognition of postures by the algorithm, and to analyse subject performance. The best 21 
results for posture classification was shown by the second algorithm with an accuracy of 94.9%. The 22 
average correctness of exercises among the 10 participants was 94.2% (SD1.8%). The algorithms 23 
tested in this study therefore proved to be effective and could potentially form the basis for 24 
developing a system for remote monitoring of rehabilitation involving exercise. 25 

Keywords: exercise classification; motion capture; virtual rehabilitation 26 
 27 

1. Introduction 28 

Demographic ageing in humans means that to date, 12% of the global population are aged over 29 
60 years and this number is likely to double in a few decades [1]. Ageing leads to a higher prevalence 30 
of complications that may benefit from exercise therapy. Such an increase in ageing will mean that 31 
rapid development of science and medicine, as well as the introduction of new technologies and 32 
methodologies utilised by health systems will be needed. More knowledge has been gained regarding 33 
new treatment regimes for a growing number of chronic diseases and traumas; with consequential 34 
increases in social and economic costs [2]. It is well-known that rehabilitation forms an important 35 
part of a typical overall treatment plan, which can be delivered, for instance, by utilising therapeutic 36 
exercise (physiotherapy). The performance of physical activity has many advantages in older people 37 
with dementia and can positively affect the preservation of cognitive abilities [3]. Stroke patents may 38 
also benefit from physical activities which can result in improved recovery rates.  39 

However, the success of rehabilitation largely depends on keeping the patient interested and 40 
motivated in the continuation of treatment. Factors influencing adherence to the continuation of 41 
physical education depend on whether people continue to receive professional assistance and 42 
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counselling, after the completion of the initial training [4]. Among the main reasons for the 43 
termination of continued professional assistance and counselling are forgetfulness, lack of further 44 
supervision and motivation, and time restrains (for example in getting to the rehabilitation centre). 45 

The use of exercise therapy delivered by a physiotherapist via the telephone for knee 46 
osteoarthritis (OA) patients has demonstrated interesting results [5]. Although patients with OA may 47 
be sceptical about receiving such exercise therapy via the telephone, the overall effect has been shown 48 
to be positive. Participants have highlighted that they feel more confident doing their exercise 49 
programs without anyone watching them and it helped them to increase muscular strength, improve 50 
pain, and improve their ability to complete tasks that they had not been previously been able to do. 51 
There is therefore emerging evidence that remote monitoring can have a positive impact on the 52 
enablement of patients to perform exercise and their willingness to continue training. 53 

Traditionally, exercise therapy consists of demonstrating exercises, observation and evaluation 54 
by a health professional, which in turn requires special training and significant face-to-face contact 55 
with a patient. However, modern computer and sensor technologies could be utilised to augment (or 56 
where appropriate replace) direct intervention by health professionals. The capability of motion 57 
capture systems have advanced significantly and have become more effective and accessible. They 58 
allow the kinematics of the human body to be measured and recorded with high accuracy, and this 59 
data could help in assessing the patient's condition and in forming future treatment options. 60 

Two main types of motion capture systems are widely used; those which use markers, and those 61 
which estimate joint and limb segment parameters based on neural network training from marker 62 
systems. The first requires use of a special suit or a removable system of sensors (active or passive 63 
markers) attached to the human body. The second type, such as those provided by Microsoft Kinect, 64 
Intel RealSense and others, use colour and depth data as well as image recognition algorithms to 65 
retrieve the data. These systems can record kinematic data and perform analysis of the human body 66 
movements in real time.  67 

In addition, the development and availability of these sensors opens more opportunities, as it 68 
makes it possible to create bespoke rehabilitation courses and monitor their implementation [6-11]. 69 
Similar applications have been developed for different patient groups, but the most widely 70 
represented software has been designed for post-stroke patients [12-16]. Software has also been 71 
designed for people with neurological diseases [17], including cerebral palsy [18], multiple 72 
sclerosis[19] and traumatic brain injury [20]. 73 

However, the algorithms used by these systems to estimate the accuracy of execution of 74 
movements by such patients, are not fully described in the literature. Two of those algorithms can, 75 
however, be distinguished by their differing mode of operation. The first is based on the use of  76 
dynamic time warping (DTW) along with fuzzy logic [7], and the other on the recognition of different 77 
body segment postures and trajectories [21]. However, the use of a home-based system using virtual 78 
rehabilitation offers the possibility of communication with a doctor, is more convenient for the 79 
patient, and also allows the rehabilitation course to be altered by adding new exercises if necessary. 80 
DTW is however, difficult to apply when compared to posture estimation algorithms. Anton et al. 81 
utilised the recognition of postures and recognition of postures together with trajectories, which 82 
resulted in accuracy of posture estimation by 91.9% and detection of movements by 95.16% [21]. 83 

The aim of this research was therefore to find the most accurate algorithm for posture and 84 
exercise movement estimation. It was performed by using four different algorithms.  85 
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2. Materials and Methods 86 

2.1 Posture Description 87 

A 3D Sensor (Microsoft Kinect V2) was used to record movement, as it is able to recognise 88 
different subjects, track their movement, and create a skeleton consisting of 25 points (Fig. 1); which 89 
may be described by three-dimensional coordinates (i.e. by using X, Y and Z planes of motion).  90 

 91 

Figure 1. Diagram of connection of points received from the sensor. 92 

Any movement consists of a series of postures. Eighteen joints were used to describe a posture 93 
in a series of volunteer subjects. It was decided to exclude such joints as numbers: 16, 20, 21, 22, 23, 94 
24 and 25 (Figure 1) from algorithms as they demonstrated high inconsistency in tracking accuracy. 95 
A total of 40 parameters were therefore calculated based on 18 points: 17 were vector lengths, and 23 96 
were angles.  97 

The vector lengths were calculated relative to a position on the centreline of the torso (please see 98 
point "2", Figure 1), as it had minimal error in tracking. As each subject had a different body shape, 99 
which meant lengths between joints were not consistent, it was decided to normalise them using the 100 
participants' heights using the following formula [22]: 101 

௩௘௖௧௢௥ܦ = ට(௫ି௫బ)మା(௬ି௬బ)మା(௭ି௭బ)మ

௛௘௜௚௛௧
,                           (1) 102 

 103 

where ݔ଴and ݖ଴represent coordinates of the midpoint of the back, and x, y, z are the coordinates of 104 
the point for which the distance is calculated. 105 

Eleven angles were used in algorithms to describe postures and movements as shown in Figure 106 
2 and Table 1. For all 11 joints, angles were between two vectors in 3D space. However, for the 107 
shoulder, hip and knee, angles were calculated in frontal and sagittal planes only.  108 
Table 1. Angles used to describe postures. 109 
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 110 

 111 

Figure 2. Angles used in describing poses. 112 

The angles were calculated as the angle between two 3D vectors:  113 

௔௡௚௟௘ܦ  = arccos ቌ 2ݖ1ݖ+2ݕ1ݕ+2ݔ1ݔ

ට1ݔ
1ݕ+2

1ݖ+2
2ට2ݔ

2ݕ+2
2ݖ+2

2
ቍ,  (2) 114 

where ݔଵ, ݕଵ ଶݕ ,ଶݔ ,ଵݖ , ଶݖ ,  are coordinates of the first and second vector respectively. 115 
 116 

2.2 Postures and exercises 117 

A database of 12 postures was created to validate the algorithms containing poses and exercise 118 
movements (Table 2, Figures 3-4).  119 

№ Angle Vector Directions by Points 

1 Neck tilt [4 3] [21 3] 
2 Right elbow [9 10] [11 10] 
3 Left elbow [5 6] [7 6] 
4 Right shoulder [2 21] [10 9] 
5 Left shoulder [2 21] [6 5] 
6 Right thigh [1 2] [18 17] 
7 Left thigh [1 2] [14 13] 
8 Right knee [17 18] [19 18] 
9 Left knee [13 14] [16 14] 
10 Inclination of the back to the right thigh [2 1] [17 1] 
11 Inclination of the back to the left thigh [2 1] [13 1] 
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120 
Figure 3. Postures: (a) hands outstretched; (b) hands down; (c) hands on the waist; (d) left 121 

hand up; (e) right hand up; (f) both hands up. 122 

 123 

 124 

Figure 4. Postures: (a) hands forward; (b) left knee up; (c) right knee up; (d) both hands 125 
to the head; (e) left hand to the side; (f) right hand to the side. 126 
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Table 2. Postures analysed. 127 
 Posture 

1 Hand outstretched 
2 Hands down (neutral posture) 
3 Hands on waist 
4 Right hand up 
5 Left hand up 
6 Both hands up 
7 Hands forward 
8 Right knee up (hands on waist) 
9 Left knee up (hands on waist) 
10 Both hands to the head 
11 Right hand to the side 
12 Left hand to the side 

 128 
The movement exercises were described as a sequence of postures. The simplest movement was 129 

described by the start and the end position. However, in some cases there were more complex 130 
sequences of movements where the middle phase movement had several postures mixed. A total of 131 
thirteen different exercise test movements were eventually used in the study as shown in Table 3. 132 

 133 

Table 3. Test exercises. 134 
 135 

№ Posture Exercises (initial posture-final posture) 

1 Hands down – hands outstretched 
2 Hands down – hands up 
3 Hands at the sides – right hand up 
4 Hands at the sides – left hand up 
5 Hands at the sides – hands to the head 
6 Hands on the belt – right knee up 
7 Hands on the belt – left knee up 
8 Hands at the sides – hands forward 
9 Hands down – hands forward 
10 Hands up-hands forward 
11 Hands forward – right hand to the side 
12 Hands forward – left hand to the side 
13 Hands down – hands forward – hands up – hands outstretched 

 136 

2.3 Accuracy evaluation of postures and movement exercises   137 

Classification of postures was made by comparing recording posture descriptors (Di) with a 138 
reference database (Dj). The distance between the reference and reordered posture could be calculated 139 
as:  140 
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௜ݎܧ = ,௜ܦ൫ݐݏ݅݀  ௝൯,                               (3) 141ܦ

A descriptor is composed of two parameters (angles and vectors) and therefore two types of 142 
errors were calculated: the total error of the length of vectors and the total error of angles. 143 

The first was calculated using absolute differences between them:  144 

  145 

௜ܸܿ݁ݎܧ =  ∑ หܦ௜(݇) − ௝(݇)ห,ଵ଻ܦ 
௞ୀଵ                        (4) 146 

where Di(k), k = between 1 and 17 – Parameters that are responsible for the length of the vectors. The 147 
total error angles were calculated using the formula:  148 

௜݈݁݃݊ܣݎܧ =  ∑ หܦ௜(݇) − ௝(݇)ห,ଶ଼ܦ 
௞ୀଵ଼                       (5) 149 

 150 
where is Di(k), k = between 18 and 40 – Parameters responsible for values of angles. 151 

Based on those types of errors four algorithms for posture classifications assessment were 152 
presented. To classify the posture the results should be equal to the reference database. However, 153 
that was not always possible and therefore the threshold level was set for algorithms: 154 
 Algorithm 1: vector length error  155 
 Algorithm 2: angle error 156 
 Algorithm 3: multiplication of angle errors by vector errors  157 
 Algorithm 4: errors of vector lengths and angles (simultaneous fulfilment of conditions) 158 

To evaluate the most accurate algorithm for posture detection, the classification database was 159 
made with descriptions of either "correct" or "incorrect" postures. 160 
To justify the accuracy of exercise movement classification, the database, with a set of sequence 161 
postures in the correct order was made as shown in the examples in Figures 5. 162 

(a) (b) 
Figure 5. Example of a movement exercise: (a) Combination of two postures; (b) A more complex 163 
movement exercise with a set of postures in a sequence order. 164 

 2.4 Experimental protocol 165 

Ten healthy subjects aged between 20 and 35 were recruited in the study. All participants read 166 
the information sheet before the experiment. Each exercise was repeated at least 25 times with a short 167 
rest between them. After completing all the exercises, participants were asked to randomly repeat a 168 
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few more exercise movements 15 times. Postures were also recorded. Matlab was used for data 169 
collection and analysis. 170 

 171 

3. Results 172 

3.1 Classification algorithms 173 

To find the most accurate classification algorithm, a database was created from the descriptions 174 
of the 573 known postures as shown in the table 2 and 903 postures which were not related to them. 175 
Using this database four algorithms were tested for which sensitivity, specificity and accuracy values 176 
were obtained (Figure 6-7). 177 

 
(a) 

 
(b) 

Figure 6. Relationship between specificity (1), sensitivity (2) and accuracy (3) and threshold for: (a) 178 
Algorithm 1; (b) Algorithm 2.   179 
 180 

 181 
Figure 7. Relationship between specificity (1), sensitivity (2) and accuracy (3) and 182 

threshold for the algorithm 3 183 

 184 
The mean sensitivity for the first algorithm was 92.5%, for the second 98.95%, for the third 96.5% 185 

and for the fourth 98.95%.  186 
 187 
 188 
 189 
 190 
 191 
 192 
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Table 4. Statistical results. 193 

 194 
The mean intersection of sensitivity and specificity for the first algorithm was 75.7%, for the 195 

second 94.1%, for the third 87.7%, and for the fourth 94.1%.  196 
The mean accuracy for the first algorithm 76.6%, for the second 94.9%, for the third 89.3%, and for 197 
the fourth 88.7%.  198 

3.2 Number of exercises performed by participants 199 

Each participant performed at least 390 exercises in total. Table 5 demonstrates a detailed 200 
information on the number of exercises performed by each participant.  201 

  202 
Table 5. Number of exercises performed by each participant. 203 

Pa
rt

ic
ip

an
ts

 

№ 
Exercise number Total 

1 2 3 4 5 6 7 8 9 10 11 12 13 
 

1 25 25 35 35 25 40 40 25 25 25 35 35 40 410 

2 35 25 25 25 25 40 40 25 35 25 35 35 40 410 

3 25 25 25 25 25 40 40 25 25 25 35 35 40 390 

4 35 25 25 25 25 40 40 35 25 35 35 35 40 420 

5 25 25 25 25 25 40 40 25 25 25 35 35 40 390 

6 25 25 25 25 25 40 40 25 25 25 35 35 40 390 

7 25 25 35 35 25 40 40 25 25 35 35 35 40 420 

8 40 25 35 35 25 40 40 25 25 25 35 35 40 425 

9 25 25 35 35 25 40 40 40 25 25 35 35 40 425 

10 25 35 25 25 25 35 35 25 25 40 35 35 40 405 

 204 
Figure 8 shows movement classification accuracy performed by participants.  205 

Algorithm Mean sensitivity, % Intersection of 

sensitivity and 

specificity, % 

Mean accuracy, % 

 

Total vector error 92.5 75.7 76.6 

Total angle error 98.95 94.1 94.9 

Multiplication of vector 

errors by angle errors) 
96.5 87.7 89.3 

Total error of vectors 

and angles  
98.95 94.1 88.7 
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 206 

Figure 8. The accuracy of exercises. 207 

 208 
Figure 9 shows the percentage ratio of the correct and incorrect for each exercise. 209 

 210 

 211 

Figure 9. Correct execution of exercises. 212 

The average accuracy of movement classification among participants was 94.3% (SD 1.7 %). The 213 
average accuracy of exercises was 94.2 %(SD 1.8 %). 214 

 215 

4. Discussion 216 
Authors should discuss the results and how they can be interpreted in perspective of previous 217 

studies and of the working hypotheses. The findings and their implications should be discussed in 218 
the broadest context possible. Future research directions may also be highlighted. 219 

The aim of this study was to determine accurate posture and exercise classification algorithms 220 
with low-cost sensors such as Microsoft Kinect, which has also led to the development of different 221 
virtual rehabilitation programs [13,23]. Use of such sensors can have many advantages. Firstly, they 222 
highlight interactivity and motivation, and they can also be used at home. This is important for people 223 
who live in remote areas, where there may not be experts locally available. In addition, the technique 224 
can be adapted to the needs of any patient group [24]. 225 
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The comparison of this sensor with a professional optical motion capture system has 226 
demonstrated that it has the accuracy sufficient for both the tasks and data generation capability 227 
needed by specialists in the field of rehabilitation  [8]. 228 

However, the question of how to evaluate the correctness of the exercise is still not certain, as 229 
the literature is represented by only a limited number of articles [7,21]. The previous research has 230 
demonstrated a most accurate posture classification of 91.9% and that for movement of 95.16% [21]. 231 
This study demonstrated a slight increase in the accuracy by using four different algorithms and by 232 
setting up a threshold level for total error of vector lengths, total error of angles, multiplication of 233 
vectors errors by angles errors (as in [21]) as well as total error of vectors and angles. Calculating 234 
sensitivity and specificity, the classification accuracy of the algorithms was obtained, with the best 235 
result shown by the algorithm using the total error of angles (94.9%). This algorithm showed better 236 
results when compared with previous research based on multiplication of total errors algorithm. This 237 
new algorithm also requires considerably less parameters for classification of postures and exercise 238 
movements. 239 

In our study, when evaluating the classification accuracy of the exercises, we used results, such 240 
that the average accuracy for each participant and the average accuracy of the exercises, which were 241 
94.3% (SD 1.7%) and 94.2 % (SD 1.8 %) respectively. Those results are close to that of the previous 242 
research which used a different algorithm [21]. It proved difficult to improve those results in this 243 
study, and this may be related to the number of participants, environmental effects and technical 244 
specification of the sensor such as frequency of recording, sensor resolution, or the accuracy of the 245 
joints detection algorithm.  246 

More advanced marker-based motion capture systems can be used to improve the classification 247 
accuracy of the algorithms. Previous research has demonstrated that static error of tracking passive 248 
markers with Oqus (Qualisys) cameras was 0.15 mm and dynamic 0.26 mm [25] with much higher 249 
frequencies than that used by the Kinect v2 sensor. 250 

The definition of human posture can be applied not only for the creation of applications for 251 
rehabilitation, but also for monitoring the life of older people- for instance in the recording of a 252 
sudden fall. According to statistics, 28-35% of people over 65 years of age experience a fall [26], and 253 
often after that they need a period of rehabilitation. Such a monitoring system, could detect a posture 254 
of a person and alert relatives, neighbours or close friends in cases if a person had a heart attack, 255 
stroke or other complication and lying down on the floor. The time factor in such situation is very 256 
crucial and it will be directly correlated to recovery of a person.  257 

 258 

5. Conclusions 259 

Virtual or home rehabilitation using modern technologies can improve health and quality of life 260 
for many people. The algorithm for posture and movement classification used in this study 261 
demonstrated good results using a sensor. Those algorithms may be also applied in other motion 262 
capture systems and improve the accuracy.  263 

This posture and movement classification algorithm may also be used to monitor incidental falls 264 
in the elderly population that can be associated with a heart failure or a stroke and initiate a call for 265 
a help 266 
Author Contributions: Tatiana Klishkovskaia writing—original draft preparation, collecting data and analysis 267 
in Matlab; Andrey Aksenov was supervising, writing in English original draft, preparing the final paper.  268 
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