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 Abstract: Physiotherapy exercises are necessary to patients to restore their functional abilities in 
many cases as disabilities, injury, or basic with complementary approach as balneotherapy. 
Different type of exercised and different template sessions are used depending on the medical 
diagnostics. The evaluation of effectiveness of these exercises are important for patient’s 
rehabilitation process as time and level of recovery of locomotor skills.  A dataset publicly available 
(Physical Therapy Exercises) is used for classification of session of repeated exercises that includes 
movement executed correct (C), fast execution (F) and low-amplitude execution (L). A novel 
approach is proposed by using segmentation of signal using deep learning neural network followed 
by a convolutional neural network for classification of sequence of the labeled classes L,C, F, and N 
(a new class introduced to label the noise of sensor of exercised or incorrect movement of the patient. 
The signal is extensively analyzed in order to made and corresponding labeling  for analyzing 
using sliding window with a drive user selected length. The accuracy of classification is greater than 
96% and sensitivity is greater than 95%  but the results can be better if the labelling of N class is 
more restrictive and the effect of imbalanced dataset is reduced. 
 
Keywords: physiotherapy exercises; segmentation techniques; deep learning neural networks, clas-
sification; imbalanced dataset 
 
1. Introduction 

The physical activities and complementary therapies  as balneotherapy [1] play an  
 important role in patient’s rehabilitation after trauma, muscle diseases or muscle atrophy   
 due to bed rest.  A common approach to evaluate the outcomes of physical rehab and 
the treatment success (that can take several week of even months) is the patient-reported 
outcome measures (PROMs) from questionnaires [2].  The method of questionary is 
inherently subjective and the results can create controversial debates by medical point of 
view. A more objective measure computational useful can be used in order to obtain 

accurate data: motion measure capture (by video images) [3-4] and positional ones based 
on inertial sensors [5-9]. 

A benchmark dataset, KIMORE is used in [3]. The features are extracted from Kinect 
V2 sensor as video frame and the skeleton parameters fed a Deep Density Neural network 
to predict the exercise score. In [4], the authors used You-Tube video dataset 
(physiotherapy video dataset), a set of various actions of human beings (classified a sub-
activities). As classifier, the authors used Strawberry-based recurrent neural framework 
(SbRNF) algorithm for classification with a complex pre-processing data algorithm [4]. 

It is enough hard to extract the information from video images human activity 
recognition. A more effective methods is to use a set of inertial measurement units (IMUs) 
places on the human body and collect the information from accelerometers, gyroscopes 
and magnetometers from each IMUs in real-time 1D signals. 
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A measurement system consisting of 17 inertial measurement units is proposed in 
[5]. The dataset of four Functional Movement Screening exercises is used for 3374 usable 
repetitions.  The human body is divided into 17 segments, to each of which an IMU is 
attached. The signals are used as input for CNN-LSTM deep learning architecture 
(Convolutional Neural Network - Long-Short Term Memory) with four labeled classes:  
“1” (incomplete execution, even with compensation movements), “2” (complete execution 
with compensation movements) and “3” (perfect execution) are assigned, and  “0” when 
pain occurs. 

Raw data from IMUs are used to classify the human activities dataset into four actions 
[6]. The paper has a large par allocated to mathematical part, a dynamic convolutional 
neural network (D-CNN) and a state transition probability CNN (S-CNN) for classifier 
along with modified Lempel–Ziv–Welch (LZW) algorithm from information  theory  to 
extract the transition probabilities and discriminate features of movements. The 
computation effort is an important one (as the coding of entire system) with an accuracy 
between 98.50%-99.67% for training stage and  between 84.65%-98.73% for test stage [6]. 
A close related approach is used in [7] with the main modification is that the method is 
applied for more than four classes of action. 

The approach from this paper is focused on the results obtained in [8-9] using the 
same dataset [10]. A multi-template multi-match dynamic time warping(MTMM-DTW) 
algorithm is proposed in [8],  to detect multiple occurrences in exercise type in the 
recording from sensors of a physical therapy session. In [9], the authors used the same 
dataset with deep learning approach for classifier: DNN (Deep Learning Neural Network) 
based on autoencoders; CNN (Convolutional Neural Network) based on LSTM; CNN 
with transfer learning over Alexnet;   Bidirectional LSTM and Muli-Layer LSTM. The 
accuracy obtained is greater than 95% and the average sensitivity is greater than 95% using 
recurrent neural networks (RNN). 

2. Results 
The dataset used in this paper is [10], the same as the one used in [8-9]. The dataset is 

organized in text files 5 subjects, 8 types of exercises and 5 sensor units (each of them 
having accelerometer-acc, gyroscope-gyr and magnetometer-mag on X,Y and Z axis). The 
records for template session have a set of repetition of each three types (C, F, L) meanwhile 
the test session has 10 repetitions for each execution type. The sampling rate fs=25 Hz 
(T=1/fs=0.04 s). 

 

 
 

Figure 1. The record with correct template of the three movements (C, F, L) 

The set of time series is imbalanced but in the papers that used this database [8-9], 
the set is uses as it is. Moreover, a closer analysis of signals reveals that this pattern of 3 
repetition of type of exercise that are clearly well executed (Figure 1) can have only 2 
repetitions on of sometime parts of exercises are wrong executed or in an incomplete form 
that visually inspection cannot identify one of the tree classes (C,L,F) to them belong the 
window of signal (Figure 2, Figure 3). 
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Figure 2.  A record from template set that has an incomplete exercise set (C and L only) 

 
 

Figure 3. An example of template set with practically no movement in exercises (the class labeled as 
N in proposed application). 

 
 

Figure 4. The record with correct correct of three set or repeated movements in test group (C, F, L). 

 
 

Figure 5. An example of template set with practically no movement in exercises in test group (the 
class labeled as N in proposed application). 

 
 

Figure 6. An example of template set for gyroscope sensor, template case (the classes C,F, L can be 
clearly segmented). 

The authors split from start the records in template set and in test set. The situation 
described in the previous section occurs sometime in the test set (Figure 4, Figure 5). The 
shape of the single exercise for magnetometer type is close somewhat to the accelerometer 
one meanwhile the shape of gyroscope, when it is correct is very different one (Figure 6, 
Figure 7). 
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Figure 7. An example of template set for gyroscope sensor, test case (the classes C,F, L can be clearly 
segmented). 

The test records for  gyroscope sensors have many shapes that look like a noise but 
the distribution of the value is not close to a normal, Gaussian or Poisson one.  

By this point of view, analyzing the records from dataset one by one in order to 
perform amanually labelling of classed as time series for segmentation there is a clearly 
imbalanced database, as the authors mentioned in  [8-9].  They are commonly to main 
methods to use to generate suitable training data sets for imbalances set of records: 
oversampling and downsampling. While oversampling adds new samples of the minority 
class, undersampling (or downsampling) reduces the number of samples in the majority 
class [11-12]. In order to avoid the reduce the dataset, the oversampling method is 
preferred,  the T-SMOTE as easiest to be implementable with good performances.  

The waveforms are classes are labelled manually with a letter for each point in 
dataset. There are repeated exercises in group of three or ten in alternating classes in order 
C, F and L with not automatically sliced in records with one single exercise repeated. This 
complicated the problem so we take  as sliding window the length of time series from 
template case w = 854. The records from template has the length in the range [854, 945] 
(the range is [5053, 502] for test case) so we will use a sliding window for take all in account 
all the values of dataset. 

After segmentation the signal use a classifier (deep neural network - DNN) to predict 
the four classes: C, F, L and N.  The accuracy (acc) for multiclass classification in this 
paper is defined simply as: 

acc= correct predictions/all predictions (1)

The accuracy obtained is greater than 95% and the average sensitivity is greater than 
95%. 

3. Discussion 
Accuracy when is applied multiclass as metric of performance to reflects the overall 

correctness of the model [13]. However, the macro-averaged F1 score is the most suitable 
measure for multiclass classification. Cohen's Kappa Score can be sometime contradictory 
so it is avoided in this paper [14].  

The results are clearly dependent of how was labelled the segments in template set. 
There are three specialist that made this  but it is not official one. The concordant opinion 
was chosen rho represent the final labels for template and test case. So, it is clear that a 
subjective part (even in a very small percent) is present in the method.   

Counterpart, the proposed method that uses a sliding window and segmentation 
doesn’t depend of how many repetitions occurs and how were ordered the sequence of 
groups of repeated exercise. 

The accuracy of results in deep learning methods is depending on the training set, 
and the selection of what DNN learning in order to have good accuracy in the test case. 
By solving the imbalance problem of this dataset, the learning set offers the maximum 
possibility to DNN to learn a large types of dataset waveforms in order to perform good 
classification. 

The results are very good, in some cases better the results presented in literature the 
justify the proposed algorithms. 
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4. Materials and Methods 
The block diagram used in this paper is represented in Figure 8. The Segmentation 

Block (SB) has taken into account three DNN: LSTM, U-NET and U-NET++. The classifier 
block (CB) with four classes at outputs, softmax layer for classification in order to permit 
a Bayesian multi-class approach has three options: dense net (multilayer perceptron), 
AlexNet, GRU (Gated Recurrent Unit) and 1D-ResNet [15-16].  The best result is achieved 
with the combination U-NET and 1D-ResNet. 

 

  
Figure 8.  The block schema of the proposed method. 

  

Figure 9.  .  The block schema of the proposed method: Segmentation block – U-net and Classifier 
Block – dense network. 

The learning stage is split in two: SB is trained first to perform the maximum accuracy 
in the segmentation of 1D record. Thereafter the CB is trained using as input the 
segmented signals. The final decision is taken window with window as label of the 
maximum output softmax node. In the case of two ore more equal values, the decision is 
N, take by empirical analysis of signals that give this result.   

In the further research, the approach is to use a fusion of SB and CB and perform a 
train on the fused network. Also the segmentation will be refined in order to have a more 
accurate representation by human specialists. 

The method works actually for the dataset as it is available in [9]. If a person has some 
neuromuscular disease the record are clearly more complex and a more sophisticated  
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analysis is necessary. Also, during rehabilitation, for the same patient will bet a sequential 
record from sensors, they can give a view over efficacy of therapy methods. But this need 
a set of new records at different moment of time (monthly or weekly, e.g.) and also 
specialist that evaluate the percent of patients’ recovery. This approach is a target for 
future research. 
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