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Abstract— Machine Learning is a subgroup of Artificial Intelligence in 

which we use algorithms and methods to identify patterns and data with high 

volume. Tools such as Logistic Regression, K-Means, Dummy Classifier, 

Random Forest, KNN and SVM are very useful in identifying patterns. Deep 

Learning, a subgroup of Machine Learning, uses algorithms that mimic the 

neural network of the human brain, this network can be built by stacking 

layers of neurons, fed by large volumes of data, capable of performing 

classification tasks, impossible for humans. Tools such as RNA and RNC are 

examples used in Deep Learning. The use of these tools in the classification 

of types of footsteps (acquired data to be classified), applied to health, is very 

useful in speeding up the response of diagnoses with precise answers, 

helping physicians, physiotherapists, physical educators and scientists to 

employ and develop more efficient treatments, effective, and improve the 

health and quality of life of patients. 

I. INTRODUCTION 

Machine Learning (ML) is a sub-area of Artificial 

Intelligence (AI) whose main objective is the use of 

algorithms and methods for detecting patterns obtained 

from data with large volumes. In addition, ML allows 

predicting future patterns, in addition to classification, and 

being able to base decision-making on these results 

(MURPHY, 2012). 

The ML field has grown significantly over the last few 

decades. Currently, ML has been employed in several areas 

(scientific and commercial) (JORDAN, MITCHELL, 

2015). Examples include speech recognition, computer 

vision, robot control, and natural language processing. 

Problems solved by ML are usually of high complexity, 

composed of a large volume of input data. These problems 

are then divided into smaller problems, which are solved, 

composing the overall answer to the larger problem 

(JORDAN, MITCHELL, 2015). Several studies have used 

ML applications to solve problems such as those seen in 

(ABEDI, 2012; BENTLEY, 1975; BISHOP, 2006; 

BREIMAN, 1986; BREIMAN, 2001; BREIMAN, 2017; 

CANNATA, 2011; HUANG, 2022 ; MASOTTI, 2006; 

PETRELLI, 2017; PETRELLI, 2020; PETRELLI, 2016; 

PETRELLI, 2003; PETRELLI, 2003; ZUO, 2011). 

A common feature of methods belonging to ML is that they 

are not developed to process a conceptual model defined a 

priori, but rather try to discover the complexities of large 

datasets through the so-called learning process (BISHOP, 

2006; SHAI, 2013). The purpose of the process is to convert 

experience into “expertise” or “knowledge” (SHAI, 2013). 

In this way, we can make an analogy of this concept with 

the form of human learning, which learns something new 

based on lived experiences. 

Examples of methods belonging to ML include Logistic 

Regression, K-Means grouping (clustering algorithm or 

cluster analysis), Dummy Classifier, Random Forest, KNN 

(K Nearest Neighbor) and SVM (support-vector machine) 

(GÉRON, 2019) . 
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Another important subgroup of Machine Learning, with 

useful tools for pattern recognition, detection and 

prediction, is Deep Learning (DL). Deep Learning is 

currently an extremely active research area, which has 

achieved great success in a wide range of applications, such 

as speech recognition, computer vision, among others. 

Companies like Google and Facebook analyze large 

volumes of data extracted from various applications using 

DL concepts, for example, applications for translation, 

speech pattern recognition and computer vision. (GRACE, 

et al., 2018; COPELAND, 2016). DL is based on the 

architecture of the human brain, to build a set of virtual units 

(perceptron) which will compose an intelligent machine. 

This is the basis of an artificial neural network (ANN). An 

ANN is a ML model inspired by the network of biological 

neurons in the brain (GÉRON, 2019). 

Deep Learning is the style of machine learning that is done 

with a deep neural network, in essence, an accurate 

perception of artificial intelligence, which looks like a 

human being and is capable of generating content based on 

learning from this assimilation. DL algorithms are able to 

analyze unstructured data without any kind of pre-

processing or supervision (GOODFELLOW, BENGIO, 

COURVILLE, 2016). 

Among the numerous existing applications of Machine 

Learning, we have the health area. Among the targeted 

works, we can mention the work proposed by Schmidt et al. 

(2018) and APACHE II (Acute Physiology and Chronic 

Health Evaluation), A Model for Predicting Mortality in 

Intensive Care Units Based on Deep Learning, uses the DL 

technique to predict risk of death to make therapeutic 

decisions more efficient. 

Santos et al. (2017), in An Approach to Classifying 

Dermatoscopic Images Using Deep Learning with 

Convolutional Neural Networks, automatically identifies 

melanoma in images, using DL with convolutional neural 

networks, obtaining 91.05% accuracy. 

In Silva (2017), Detection of Epileptic Seizures in 

Electroencephalograms Using Deep Learning, aims to 

classify intracranial electroencephalogram (iEEG) exams, 

for recognition and cataloging of epileptic seizures in 

humans. 

In the paper by Secretary and Pires (2018), Use of Computer 

Vision for Automatic Cell Counting in Images Obtained by 

Microscopes, used DL techniques like CNN in the 

development of an automatic cell counter to visualize and 

analyze the images, in order to facilitate diagnostic and 

treatment.  

Further specifying our area of implementation, we can cite 

the NASCIMENTO (2019) and VIEIRA (2018). The first 

aims to develop a wearable device, based on inertial sensors 

and artificial neural network (ANN) to identify the type of 

stepping during gait, to aid diagnosis and follow-up to be 

carried out by health professionals. The data obtained were 

used for feature extraction and arranged as inputs in a 

multilayer Perceptron-type ANN (Multilayer Perceptron-

MLP) to perform the classification of footfall types. The 

second aims to develop an instrumented insole, based on 

ceramic piezoelectric sensors and artificial neural networks 

to identify the type of step; and thus help in analyzes and 

diagnoses of health professionals. Plantar pressure is used 

in studies of postural correction, movement analysis, 

correction of the type of stepping and identification of 

diseases in the plantar region. With the input data being fed 

by plantar pressures, they were processed and divided into 

samples, which were used as the database of the 

implemented ANN. 

In this work, Machine Learning tools will be applied to data 

acquired through sensors arranged in insoles for 

characterization, classification and recognition of the types 

of steps. These data were treated and organized in order to 

be provided as input for logistic regression, k-means, 

dummy classifier, random forest, KNN, SVM, RNA and 

RNC methods. The results were compared and concluded in 

order to show the method with the most accurate response 

to this situation. 

 

II. METHODOLOGY 

The analysis of the type of footsteps is of fundamental 

importance in the health treatment and diagnosis of the most 

varied types of diseases (NASCIMENTO, 2019). This 

analysis is provided by the use of inertial sensors, which 

have low cost, reduced size and low energy consumption 

(BERAVS et al., 2011). Step analysis systems based on 

these sensors bring benefits to measure and establish 

metrics on the individual's health (MARTINEZ-MENDEZ; 

SEKINE; TAMURA, 2011). Among the possibilities of 

arrangements for acquiring data related to footsteps, we 

have the in-shoe systems. These are insole-shaped 

acquisition systems that are installed inside the shoes, 

allowing analysis in external environments and in dynamic 

daily activities. This type of technology allows for greater 

mobility and its operation is based on measuring the plantar 

pressure between the foot and the sole of the shoe (PEDAR 

SYSTEM, 2019; TECKSCAN, 2019). 

The Pedar© system Figure 2-A) has up to 1024 capacitive 

sensors, NiMH battery power, data communication via USB 

or Bluetooth® and 32 MB internal flash memory for storing 

information (PEDAR SYSTEM, 2019). The F-scan© 

system (Figure 2-B) uses 25 resistive sensors per square 

inch, has an acquisition frequency of up to 600 Hz, battery 

http://www.ijaers.com/
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power and data communication via USB and Wi-Fi™ 

(TECKSCAN, 2019). 

 

Fig.1 - in-shoe system.. 

Source: (PEDAR SYSTEM, 2019; TECKSCAN, 2019). 

 

The data obtained in the in-shoe arrangement had the 

organization shown in figure 2. 

Fig.2 –Insole, on the right foot, mounted with 9 

piezoresistive sensors (s1, s2, s3, s4, s5, s6, s7, s8, s9), for 

testing. 

Source: Author. 

 

The sensors used were piezoelectric, which have the 

characteristic of presenting a change in electrical charge 

proportional to the direction applied to the mechanical 

stress. The opposite also occurs, that is, there will be a 

deformation proportional to an application of an electric 

field (WEBSTER, 1999). These sensors, when subjected to 

the action of a force, generate a signal in the electrical 

voltage, adapting to the requirements of the experiment to 

be used. The tension value varies directly proportional to the 

force applied to the sensor, which in the experiment is the 

plantar pressure (VIERIA, 2018).  

In the literature, the plantar region can be divided between 

the regions of the foot into four main parts: Hindfoot, 

Midfoot, Forefoot and Hallux (WAFAI et al, 2015; 

RODRIGUES et al, 2014; SHU et al, 2009). Returning to 

figure 2, we have the arrangement of the sensors in the 

insole and the designation of each of the regions described. 

Regarding the number of points in the division of the plantar 

region, the most used premise is the verification of which 

analyzes would be developed with the instrumented insole 

(RAZAK et al, 2012). For example, in the Hindfoot, to 

measure only the pressure in this region, only one point is 

needed to cover the region; however, for gait type 

measurement, two points (minimum) are required (inner 

and outer regions). This process is repeated for all other 

plantar regions (WAFAI et al, 2015; RODRIGUES et al, 

2014; SHU et al, 2009). 

Figure 3 - Types of bone alignments for the right foot, 

being pronated footing (left), neutral footing (center) and 

supination footing (right) (rear view). 

 

 

 

 

 

 

Source: adapted from Norris (2011) 

Having the technical introduction of the data collection tool 

used with its references, we can classify the types of steps. 

There are three main types of stepping. The first type is 

pronation (pronated stepping), which is characterized by the 

inward misalignment of the bone structures of the ankle, 

generating greater application of force in the inner region of 

the foot (Figure 3). The second type is neutral (neutral 

stepping), the step is performed correctly, better distributing 

pressure throughout the foot. The third type is the supinated 

step (supinated step), with the step outside, forcing the 

outside of the foot (GUIMARÃES et al, 2000; SILVA, 

2015). 

Having introduced the relevant concepts to the equipment, 

we developed in more detail the ML methods used, the 

objective of this work. 

The first method to be described is logistic regression. This 

method is commonly used to estimate the probability that 

an instance belongs to a particular class. If the estimated 

probability is greater than 50%, then the model predicts that 

the instance belongs to this class (called the positive class, 

labeled "1), and otherwise it predicts that it does not (i.e., it 

belongs to the negative class, labeled “0”). This makes it a 

binary classifier. 

As with the linear regression model, the regression model 

calculates a weighted sum of the input features (plus a bias 

term), but instead of producing the result directly as the 

Linear Regression model does, it outputs the logistic of this 

result. , given in the equation below: 

𝑝̂ = ℎ𝜃(𝑥) = 𝜎(𝑥𝑇𝜃)   (1) 

The logistic function, denoted by 𝜎, is a sigmoid function, 

which returns a number between 0 and 1. This function is 

represented by equation (2), shown in figure 4. 

𝜎(𝑡) =
1

1+𝑒𝑥𝑝(−𝑡)

    (2) 
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Fig.4 - Logístic function. 

Source: Author. 

 

Once the Logistic Regression model has estimated the 

probability 𝑝̂ = ℎ𝜃(𝑥), which is an instance x belonging to 

the positive class, it can make its prediction ŷ easily with 

equation (3): 

𝑦̂ = 0, 𝑖𝑓 𝑝̂ < 0.5 𝑜𝑟 𝑦̂ = 1, 𝑖𝑓 𝑝̂ ≥ 0.5  (3) 

Notice that 𝜎(𝑡) < 0.5 when 𝑡 < 0, and 𝜎(𝑡) ≥ 0.5 when 

𝑡 ≥ 0. Thus, the Logistic Regression model predicts 1 if 

𝑥𝑇𝜃 is positive and 0 if it is negative (GÉRON, 2019). 

The next method used to recognize the type of footfall was 

K-Means. This method is based on clustering, that is, 

depending on the context, data can be labeled in sets with 

similar characteristics. For ungrouped data, the K-Means 

method is a simple algorithm capable of grouping data into 

similar datasets very quickly and efficiently, usually in just 

a few iterations. It was proposed by Stuart Lloyd at Bell 

Labs in 1957 as a technique for pulse code modulation, but 

was not published outside the company until 1982. In 1965, 

Edward W. Forgy published virtually the same algorithm, 

so K-Means sometimes is referred to as Lloyd-Forgy 

(LLOYD, 1982). 

K-Means follows some basic steps like: 

1 - choose a centroid 𝑐(1), randomly from the data set; 

2 - choose a new centroid 𝑐(𝑖), according to the instance 𝑥(𝑖) 

with probability 𝐷(𝑥(𝑖))2/ ∑𝑚
𝑗=1 𝐷(𝑥(𝑗))2, where 𝐷(𝑥(𝑖)) 

is the distance between the instance 𝑥(𝑖) (sample of the 

dataset) and the closest centroid that has already been 

chosen. This probability distribution ensures that instances 

farthest from the already chosen centroids are much more 

likely to be selected as centroids. 

3 - repeat the previous steps until all k centroids have been 

chosen. 

The number of k clusters can be calculated according to the 

best response obtained by this method. Initially, we can 

consider k = 5. Not always k = 5 will generate a satisfactory 

result, which can even generate a poor quality output. Thus, 

to assist in choosing the most appropriate value of k, we use 

the Inertia function.  

The inertia function does not behave properly when trying 

to choose k when we have many clusters, as it decreases as 

we increase k. In fact, the more clusters there are, the closer 

each instance is to its nearest centroid, and therefore the 

lower the inertia. Note figure 4: 

 

Fig.4 -inertia function x number of clusters. The curve 

shown usually contains an inflection point called an 

“elbow”. 

Source: Modified from (GÉRON, 2019). 

 

As shown, the inertia decays rapidly as we increase k up to 

4. For values above 4, the function decays more slowly. This 

curve is roughly arm-shaped, and there is an “elbow” at k = 

4. So, if we didn't know, k = 4 would be a good choice: any 

lower value would be overfitted, while any higher value 

would not. would have an adequate result, and we could be 

splitting perfectly good clusters in half for no reason 

(GÉRON, 2019). 

As in the logistic regression method, in K-Means we use the 

Scikit-learn package to apply the methods to the data set. 

The dummy classifier method is a type of classifier that does 

not generate any insights into the data, and classifies them 

using only simple rules. The behavior of the classifier is 

completely independent of the training data as trends in the 

training data are completely ignored and instead it uses one 

of the strategies to predict the class label. This method is 

only used as a simple baseline for the other classifiers, i.e. 

any other classifier is expected to perform better on the 

given dataset. It is especially useful for datasets where a 

class imbalance is certain. It is based on the philosophy that 

any analytical approach to a classification problem must be 

better than a random guessing approach. 

This type of model should not be used in real problems, as 

explained in the Dummy Classifier documentation on 

Scikit-learn – “Dummy Classifier is a classifier that makes 

predictions using simple rules. This classifier is useful as a 

simple baseline to compare with other (real) classifiers. Do 

not use it for real problems.”. (VRECH, 2021). 

The SVM (support-vector machine) emerged in 1992, when 

there was a need for classification and regression tools 

based on some kind of prediction. It was introduced by 

Vapnick, Guyon and Boser in COLT-92. To separate any 

data, we need to define certain classes and depending on the 

complexity of the data set, we define a classification of 

linear or non-linear type. The SVM method can be defined 
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as a prediction tool, in which we look for a line or decision 

boundary called a hyperplane, which separates data sets or 

classes, thus avoiding data overfit. It uses the assumption of 

a linear space in a high-order multidimensional space. It is 

also capable of sorting non-linear data using kernel 

functions. 

Currently, Neural Networks are used in almost all fields of 

classification and regression and contribute more in 

Artificial Intelligence. In these, we have the neurons that are 

responsible for building a network, i.e. grouping similar 

datasets or similar data classes, and then applying both 

supervised and unsupervised learning methods that initially 

showed good results. However, later, as the number of 

nodes increased, the complexity (COPELAND, 2015). 

Thus, we conclude that for a small number of nodes, neural 

networks are more adequate. SVM overcomes these 

drawbacks and can also be applied to large datasets. Neural 

Networks are simple and can also use multilayer 

perceptrons (MLP) where MLP uses recurrent and feedback 

networks. MLP properties include the approximation of 

non-linear functions which again may not provide accurate 

results (DAVID, 1996; KULKAMI, 2013; MITCHELL, 

1997). 

 

Fig.5 - Simple Neural Network. 

Source: Skapura, 1996; Mitchell, 1997; Jakkula, 2013. 

 

Fig.6 - Multilayer Perceptron 

Source:  Skapura, 1996; Mitchell, 1997; Jakkula, 2013. 

The SVM is used for classification and regression. This 

strategy separates the studied samples by drawing a decision 

limit. This limit is known as the hyperplane in the case of 

linear classification. Figure 7 shows the classification of 

several decision limits, which are capable of classifying 

different sets of different samples. Thus, the question is to 

decide which hyperplane should be selected so that we have 

a better division into sets of samples. For this, a hyperplane 

that is equal for both sample categories is needed, which 

means that of all hyperplanes or decision boundaries, only 

one of them should be selected. To select the hyperplane, 

follow these steps: 

1. Define a function that is the limit between different sets 

of data (samples); 

2. Select a hyperplane and calculate its distance from both 

sets of data it divides. 

i. If the calculated distance is maximum on both sides 

compared to the previous hyperplane, select this hyperplane 

as the new decision boundary. 

ii. Mark the samples that are close to the hyperplane as 

support vectors. (helps in selecting the decision threshold). 

3. Repeat step 2 until you find the best hyperplane. 

 

Fig.7 - Hyperplane 

Source: Skapura, 1996; Mitchell, 1997; Jakkula, 2013. 

 

The random forest is a combination of tree predictors, so 

that each tree depends on the values of a random vector, 

sampled independently, and with the same distribution for 

all trees in the forest. The error generalization for forests 

converges, up to a limit, as the number of trees in the forest 

becomes large. 

The error generalization of a forest of tree classifiers 

depends on the individual trees in the forest and on the 

correlation between these classifiers (BREIMAN, 2001). 

Using a random selection of features to split each node 

produces lower error rates and is more robust against noise. 

Internal estimates monitor error, strength and correlation, 

and these are used to show the response to increasing the 

number of features used in the split. Internal estimates are 
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also used to measure the importance of the variable. These 

ideas also apply to regression. Consider splitting as 

decisions to be taken from a previous node, and thus 

constituting the decision tree. 

The common element to the execution of the random forest 

is that, for the k-th tree, a random vector ɸ
𝑘
 is generated, 

regardless of the random vectors passed ɸ
1
,..., ɸ

𝑘−1
 but with 

the same distribution; and a tree is built using the dataset for 

training and ɸ
𝑘
, resulting in a classifier h(x, ɸ

𝑘
), where x is 

an input vector. For example, by taking the random vector 

ɸ, N resulting nodes are randomly generated, where N is the 

number of elements in the training set. The random choice 

of one of these nodes consists of a randomly chosen integer 

between 1 and k. The nature and dimensionality depends on 

its use in building trees. After a large number of trees are 

generated, they vote for the class with the most occurrences. 

Therefore, this procedure is called a random forest. 

According to BREIMAN (2001). 

A random forest is a classifier consisting of a collection of 

classifiers {h(x, ɸ
𝑘
), k = 1, . . .}, where the {ɸ

𝑘
} are 

randomly distributed identically and independently 

distributed vectors and each tree points to the most frequent 

class of input x. For more formalism and definitions, 

(BREIMAN, 2001) must be consulted. 

The KNN (k-nearest neighbors) classification method 

classifies new data into categories, assuming that they have 

similarity with existing data, and classifying them into 

existing data categories, according to their similarity. The 

KNN algorithm can be used for regression and classification 

(ROZOS, 2022). This algorithm uses an instance based on 

a non-parametric model (RUSSELL, 2010). KNN is non-

parametric in that it depends on the evaluated data to be 

operated on (in contrast, parametric models need data only 

during model training), and it is instance-based in that it 

takes into account the similarity with the instances in the 

training set on which the inference will be made. 

The KNN methodology returns a set of observations made 

during an iteration prior to the current one, during model 

simulation and training. The model uncertainty can be 

estimated by the formula: 

s = f(KNN(k,x))    (4) 

where s is the value related to the uncertainty calculated 

during the iterations, when the observed state is x, x is the 

vector (or scalar) that defines the state of the model, 

KNN(k,x) returns the set of k observations, which according 

to KNN, has more similarity to x, and f: 𝑅𝑘 → 𝑅 is the 

function that returns the set of values related according to 

some statistical property of the set given by KNN(k,x), in a 

typical KNN mean regression application. The previous 

values refer to the time instance t. The t variable is omitted 

from equation (4) to simplify understanding. As an example 

for understanding, we will make some considerations and 

assumptions. We consider that 3 functions were used as f in 

equation (4), 90% of the data, 10% of the data and the mean 

value. Regarding the parameter k, this is the 

hyperparameter. For low values of k, it will result in 

overfitting while for high values of k it will result in 

underfitting (RUSSELL, 2010) and bias. The values of this 

parameter can vary from 10 (for small datasets) to 1000 (for 

large datasets, with hundreds of thousands of records). 

According to the value x, the following considerations can 

be made: 

- 1D. This is the simplest approximation that 

includes only the dataset accessed from the time-lapse 

model. t, x = 𝑄𝑡
. KNN returns observations of k that 

correspond to period/distance calibration values that are 

closest to 𝑄𝑡
. 

- 2D. The array of elements has two components 

returned during simulation or model training, x = (𝑄𝑡 , 𝑄𝑡−1
), 

KNN returns the k observations that correspond to the k 

calibration vectors, for each step, that are closest to the 

vector's 2D Euclidean space (𝑄𝑡 , 𝑄𝑡−1
). 

- 2D. The vector of elements are the responses of 𝑄𝑡
 

and the changes in responses obtained between t - 1 e t, x = 

(𝑄𝑡 , 𝑄𝑡−1 − 𝑄𝑡
). 

- 2D. The vector of elements such as responses from 

𝑄𝑡
, and a binary value, 0 if the response increases, and 1 if 

it does not. This binary value can be obtained with the 

function 𝜑(. ) = 𝑚𝑎𝑥(0, (. )/|. |), x = (𝑄𝑡 , 𝜑(𝑄𝑡−1 − 𝑄𝑡
)). 

 In the last two options, the elements of vector x need to be 

scaled to be used as Euclidean distances. For this reason, z-

score normalization can be employed (MINSKY, 1969; 

TOWARDS DATA SCIENCE, 2022), the normalization of 

the parameters are obtained from the training set only, and 

thus the normalization is applied to both data sets. . 

 In this way, the KNN method uses the Euclidean distance of 

data in relation to sets of data categorized into classes, due 

to the similarity that these data have among themselves, and 

thus grouped into sets that categorize them due to their 

similarities. With the calculation of this distance, of the new 

record in relation to the existing sets, we can categorize it 

into one of these sets, classifying it based on the smallest of 

the distances found while using the KNN. 

 The methodology of Artificial Neural Networks (ANN) has 

as main characteristics of neurocomputing, its development 

and applications. The main attention is given to feedforward 

Neural Networks, especially to the error caused in 

backpropagation algorithms and in backpropagation neural 

networks (BPNN`s). 
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 The nervous systems of living organisms are generally 

composed of three parts: the central nervous system, the 

peripheral nervous system, and the autonomic nervous 

system. The central nervous system contains the brain and 

spinal cord. It is a huge network composed of neural units, 

connections and joints. The main function of this system is 

to control the activity of the entire organism based on 

information processing. The information signals are 

transmitted along the peripheral nervous system that has 

contact with external sensors and effectors. The autonomic 

nervous system oversees the activity of internal organs. The 

most sophisticated part of the nervous system is the brain. It 

can be considered as a highly complex, non-linear and 

parallel information processing system. The basic elements 

of the brain are neural cells called neurons 

(WASZCZYSZYN, 1999). 

Artificial neural networks (ANNs) are basic models of a 

biological nervous system. ANN models try to simulate the 

behavior of the human brain. Especially, Artificial Neural 

Networks (ANN's) are used using the following expression 

(5): 

compute = storage + transmission + processing.  (5) 

The use of ANN's in computing is called neurocomputing.  

 For an artificial neuron (AN) model, N is the various inputs 

to an output. The body of the neuron is composed of: sum 

of the junctions of the neurons ∑  and the activation 

function F. 

 In the model shown in figure 8, the variables and parameters 

used are: 

x = {𝑥𝑙 , . . . , 𝑥𝑁
} - vector with entries  (6) 

w = {𝑤𝑙 , . . . , 𝑤𝑁
} - weights vector   (7) 

b = -𝛳 = 𝑤0
 - constant components (bias)  (8) 

𝛳 - limit     (9) 

v = u + b = net - 𝛳 = ∑𝑁
𝑗=𝑙 𝑤𝑗𝑥𝑗 − 𝛳 = ∑𝑁

𝑗=0 𝑤𝑗𝑥𝑗
 - 

potential AN     

 (10) 

F(v) - activation function   (11) 

 

Fig.8 - Model of an artificial neuron. 

Source: (WASZCZYSZYN, 1999). 

There are several activation functions that can be used as 

functions of the linear type, binary step, bipolar step, 

sigmoid (logistic or binary sigmoid), bipolar sigmoid. 

(WASZCZYSZYN, 1999). 

Among the various types of neural networks, there are a 

variety of complex connections between neurons, which 

give neural networks a high processing potential 

(WASZCZYSZYN, 1999). There are 3 main types of neural 

network architectures: feedforward, recurrent and cellular. 

In the feedforward neural network, signals are transmitted 

in one direction, from inputs to outputs. The standard 

architecture of this network corresponds to layers of 

neurons. Normally neurons are not connected to each other 

in a layer or layer, but they are connected with the neurons 

of the previous layer and with the neurons of the next layer 

(WASZCZYSZYN, 1999). 

Convolutional neural networks (CNN) are biologically 

inspired architectures capable of being trained and learning 

invariant representations to scale, translation, rotation and 

related transformations (LECUN; KAVUKCUOGLU; 

FARABET, 2010). One of the key issues in pattern 

recognition in images is to know what is the best way to 

represent the characteristics of the data to be recognized in 

a robust and invariant way to lighting, orientation, pose, 

occlusion, among others. Although several descriptors have 

been developed to extract these features artificially, it is 

desirable that a recognition system be able to extract this 

representation automatically through the raw data, in the 

case of image recognition, the images themselves 

(JURASZEK, 2014 ). 

The CNN (Convolutional Neural Network) emerged to 

represent this type of architecture. CNN make up one of the 

types of algorithms in the area known as deep learning and 

are designed for use with two-dimensional data, making 

them a good candidate for solving problems involving 

image recognition (AREL; ROSE; KARNOWSKI, 2010). 

CNN are multistage architectures capable of being trained. 

Receptive fields are highly correlated to the location of the 

stimulus in the captured image. CNN use this concept by 

forcing a pattern of connectivity between layers of artificial 

neurons. Figure 9 shows this organization where a layer i is 

connected to a small sub-region of layer i≠1. In this example 

the layer m≠1 corresponds to the input image. The upper 

layer m has a receptive field of size 3, where each neuron 

receives the stimulus from 3 neurons in the previous layer. 

The m+1 layer is similar to the previous layer, having a 

receptive field of size 3 with respect to the previous layer, 

however, with a receptive field of size 5 with respect to the 

input image. 
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Fig.9 - Organization of receptive fields in a CNN 

Source: Author. 

 

 

Fig.10 - Sharing parameters for creating a feature map. 

Source: Author. 

 

Considering this analogy, each receptive field is considered 

a non-linear filter where their weights must be learned so 

that the neuron is activated only when a certain stimulus is 

present in the area where the filter was applied. Each filter 

is applied to the entire input image (or previous layer) in a 

convolutional way, the result of applying this filter is called 

a feature map. Each feature map shares the same 

parameters. Figure 10 shows the sharing of parameters. This 

strategy ensures that a given feature will be detected by the 

feature map regardless of its position in the input image (or 

map). 

The data inputs for each stage are a set of feature maps. 

When applied using color images, the first stage input 

consists of the three color channels of the image. Each two-

dimensional vector works as a feature map. At the output of 

each stage, each map matches the convolution of the input 

map through a filter. Applying the filter to the map 

highlights some features. Each filter is responsible for 

highlighting a different feature. In the first stage, filters 

highlight lines and gradients in different orientations. 

A feature map is obtained by convoluting an input image 

through a linear filter followed by adding a bias term and 

applying a non-linear function. being the layer k, the filters 

determined by a set of weights 𝑊𝑘and a bias term 𝑏𝑘
 and 

the convolution operator *, the Equation 12 (LECUN; 

KAVUKCUOGLU; FARABET, 2010) shows getting the 

feature map ℎ
𝑘 for a non-linear function f. 

ℎ𝑖𝑗
𝑘 = 𝑓((𝑊𝑘 ∗ 𝑘)𝑖𝑗 + 𝑏𝑘)  (12) 

Each stage is composed of three stages, filtering (filter bank 

layer), non-linearity layer and reduction stage (feature 

pooling layer), which represents the receptive field. A CNN 

can be composed of one or more stages which each contain 

the three steps. Figure 10 shows a CNN with a single input 

feature map (eg a grayscale image) with two convolutional 

stages C1+S1 e C2+S2. 

Figure 11 - Convolutional neural network with two stages 

 

Source: (LECUN; KAVUKCUOGLU; FARABET, 2010). 

In JURASZEK (2014) shows a detailed process for 

implementing the process steps of a CNN. 

 

I. FIGURES AND TABLES 

All data used in this work were acquired from insoles with 

9 sensors attached to them, as previously described, for the 

right and left feet. Analyzes were performed for data from 

both feet. For this, the data were normalized, so as to be 

within a range of minimum and maximum values (from 0 to 

1), removing from the data the sensors that contained only 

null values. 

With the KNN clustering method, the inertia curve was used 

to calculate the appropriate k value to be used in the K-

means algorithm. In this work, k = 3, as shown in Figure 12, 

and the criteria for choosing k previously discussed. 

Thus, the sensors present were aggregated into sets 

(clusters), as shown in Figure 13, according to the types of 

steps, as follows: cluster 0 - pronated step, cluster 1 - 

supinated step, cluster 3 - neutral step. The total number of 

samples considered was 5816, of which, after labeling, 2358 

(36.16%) are supine, 2099 (23.35%) are prone and 1359 

(23.35%) are neutral. 

With the data labeled and identified, we now have the 

necessary information for training and testing the machine 

learning methodologies explained in the previous section. 

Thus, we will start with the Random Forest methodology. 
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Fig.12 - Choice of k value according to the inertia graph. 

Source: Author. 

 

Fig.13 - Clustering of data into clusters due to their 

characteristics. 

Source: Author. 

 

With the Random Forest, 65% of the data were used for 

training the algorithm, and 35% of the data for testing. As a 

result of the trained model, an accuracy of 98.13% was 

obtained. 

Table 1 shows the results obtained, as well as figure 14, 

which shows the confusion matrix. 

Table 1 -Random Forest metrics after model training and 

testing. 

 Precision Recall f1-score support 

neutral 0.98 0.99    0.98        761 

pronated 0.99 0.98 0.98 460 

supinated 0.98 0.98 0.98 815 

acurracy   0.98 2036 

macro avg 0.98 0.98 0.98 2036 

weighted 

avg 

0.98 0.98 0.98 2036 

Source: Author. 

 

 

Fig.14 - Confusion matrix according to Random forest. 

Source: Author. 

 

Note that of the 35% (2036 samples) of the test data, 750 

were correctly classified as neutral, 450 were classified as 

correctly prone, and 798 were correctly classified as supine. 

Using the ANN methodology, 65% of the data were used 

for training the algorithm, and 35% of the data for testing. 

As a result of the trained model, an accuracy of 99.21% was 

obtained. 

Table 2 shows the results obtained, as well as figure 15, 

which shows the confusion matrix. 

Table 2 - ANN metrics after model training and testing. 

 Precision Recall f1-score support 

neutral 0.99 1.00 0.99 761 

pronated 1.00 0.99 0.99 460 

supinated 1.00 0.99 0.99 815 

acurracy   0.99 2036 

macro avg 0.99 0.99 0.99 2036 

weighted 

avg 

0.99 0.99 0.99 2036 

Source: Author. 
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Fig.15 - Confusion matrix according to ANN. 

Source: Author. 

 

Note that of the 35% (2036 samples) of the test data, 758 

were correctly classified as neutral, 454 were correctly 

classified as prone, and 808 were correctly classified as 

supine. 

Using the KNN methodology, 65% of the data were used 

for training the algorithm, and 35% of the data for testing. 

As a result of the trained model, an accuracy of 98.23% was 

obtained. 

Table 3 shows the results obtained, as well as figure 16, 

which shows the confusion matrix. 

Table 3 - KNN metrics after model training and testing. 

 Precision Recall f1-score support 

neutral 0.97 0.99 0.98 761 

pronated 0.99 0.98 0.98 460 

supinated 0.99 0.98 0.98 815 

acurracy   0.98 2036 

macro avg 0.98 0.98 0.98 2036 

weighted 

avg 

0.98 0.98 0.98 2036 

Source: Author. 

 

Fig.16 - Confusion matrix according to KNN. 

Source: Author. 

 

Note that of the 35% (2036 samples) of the test data, 752 

were correctly classified as neutral, 451 were correctly 

classified as prone, and 797 were correctly classified as 

supine. 

Using the RNC methodology, 65% of the data were used for 

training the algorithm, and 35% of the data for testing. As a 

result of the trained model, an accuracy of 96.70% was 

obtained. 

Table 4 shows the results obtained, as well as figure 17, 

which shows the confusion matrix. 

Table 4 - RNC metrics after model training and testing. 

 Precision Recall f1-score support 

neutral 0.95 0.98 0.96 761 

pronated 1.00 0.95 0.97 460 

supinated 0.97 0.97 0.97 815 

acurracy   0.97 2036 

macro avg 0.97 0.96 0.97 2036 

weighted 

avg 

0.97 0.97 0.97 2036 

Source: Author. 
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Fig.17 - Confusion matrix according to RNC. 

Source: Author. 

 

Note that of the 35% (2036 samples) of the test data, 742 

were correctly classified as neutral, 437 were classified as 

correctly prone, and 790 were correctly classified as supine. 

Using the SVM methodology, 65% of the data were used 

for training the algorithm, and 35% of the data for testing. 

As a result of the trained model, an accuracy of 96.70% was 

obtained. 

Table 5 shows the results obtained, as well as figure 17, 

which shows the confusion matrix. 

Table 5 - SVM metrics after model training and testing. 

 Precision Recall f1-score support 

neutral 0.95 0.98 0.96 761 

pronated 1.00 0.95 0.97 460 

supinated 0.97 0.97 0.97 815 

acurracy   0.97 2036 

macro avg 0.97 0.96 0.97 2036 

weighted 

avg 

0.97 0.97 0.97 2036 

Source: Author. 

 

Note that of the 35% (2036 samples) of the test data, 742 

were correctly classified as neutral, 437 were classified as 

correctly prone, and 790 were correctly classified as supine. 

Using the Dummy Classifier methodology, 65% of the data 

were used for training the algorithm, and 35% of the data 

for testing. As a result of the trained model, an accuracy of 

40.02% was obtained. 

 

 

Fig.17 - Confusion matrix according to SVM. 

Source: Author. 

 

Table 6 shows the results obtained, as well as figure 18, 

which shows the confusion matrix. 

Table 6 - SVM metrics after model training and testing. 

 Precision Recall f1-score support 

neutral 0 0 0 761 

pronated 0 0 0 460 

supinated 0.40 1.00 0.57 815 

acurracy   0.40 2036 

macro avg 0.13 0.33 0.19 2036 

weighted 

avg 

0.16 0.40 0.23 2036 

Source: Author. 

 

Fig.18 - Confusion matrix according to the Dummy 

Classifier. 

Source: Author. 
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Note that of the 35% (2036 samples) of the test data, 0 were 

correctly classified as neutral, 0 were classified as correctly 

prone, and 815 were correctly classified as supine. 

Using the Logistic Regression methodology, 65% of the 

data were used for training the algorithm, and 35% of the 

data for testing. As a result of the trained model, an accuracy 

of 98.33% was obtained. 

Table 7 shows the results obtained, as well as figure 19, 

which shows the confusion matrix. 

Table 7 - Logistic Regression Metrics after model training 

and testing. 

 Precision Recall f1-score support 

neutral 0.98 0.99 0.98 761 

pronated 1.00 0.97 0.98 460 

supinated 0.98 0.99 0.98 815 

acurracy   0.98 2036 

macro avg 0.98 0.98 0.98 2036 

weighted 

avg 

0.98 0.98 0.98 2036 

Source: Author. 

 

Fig.18 - Confusion matrix according to Logistic 

Regression. 

Source: Author. 

 

Note that of the 35% (2036 samples) of the test data, 750 

were correctly classified as neutral, 446 were correctly 

classified as prone, and 806 were correctly classified as 

supine. 

 

 

 

III. CONCLUSION 

After the tests using the Machine Learning and Deep 

Learning methodologies, we can conclude that, for the data 

set used, we obtained better answers, in descending order of 

accuracy, from the ANN methods (99.21%), Logistic 

Regression (98.33% ), KNN (98.23%), Random Forest 

(98.13%), RNC and SVM (96.70%), and Dummy Classifier 

(40.02%). This low value presented by the Dummy 

Classifier is justified in the description of the same in this 

work, in addition to this method not promoting satisfactory 

accuracy by comparing the samples with simple rules, 

without taking into account the relationship that the data sets 

can develop, this method of sorting should not be used on 

real data. The other methods shown had satisfactory 

accuracy, with values above 96% for all of them in 

identifying the type of step present in the test and training 

data. 
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