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ABSTRACT

The analysis of running patterns, especially those associated with fatigue, can help specialists in designing more efficient

workouts and preventing injuries in high-performance sports. However, classifying running patterns is not trivial for humans.

An interesting alternative is to use Machine Learning methods, such as Artificial Neural Networks (ANNs), to classify running

patterns. In this work, ground reaction forces are measured by sensors coupled to the base of a low-cost open-source treadmill.

ANNs are used to classify the force signals and to indicate the occurrence of fatigue. Different features, extracted from the

force signals, are proposed and investigated. A Genetic Algorithm (GA) is used to select the best features. The experimental

results indicate that the ANN is able to classify the running patterns with good accuracy. In addition, some features selected by

the GA provide important information regarding the identification of fatigue in treadmill running.

1 Introduction

The number of people who adopt running as a form of sports practice has grown in recent years. The increase in amateur

runners is primarily related to the physical, mental, financial, and ease-of-access benefits of running1. Many professional

athletes, from the most diverse sports, also practice running because of its many benefits. However, in contrast to its many

benefits, running can often cause musculoskeletal injuries2. There is scientific evidence indicating that the impact of the foot on

the floor is directly related to the chances of injury in joggers3. This observation denotes the importance of a careful analysis

of the ground reaction forces, mainly as a possible variable of control of the intensity of the run during training sessions of

amateur and professional athletes4.

In addition, the impact of the foot on the floor is also related to energy savings and performance5, 6. Researchers7, 8 suggested

that the pattern of running with the foot on the “forefoot” and bare feet, i.e., without the use of specific running shoes, is more

efficient compared to the “hindfoot” pattern with footwear. These studies analyzed the running patterns efficiency based on

energy savings, propulsion performance, and lower risk of injury.

In their most recent study, Lieberman et al.8 supported their statements by investigating the “transient impact” measure

when the foot touches the floor. The authors found that the values of transient impact were significantly lower when adopting a

“forefoot” step pattern, even without shoes with cushioning technology. Following this trend, sports shoe industry giants created

minimalist models for forefoot runners based on the barefoot running concept popularized by Lieberman and collaborators.

The previous studies make evident the importance of studying patterns of running through innovative methods and based on

different measures. Progress in this direction is increasingly present in the leading research laboratories and the main training

centers in the world. The ability to quickly identify changes in running patterns caused by fatigue is of great importance. Such

identification can assist in the development of more efficient training and the prevention of injuries. However, detecting changes

in the running movement is usually a complex task, as it requires a high level of perception from the observer/trainer. Moreover,

there is no decisive marker to define fatigue.

Given the complexity of running patterns associated with fatigue, some solutions that use computational models for the

automatic classification of running patterns have recently emerged. Pereira et al.9 proposed a computational model based on

Complex Networks to verify changes in body patterns during treadmill running. The proposed model used many variables

related to running and was employed in the analysis of the occurrence of fatigue. It is worth mentioning that the study did not

aim to identify changes that preceded the occurrence of fatigue. Furthermore, the variables used in the study were not processed



in real-time during running training. The application of the method during runner training sessions is therefore limited, unlike

methods that provided auditory10 or visual feedback11 to afford improvements in running biomechanics.

Machine Learning techniques operating in real-time are an interesting approach for verifying pattern changes during running.

This works proposes the use of an Artificial Neural Network (ANN) to classify running patterns online. ANNs have been

widely used in numerous applications, with emphasis on those that involve approximation of functions, prediction of time

series, classification, and processing of natural language12. Here, the inputs of the ANN are features extracted from ground

reaction forces captured by sensors (load cells) coupled to the base of a low-cost open-source treadmill. The outputs of the

ANN indicate the occurrence of fatigue. The ANN used in this work is an Multilayer Perceptron (MLP). Different features,

extracted from the force signals, are proposed and investigated.

Different features, extracted from the force signals, are proposed and analyzed. A Genetic Algorithm (GA) is used as a

search method to select the most significant features for the classification done by the ANN. GAs are population meta-heuristics

that have been successfully employed in feature selection in many Machine Learning problems13. Here, the analysis of relevant

features can also be important for understanding the main characteristics for detecting fatigue in treadmill running.

The remainder of the paper is organized as follows. Section 2 presents the proposed methodology. Section 3 presents the

experimental results. Finally, Section 4 presents the discussions of results and the conclusions.

2 Methods

The objective of this study is to classify running patterns from force signals emitted by load cells attached to an open-source

treadmill. The classification of fatigue is done according to the runner’s perceived exertion. Figure 1 shows the steps of the

proposed methodology; these steps are presented in the following.

2.1 Open-Source Treadmill
A low-cost and open-source treadmill was designed and built at the Biomechanics and Motor Control Laboratory (LaBioCoM),

of School of Physical Education and Sport of Ribeirão Preto, in a previous work supervised by one of the authors (Paulo R. P.

Santiago). The treadmill is composed of: i) upper metallic structure (where are fixed the engine, rollers, and canvas); ii) lower

metallic structure (where are fixed the force and tilt control modules); iii) rollers; iv) canvas; v) engine support.

In order to collect the ground reaction forces produced by the runner, four CTR load cells (MK Controle e Instrumentação

LTDA, São Paulo, Brazil) were attached to the base of the open-source treadmill. The capacity of each load cell is 1-ton

force. The force signals captured by each load cell are amplified by an MKTC-05 amplifier (MK Controle e Instrumentação

LTDA, São Paulo, Brazil). Then, the signals are sent by different channels to an analog/digital data acquisition board (National

Instruments, Texas, USA) that records data at the 1 GHz frequency. Finally, MATLAB (MathWorks, Massachusetts, USA) with

the Data Acquisition (DAQ) package is used for pre-processing.

2.2 Dataset and Pre-Processing
The dataset used for training and testing the MLP is obtained in running sessions performed in 5 days. A volunteer performed

60-second training sessions on the treadmill, maintaining a constant speed of 10 km/h. The experiments were performed

within the ethical standards set out in Resolution 466/12, of the National Health Council of 12/12/2012 (BRASIL, 2012) and

the Resolution of Helsinki (2001). The research was approved by the Research Ethics Committee of the School of Physical

Education and Sport of Ribeirão Preto, the University of São Paulo (opinion id: 2.311.522; CAAE: 70232317.2.0000.5659). A

code written in Python3.8 was developed for pre-processing the ground reaction forces signals.

To smooth out the noise present in the signals, a 4th-order digital Butterworth filter with a low-pass cut-off frequency of 59

Hz, available at the Scipy Library, was used. After applying the filter, the signals were normalized regarding the runner’s body

weight (BW). Then, the signals from the four sensors were added together, resulting in a single time series for each running

session. The next step was to selected the last 45 seconds of each session in order to remove artifacts. Finally, we automatically

split the signals in two: the signal generated by the right foot and the signal generated by the left foot. This is necessary because

the contact with the right foot on the treadmill generates a higher force signal on sensors 1 and 2, while the contact with the left

foot generates a higher force signal on sensors 3 and 4.

The MLP is trained by backpropagation12. The desired outputs (labels) are generated according to the Borg Rating of

perceived exertion14 during the running sessions. At the end of each session, the volunteer informed his perception of effort

during the exercise (label). The scale used for the perceived exertion ranges from 0 to 10. Two classes were defined based on

the scale values: i) “rested” for values from 0 to 7; ii) “tired” for values from 8 to 10.

The input of the MLP is a features vector extracted from the pre-processed force signals. Each time series generated in each

running session is split according to the steps of the runner. This is automatically done by the code developed by us. Every step

of the runner on the treadmill generates a time series window. Features are extracted from each time series window, i.e., each

step of the runner generates a subset of features. The MLP uses as inputs the features extracted by the two feet. In other words,
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a) Data Acquisition

acquisition of signals
during running sessions

definition of the class of the signals 
according to the Borg Rating of 

Perceived Exertion Scale

b) Pre-Processing of Signals

signal cleaning and normalization slicing of signals

c) Creation of the Dataset

features extraction feature vector

Dataset

left foot signal feature 
vector

right foot signal feature 
vector

d) Classification and Feature Selection

feature vector

feature vector before genetic algorithm

feature vector after genetic algorithm

classification 
of 

running pattern

 feature selection 
by genetic 
algorithm

Rest

Tired

MLP

Figure 1. Steps of the methodology proposed. a) Data acquisition: acquisition of signals emitted by the load cells attached

to the treadmill during 60 s running sessions; at the end of each session, the runner indicates the perceived exertion in order to

label the examples used for training and testing the ANN. b) Pre-processing of signals: noise is removed from the signals,

that are then normalized, and sliced one by one. c) Creation of the dataset: Extraction of the features of two consecutive

signals: a force signal produced by the right foot and a force signal produced by the left foot. A single example of the dataset is

composed of features extracted from two consecutive signals. d) Classification: the input of the MLP is a feature vector.

Feature selection is performed by the GA in order to improve the classifier performance. The selected features are then used to

train and test the MLP.
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an example of the dataset is composed of features extracted from a time series window generated by a step of the right foot and

features extracted from a time series window generated by a (consecutive) step of the left foot.

The MLP generates a classification (“rested” or “tired”) for every two steps of the runner on the treadmill, i.e., the features

extracted on two consecutive steps are averaged and presented to the MLP. Each running session generated an average of 62

examples. Different running sessions were performed in each of the five days. A total of 3.870 examples were obtained, with

2.558 labeled as “rested” and 1.312 labeled as “tired”. Table 1 presents the number of running sessions performed each day for

each class (label) .

Day Number of Running Sessions
Class (label) Number of Examples

Rested Tired Rested Tired

1 12 8 sessions 4 sessions 513 251

2 12 7 sessions 5 sessions 436 316

3 13 9 sessions 4 sessions 558 250

4 12 8 sessions 4 sessions 495 246

5 13 9 sessions 4 sessions 556 249

Table 1. The number of running sessions performed each day and the label and number of examples from each running

session.

2.3 Features Extraction
We use two strategies for defining the features extracted from the force signals: i) interview with a researcher, specialist in

the field of sports, and study of the literature related to the analysis of running patterns8, 15; ii) study of the literature related

to the classification of similar time series generated by human bodies, more specifically, the extraction of characteristics of

electrocardiogram (ECG) signals for the classification of cardiac arrhythmia16. We extracted two types of features: i) features

related to the shape of the signals, and ii) features extracted using Fast Fourier Analysis.

In their study, Lieberman et al.8 used the “transient impact” measures to investigate the relationship between foot touching

the floor in habitually barefoot versus shoe runners. In15, researchers analyzed the value of impact transient and other features

to determine whether differences in running biomechanical patterns exist between female runners with a history of prior Tibial

Stress Fracture and those who have never suffered this injury. The studies show that the variables related to “transient impact”

are helpful to analyze the biomechanical patterns in runners. Therefore, we extracted features related to the “transient impact”

in order to classify the running patterns and predict the fatigue in runners.

Here, we propose 15 shape features (for each foot). These features are computed based on peaks in the ground reaction

force (GRF) curves. These peaks are related to points of the foot that touch the floor during the running. The triangles, distances,

and areas in the example of Figure 2.a shows how the shape features are computed. They are:

• Value (magnitude) of the maximum peak (yellow triangle, vertical axis);

• Time to the maximum peak (yellow triangle, horizontal axis);

• Value of the first transient impact (red triangle, vertical axis);

• Time to the first transient impact (red triangle, horizontal axis);

• Value of the most inclined point (green triangle, vertical axis);

• Time to the most inclined point (green triangle, horizontal axis);

• Number of peaks;

• Duration of the foot contact (distance from the beginning to the end of the foot contact, horizontal axis);

• Integral of the curve of the foot contact (areas: green + red + yellow + blue);

• Integral of the curve up to the maximum peak point (areas: green + red + yellow);

• Integral of the curve up to the first transient impact (areas: green + red);

• Integral of the curve up to the greatest inclination over time (green area);
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• Integral of the curve from the first transient impact to the the maximum peak (yellow area);

• Integral of the curve from the most inclined point to the first transient impact (red area);

• Integral of the curve from the maximum peak to the end of the foot contact (blue area)

Ten features are extracted by using the Fast Fourier Transform. They correspond to the first ten amplitudes (for the first 10

frequencies) of the Fourier Transform (Figure 2.b). A code written in Python3.8 is used to extracted all 50 features (25 for each

foot).

(a) Shape features for the ground reaction force (GRF) signal.

(b) Example of the application of the Fast Fourier Transform.

Figure 2. Features extracted from the signal. a) Shape features. b) Fourier transform features.

2.4 Classification and Feature Selection

2.4.1 Performance Metrics and Cross-Validation

Different performance metrics were used to test the MLP. As an alternative to using MLP to classify the running patterns, we

used a Decision Tree as a classifier. Thus, the performance metrics were also used to compare the MLP and the Decision Tree.

The performance metrics are based on: i) the number of correctly classified examples of the class "tired" (true positives, t p);

ii) the number of correctly classified examples of the class "rested" (true negatives, tn); iii) the number of "tired" examples that

were incorrectly classified as "rested" (false positive, f p); iv) the number of "rested" examples that were incorrectly classified

as "tired" (false negative, f n). Based on them, we computed the accuracy (ACC), the true positive rate or sensitivity (T RP), the

specificity or true negative rate (SPC), and the F1-score (F1)17:

ACC =
t p+ tn

t p+ f n+ f p+ tn
(1)
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T PR =
t p

t p+ f n
(2)

SPC =
tn

f p+ tn
(3)

F1 − score =
t p

t p+ f n+ f p
2

(4)

In order to evaluate the results of the classifiers, k-fold Cross-Validation was used. In k-fold Cross-Validation, the dataset

is randomly divided into k folds. Then, the Machine Learning model is trained with k-1 folds and tested with one fold. This

process is repeated until all folds are tested. In order to reproduce a real-world situation, we consider Cross-Validation with 5

folds, where the data obtained in all the sessions of each the day make up each fold. Figure 3 shows how the Cross-Validation

was applied. The performance metrics were computed based on the confusion matrix obtained in 5-fold Cross-Validation. To

handle the unbalanced dataset, performance metrics incorporated weights.

2nd

3rd

4th

5th

1st

Day 2 Day 3 Day 4 Day 5Day 1

Test Train Train Train Train

Train Train Train TrainTest

Train Train Train TrainTest

Train Train

Train

TrainTestTrain

Train TrainTrain Test

Confusion matrix
1

Confusion matrix
2

Confusion matrix
3

Confusion matrix
4

Confusion matrix
5K

 in
te

ra
ct

io
n 

(k
-f

ol
d)

∑5
i=1

Confusion matrix
i
 

Figure 3. Each fold in the cross validation is made up of data from running sessions on a different day. Thus, the model is

trained and tested 5 times. A confusion matrix is generated for each training. The final confusion matrix, used to compute the

performance metrics, is obtained by summing the individual confusion matrices.

2.4.2 Multilayer Perceptron

The MLP, used for classifying the running patterns, was developed in Python3.8 by using TensorFlow. Initial experiments

(not shown here) were run in order to set the initial hyper-parameters of the MLP. The MLP hyper-parametes, used in the

experiments presented in Section 3, are shown in Table 2.

Hyper-Parameter Values

Optimizer Adam

Activation Function Relu

Number of Hidden Layers 1

Number of Neurons in the Hidden Layer (nh) nh = na +2, where na is the number of inputs (features)

Loss Function Binary cross entropy

Learning Rate 0.001

Batch Size 64

Epochs 500

Table 2. Hyper-parametes of the MLP.

2.4.3 Genetic Algorithm

The wrapper approach is used for selecting features for the classifier (MLP). In this approach, an optimization algorithm finds

subsets of features that, when used by the classifier, minimize the classification error. In this work, we use a GA, implemented

in Python3.8, as the optimization algorithm for the feature selection problem. The characteristics of the GA used in this work

are:
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• Codification: The chromosome of each individual of the population is a binary vector indicating the selected features.

The i-th element of the chromosome indicates if the i-th feature (of the set of features) is selected (1) or not (0). .

• Evaluation: In order to evaluate the subset of features codified in the chromosome of the individual, we first train the

MLP by using the examples for the first two days. Then, the MLP is tested with the examples of the third day. The fitness

of the individual with chromosome c is composed of two terms:

f (c) = ACC(c)×α +(1−
n

N
) (5)

where ACC(c) is the accuracy of the MLP with features given by c, α is parameter that controls the relative importance

of each of the two terms, n is number of selected features (number of 1´s in c), and N is the total number of features

in the original set of features. The second term of Eq. 5 is higher for subsets with fewer features. The fitness function

should be maximized by the GA; thus, we want to find subsets with few features that result in high accuracy.

• Reproduction and Selection: Individuals are reproduced by two-point crossover and flip mutation. Tournament

selection, where the best of kt randomly chosen individuals is selected, is applied. Elitism is also applied to select the

best individual in the population.

Based on preliminary experiments, the following parameters were chosen: number of generations equal to 100, population

size equal to 100, α = 4.5, probability of crossover equal to 0.6, probability of mutation equal to 1
n
, where n is number of

selected features (number of 1´s in c) , and kt = 2.

2.5 Sliding Window Technique

The proposed classification system presented in the previous sections returns an output ("tired" or "rested") for each two steps of

the runner. The classification can be improved when two or more consecutive outputs are taken in account. The data collected

in a running session is a time series, where we expect that the Borg Rating of Perceived Exertion does not change very much in

consecutive steps. Thus, a sliding window technique with overlap, where the classification is performed considering windows

of outputs, is tested in the experiments. The application of this technique is illustrated in Figure 4 where X represents the sliding

window size and Xinc represents the increment for the next sliding window.

.

.

.

. . .

Test Data

Rested Tired

Rested

Tired

. . .

X = 3 samples

one sample

. . .. . .

X
inc

 = 1 sample

overlap

Figure 4. Example of the sliding window technique.

3 Results

In this section, we present results of three experiments. In the first one, the MLP with all features presented in Section 2.3

is tested. Then, results of the MLP with features selected by the GA are presented. Finally, the MLP is compared to another

Machine Learning model.

3.1 MLP with all features

The performance of MLP using all features with and without the sliding window technique is presented in Table 3. The small

true positive rate (TRP) indicates that the MLP (without the sliding window) does not classify well the examples with the label
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Without Sliding

Window Technique

With Sliding

Window Technique

ACC TRP SPC F1-score ACC TRP SPC F1-score

0.68 0.52 0.80 0.58 0.76 0.61 0.87 0.68

Table 3. Performance of the MLP with all features.

"tired". However, the sliding window technique improve the performance of the classifier and decrease errors that occur in

some specific positions. As a result, all performance metrics are substantially improved.

Figure 5 shows the percentage of errors of the MLP according to the values of the Borg Rating of Perceived Exertion Scale

(RPE) for each example. One can remember that the value of RPE at the end of each running session is used to create the label

of the training and testing examples; examples are labeled as “rested” for RPE from 0 to 7 and “tired” for RPE from 8 to 10.

The percentage of errors is obtained by computing the number of errors that occur in the classification of examples matching a

certain value of RPE. The figure shows that the number of errors for the class "rested" increases when the RPE increases. The

maximum percentage of errors occurs when RPE is equal to 7, that is the maximum value for the class "rested".

0 1 2 3 4 5 6 7 8 9 10
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39.64%

34.29%

Figure 5. Percentage of errors regarding the Borg Rating of Perceived Exertion Scale (RPE).

3.2 MLP with features selected by the GA

The GA was run ten times with different random seeds. At the end of each run, the feature vector for the best individual was

selected. Feature vectors obtained in different runs of GA are generally different local optima; so we analyzed the frequency

that each feature appeared in the best individuals obtained in the different runs. Then, the features that appeared more often in

the best individuals for the different run were selected. This new feature vector are then used in the MLP.

We tested the MLP with "10%" to "90%" of the most frequent features. For example, when the frequency was "50%", 4

features appeared in the best individuals of at least 5 out of 10 runs of the GA. Table 4 shows the performance of the MLP

using feature vectors considering different frequencies. The best performance was obtained for frequency equal to 40%, when

5 features were used by the MLP. They are: i) Value of the first transient impact for the right foot; ii) Third amplitude of the

Fourier Transform for the right foot; iii) Number of peaks for the left foot; iv) Integral of the curve from the first transient

impact to the the maximum peak for the left foot; v) Eighth amplitude of the Fourier Transform for the left foot.

3.3 Comparison to other Machine Learning model

The performance of a Decision Tree, implemented in SciKit-Learn with the standard hyper-parameters, was compared to the

performance of MLP. The Decision Tree is a symbolic model that is one of the most popular Machine Learning models. Table

5 shows the performance of the Decision Tree and the MLP with all features. Moreover, one can observe that the MLP presents

a better performance than the Decision Tree.
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Number of

features
Frequency

Without Sliding

Window Technique

With Sliding

Window Technique

ACC TRP SPC F1-score ACC TRP SPC F1-score

19 >= 10% 0.62 0.46 0.76 0.53 0.69 0.53 0.82 0.60

14 >= 20% 0.63 0.47 0.76 0.53 0.69 0.52 0.81 0.59

9 >= 30% 0.61 0.45 0.75 0.51 0.68 0.51 0.80 0.57

5 >= 40% 0.65 0.49 0.77 0.54 0.72 0.56 0.81 0.61

4 >= 50% 0.60 0.43 0.73 0.48 0.64 0.46 0.76 0.51

4 >= 60% 0.60 0.43 0.73 0.48 0.64 0.46 0.76 0.51

2 >= 70% 0.62 0.45 0.74 0.50 0.69 0.52 0.78 0.55

2 >= 80% 0.62 0.45 0.74 0.50 0.69 0.52 0.78 0.55

1 >= 90% 0.66 0.49 0.69 0.34 0.68 0.59 0.68 0.13

Table 4. Performance of the MLP with features selected by the GA.

Model

Without Sliding

Window Technique

With Sliding

Window Technique

ACC TRP SPC F1-score ACC TRP SPC F1-score

Multilayer Perceptron 0.68 0.52 0.80 0.58 0.76 0.61 0.87 0.68

Decision Tree 0.60 0.42 0.71 0.44 0.67 0.51 0.73 0.46

Table 5. Performance of the Decision Tree and MLP with all features.

4 Discussion and Conclusions

In the present study, we proposed to use an MLP to classify running patterns associated with fatigue on a low-cost open-source

treadmill. Features extracted from force signals emitted by load cells are used as inputs by the MLP. We proposed the use of

different features for this task. In order to improve the performance of the classifier and reduce the number of inputs of MLP,

we used a GA for wrapper feature selection.

The MLP presented better results that the Decision Tree regarding all performance metrics (Table 5). According to Table

3 the MLP with all features obtained 0.68 of accuracy and 0.80 of specificity. However, the sensitivity of the MLP was just

0.52 and the F1-score was 0.58. This result shows that the MLP (without the sliding window technique) was not efficient in

classifying samples of the "tired" class. In order to improve the metrics obtained by the classifier, we used a sliding window

technique to minimize the errors that occur in some specific examples that have similar consecutive outputs. When sliding

window technique was used, the MLP improved all performance metrics (ACC=0.76, TRP=0.61, SPC=0.87, and F1=0.68).

When the errors where analyzed according to the Borg Rating of Perceived Exertion Scale - RPE (Figure 5), it is possible to

observe that the number of errors increased when RPE increased for the class "rested". The highest number of errors occurred

for RPE=7, that was the highest value of RPE for the class "rested". These results indicate that the subjective rating for the

perceived exertion performed by the volunteer caused some errors for examples of the class "rested" obtained close to the

transition to the class "tired". This is an interesting finding, indicating that a more robust labeling technique can be used in the

future to improve the proposed method. Another possible future work in this direction is to consider the problem as a regression

instead of classification problem; in this case, the MLP will be used to predict the RPE instead of classifying between two

classes ("rested" and "tired").

Regarding the feature selection experiments, the best performance was obtained by an MLP with only 5 features (Table 3).

The performance of the MLP with feature selection, when compared to the MLP with all features, were worse (ACC=0.72,

TRP=0.56, SPC=0.81, and F1=0.61). However, it is surprising that with just 5 out of 50 features, the MLP was able to obtain

an accuracy almost as good as when all features were used. The selected features also helps understanding the identification

of fatigue in treadmill running. The best feature vector (Section 3.2) had two features that represent the slope of the curve

generated by the contact of the feet on the floor: i) Value of first transient impact for the right foot; ii) Integral of the curve from

the first transient impact to the the maximum peak for the left foot. These findings suggest that there is a significant difference

between the slope of the curves when the runner is rested and tired. Moreover, the value of the first transient impact for the right

foot corresponds to the feature used by Lieberman et al. (2010)8 to study the foot strike pattern in runners. Finally, the number
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of peaks is related to the different points of the foot that touch the ground; when the runner is tired, this pattern changes, i.e.,

the number of peaks is an important marker for differentiating the running patterns.

The results show that the MLP is able to classify the running patterns by using the ground reaction forces signals. This

work suggests new possibilities to assist in the development of more efficient training and the prevention of athlete’s injuries. In

the proposed method, the dataset is composed of examples generated in running sessions of just one user. However, the same

methodology can be used in the future to classify running patterns of different users. The impact of classifying running patterns

of different users should be investigated in the future. Also, we can consider different labels for the running patterns in the

future. Finally, other Machine Learning models and features can be considered.
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