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ABSTRACT

Machine learning methods for recognizing human activities have achieved remarkable results
recently. Following this trend, this research aims to investigate automated activity recognition
in the context of students undergoing training at UniverCemig. This quantitative-exploratory
research applied the Support Vector Machine (SVM), K-Nearest Neighbors, Gated Recurrent
Unit (GRU), and Long Short-Term Memory (LSTM) techniques. As a result, K-Nearest
Neighbors and SVM achieved 91% and 96% performance, respectively, while GRU and LSTM
achieved 96% performance for both. In conclusion, automated recognition of human activities
is promising and suitable for training students at UniverCemig, helping instructors during
training and, consequently, bringing agility to the student's learning certification process.

* Recebido em 08 de maio de 2024, aprovado em 25 de novembro de 2025, publicado em 30 de dezembro de 2025.
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RESUMO

Métodos de aprendizado de maquina para o reconhecimento de atividades humanas alcancaram
resultados notdveis recentemente. Seguindo essa tendéncia, esta pesquisa visa investigar o
reconhecimento automético de atividades no contexto de alunos em treinamento na
UniverCemig. Esta pesquisa quantitativa-exploratdria aplicou as técnicas de Maquina de
Vetores de Suporte, K-Nearest Neighbors, Unidade Recorrente com Portdes (Gated Recurrent
Unit) e Memoria de Longo Curto Prazo (Long Short-Term Memory). Como resultado, K-
Nearest Neighbors e Maquina de Vetores de Suporte alcancaram desempenhos de 91% e 96%,
respectivamente, enquanto Unidade Recorrente com Portées e Memoria de Longo Curto Prazo
alcancaram 96% de desempenho para ambos. Em conclusédo, o reconhecimento automatico de
atividades humanas é promissor e adequado para o treinamento de alunos na UniverCemig,
ajudando instrutores durante o treinamento e, consequentemente, trazendo agilidade para o
processo de certificacdo de aprendizado do aluno.

Palavras-chave: Reconhecimento de atividade humana. Aprendizado de maquina.
Aprendizagem de maquina profundo.

1. INTRODUCTION

Human Activity Recognition (HAR) is an active research field in computer vision that
aims to automatically detect information about activities performed by people through digital
devices (POPPE, 2010). With technological advancements, various devices such as RGB
cameras, depth cameras, RGB-D cameras, and Microsoft Kinect have been developed, enabling
the extraction of different types of information, among which human body landmarks stand out
(TASNIM et al., 2020).

The extraction of human body landmarks is a technique that has been applied within
computer vision to perform HAR, for example, to estimate the poses of a human being
(STRAKA et al.,, 2011), identify human behavior (SAPINSKI et al., 2019), and facial
expression detection (FILNTISIS et al., 2019).

Machine Learning (ML) is a valuable technique for recognizing human activities and
has driven innovation in many processes. For instance, ML can automatically recognize
performed activities, assisting in a student training and certification process. The data of the
performed activities are extracted after training. Adopting automated tools that perform tasks
such as HAR contributes to a swift certification process.

For better performance, ML model creation relies on specific data, such as image
processing of students undergoing training in activities of interest. Based on these reflections,
this study aims to assess computational technigques to automate and recognize human activities
with data obtained from images of activities performed by a human being under training — the
electrician training field offered by UniverCemig. To achieve this objective, this research will
be divided into three steps: a) create a dataset; b) train ML models for HAR classification; and
c) compare the results of the implemented algorithms. Following this introduction, the text is
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structured as follows: (section 2) theoretical review of the themes that support the study;
(section 3) methodological procedures; (section 4) analysis of the results; and (section 5) final
considerations.

2. THEORETICAL FRAMEWORK
21 HUMAN ACTIVITY RECOGNITION

Computer Vision is the scientific field focused on developing theories and methods for the
automatic extraction of useful information contained in images captured by devices such as
video cameras and scanners (CROWLEY; CHRISTENSEN, 1995). It is a subfield of artificial
intelligence aimed at artificially modeling human vision by performing actions through its
functions with the development of advanced software and hardware.

Human Activity Recognition (HAR) involves identifying or predicting human activities
based on sensor data (DEHGHANI et al., 2019) or image capture (VAHORA; CHAUHAN,
2019), utilizing machine learning techniques for inference. Data acquired from a user's
movements are captured and converted into characteristic patterns through a combination of
hardware and software components. After data capture, the activity performed is inferred.

According to Lara and Labrador (2013), HAR is a temporal series problem. The data
used refers to the movement performed by the user at a certain moment. Thus, HAR can be
approached in the following ways: 1) sequential time series approach; and 2) sliding window
time series approach.

The sequential time series approach can be derived from a data set S = SO ... Sk-1,
where k is defined by a time series and each feature is contained within a time interval | = [ta,
tw]. The goal is to look at the time partition < 10 ... Ir — 1 > of |, according to the data in the
set S and find the classes that represent the performed activity. The data are consecutive, cannot
be empty, and do not overlap. This definition implies that a person does not perform two
activities at the same time (LARA; LABRADOR, 2013).

The sliding window time series approach can be given by the data set W = W0 ... Wm-
1 for m being the size of the sliding window, fully or partially labeled, for each Wi containing
a set of time series, given by $ =S50 ... Sk-1 and aset A = a0 ... an-1 of labeled activities, where
the goal is a mapping function |: Si — A that can be evaluated for all possible values of Si, so
that f(Si) is as similar as possible to the actual activity performed during Wi (LARA;
LABRADOR, 2013).

Human movement is coordinated by different parts of the body, and technology allows
for representation through coordinates obtained from each point of the human body, which, in
a dataset, represents a performed action, as shown in Figure 1. Such representation can be
defined as a set of coordinates used to describe a person's pose in a specific temporal space
(MANZI et al., 2017).
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Figure 1. Human Body Landmarks

Source: research data.

Key points that make up a human body can be extracted by a depth camera with a
specific tracker or using another model that maps the image. The skeletal model of the human
body varies according to the software and device adopted.

A skeletal model can be modeled with several joint points (SHOTTON et al., 2011),
where each point describes coordinates in relation to the position of each limb (MANZI et al.,
2017). According to Tasnim et al. (2020), data models can be created from the joint points
extracted from the skeletal model to form a dataset that can be used by machine learning
techniques to perform HAR.

2.2 MACHINE LEARNING

Machine Learning (ML) is a subfield of artificial intelligence aimed at exploring data models
and building algorithms that can autonomously understand data. Using ML algorithms, through
a set of input data and based on certain patterns, it is possible to infer the outputs. According to
Sugiyama and Kawanabe (2012), the main purpose of ML is to build systems that can adapt to
constantly changing environments and learn from their experience. Another definition by
Mitchell et al. (2013) reinforces the previously stated, characterizing ML as a computer system
created to optimize performance using data and past experience. Machine learning can be
divided into several categories, such as:

e Supervised Learning: in this category, ML receives all input data labeled as a training
set and makes predictions about previously unseen data. A disadvantage of this category
is that most of the time, data are manually labeled to guide the learning process
(DAVILA etal., 2017).

e Unsupervised Learning: unlike the supervised method, this category does not know the
output data (MITCHELL et al., 2013).

e Semi-supervised Learning: this category uses both labeled and unlabeled data. The
advantage of this category is that only a limited number of labeled samples is needed
(DAVILA etal., 2017).

Some machine learning methods are Support Vector Machine (SVM), K-Nearest
Neighbors (KNN), and Artificial Neural Networks (ANN). According to Rosati et al. (2018),
SVM is a binary classifier capable of differentiating data between two classes. Its structure is
based on statistical theory, aiming to propose machine learning techniques to maximize the
model's generalization capacity and minimize structural risk. For classification, data are
projected into a multidimensional space, enabling classification between two classes.
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In the multidimensional space, the separation between classes is achieved with a
hyperplane that maximizes its distance from the so-called support vectors. According to
Janidarmian et al. (1995), SVM consists of sets of supervised learning models and associated
algorithms that analyze data used for classification and regression problems.

According to Janidarmian et al. (1995), from a dataset, it is possible to construct a model
capable of learning from new examples, assigning new classes to these examples, aiming to
separate distinct categories by as wide a margin as possible to minimize the generalization error
of the classifier. This model works with two perspectives, the classification of linearly separable
and non-separable classes.

A dataset can be considered linearly separable when its data can be separated in a
multidimensional plane. Therefore, when the model of Janidarmian et al. (1995) finds a
hyperplane that perfectly separates the data from each class and whose separation margin is as
large as possible, this hyperplane is called the optimal hyperplane. Margin is the region
delimited by a pair of parallel hyperplanes that separate the two data classes with the greatest
possible distance.

When the training data are linearly separable, it is possible to find a rigid margin
hyperplane that meets the requirement of maximum separability as long as there are no errors
and/or outliers in the data. However, if the data are not linearly separable, or if a certain
tolerance for classification errors is desired (aiming to avoid overfitting), a soft margin
hyperplane, which will not fully adjust and will potentially have a superior generalization
capacity, should then be found. In this case, it is necessary to find a hyperplane that minimizes
the probability of classification error.

According to Séez et al. (2016), K-Nearest Neighbors (KNN) is a machine learning
algorithm for classification and regression. The method is based on the premise that examples
with similar characteristics should remain close. When a new example is added, KNN performs
an analysis of the nearest neighbors, through the calculation of distance, to classify an unknown
instance (AGUILETA et al., 2019). During classification, KNN analyzes the class with the
lowest cost. If there is a class with the same lowest cost, then a random tie-break is performed
among the groups with the lowest cost (JANIDARMIAN et al., 2017). The starting formula for
KNN is: eftKin = \n, where n is the number of training data samples.

The work published by McCulloch and Pitts (1943) initiated various studies on ANNS,
also known as Deep Machine Learning (DML), as it sought to understand how neurons
function. After this understanding, a computational model for neural networks based on
mathematics and algorithms, called threshold logic, simulating the functioning of neurons, was
created. Haykin (2001) classifies ANN as a powerful and complex machine capable of
processing a large amount of information in minimal time and has the characteristic of
simulating the brain's behavior when performing a task. For Janidarmian et al. (2017), the ANN
is a system of interconnected neurons capable of creating mathematical models to perform
machine learning.
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According to Haykin (2001), ANN is formed by basic processing units, called
perceptrons, understood as a decision-making unit with several inputs and a single output.
McCulloch and Pitts (1943) classify a neuron as an information processing unit that is
fundamental to the operation of the brain. With technological advances and the evolution of
ANN concepts, various architectures for machine learning have been created, such as Long
Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU).

To solve the problem of gradient explosion or vanish gradient, Hochreiter and
Schmidhuber (1997) proposed the LSTM architecture. This model is capable of learning and
storing long-term dependencies by storing information in an internal memory (WANG et al.,
2017). LSTM uses the concept of gates: a mechanism based on the multiplication of the input,
which defines the behavior of each memory cell individually (ORDONEZ; ROGGEN, 2016).

Proposed by Chung et al. (2014), GRU is capable of storing data and weights in memory,
having an architecture similar to LSTM; however, with a simpler implementation and
computing power. Its architecture is formed by two gates, an update (z) and a reset (r), both
passing information through many data windows, seeking to achieve better prediction or
classification (LEI et al., 2018). GRU was also created to solve the problem of gradient
explosion or vanish gradient.

3. METHODOLOGICAL PROCEDURES

This research is characterized as applied. According to Gil (2008), applied research aims to
investigate, generate knowledge for practical application, prove or refute hypotheses. The
nature of this research is quantitative. The quantitative approach aims to ensure accuracy of the
analyzed data, thereby increasing the confidence margin on these for decision-making using
statistical techniques (BAPTISTA; CUNHA, 2007). In this research, statistics will be used
during the analysis and results phase.

The research has an exploratory character. As Gil (2008) states, exploratory research is
characterized by developing, clarifying, and modifying concepts and ideas with a view to
formulating problems or researchable hypotheses for subsequent studies. The exploratory
research character is justified due to the nature of this research, which aims to implement
machine learning techniques capable of recognizing activities performed by a human being.

The locus of this research is UniverCemig. This venue establishes a set of essential
activities for electrician training. However, for this research, data were collected from an
activity called B1, which involves assembling a structure. In this activity, the student must
follow all the procedures and norms developed in the theoretical part of the course, and these
data are collected for the application of machine learning techniques SVM and KNN, GRU,
and LSTM.

Thus, this study seeks to verify, through metrics, the results of the implemented machine
learning techniques, which involve comparisons of any nature requiring a definition of the
perspective from which the data should be analyzed (CORDOVA; SILVEIRA, 2008). Human
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activity recognition in the context of electrician training must correctly label activities since it
could otherwise harm the student's learning certification process. In this manner, using
accuracy, precision, and recall metrics to evaluate machine learning models is suitable,
corresponding to the absence of false-positive and false-negative results.

4. RESULTS

The sections below detail the configurations of the techniques assessed and the achieved
results, which have been divided into two sections: Experiments with Machine Learning (ML)
techniques and Experiments with Artificial Neural Networks (ANN) techniques, also referred
to as Deep Machine Learning (DML).

41  EXPERIMENTS WITH MACHINE LEARNING TECHNIQUES

This section presents the results and configurations from the implementations of two
ML techniques, KNN and SVM. The techniques were trained with collected data, separated
into test and training sets, 25% and 75%, respectively. The best hyperparameters were achieved
through manual testing. A window of 44 samples per second was chosen, with time varying
between 3 and 60 seconds of data for feature extraction that can capture cycles in activities. To
reduce information loss at the window edges, a 50% overlap was used. According to Su et al.
(2014), relevant data can be found through calculations that group them, returning information
that can be utilized by ML techniques. Thus, for each axis, the square root, standard deviation,
maximum, and minimum were calculated (SU et al., 2014; NGUYEN et al., 2015).

Various manual tests were conducted to select the best parameter values, with the value
of k varying between 3 and 20. Accordingly, the KNN parameters for executing the KNN
techniques are presented in Table 1.

Table 1. KNN Hyperparameters

Parameter Value
Kneighbors 8
Weights uniform
Metric minkowski
P 1

Source: research data.

The best SVM results were achieved manually using four functions to test the kernel:
radial, linear, polynomial, and sigmoid. For the C function, tests varied between 1 and 10. The
SVM parameters that showed the best results are presented in Table 2.
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Table 2. SVM Technique Configuration Hyperparameters

Parameter Value
Kernel polynomial
C 5
Gamma 1

Source: research data.

Table 3 displays the experiment's results for our model in terms of precision, recall, and
accuracy for the UniverCemig dataset. High precisions of approximately 97% with SVM and
95% with KNN were achieved. Tests were conducted with time windows between 3 and 160
seconds.

Table 3. Results of SVM and KNN Techniques

Time Window Algorithm | Accuracy Recall | Precision
(Seconds)

KNN 09175| 09176| 09178

3() SVM 0.9657| 0.9657| 09658

KNN 09020| 00026| 09015

5(S) SVM 09328] 09328] 0.9329

KNN 08750| 0.8750| 0.8895

10(8) SVM 09459| 09454| 09472

KNN 08571| 0.8671] 08675

20(5) SVM 08918 08917| 08975

KNN 08378| 08378| 08412

30(S) SVM 09183| 09183 09339

KNN 0.8887| 08888 0.9206

60(S) SVM 09583| 09583 09642

Source: research data.

The SVM technique showed better results compared to KNN, even as the time window
increased. According to Tasnim et al. (2020), performance loss occurs because a larger time
window can capture more information, which can significantly affect classifier performance.
The SVM technique was not affected by the time window; however, KNN showed a slight
performance drop when the window was between 10(S) and 60(s).

4.2  EXPERIMENTS WITH DEEP MACHINE LEARNING TECHNIQUES

This section will detail the configurations and results of two DML techniques for
performing HAR. The dataset-generated files were separated into training and testing, with 3
files for training and 1 for testing, with a margin of 31% and 69% for testing and training,
respectively. The experiment of the proposed techniques started defining the architectural style
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of each one, after which the search for the best batch size and number of epochs that would
present the best accuracy began. The experiment started with epoch number 1 and gradually
increased until a better result was achieved. The architectural style proposed by each model,
their results, how the training was conducted, and the settings will be detailed below.

After defining the architectural style, as presented in Table 4, the execution of the
experiment will begin. During training, the time window values were alternated between 1 and
6 seconds, and the number of epochs was set at 500 with a batch size of 300. The patience
parameter was also set at 30, meaning that if the model stops learning, the training execution
will immediately stop after 30 attempts.

Table 4. GRU Model Hyperparameter Configuration

Layer Activation Function | Number of Neurons | Dropout Percentage
GRU Relu 32

GRU Relu 32 0.5

GRU Relu 16 0.5

Dense Sigmoid 1

Source: research data.

Similar to GRU, the first step was to define the architectural style of LSTM, as seen in
Table 5. After this, training began, varying the time window between 1 and 6 seconds, the
number of neurons and layers to find the best training time and learning for the model. The
training was conducted with 500 epochs and a batch size of 300. During the training, it was
observed that adding a larger number of layers and neurons made the model learn faster;
however, no improvement in results was noticed. This could be explained by the amount of data
in the Univercemig dataset. Compared to the GRU training result, it was noticed that this model
learned faster but used more computational power, increased training time, and did not show a
difference in results for the dataset.

Table 5. LSTM Model Hyperparameter Configuration

Layer Activation Function | Number of Neurons Dropout Percentage
LSTM Relu 16
LSTM Relu 16 0.2
LSTM Relu 8 0.5
Dense Relu 100
Dense Sigmoid 1

Source: research data.

As observed in Table 6, accuracies of approximately 96% were achieved with LSTM
and GRU when reaching a time window value of 6 seconds. When comparing the results
presented by the models, no significant difference was noticed. However, LSTM utilized more
computational resources in terms of layers and neurons, leading to faster learning but not
reflected in better results.
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Table 6. Results of GRU and LSTM Techniques

Time Window Algorithm | Accuracy Recall | Precision
(Seconds)

LSTM 0.9681 1 1

6(5) GRU 0.9681 1 1

LSTM 0.8051 1 1

5(S) GRU 0.8053 1 1

LSTM 0.6971 1 1

4(S) GRU 0.6972 1 1

LSTM 0.7725 1 1

3(S) GRU 0.7725 1 1

LSTM 05493| 050 0.4140

2(S) GRU 05493 03532| 0.3532

LSTM 03514| 03334] 01171

1) GRU 03513 03332] 01171

Source: research data.

The GRU architecture used fewer computational resources and a smaller number of
layers and neurons; however, its result was not altered. Both applied models supported a larger
amount of data, as expected; however, the data window to achieve good results was 360
seconds. This could also be explained by the amount of data in the UniverCemig dataset. For
both models, activation functions were varied in the input and output layers. The Relu activation
function showed better performance in the input layers, and the Sigmoid function also presented
the best performance in the output layer.

5. FINAL CONSIDERATIONS

The objective of this research was to implement ML techniques to recognize activities
performed by UniverCemig students during their training process. This study highlights the
potential for implementing activity recognition in educational settings, offering substantial
support to instructors, and facilitating the student certification process.

The findings suggest that deep learning techniques excel when analyzing larger
temporal windows — window size exceeded 6 seconds — while SVM and KNN showed
significant efficacy across various window sizes. All are suitable for the UniverCemig dataset.
SVM, notably, provided exceptional outcomes across all temporal variations, positioning it as
an advantageous option for data analysis.

This research was limited to addressing the recognition of human training activities
performed by UniverCemig students based on the B1 structure assembly activity. However, for
future work, it is necessary to collect more data and apply the techniques to achieve good
performance and reduce the time window.
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