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EMOTION DETECTION USING MACHINE LEARNING:
ASSESSMENT OF EFFECTIVENESS AND APPLICABILITY IN
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Abstract: This research conducts a comprehensive analysis of emotion detection using facial expressions, employing
various experiments and methodologies. The study initiates with a robust dataset comprising 35,685 grayscale facial im-
ages categorized by distinct emotions. Preliminary tests reveal a significant correlation between language learning settings
and data patterns, demon-strating the model’s adaptability to diverse contexts. Nevertheless, the re-search transcends
mere emotion detection, striving to fathom the intricacies of emotions across diverse scenarios. This investigation entails
complex con-siderations, such as the role of neutral expressions as a positive emotion in-dicator and the substitution of
emotion capture time with emotion propor-tion in long-term analyses. Various experiments are conducted, altering par-
ticipant numbers and environmental conditions. The outcomes indicate that, within controlled environments, the system
yields favorable results, but real-world simulations, including obstacles and inadequate lighting, present challenges.
Depth analysis underscores complexities in representing three-dimensional objects in a two-dimensional space. This study
underscores the promise of emotion detection via facial expressions while emphasizing the complexities and challenges
across different contexts. The findings offer valuable insights for enhancing model accuracy and applicability in real-world
scenarios, pinpointing avenues for future enhancements and invest-ments.
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Resumo: Nesta pesquisa foi realizado uma andlise abrangente da detecgcGo de emogbes por meio de expressdes faciais,
empregando diversos experimentos e metodologias. O estudo comega com um conjunto de dados robusto composto
por 35.685 imagens faciais em tons de cinza categorizadas por emogdes distintas. Os testes preliminares revelam uma
correlagdo significativa entre as configuragbes de aprendizagem de linguas e os padrdes de dados, demonstrando
a adaptabilidade do modelo a diversos contextos. No entanto, a pesquisa transcende a mera detecg¢o de emogGes,
esforcando-se para compreender os meandros das emogbes em diversos cendrios. Esta investigagdo envolve consideragoes
complexas, como o papel das expressdes neutras como indicador de emogdo positiva e a substituicdo do tempo de captura
da emogdo pela proporgio da emogdo em andlises de longo prazo. Vdrios experimentos foram conduzidos, alterando o
numero de participantes e as condigdes ambientais. Os resultados indicam que, em ambientes controlados, o sistema
produz resultados favordveis, mas simulagées do mundo real, incluindo obstdculos e iluminagéo inadequada, apresentam
desafios. A andlise de profundidade ressalta as complexidades na representagdo de objetos tridimensionais em um espago
bidimensional. Este estudo ressalta a promessa da detecgéio de emogdes por meio de expressoes faciais, ao mesmo tempo
que enfatiza as complexidades e desafios em diferentes contextos. As descobertas oferecem informagbes valiosas para
melhorar a precisdo e a aplicabilidade do modelo em cendrios do mundo real, identificando caminhos para melhorias e
investimentos futuros.

Palavras-chave: Detecgéio de Emogdes. Andlise Facial. Aprendizado de Mdquina. Interagdo Humano-Computador.
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Introduction

The ability to comprehend and interpret human emotions is paramount for social interaction.
Howev-er, this task is not always straightforward, particularly when verbal communication is limited
or absent. In such situations, facial analysis has proven to be an effective tool for capturing facial
expressions and deducing underlying sentiments.

Artificial intelligence (Al) has brought about revolutionary changes across various domains,
with faci-al analysis using machine learning (ML) emerging as a promising technique for emotion
detection. This approach facilitates the automated processing of facial expressions, which can yield
valuable insights across fields such as psychology, marketing, medicine, education, and security.

In psychology, this technology aids in evaluating patients’ emotional states and monitoring
psycholog-ical disorders. In marketing, it can gauge consumer receptivity to advertising campaigns.
In education, it helps identify student engagement in the classroom, while in security, it is employed
to detect suspicious emotions at airports, train stations, or other high-traffic locations.

A sound understanding of facial expressions can enhance non-verbal communication in
diverse con-texts, whether they involve interpersonal interactions or situations entailing human-
machine interaction. By comprehending emotions conveyed through facial analysis, one can
respond in a more suitable and empathetic manner, thereby improving interaction quality.

Moreover, ML-based facial analysis can offer more precise and consistent assessments of
human emotions than conventional methods. Through machine learning algorithms, systems can
be trained to recognize subtle patterns in facial expressions, enhancing sensitivity and accuracy
in detecting diverse emotions. This enables continuous, real-time monitoring of facial expressions
across different contexts.

Given these justifications, the relevance and necessity of research in implementing Al-driven
facial analysis systems for emotion detection are evident. Understanding human emotions through
facial ex-pressions can contribute to the development of more efficient solutions across various
domains, leading to improvements in communication, well-being, and people’s overall quality of
life.

However, it is crucial to acknowledge the contradictions and challenges intrinsic to this
approach. First and foremost, image quality plays a critical role in the accuracy of facial analysis.
Unfavorable lighting conditions or low-resolution cameras in environments can compromise the
Al’s ability to capture and in-terpret facial expressions. Additionally, variations in facial appearances
across individuals from different ethnic groups, age brackets, and genders can impact the
generalization of Al models, resulting in varying performance across diverse demographics.

Another fundamental contradiction lies in privacy and ethics. Collecting facial expression
data with-out adequate consent or the misuse of such data raises significant ethical and legal
concerns. Further-more, facial analysis often deals with 2D images, neglecting the depth dimension
of facial expressions. This limitation can lead to inaccurate interpretations since depth is pivotal
in non-verbal communication. The ambiguity of facial expressions and the potential for multiple
interpretations also pose a challenge, as Al may not always accurately discern emotions.

Other considerations involve the intricate interplay of non-verbal cues, including body
language and tone of voice, which are not fully accounted for in facial analysis alone. Additionally,
the presence of bi-ases and prejudices in Al models, stemming from training data, can result in
biased emotion interpreta-tions, potentially leading to discrimination in practical scenarios.

Therefore, while Al-based facial analysis holds substantial promise in detecting human
emotions, it is imperative to recognize that its implementation grapples with a range of complex
contradictions and challenges that necessitate comprehensive and ethical addressal. This research
seeks to investigate the implementation of advanced facial analysis systems using machine learning
techniques for emotion de-tection, with the aim of comprehending their effectiveness, accuracy,
and applicability across different contexts. The study endeavors to contribute to scientific and
technological progress in this domain, offer-ing pertinent insights for the practical deployment of
ML-based facial analysis and its influence across various fields.
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Material and Methods

The proposed methodology consists of validating the machine learning (ML) algorithm for
faci-al emotion detection, using the categories of disgust, sadness, fear, anger, surprise, happiness
and neutral.

The adopted paradigm is firmly anchored in the supervised learning methodology. This
ap-proach involves dedicating efforts to exhaustive training of the model through exposure to an
extensive and comprehensive data set, which brings together a wide diversity ofimages representing
human faces in different emotional states. At the same time, each image was annotated in order to
record the emotion concretely expressed by the face depicted in it.

The genesis of the model presupposes a meticulous and comprehensive analysis of the
entire corpus of data, a process that unfolds with detail and extensive dedication. Through this
detailed screen-ing, we seek to identify and extract distinctive patterns that unequivocally correlate
with each emotional category. As the model is exposed to an increasing amount of data and the
training process continues, its intrinsic ability to identify and discriminate emotions based on facial
features progressively improves.

This continuous progress is a direct manifestation of the principle underlying machine
learning, in which the model iteratively optimizes its capabilities as more data is injected into
the process. This phenomenon of iterative improvement is what gives the model the ability to
generalize, and is the basis of its power to “learn”, thus giving rise to the term machine learning.
As a result, the model emerges as a highly competent and versatile tool for accurately identifying
emotions based on facial manifestations.

In this way, the facial expressions of a diverse sample of participants were captured, varying
in group size to assess the consistency of results in different social contexts. The groups were
composed of 1 individual, 3 people, 5 people, 26 people and 280 people.

Sample by Group Size

- Individual (N = 1): This group included a single participant, aiming to understand how the
in-structions and template affected facial expressions in an individual context.

- Group of 3 People (N = 3): This group represented a more intimate environment, where
partici-pants had the opportunity to interact and observe each other’s expressions during the
experiment.

- Group of 5 People (N = 5): This intermediate group configuration was selected to evaluate
how the dynamics of a slightly larger group could influence facial expressions.

- Group of 26 People (N = 26): In this case, a larger group size was chosen to investigate
whether social dynamics and group pressure could have animpact on participants’ facial expressions.

- Group of 280 People (N = 280): This large-scale group was used to gain an overview of how
the instructions and knowledge of the answer key affected facial expressions in a larger and more
diverse environment.

These groups participated in the research in four distinct stages, each with its own duration
and set of instructions:

Stage 1 - Spontaneous Expressions (21 seconds): In this stage, participants were instructed
to express randomly dictated emotions without receiving any specific guidance on how they should
perform these facial expressions. Each emotion lasted 3 seconds.

Step 2 - Short Spontaneous Expressions (7 seconds): Similar to the previous step, participants
were asked to express randomly dictated emotions, but this time each emotion was expressed for
just 1 sec-ond. Again, no detailed instructions were provided.
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Step 3 - Presentation of the Template (Instructions): After the first two steps,

participants were ex-posed to a template that displayed visual examples of what

facial expressions should be like for each specific emotion. This step aimed to contaminate
the participants’ spontaneous process with information from the answer sheet.

Step 4 - Replication with Instructions (21 seconds and 7 seconds): In this step, participants
were asked to replicate the same emotions, but this time they received detailed instructions based
on the template on how to perform the correct facial expressions. The duration of the expressions
was again 3 seconds for each emotion in the first part and 1 second for each emotion in the second
part.

Two main analyses were carried out

1. Comparison between Spontaneous Expressions and Replies with Instructions: It
was inves-tigated whether exposure to the answer sheet significantly influenced the
participants’ facial expressions. The facial expressions from the first two stages (without
instructions) were compared with the expressions from the last two stages (with
instructions), in order to assess whether the instructions and the answer key had an
impact on the facial expressions of emotions.

2. Processing Speed: In addition, the research also addressed processing speed, both in
the con-text of the computer vision system and the processing speed of the human
mind. The analysis compared the results obtained in the two different durations (3
seconds and 1 second) to understand how the time variation affected the quality and
accuracy of facial expressions.

The data obtained and statistical analyzes were performed to determine whether there
were sig-nificant differences between the different steps and durations, considering both the
accuracy of facial expressions and the processing speed. The results provided insights into the
influence of instructions and prior knowledge of a template on facial expression of emotions, as
well as implications for processing speed in computer vision systems and human mental processes.

In order to obtain a more precise analysis, we constructed an index using a weighted formula.
The formula considers the weights assigned to each emotion as follows: disgust (D1), sadness (S1),
fear (F1), anger (A1), surprise (S2), happiness (H2), and neutral (N2). The weights vary between
0 and 100 and are associated with different emotions: 0 for negative emotions, 50 for neutral
emotions, and 100 for posi-tive emotions.

Participants will indicate on a scale from 0 to 100 how much they feel dissatisfied (for negative
emo-tions) or satisfied (for positive emotions), with a weight of 0 assigned to negative emotions, 50
to neutral emotions, and 100 to positive emotions. The index will be calculated as follows:

(100*(H2 + S2) + 50*N2 + 0*(D1 + S1 + F1 + A1))/100

The results obtained by the facial detection algorithm will be subjected to a comparative
analysis be-tween the groups and their stages, aiming to investigate the agreement between the
objective analysis provided by the algorithm and the machine/human processing speed. This
comparison process allows for a systematic assessment of the validity and reliability of the algorithm
in relation to the detection and classification of facial expressions related to the investigated
emotions.

To carry out this comparative analysis, appropriate statistical measures were used, such as
correlation coefficients or agreement indices, which made it possible to quantify the degree of
relationship between the results obtained by the algorithm and the participants’ responses in the
questionnaire. Furthermore, in-terjudge agreement analysis techniques were applied to evaluate
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the consistency between different hu-man raters and the Al algorithm using two video capture
machines, each with a researcher. To this end, both the qualitative and quantitative aspects of
the responses and analyzes were taken into considera-tion. Possible discrepancies between the
participants’ subjective perceptions and the algorithm’s infer-ences were investigated, in order
to identify possible limitations or biases of the facial analysis system in relation to the emotions
studied.

This comparison of results is essential for evaluating the accuracy and validity of the facial
detection algorithm, as well as to provide valuable insights into the effectiveness of the technology
in interpreting facial expressions associated with the analyzed emotions. This rigorous and scientific
methodological approach allows for a robust analysis of the agreement between objective analysis
and subjective per-ception, contributing to scientific and technological advancement in this area.

Results and Discussion

For machine learning, the “Emotion Detection” dataset available on Kaggle was used, with a
total of 35,685 examples of face images in gray scale of 48x48 pixels (Input). Images are categorized
based on the emotion shown in facial expressions (happiness, neutral, sadness, anger, surprise,
disgust, fear).

Table 1. Shows random examples of images from the machine learning dataset

Happiness (H2) k;: 1
[
Surprise (S2) i & = i

]
i

Neutral (N2)

Disgust (D1) i‘:ﬂ
Fear (F1) t:'f*a
Anger (A1) :
Sadness (S1)

Source: Created by the authors based on Kaggle (2023).

During the tests carried out to adjust the learning language, we observed that the model
achieved positive accuracy in relation to the standards defined by the input data. Even with a reduced
number of experiments (only one test, i.e., n=1), we found a statistically significant correlation
between the language configurations and the inputs provided. This meant that the model was able
to reliably identify and apply the patterns contained in the input data, which was good news.
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The statistical calculations used to measure this accuracy indicate that the model is faithful
to the inputs it receives. This result is promising, especially considering that the initial experiment
had a limited sample size. This suggests that the approach used in testing has the potential to be
broadly applicable in different contexts when n=1, making us more confident in the model’s ability
to adapt to diverse language needs and future tasks.

However, our efforts were not aimed at simply capturing the emotions presented in the
sample in a simplistic way (n=1). Instead, we seek to provide results that reflect the emotions
aroused in different time periods, such as during the screening of a film, a lecture, a concert, among
other events. In this sense, we are faced with the complexity of several factors that could influence
our results.

First, we recognize that complete satisfaction or happiness when watching a movie, class,
or show is not constant. We do not always experience total happiness, represented by a smile on
our face, throughout the event; At some point, we may have moments of reflection or neutrality.

Second, we realize that neutrality plays a significant role in our emotion ratings and therefore
cannot be disregarded. We decided to consider it as a positive feeling, giving it a weight of 50.

Third, to address the issue of time during the presentation, we chose to discard the ‘emotion
capture time’ factor, as we believed it would not significantly influence our ratings. Instead, we
replace this factor by calculating the proportion of expressions of each emotion to the total
expressions of all emotions.

However, if we wanted to analyze emotions at specific moments during expression capture,
the ‘emotion capture time’ factor could not be ignored. For example, in a 120-minute film, how long
does the audience experience joy? Orin a 1-hour lecture, at what point in the lecture (or topic) does
the peak of happiness occur? This approach may be particularly relevant for performers in stand-up
comedy and other similar fields.

Based on these considerations, we aim to improve the interpretation of data obtained
through specific measurements. One of them is to highlight the importance of the value of
neutrality, as previously presented. Furthermore, we sought to evaluate the system’s performance
in group settings, taking into account the accuracy of the results, as well as the speed and quality of
processing multiple faces.

In the experiment with n=3 participants, conducted in a strictly controlled environment with
consistent lighting conditions and two cameras, one with a resolution of 3840px x 2160px and the
other with 1920px x 1080px pixels, both placed at a distance of 5 meters from the participants. The
environment was strictly controlled, with lighting provided by white light, and all sources of noise in
the images were strictly avoided.

In a specific experiment designed to challenge the system’s performance, we asked a fourth
member to walk behind the three participants, in order to partially hide their faces. It was observed
that the system with n=3 presented satisfactory results in a controlled environment. However, when
the fourth member walked behind the other participants, there were moments of interruption,
especially when the faces were in profile.

These analyzes seek to improve the understanding of the system’s performance, identifying
its capabilities and limitations in scenarios that simulate real-world situations, allowing us to
optimize its effectiveness and applicability in different contexts.

In the experiment with n=5 participants, conducted in a strictly controlled environment with
consistent lighting conditions and using the same cameras and light levels previously mentioned. In
the context of this experiment, we applied depth measurements, with some participants positioned
at a distance of 5 meters and others at a distance of 7 meters from the cameras.

Additionally, we explored the possibility that the algorithm may introduce racial bias, an
issue highlighted by Rhue (2018; 2019), who noted that emotional analysis technology attributes
more negative emotions to the faces of Black men than to the faces of White men. However, the
experiment did not identify discrepancies based on racial criteria. This can be attributed, in part, to
the diverse composition of the dataset that was used to train the algorithm, which encompasses a
comprehensive representation of ethnic-racial groups and distinct age groups.

Furthermore, it is important to mention that the algorithm has undergone refinements to
improve its language recognition capabilities, given notable flaws in similar algorithms, such as
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the incident involving Google, when the company’s software mistakenly identified black people
as ‘gorillas’. This case exposed the continuous need for improvement, as highlighted by Yonatan
Zunger, chief architect of social at Google, who stated that ““lots of work being done, and lots still
to be done. But we’re very much on it”.

Image 1. Detection of emotions in some experiments (n=1; 5; 26; 280)

——

Neutro

Source: authors (2023).

The experiment conducted with n=26 participants, although it provided reliable results,
highlighted some substantial limitations. One of the notable limitations is related to the presence
of noise in the captured images, particularly when direct lighting on the participants’ faces is
insufficient. This can occur due to the participants’ gaze shifting or head movement, generating
shadows that interfere with the quality of the images obtained.

However, the most preponderant challenge encountered is linked to the depth of the
images, constituting a dilemma that combines architectural and resolving aspects of the images. In
this context, it was noted that the higher resolution camera (3840 pixels x 2160 pixels) presented
superior performance in the analysis of emotions, but, on the other hand, the processing speed was
substantially reduced.

These complexities and trade-offs are congruent with the observations made by Bayoudh,
Knani, and Hamdaoui (2022), which indicate that the deep learning community still seeks to find
a more appropriate balance between the complexity in structuring models, the demands on
computational power and real-time processing capabilities. The authors add that, in practice,
autonomous systems, such as autonomous vehicles and healthcare robots, as well as other real-
time embedded systems, consume more hardware, storage and battery resources than other
emerging technologies, resulting in a lack of adaptation to future needs.

In our experiment, we chose to continue the research with a sample size of n=280 participants
in an environment characterized by multiple interfering factors and lacking rigorous control. This
environment presented several challenging variables, including background noise, inadequate
yellow lighting, and a depth of field of 20 meters. The research was carried out in an auditorium,
in the context of an academic event, in which the camera was positioned at a distance of 5 meters

279

Revista Humanidades e Inovagdo - ISSN 2358-8322 - Palmas - TO - v.10, n.21



Humanidades

&’ Inovacao

from the first row of participants.

The decision to proceed with the research under these conditions was based on the
understanding that it was impractical to keep participants in a fixed position and looking directly at
the camera, an approach similar to the iconic scene in Stanley Kubrick’s film ‘A Clockwork Orange’,
in which participants are kept in a fixed position and looking directly at the camera. The decision to
continue the research taking into account the reality of the uncontrolled environment demonstrates
the acceptance of inevitable variations and the confidence that the results obtained would still be
representative and informative for the objectives of the study. The confidence margin, representing
the range of uncertainty associated with an experiment or measurement where natural or
unpredictable variations can be tolerated without compromising the interpretation of the results,
played a crucial role in this decision.

At this stage of the experiment, we identified some significant limitations in the analysis of
emotions, resulting in the invalidation of the results obtained. Several challenges were observed
during the experiment, compromising the accuracy of emotional analysis.

Firstly, the inadequate yellow lighting in the auditorium environment negatively impacted the
clarity of facial images in certain contexts, contributing to a dark representation of the participants’
faces. This suboptimal lighting condition posed challenges to the accurate analysis of emotions.

Furthermore, limitations related to the equipment used also proved to be relevant.
Even when using a high-resolution camera (3840 pixels x 2160 pixels), which had demonstrated
satisfactory results in previous experiments, the capture of facial images in the auditorium did not
meet the standards necessary for adequate analysis. In this sense, equipment with a resolution
equal to or greater than 8K (7680 pixels x 4320 pixels) would be necessary to obtain clearer images.
However, such an upgrade would represent a substantial investment in processing hardware.

Finally, the issue of depth was also identified as a challenge. This is not necessarily a limitation
of the system in relation to the calculation of emotional data, but rather an intrinsic complexity in
the representation of three-dimensionality on a two-dimensional surface. This complexity affected
the accuracy of emotion analysis, as depth perception is crucial in interpreting facial expressions.
The combination of these technical and environmental challenges negatively impacted the
experiment’s ability to provide reliable results in analyzing participants’ emotions.

Regarding the complexity underlying the representation of three-dimensionality on a two-
dimensional surface, it is evident, in images 2 and 3, the persistence of unresolved issues in this
context. It is clearly observed that, as the depth in the image increases, the resolution of the faces
tends to gradually decrease, reaching a point where their identification becomes impractical. This
finding highlights the intricate nature of the two-dimensional representation of three-dimensional
objects.

open environment

e

Image 2. Crowd of people in an
Ry T

Source: Unsplash (2023).
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Source: Unsplash (2023).

It is important to emphasize that the satisfactory results obtained in the experiment with
n=1 participant should not be interpreted as an indication that the number of participants does not
influence the results. Instead, the effectiveness of this experiment is attributed to the participant’s
proximity to the camera. The distance between the participant and the camera plays a crucial role
as it directly affects the ability to capture facial details.

It is worth noting that the validity of the results in an experiment with n=280 participants is
theoretically viable, as long as all participants can be positioned at a similar focal distance in relation
to the camera. However, this condition becomes impractical due to the Principle of Impenetrability,
which establishes the impossibility of physical superposition of all participants in the same depth of
field. Therefore, the feasibility of large-scale experiment is restricted by limitations imposed by the
laws of optics and the physical nature of objects.

Based on the results derived from the experiments conducted, a series of challenges of
considerable magnitude emerge, highlighting, in particular, the question about the feasibility of a
computer vision tool in discerning the individual’s authentic emotional experience at the time of
image acquisition. When examining Image 4, it is noticeable that the template used in phases 3 and
4 of the experiment predominantly reflects the Western paradigm of facial manifestations related
to emoticons (Huang, 2023).

However, the question of the inherent complexity of emotions as phenomena rooted in the
psychological system is raised, questioning whether they can be adequately captured through facial
expressions alone. Could, perhaps, a face display traces of sadness without the individual actually
experiencing such an emotion, due to characteristics intrinsic to their personality or influences from
external factors, such as environmental context and cultural influences?
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Image 4. Emotions template

Disgust

Happiness Sadness Surprise
Source: authors (2023).

Although the visualized emotion features reveal that the mouth and nose region contain
the predominant information, while the eyes and ears contain secondary information when the
neural network learns to perform facial emotion recognition (FER), this paradigm resembles the
process of observation of emoticons by human beings (Huang, 2023). This view is supported by
the opinion of Michio Kaku, who opined that programming emotions into a computer is not an
extremely complex task (Mayekar, 2018). However, it is important to highlight that Theories of
Emotions cannot be simplified in this way, since detecting affect represents a substantial challenge
due to the conceptual nature of emotions, which are abstract quantities that cannot be measured
directly, presenting imprecise boundaries. and considerable variations in individual expression and
experience (Calvo; D’Mello, 2010).

It is crucial to recognize the need for multidisciplinary approaches in designing effective
tools for emotion recognition, promoting collaboration between programmers and scientists
in human areas, such as psychology. It is essential to understand that, despite the vast research
literature on emotions and affective science, the literature on automatic emotion recognition has
been predominantly influenced by computer scientists and artificial intelligence researchers, often
ignoring the controversies inherent in the underlying psychological theories (Calvo; D’Mello, 2010).

This implies, in addition to analyzing the characteristics of emotional expression in facial
images, the urgent need to consider the contribution of intrinsic emotional characteristics, whose
manifestation is not readily visible. Although artificial neural networks demonstrate the ability to
effectively identify visible cues present in the perioral and nasal regions of facial images for the
purpose of recognizing emotional states, the intricate complexity that permeates the domain of
human emotions should not be underestimated. Emotion, as a psychophysiological phenomenon,
extends beyond mere facial expression, incorporating physiological factors, such as variation in
heart rhythms, skin conductance and hormonal responses.

However, we also face the challenge of developing a comprehensive approach to emotion
recognition, covering both the visible manifestations of facial expressions and the underlying
physiological reactions. The perspective expressed by Michio Kaku regarding the programming
of emotions in computational systems, although intriguing, should not be interpreted as an
underestimation of the inherent challenges associated with this endeavor. Human emotions
emerge from a complexinteraction between biological factors, cognitive processes and sociocultural
influences. They cannot be encapsulated by simplified algorithms, given the richness of inherent
nuances and subtleties, which intertwine and manifest themselves in a highly individualized way.

Therefore, the implementation of computational emotion recognition demands a
multidisciplinary approach that transcends the traditional limits of computing, embracing
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significant contributions from the areas of psychology, neuroscience and other related disciplines.
Only through this interdisciplinary collaboration will it be possible to develop truly effective tools
capable of capturing the full complexity of human emotions, recognizing them in their entirety,
both in the visible dimensions and in the underlying physiological layers

Conclusion

In conclusion, when considering the results of the experiment involving the ‘Emotion
Detection’ da-taset available on Kaggle, which consists of 35,685 examples of 48x48 pixel grayscale
face images cate-gorized based on demonstrated emotions in facial expressions, several conclusions
can be drawn.

During the tests conducted to adjust the language learning, the model demonstrated positive
accuracy in relation to the standards defined by the input data, despite the limited number of
experiments (only one test, i.e., n=1). It was possible to establish a statistically significant correlation
between the language configurations and the inputs provided. These results indicate that the
model is able to reliably identify and apply the patterns contained in the input data. Importantly,
this conclusion is promising, especially given the limited size of the initial sample in the experiment,
suggesting that the testing approach has the potential for broad applicability in different contexts
when n=1.

However, it is essential to emphasize that the objective of the experiment was not limited to
a simplis-tic analysis of the emotions presented in the sample (n=1). Instead, we sought to provide
results that re-flected the emotions aroused at different time intervals. In this sense, the experiment
faced the complexi-ty of several factors that could influence the results.

Regarding experiments with different sample sizes (n=3, n=5, n=26, n=280), each presented
unique challenges and limitations. For instance, in the experiment with n=3 participants, despite
satisfactory re-sults in a controlled environment, interruptions occurred when a fourth member
walked behind the partic-ipants, particularly when their faces were in profile.

In the experiment with n=5 participants, carried out in a controlled environment, depth
analysis was introduced, with participants positioned at different distances from the cameras.
Additionally, the possi-bility of racial bias in the algorithm was explored, which was not identified
due to the diversity of the training data set. The experiment with n=26 participants, although it
provided reliable results, faced chal-lenges related to noise in the images and the complexity of
depth representation. The choice of camera resolution also impacted processing speed.

Finally, the experiment with n=280 participants was conducted in an uncontrolled
environment, simu-lating real-world situations. Despite significant challenges such as inadequate
lighting and an extended depth of field, the decision to continue the research under these conditions
was made based on an under-standing of the experiment’s confidence margin. The results of these
experiments provide valuable in-sights into the applicability and limitations of the emotion analysis
model. They highlight the importance of considering the complexity of emotions in different
contexts and the continued need for refinement and adaptation of the model to address these
nuances. Furthermore, the technical and environmental challenges faced indicate areas where
future improvements and investments can be directed to improve the accuracy and effectiveness
of emotion analysis in real-world scenarios.
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