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Abstract. Emotion recognition (ER) is a preliminary step towards endowing emotional intelligence to machines, which
learn it from data. Emotion data resources are pivotal resources for studying and building ER models and an important
determinant for their advancement. Brazilian Portuguese (BP) is a dialect of the 8" most spoken language in the world and
the 7™ globally used on the web, yet it is a low-resource language. Handful of reviews exists citing BP-ER data resources
but none are based exclusively on BP nor cover all research literature. This exploratory review assesses the current status
of the available BP-ER data resources for advancing ER models in BP. We extensively explored emotion studies among
all research publication types up to 2024 and provide an overview of the existing ER data resources in speech, facial
expression, and text modalities useful for computation purposes. Overall, 59 data resources were discovered and are
listed with the details of emotions included, sources employed in their creation, and their availability under respective
modality. The reported data resources are smaller in size and less than 60% are available either openly or on request.
A unanimous observation in all the works that created and studied these resources highlights their scarcity. As research
with adequate resources will be beneficial for advancing ER modeling, we emphasize the need for the larger in-the-wild
multimodal ER data resources in BP. We believe our review will be beneficial in guiding future studies on the aspects of

building corpora for advancing emotion recognition modeling in BP, as well as for any low-resource language studies.
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1 Introduction

In a societal context, emotions influence cognition, which in
turn affects intellect [Cambria et al., 2012]. Therefore, mod-
eling emotions is a crucial factor in the development of ar-
tificial emotional intelligence (AEI), which aims to confer
human-like emotional intelligence to machines, i.e., capabil-
ities to process, interpret, and simulate emotions to enhance
human-machine interactions [Schuller and Schuller, 2018;
Schuller, 2018; Gao et al., 2021]. AEI forms the basis for
an affective interactive system that integrates affective com-
puting, human-computer interaction, artificial intelligence,
sensing and bio-responsiveness. As a result, it acquires the
ability to simulate responses akin to human beings who fine-
tune their behavior according to a fellow interlocutor’s emo-
tional states during conversations [De Angeli et al., 2004;
Bucior and Plentz, 2025].

Such interactive systems can be tailored to generate
emotionally aware responses with context-adaptive behav-
ior, providing engaged human-machine interaction. Incor-
porating contemporary technology-large language models
(LLMs) and Al agents—can provide personalized services.
These systems can be utilized in various ways, including
conversational agents, healthcare or therapy assistants, ed-
ucational tutor agents, customer support, and entertainment
[Bucior and Plentz, 2025; Domingues Aparecido et al., 2025;
De Angeli et al., 2004; Ferrada and Camarinha-Matos, 2024;
Mendes et al., 2024a]. The most critical part of adopting
these systems is designing policies to monitor ethics and

safety. Already, users prefer bots and applications with AEI
capabilities over those without [Vogt et al., 2008; Wang et al.,
2023]. For instance, Al technology adhering to emotional in-
telligence has been circumstantiated during the recently ex-
perienced stressful pandemic period [Sturgill er al., 2021;
Rossettini ef al., 2021]. As a result, AEI is of interest both to
academia and industry.

Emotion recognition (ER) is one of the building blocks
of AEI that identifies human emotions embedded in modali-
ties, viz., audio, visual, text, and physiological signals. These
modalities are available as data resources and are essential
for ER modeling and backbone to affective interactive sys-
tem. Over time, ER models improved due to advances in
machine learning techniques, processing power, and avail-
ability of data resources. Progress in the ER field has resulted
in automatic emotion recognition (AER) systems that facili-
tated wider ER applications across multiple domains, such as
education, healthcare, robotics, marketing, advertising, etc.
[Saganowski, 2022; Huang and Rust, 2021].

Advances in ER models for real-world applications are
driven by the available volume of the data resources and its
quality [Schuller, 2018]. It is evident that additional data will
enable machines to acquire the intricacies and complexities
within it, making them more adept at identifying emotions
[Formolo and Bosse, 2017]. However in the context of local
population, experiments have reported that the ability to per-
ceive and identify emotions from an unfamiliar language or
culture is hindered by the cultural influences on languages,
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nonverbal signals, gestures, expressions, and the disparities
between cultures [Gomes et al., 2024; Cortiz and Boggio,
2022; Silva et al., 2016; Tejada et al., 2022; Scherer et al.,
2001]. Thereby pointing to the need of data resources en-
riched with native linguistic and cultural aspects to enhance
the effectiveness of AER systems.

Recent reviews have outlined various aspects of ER
modeling, including data resources, state-of-the-art meth-
ods, challenges, and future directions [Schuller, 2018; Wang
et al., 2023; Saganowski, 2022; Elkobaisi et al., 2022; Wang
et al., 2022; Poria et al., 2017; Deng and Ren, 2021; Dalvi
et al., 2021; Spezialetti et al., 2020]. These reviews, while
providing a global overview of advances in ER, emphasize
the need for in-the-wild multimodal emotion data resources
in low-resource languages (relative to the English language)
to enhance learning for harmonious human-machine interac-
tions.

Portuguese!' is ranked as the 8" most spoken language
in the world and the 7" most used language globally on the
internet?. Its dialect, Brazilian Portu guese (BP), accounts for
70% of the Portuguese-speaking population. Yet, it is a low
resourced language with a handful of reviews citing BP ER
data resources — one is based on speech [Elkobaisi et al.,
2022], other on facial expressions [Fabricio et al., 2022]
modalities, two based on sentiment analysis [Pereira, 2021;
Steiner-Correa et al., 2018], and two on hate speech [For-
tuna and Nunes, 2018; Poletto ef al., 2021]. Also, there are
two GitHub compilation pages listing two data resources of
speech modality® and four of hate®.

These reviews mention the scarcity of data resources in
BP but none of them covered all research literature, thus not
citing many of the resources nor are based exclusively on BP.
Hence, in this exploratory review, we extensively explored
affect studies among all research publication types up to 2024
and provide an overview of existing BP-ER data resources
in speech, facial expression, and text modalities useful for
computation purposes, in unison with affective interactive
systems. As earlier reviews [Pereira, 2021; Steiner-Correa
et al., 2018] focused on sentiment analysis (opinion mining)
using text modality, we chose to report data resources that ex-
tended their analyses to find underlying emotions from text,
also known as emotion mining. Another reason is that we ob-
served numerous ingenious sources used for sentiment anal-
ysis, which are worth reporting in a different article.

Besides text emotion mining, work on building re-
sources for hate speech and offensive comments is also in-
cluded, thereby presenting a holistic view. Given the pro-
liferation of social media usage and contents with prevalent
hate (or hatred) and other complex negative emotions, the
content moderation task has become a necessary step to fil-
ter messages for hate speech or offensive comments. Sev-
eral research works proposed modeling strategies to classify
such contents. As our objective is to find data resources use-

'https://wuw.ethnologue.com/insights/ethnologue200/.
Accessed on 06 June 2026.

’https://w3techs.com/technologies/overview/content_
language. Accessed on 06 June 2026.

3https://superkogito.github.io/SER-datasets/. Accessed
on 06 June 2026.

4https://github.com/leondz/hatespeechdata.
06 June 2026.
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ful for ER modeling, we find it necessary to include studies
on hate speech that go beyond sentiments and can catego-
rize. The most widely adopted affective computing model
based on cognitive appraisal theory, OCC (see Section 2.2)
model [Ortony et al., 1988], has classified hate or hatred as a
complex emotion, specifically, an object-based emotion aris-
ing from negative cognitive evaluation. In literature, several
theoretical, experimental, and clinical case studies are dis-
cussed on how hate is a complex emotion [Halperin, 2008,
2011; Halperin et al., 2012; Marques, 2023]. Furthermore,
some works have closely associated anger, contempt, disgust,
fear, and anticipation emotions with hatred; and some of
these can be emotional antecedents of hate speech [Pascual-
Leone et al., 2013; Martinez et al., 2022; Bilewicz et al.,
2025; Chavinda et al., 2026]. While further discussion on
this is outside the scope of this review, we direct readers to
the aforementioned literature.

The current work is organized as follows: a brief de-
scription of different types of data resources and emotion
models that are used in the BP data resources is presented
in Section 2. Section 3 describes our search methodology.
Section 4 presents the discovered BP ER data resources in
different modalities. The findings are discussed in section 5.
Finally, section 6 concludes our review.

2 Types of Data Resources and
Emotion Models

2.1 Types of Data Resources

ER data resources are categorized based on their data ac-
quisition methods as spontaneous or nonspontaneous [Wang
etal.,2022]. Spontaneous data resources (in-the-wild or nat-
ural) are obtained from real day-to-day conversations. For
example, CMU Multimodal Opinion Sentiment and Emotion
Intensity (CMU-MOSEI, [Liang et al., 2018]) is an in-the-
wild dataset that is acquired from YouTube videos. In spon-
taneous data resources, a way of conveying emotions and its
intensity depends on the temperament of the person and con-
text. The availability of natural expressions with the desired
emotions and in the desired language is itself challenging.
Also, there are legal and ethical issues on building such data
resources. Another challenge arises in the case of a non-
actor, where the expression of emotion may be vague. Also,
emotion expression may differ due to influences of culture,
language, ethnicity, and region [Elkobaisi et al., 2022; Wang
et al., 2022; Poria et al., 2017; Wierzbicka, 1999; Elfenbein
and Ambady, 2002].

Nonspontaneous data resources can be further catego-
rized into acted and elicited data resources. An acted data
resources is recorded with an expert actor, who can simulate
predefined text or expressions with desired emotions. For
instance, Surrey Audio-Visual Expressed Emotion (SAVEE,
[Jackson and Haq, 2014]) is an acted dataset. Each data re-
source is distinct as it varies in the number of utterances, ex-
pressions, and number of emotions. It is the most available
and may be the most convenient source to obtain all basic or
desired emotions in a desired language. Acted data resources
are produced in an extensively controlled environment, in-
the-lab, regulating an actor’s emotional performance. This
may result in overplaying the emotion compared to a natural
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expression [Wang et al., 2022].

An elicited or induced data resources is recorded by
inducing desired emotions artificially for a participant on a
recording environment. Belfast Induced Natural Emotion
[Sneddon er al., 2012] is an example of elicited dataset.
A trade-off between spontaneity and strict control can be
achieved by giving liberty of emotion expression to partic-
ipants in a controlled environment, in order to obtain emo-
tions naturally [Wang er al., 2022]. It is considered to be
closer to spontaneous data resource, but depends on how the
simulated environment is controlled, otherwise it will not dif-
fer from an acted data resource [Schuller, 2018; Vogt et al.,
2008].

2.2 Emotion Models

Many theoretical frameworks are designed to understand
emotions. Here, we succinctly present emotion frameworks
to facilitate comprehension of the data resources discussed.

Based on the mode of representation of emotions, emo-
tion models are classified into categorical (discrete) and di-
mensional (continuous). The former provides a set of distinct
emotions. The widely accepted and practiced Ekman’s dis-
crete model [Ekman and Friesen, 1971] is based on his con-
trolled experiments where he discovered that the basic six (or
big six) emotions — anger, disgust, fear, happiness, sadness,
and surprise, are universal across cultures. Other complex
emotions can be described using a combination of these big
six emotions. However, it fails to account for the interde-
pendence between emotions and languages [Cambria ef al.,
2012].

In the dimensional model, emotions are interrelated
across multidimensions in a continuum. One of the most
adapted continuous models is Russell’s Circumplex model
[Russell, 1980], which comprises valence and arousal dimen-
sions. The valence (or pleasure) dimension describes emo-
tion on the pleasant to unpleasant scale. The arousal (or acti-
vation) dimension describes intensity or alertness level, scal-
ing from active to passive. Appraisal dimensions (or stimulus
evaluation checks) consider the appraisal process that elicited
the emotion, thus, associating stimuli to emotional reaction.

Scherer [Scherer, 2005] extended the Circumplex model
to the Semantic Space by including appraisal dimensions:
goal conduciveness to goal obstructiveness and high to low
control/ power scale. The former axis informs the ease in re-
alizing the goal, whereas the latter informs the sense of con-
trol or potential. Ortony, Clore and Collins [Ortony et al.,
1988] proposed the OCC (by initials of authors) model by
encompassing logical operations, objects consequences of
events, actions of agents, and aspects of objects, implicated in
the appraisal process. It presents 22 emotions in a hierarchi-
cally organized structure, including valence and emotion in-
tensity parameters. Another continuous emotion model is the
hourglass of emotion (HOE) model [Cambria et al., 2012]
designed to encompass emotions embedded in natural lan-
guages. An emotion is scaled on four dimensions: pleasant-
ness, sensitivity, attention, and aptitude, with two different
levels of affect categorization for each dimension.
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3 Search Methodology

A review of literature exploring available BP ER data re-
sources in the audio, facial expression, and text modalities
was conducted using

Brazilian Digital Library of Theses and Dissertations
(BDTD), Scientific Electronic Library Online (SciELO)
platform which publishes research in various languages
including Portuguese, SBC Open Lib (SOL), Web of
Science, IEEE Xplore, Association for Computing Ma-
chinery (ACM) Digital Library, and Google Scholar.

Being an interdisciplinary study, we explored literature
in various domains such as

health and biological sciences (e.g., psychology, phono-
audiology, speech therapy, and neurosciences), com-
putational sciences, robotics, linguistics, philosophy,
communication and multidisciplinary studies.

And included all research publication types:

full-text articles in journals, conferences, proceedings,
and workshops; theses and dissertations at doctoral,
masters, and bachelor levels.

Search terms in English include the following:

Brazilian Portuguese, emotion recognition database,
emotion recognition corpus, recognition of speech emo-
tion, speech emotion recognition, recognition of facial
emotion, facial emotion recognition, recognition of text
emotion, text emotion recognition, and facebank.

Search terms in BP include the following:

Portugués brasileiro, banco de dados, base de dados,
banco de faces, banco de expressdes emocionais, re-
conhecimento de emocgdes, corpus de reconhecimento
de emocdes, reconhecimento de emogdes na fala, re-
conhecimento de emog¢des faciais, reconhecimento de
emocdes de textos.

We observed our search differed when different combination
of keywords were used. For example “facial emotion recog-
nition” and “recognition of facial emotion” provided few dif-
ferent results. Most of the literature was found with SciELO,
BDTD, SOL, and Google Scholar for keywords in BP. Ref-
erences found in the filtered results as well as their citations
were also explored to find relevant articles.

Inclusion criteria:

i data resources pertaining to BP across speech, text or
facial expression modalities that are useful for compu-
tational processing;

ii published in English or Brazilian Portuguese language
and until the year 2024;

iii publication available openly or can access through the
Brazilian Education’s Ministry research portal (CAPES
Periédicos) that gives access to nearly 45000 journals
for Brazilian researchers, or when authors provided
their article on our request.

Exclusion criteria:
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i emotion perception studies that can not be useful for
computation purposes are excluded;

ii literature which is behind a paywall and could not be
accessed through CAPES Periédicos, and when we did
not get the response to our request from those respective
authors.

The above defined criteria were employed to search and se-
lect the manuscripts for this review, and served as the basis
for resolving disagreements, if any, among the authors.

4 Emotion Recognition data
resources in Brazilian Portuguese

The included ER data resources useful for computation in
three different modalities: speech, facial expressions, and
text are described in subsections 4.1, 4.2, and 4.3, respec-
tively. Subsection 4.4 introduces multimodal resources.
Also, these search results are listed in Tables 14 in each
subsection, detailing name of a resource (otherwise subject)
along with its year, type, source, emotions and their total
number, its status of availability, and reference.

4.1 Speech ER (SER) Resources

The earliest SER corpus we could find was created by Co-
lamarco and Moraes [2008]. It is a small speech act cor-
pus consisting of 16 utterances including statements, yes/no,
questions, requests, and orders each expressing the emotions
anger, happiness, neutral, and sadness. The recordings were
made with a native Brazilian woman and were accompanied
by appropriate context. The objective was to study the as-
sociation between speech acts and emotions based on their
respective linguistic and paralinguistic characteristics. Re-
garding corpus availability, no information was mentioned.

Martins [2011] constructed a corpus for BP speech
recognition and synthesis applications, also for emotion
recognition. Referring to earlier work, 1000 phonetically bal-
anced phrases were selected from the CETEN-Folha® cor-
pus based on BP newspaper contents. From those, two re-
searchers independently selected phrases for SER purposes.
A total of 161 phrases per anger, happiness, and sadness
emotions were recorded by professional announcers. This
corpus was created in three modes: dirty, which contained
breathing and leap sounds, clean, where those sounds were
removed, and clean with effects that contained clean audio
with effects like reverb. No information about the corpus’
availability was found, but the used phrases were published
in the appendix.

Rosa [2017] built the BP SER dataset® by extracting au-
dios from films and YouTube videos of a few seconds dura-
tion because the author could not find any existing dataset
at that time. It contains a total of 143 audios with anger,
fear, happiness, neutral, sadness, surprise, and tense emo-
tions. The author alerted of possible errors in the annotations,
as the author himself annotated the extracted audios.

The Voice emotion recognition database (VERBO,
[Torres et al., 2018]) is an acted SER corpus. It is recorded

Shttp://www.linguateca.pt/cetenfolha/. Accessed on 06
June 2026.
Shttps://github.com/jdarosaj/emotion_portuguese_

database. Accessed on 06 June 2026.
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with 12 professional Brazilian actors (6 females and 6 males)
with theater experience of 2 to 3 years and were chosen from
different regions in Brazil. It contains 14 predefined phrases,
including all BP linguistic phonemes, with four categories:
short sentences, phrases, questions, and nonsense phrases.
The VERBO comprises a total of seven emotions: the big
six and neutral. The clean, semanticless audios are labeled
according to the emotions presented in the utterances. It in-
cludes a total of 1,167 audio files of 47 minutes duration.
Three professional clinical psychologists validated it. The
inter-rater agreement with Fleiss’ Kappa was found to be
65% and emotions were validated with 76% accuracy. This
resource is available on request.

SER corpus Emossonico’ [Kingeski, 2019] contains
three datasets, each obtained from different sources. The first
dataset contains 141 audios, which were extracted from 14
national films, 1 national series, and 5 dubbed films com-
posed of 85 female and 56 male voices. Emotions included
are anger, fear, happiness, neutral, and sadness. The second
dataset contains 206 audios with seven emotions: the big six
and neutral, which were selected from online videos of or-
dinary people (5 males). The third dataset, built by elicited
emotions, was created by the author with 6 female and 9 male
participants while they were watching videos (a way to in-
duce emotions). A total of 200 audios in seven emotions
were recorded: the big six and a neutral state. The process of
inducing and collecting emotions was described by the au-
thor. The validation process was performed by 20 people.
The author obtained the approval from the ethical committee
to carry out the experiment.

Lima [2021] recorded the EMOVOX-BR emotion
speech corpus to find vocal and speech parameters to dis-
tinguish different emotions. The author obtained the ap-
proval from the ethical committee to carry out the experi-
ment. The author first collected sociodemographic data of 26
(11 females, 15 males; average age 27 years) native Brazil-
ian professional actors (16) and performing art students (10)
using an online form who volunteered for the experiment.
Then, three speech tasks were conducted: with sustained
vowels; numbers 1 to 10; semi-spontaneous phrases in var-
ied emotions through an online meeting platform using a
smartphone. Ten speech therapists evaluated these audios to
identify emotions along with their intensities, valence, and
auditory characteristics helpful in differentiating emotions.
Kappa for inter-judge agreement was found to be 0.711 and
all emotions were validated with >70% accuracy. The cor-
pus comprises 182 audios with the best signal-to-noise ratio
(SNR >30dB) recorded in the big six and neutral emotions.
Loudness and pitch were found to be essential parameters for
emotion recognition. No information on its availability was
found.

emoEURJ® [Bastos et al., 2021] was developed at the
State University of Rio de Janeiro for the development of
SER models acknowledging the scarcity of data resources
in BP. Ten sentences were recorded by eight actors (4 fe-
males and 4 males) in anger, happiness, sadness, and neutral

"https://www.udesc.br/cct/geb/projetos/emossonico. Ac-
cessed on 06 June 2026.

8https://zenodo.org/records/5427549. Accessed on 06 June
2026.
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Table 1. Speech Emotion Recognition Resources in Brazilian Portuguese
TYPE: A (acted), S (spontaneous) I (induced); Status: Y (yes), R (upon request), N (No), — (no information)

Resource

Type Source Emotions Number Status Ref
(year)
Speech  acts . Colamarco and
(2008) A Recorded anger, happiness, neutral, sadness 16 - Moraes [2008]
SER resource CETEN- . .
2011) A Folha anger, happiness, sadness 483 - Martins [2011]
SER resource Films, anger, fear, happiness, neutral, sadness
uree g YouTube £ct, feal, appiness, nedtral, 143 Y Rosa [2017]
(2017) . surprise, tense
videos
VERBO .. Torres et al.
(2018) A Recorded big six, neutral 1167 R [2018]
Emossonico lczcﬂms,On?ch, 141, &
S, 1 j big six, neutral 206, Y Kingeski [2019]
(2019) videos & &200
Recorded
(Ezl\(/)lel\)/OX—BR A Recorded big six, neutral 182 - Lima [2021]
emoEURIJ . Bastos et al.
2021) A Recorded anger, happiness, neutral, sadness 377 Y [2021]
CORAA S C-ORAL- neutral, non-neutral-female, non- 933 % Raso and Mello
(2022) BRASIL I neutral-male [2012]

emotions. It comprises 377 audios, where distribution per
emotion is as: anger (94), happiness (91), sadness (100), and
neutral (92).

CORAA® SER version 1.0 is a spontaneous ER cor-
pus of BP utterances collected from the corpus C-ORAL-
BRASIL I [Raso and Mello, 2012], which was designed to
study spoken BP. This corpus was made available in the
SE&R! 2022 workshop, an international conference on the
computational processing of Portuguese (PROPOR 2022), as
a voice emotion recognition competition [Marcacini et al.,
2022]. It contains a total of 933 audio files, of which 625
are in the training set and the remaining 308 are in the test
set. The total duration of the recorded audio is 60.21 min-
utes, with a minimum of 2 seconds and a maximum of 14.78
seconds. These audios are labeled into three categories: neu-
tral, non-neutral-female, and non-neutral-male, depending
upon the presence of paralinguistic elements in them, and
are highly imbalanced. Audio segments without well-defined
emotions are categorized as neutral, whereas segments with
the presence of one of the primary emotions are categorized
as non-neutral. It contains noise and paralinguistic elements
like laughter and crying. In addition, based on the training
set, two baseline macro F1 scores of 55% using wav2vec fea-
tures and 50% using prosodic features were provided.

An interesting observation we encountered was that ra-
dio programs were used as SER resources; however, no
data resource was compiled. Zampar [2010] used radio pro-
grams “A Hora do Mucao” and “Fala, Gente Fina!” to study
how grotesque emotion was used to attract young listeners.
Oliveira et al. [2014] analyzed the Brazilian radio program
“A Hora do Mucgdo” to study how speech rate decreases with
anger emotion compared to normal speech rate. Silva et al.

‘https://github.com/rmarcacini/ser-coraa-pt-br/. Ac-
cessed on 06 June 2026.
Onttps://sites.google.com/view/ser2022/home

[2020] analyzed a private customer care dataset but did not
mention its source or availability, and referred to it as Cus-
tomerPTBR. It consists of audio recordings of customers
along with transcripts and includes anger, fear, happiness,
neutral, and sadness as emotions.

4.2 Facial ER (FER) Resources
The Brazilian face dataset FEI'! [Oliveira and Thomaz,
2006; Thomaz and Giraldi, 2010] is the earliest FER re-
source we found. It contains images with neutral and smil-
ing face expression, varying light illumination, and profile
view up to +180°. It contains 2,800 face images of 200 par-
ticipants (100 females and 100 males) aged between 19 and
40 years old with distinct appearance, hairstyle, and adorn-
ment. The colored images were captured against a white
homogeneous background. For each individual, 14 images
were captured with profile rotation to the left and to the right.
This dataset provides three sets: original images, manually
aligned frontal face images with neutral and smiling face ex-
pressions, and normalized and equalized cropped frontal face
images. The authors believed that the third set can be useful
for experiments with realistic expression synthesization and
age estimation. Construction of the dataset and the alignment
of images are described in [Oliveira and Thomaz, 2006].
Guimardes [2014] built a dynamic FER resource in the
form of micro-videos for 7 basic emotions. To record an ex-
periment a display screen, chair, and camera were kept at a
fixed position focusing on the participant’ face. A projec-
tion screen and a retractable visograph of matte white vinyl
fabric was used in the background for standardization. For
elicitation purposes, thirteen videos showing six basic emo-
tions (happiness, anger, sadness, fear, surprise, and disgust)
with varying intensity and time varying from 1 to 6 minutes

https://fei.edu.br/~cet/facedatabase.html. Accessed on
06 June 2026.
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Table 2. Facial Expression Recognition Resources in Brazilian Portuguese
TYPE: A (acted), S (spontaneous) I (induced); MODE: A (audio), IMG (image), S (sensors), V (video); Status: Y (yes), R (upon request),

N (no), — (no information)
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Resource

Mode

(year) Type Source Emotions (Number) Status Ref
neutral and smiling face profile Oliveira and
FEI (2006) A recorded images +180°; varying light illu- Img (2800) Y Thomaz
mination [2006]
V with 3
recorded, audio- . . . Guimaraes
FE (2014) S, A visual stimuli big six intensity - [2014]
levels
. L . . . Romani-
Cors, A e e b ey sy Sy
et al. [2015]
Baby FE disgust, happiness, pain, sad- Nascimento
(2016) S recorded ness, neutral Ime (65) - [2016]
Game player recorded, video big six, neutral, fun, frustration, ..
FE (2017) S games immersion v R Vieira [2017]
YEPS recorded, audio- .. Novello et al.
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were selected from YouTube. The intense emotional videos
were used for men considering literature finding that women
are more expressive compared to men. The links of these
videos were provided in the work. Along with these videos,
images of varying six basic emotions with three different in-
tensities (20%, 60%, 80%) were used as stimuli. The author
obtained the approval from the ethical committee to carry out
the experiment.

For the experiment, twenty-three volunteers (56.53%
women) of age 19-35 (24.04£4.28) years were employees
and students of Universidade Federal do Vale do Sdo Fran-
cisco (UNIVASF). They were advised not to keep beard or
use glasses, hats or bangs that covered the eyes. In the
starting researcher explained the procedure and informed
them a false objective as a focused attention to avoid any
forced/exaggerated expressions. The participants were ad-
vised not to touch face, speak or take eyes off the screen
during recording. The spontaneous expression videos were
recorded using obtained elicitation videos. With the help of
two volunteers, videos of acted expressions with varying in-
tensities (weak, moderate, and strong) were recorded.

Later, while showing their recording to participants, the
researchers informed the true objective. With the granted
consents the recordings were retained otherwise deleted in
their presence. Then researchers created 4 sec micro-videos
for each emotion per participant from the recorded videos
of spontaneous and acted expressions. These videos were
evaluated for desired expressions and their genuinity by four
judges who were experts in emotion expression patterns.
Videos with at least 75% agreements were accepted. Next,
another three judges evaluated these videos for emotion ex-
pression and their intensities. The videos with at least two
judges in-agreement were selected for the final step. Various
analyses like psychometric, item response theory, similarity
structure analyses were carried out with the help of 201 uni-
versity students to validate this created resource. The author
believed that along with FER studies, this resource will be
useful for therapeutic use but do not mention about its avail-
ability.

Romani-Sponchiado et al. [2015] developed the child
emotions picture set (CEPS) with 17 school children in the
age groups: 6—7 years, 8-9 years, and 10-11 years, as chil-
dren can converse within the same age group with ease. As
per facial features, participants were from indigenous, Afro-
American, and Caucasian ethnicity. Participants were non-
actors from southern Brazil. The CEPS covers 6 basic emo-
tions with 3 levels of intensities: low, medium, high, plus
neutral in a posed and spontaneous mode. The authors ob-
tained the approval from the ethical committee to carry out
the experiment.

For spontaneous images, short videos selected by ex-
ternal child health professionals were used to elicit happi-
ness, fear, disgust, surprise, and neutral emotions. To capture
elicit anger and sadness, participants were asked to recollect
relevant experiences. For posed images, participants were
asked to reproduce the same emotion they felt when exposed
to stimuli with 3 different intensities. In preprocessing, all
images were checked for eye focus, sharpness, and contrast;
converted to black and white; and resized to 300x300 pix-
els (100 dpi). These images were annotated for emotion and
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intensity by 30 psychologists with expertise in child devel-
opment, using online survey software with a forced-choice
method. Among the judges, an overall 85.06% agreement
was reached for the final dataset. It consists of 225 images of
8 boys and 9 girls where 40% (90) images are spontaneous
and 60% (135) are posed. As per facial features of partici-
pants, 146 images are of Caucasian children, and 79 are of
different ethnic groups: Afro-American and indigenous. No
information is given on data availability.

Face expressions of infants between 4 and 24 months
were recorded by Nascimento [2016] to capture disgust, hap-
piness, pain, sadness, and neutral emotions. The author ob-
tained the approval from the ethical committee to carry out
the experiment. Intramuscular injection vaccine was used as
an inducing method to evoke pain. Other emotions were in-
duced with the help of the mother of the infants using toys,
gestures, the mother’s vocalization, and introducing acidic
(lemon) tests. The recording took place in a quiet environ-
ment, the vaccination room, and the position and angle of the
camera were adjusted as per the position of the baby. Four
pediatrics judged images for emotions and quality. Agree-
ment among the judges in the measure of Kappa was not high.
Untrained multiparous and primiparous mothers validated
images, and the mean emotion validation rate was found to
be 68.22%. After applying the selection criteria, a total of
65 images of 13 babies (7 boys and 6 girls) that received a
higher recognition rate from evaluators were selected for the
dataset. The author believes that this dataset can be a useful
resource for health professionals, but no details are provided
on how to acquire it.

The objective of Vieira [2017] was to determine
whether visual cues — facial expressions, camera proximity,
and blinking rates, obtained with a standard webcam while
volunteers were playing video game, can effectively measure
a player’s level of enjoyment (or fun), frustration, immersion
and other emotions, without relying on additional sensor data
or game metrics. The author chose three open source and un-
biased games of different genre among adventure, comedy,
platformer, antiquity, family, puzzle, and horror, which were
popular and independent of language, if that differs from Por-
tuguese. The author obtained the approval from the ethical
committee to carry out the experiment.

The experiment was conducted with total of 35 (17
males and 18 females) adult volunteers (students or em-
ployee), who did not have a history of photosensitive epilepsy
or repetitive strain injury and were comfortable to carry out
experiments, were recruited from a private music school and
the campus of the University of Sdo Paulo. Among them
eight participants did not grant authorization to reproduce
their face images in any media. Among all volunteers 17
wore glasses and 9 male participants had facial hairs. Their
average age was 23 for males and 32 for females.

Each game session was of 20 min, 10 min of game play
and next 10 min for self-game-play review and answering
questionnaires those assessed the levels of (i) frustration, im-
mersion, and fun; (ii) competence, sensory and imaginative
immersion, flow, tension/annoyance, challenge, negative and
positive affects while playing the game. After playing all ses-
sions, the author collected information on their playing habits
and whether these games had been played already. Experi-
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ment was conducted in an artificially lit and well aired pri-
vate room in the music school. The authors created a tool
to conduct an experiment and save the data without human
intervention. Video was recorded in MPEG-4 compression
format with standard 1280 x 720 (HD) resolution and 30 fps.

The author considered two features, immersion and
blink rate, to assess player’ experience. When player is im-
mersed in a game, may lean towards the game screen and
blink rate (blinks per minute) reduces. Immersion is mea-
sured as the gradient of the estimated distance between the
face and the camera. Blink rate was calculated with the help
of extracted facial landmarks and then finding vertical move-
ments of eyelids. FER model trained on two different data
resources was used to identify 7 basic emotions using facial
landmarks extracted from sequences of the recorded video
frames. Then with identified anger, fear, and sadness emo-
tions the level of frustration was assessed. Finally, using
all emotions, frustration and immersion levels, the level of
fun was assessed. Availability of this data resource is condi-
tional.

Novello et al. [2018] developed a youth facial expres-
sion dataset, youth emotion picture set (YEPS), including all
range of teenagerS in the age group 12-20 years. This in-
cludes posed and spontaneous facial expressions for six ba-
sic emotions and neutral, consisting of 42 images, of boys
and girls from different racial backgrounds. The author ob-
tained the approval from the ethical committee to carry out
the experiment. For image acquisition, participants wore a
black cape to hide their clothes, and were allowed to wear
only small earrings.

The authors used three different methodologies to
record their dataset: emotive scenarios (ES), where emo-
tional audios in random order were used for elicitation; posed
expressions (PE), where images of basic emotions with vary-
ing intensities (15%, 50%, and 100%) were shown; and reac-
tion to visual stimuli (RS), where a difficult level flash game
with cheap tricks was used to elicit anger and short movies
to induce other remaining emotions. To finalize these stim-
uli, the authors conducted a pilot study with 10 participants
of both gender and age range. Three FER expert psychol-
ogists filtered images for quality and emotions and a final
set of 42 images were selected to satisfy gender, emotion in-
tensity, and racial background representing Brazilian soci-
ety. Further, these images were preprocessed, converted to
black and white, and resized to 369x475 pixels. Four FER
expert psychologists judged the images for emotions which
were presented in random order on online platform and high
agreement among them was observed, with k = 0.972. No
information is made available on accessing it.

Goulart et al. [2019a] constructed a dataset of facial
thermal images of 28 children (16 boys and 12 girls) from
Vitoria, Brazil in the age group 7-11 using Infrared Thermal
Imaging (IRTI) by measuring changes in facial emissivity for
five emotions — disgust, fear, happiness, sadness, and sur-
prise on both valence and arousal dimensions. The author
obtained the approval from the ethical committee to carry
out the experiment. Under supervision of a psychologist, the
authors obtained five videos of audiovisual stimuli per emo-
tion of duration varying from 40 to 130 seconds. Plus, one
more positive emotional video was selected for training. The
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experiment was performed individually with the children in
the morning session, with room temperature maintained at
22°C. The children were examined for their mental and phys-
ical health and body temperature to discard any influential
factors that could alter the thermal analysis while acquiring
baseline recordings. A 19-inch screen and a thermal camera
were placed at a distance of 85 cm. A Therm-App infrared
thermal imaging camera of 8.7 Hz frame rate was used and
images were acquired with a spatial resolution of 384 x288
ppi with pixel intensity varied from O to 255 where darker
pixels showed lower emissivity and vice versa.

Initially, positive emotional videos selected for training
were shown to the children followed by displaying the stimuli
for disgust, fear, happiness, sadness, and surprise emotions
respectively interspersed with a blank display for 4s. After
displaying each stimuli, children informed perceived emo-
tion on a scale of 1 to 9 relative to valence (pleasure) and
arousal (intensity) dimensions. A 19-inch screen and a ther-
mal camera were placed at a distance of 85 cm. A Therm-
App infrared thermal imaging camera of 8.7 Hz frame rate
was used and images were acquired with spatial resolution
of 384x288 ppi with pixel intensity varied from O to 255
where darker pixel showed lower emissivity and vice versa,
and converted to black and white (BW) images to facilitate
detection of facial regions of interest (ROIs). These ROIs had
shown emissivity variation per emotion, confirming the de-
sired effect of audiovisual stimuli among the children. The
authors described their classification analysis and provided
baseline results with mean accuracy >85% and x >81% for
five emotions. The used audiovisual stimuli!?, dataset!3,
emotion classification codes are provided by the authors and
their links are provided in the article.

Later Goulart et al. [2019b] performed a similar exper-
iment proposing a new methodology to overcome the poor
resolution of IRTI camera. The author obtained the approval
from the ethical committee to carry out the experiment. In
this experiment, they used a mobile social robot, N-MARIA
(New-Mobile Autonomous Robot for Interaction with Autis-
tics), placed at a distance of 70 cm, as an emotional stim-
ulus during a robot-children interaction and recorded chil-
dren’ facial expressions with two cameras attached to it, a
visual (RGB) and an infrared thermal imaging (IRTI) with
2 fps sampling rate to acquire five emotions - disgust, fear,
happiness, sadness and surprise. The experiment was carried
out in a school (Vitoria, Brazil) with 17 children (9 boys, 8
girls) in the age group of 8 to 12 years old. The room where
the experiment was conducted had constant luminous inten-
sity and temperature was kept between 20° to 24° C. The
baseline recording was acquired with the robot face covered,
followed by a 3-minute interaction. At the end of the experi-
ment, children responded to a questionnaire expressing their
emotions and opinions about the robot. No statement regard-
ing availability was made.

Facial expression dataset Baby Faces [Donadon et al.,
2019], contains 72 colored images of 12 infants capturing
the basic six expressions. The author obtained the approval

2https://doi.org/10.1371/journal .pone.0212928.s001.
Accessed on 06 June 2026.

Bhttps://doi.org/10.1371/journal.pone.0212928.5002.
Accessed on 06 June 2026.
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from the ethical committee to carry out the experiment. The
infants (6 boys and 6 girls) in the age group 6—12 months be-
longed to Caucasian (66%), black (17%) and Japanese (17%)
ethnicity. Elicitation methods were as follows: i) happiness:
playing with baby with his/her favorite toy; ii) anger: take
away the toy from baby with which it was playing; iii) sad-
ness: parents left the room, leaving baby alone in a room
for some time; iv) fear: approach of a stranger to the baby
in the absence of respective parents; v) surprise: an audi-
ble noise of horn up to 80 dB where parents are out of sight
of the baby. vi) neutral: keeping baby in resting condition
where parents looked towards baby with neutral look. With
the camera being 1 meter away, videos were collected in-the-
lab under a controlled environment (temperature, light, and
noise). From each video, respective stimulus frames were
selected. From those frames, the best frames per emotion
per infant were chosen by the authors in agreement, and pro-
cessed for standardization in terms of size, orientation, and
background. The dataset was validated with 119 adult volun-
teers varying on age, education level, gender, and race. The
participants’ samples were chosen to represent the variation
in Brazilian society. It is available on request.

Another early childhood dataset, namely, the Facial Af-
fective Brazilian Set—Children image and video database
(FABS, [Negrao, 2019]) was developed with children of age
4 to 6 years. The author obtained the approval from the
ethical committee to carry out the experiment. The partic-
ipant children were chosen from an acting agency and were
Caucasian, African, or Asian descent. Elicitation methods,
attention-getting, age-appropriate cartoon excerpts and facial
expression photos with desired emotions along with guided
imagination (phrases) were selected by consulting profes-
sionals and conducted a pilot study to finalize those. For
recording, children were without make-up and wore white
t-shirts. A white panel was used in the background and the
camera was kept at a distance of 60 cm. With the help of stim-
uli, videos were recorded for big-six, contempt, and neutral.
One researcher identified the emotion expression moments
for videos and images. An expert in facial analysis evaluated
the selected videos and images and with 100% in agreement
were retained in FABS. Another two experts in facial analy-
sis validated the FABS. Kappa index for inter-rater agreement
was found to be 0.70 and with 73% accuracy.

The FABS contains 1,985 stimuli of 124 children
(among 55% girls), of which 1014 (51%) are photographs
and 971 (49%) are videos. Among children, ethnicity was
found as 71% Caucasian, 24% Afro-descendant and 5%
Asian. Emotion distribution in FABS is as follows: anger
(234), contempt (276), disgust (310), fear (269), happiness
(437), neutral (150), sadness (183), and surprise (126). The
author believes that this resource may help characterizing
several neurodevelopmental and psychiatric disorders among
children in early childhood. Later, its subset was published
under the name ChildEFES [Negrao et al., 2021] where
100% agreement was reached among evaluating judges. The
ChildEFES contains 1,381 stimuli of 124 children. It consists
of the following emotions with a respective number of stim-
uli: anger (157), contempt (183), disgust (170), fear (152),
happiness (363), neutral (87), sadness (144), and surprise
(104). It is available on request.
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Dias [2020] explored the influence of visual elements
of election advertisements by creating political propaganda
videos with different scenarios in a controlled environment
(lab) and analyzing voters’ emotional responses using their
facial expressions and opinions. The videos were recorded
with the help of an actor and randomly included four differ-
ent digitally inserted backgrounds and words related to polit-
ical agendas. These videos were used as an emotion elicita-
tion method. Participants’ facial expressions along with their
intensities were categorized into the big-six, contempt, and
neutral, as well as valence and arousal. Performing statistical
analysis, the author demonstrated that the visual elements of
election advertisements influence the voters emotionally. No
information on dataset’ availability was provided.

Matias et al. [2021] created the MIGMA dataset of 1.5k
high quality spatial resolution images with induced and non-
induced emotions: the big-six, contempt, and neutral. The
author obtained the approval from the ethical committee to
carry out the experiment. University staff and students, a to-
tal of 323, of varied ethnicity, age, and gender, volunteered
for this experiment. Among them, 200 were men, 119 were
women, and 3 did not mention gender, and were in the age
group 18-55 years. Ethnicity wise distribution was 86.06%
white, 2.47% mulatto, 1.23% Asian, 0.3% mixed colors,
2.78% did not declare. The authors collected demographic
information and psychiatric symptoms from the participants
using a web based system. Under supervision of a psychia-
trist, participants were examined for their psychiatric symp-
toms. Image recording sessions were carried out under a
non-induced and induced environment where the participants
were asked to capture their photo while imagining emotions,
then with the help of emoticons, respectively. The experi-
ment was carried out in the controlled environment by stan-
dardizing the background and camera. Images were checked
for any inconsistency and were recorded again when neces-
sary, and preprocessed for eye alignment and regularity of
the expression by considering mean faces per emotion. They
provided a baseline accuracy of 44% for the validation set
(15%) where CNN model was trained on 70% for the train-
ing set. This resource is not available as informed by the
authors.

The first transcultural facial expression dataset for the
big six, debauchery (or mockery), and neutral (or at rest)
emotions, was constructed by Tejada ez al. [2022]. This was
developed with Brazilian (60) and Colombian (50) non-actor
volunteers while they were performing computer-assisted
tasks. The average age of participants was 22 years and
among them 54 were women. The participants followed the
instructions displayed on the screen for live recording by a
webcam with 30 FPS rate. The videos were preprocessed to
obtain grayscale 350x350 pixels images and their 68 facial
landmarks. The authors built this dataset of 806 images very
carefully, considering all possible challenges in the process.
The final images of facial expressions were chosen, apply-
ing many criteria like correct facial emotion expression as
participants being non-actors, the corresponding facial land-
mark identification per emotion and their cross-validation
with trained classifiers before they were judged by experts.
Five professors each, from Brazil and Colombia, experts in
human sciences, evaluated this dataset using the online sur-
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vey application provided by the authors.

The authors’ motivations in building their resource are
as follows: (i) No available dataset includes Brazilian culture.
The majority of them are from the USA or Europe, which
do not account for pan-cultural behavioral differences. As a
result, ER models trained on such data neither provide ex-
pected results nor perform well with other cultures. (ii) The
authors emphasized the need for a new dataset because the
facial expressions during social interactions and responses
to computer-assisted tasks are distinct. The authors have de-
tailed and shared their cost-effective resource construction
and validation procedures, along with the scripts!4. They
have also encouraged other communities to build their own
datasets to study cultural behavior, which will further help in
improvements of pan-trans-culture ER models. This dataset
is available on request.

Siqueira et al. [2018, 2023] conducted experiments with
a racing game to explore the impact of game settings on
player’s ability and assess the player’ experience. The au-
thors chose a combination of two configuration parameters in
a game, drift (settings: enable or disable) and gearbox (set-
tings: manual or automatic), providing two difficulty levels
to study its effect on players’ experience. These configura-
tions were introduced randomly, and each participant played
all four configurations. They used a webcam to capture facial
expressions and a sensor to acquire biosignals during game-
play.

Volunteers were selected through social networks in-
cluding students to game developers in the age group 18-
32 years for these experiments. Each participant had at least
some experience of playing a racing game. Twenty (4 fe-
males and 16 males) and thirty (10 females, 20 males) can-
didates participated respectively in the first [Siqueira et al.,
2018] and second experiment, [Siqueira et al., 2023] which
were carried out in the department of Computer Science of
University of Brasilia. All participants were informed about
the play test, purpose of experiment, data collection and han-
dling procedure, and their rights. Later they were asked to
sign consent form and filled the questionnaire. The authors
used facial landmarks as features and annotated basic emo-
tions and neutral emotions using a developed model. Fear
and surprise emotions were excluded given low data density.

The authors [Siqueira et al., 2018] grouped anger, dis-
gust, sadness as negative, happiness as positive, and neu-
tral as neutral emotions. Further modeled on valence-arousal
axes and analyzed using Fuzzy logic. They noted that when
game setting matched the capability of player, the player felt
satisfied (calm/positive emotion). Thus, they demonstrated
possible way to estimate the player’s experience. No infor-
mation is given on data resource availability.

The authors [Siqueira et al., 2023] created a facial ex-
pression annotation tool with a list of 32 emotions and 10
game events. Two expert social psychologists and sixteen
psychology students evaluated facial expressions and respec-
tive game events by watching game session recordings in two
levels. The first, using all emotions from the given list and
the latter, using eight emotions: anger, anxiety, calm, de-

4nttps://github.com/julian-tejada/EmotionRecognition.
Accessed on 06 June 2026.
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sire, disgust, fear, happiness, and sadness. The game sessions
with Fleiss’ kappa coefficient >0.6 for inter-rater agreement
were used to finalize a dataset. With 8 emotions, 69.5% av-
erage agreement was obtained. The final dataset contained
data for anger (100), calm (180), happiness (210), and sad-
ness (170) only. Other emotions were discarded due to very
low instances. Then, the same procedure was performed with
20 more participants. Their self-reported emotions and self-
evaluation using the annotation tool were used to validate the
authors’ ANN model, which were trained with earlier data to
classify emotions. The authors reported 64% mean accuracy
as a baseline result. Data access is restricted, but they made
their code'’ available.

For FER dataset (face bank) creation, Fabricio [2023]
conducted a pilot study to select elicitation methods with im-
ages and scenarios for the big six and neutral emotions, and
to standardize the database capturing procedure where white
photographic panel was used as a background while all the
participants used black t-shirt. Using selected stimuli, videos
were recorded with experienced actors and non-actor volun-
teers and preprocessed for quality. It included frame align-
ment with nose tip (at the center), eye, head positions; adjust-
ment in color, contrast, temperature, shadows, etc.; removed
piercings and teeth braces, and resized to 270x360 pixels.
The author obtained the approval from the ethical committee
to carry out this experiment.

Five expert judges in emotions and psychometry anno-
tated the frames with emotions and annotation difficulty level
as easy, medium, and hard. All images with hard annotation
level were removed as it would be hard and confusing for ER
tasks. Images with easy level annotation with 80% or more
inter-rater agreement were chosen for face bank. To com-
ply with the demographic distribution in Brazilian society,
images with higher inter-rater agreement were selected from
medium level. The dataset contains total of 56 images, 8 im-
ages per emotion, of 29 volunteers (16 actors, 13 non-actors)
with following demographic distribution in gender (58.6%
females and 48.3% males), ethnicity (48.3% white, 34.5%
brown, 10.4% black, 3.4% yellow, 3.4% indigenous), and age
(51.7% of 18-39 years, 34.5% of 40-59 years, and 13.8% of
60 or more years). The dataset is published in Appendix VI
of the thesis [Fabricio, 2023], but without labels and no men-
tion on how to acquire it.

Morais et al. [2024] created a Brazilian FER dataset of
56 high quality color images accounting proportion of age,
sex, and race in the Brazilian population with big six and
neutral emotions. They conducted a pilot study with six men-
tal health professionals and psychology researchers to final-
ize stimuli images and hypothetical situations for elicitation
purposes. The author obtained the approval from the ethical
committee to carry out the experiment. It was created with 29
participants (16 actors and 13 non-actors). For the capturing
process, they chose white background with white light where
all participants wore a black t-shirt, without makeup and any
distracting things. Using created online forms, five experts in
emotions and psychometrics (3 females, 2 males with mas-
ter and doctoral degree) validated images to identify emo-

https://github. com/eltonsarmanho/PGD-Ex. Accessed on 06
June 2026.


https://github.com/julian-tejada/EmotionRecognition
https://github.com/eltonsarmanho/PGD-Ex

Exploratory Review of Emotion Recognition Resources in Brazilian Portuguese

tions and its identifying level in easy, medium, or difficult
categories. A final dataset of 56 images was constructed: all
difficulty category images were discarded; images with 80%-
100% inter-rater agreement for easy category were consid-
ered; to obtain emotions with eight faces per emotion and to
satisfy criteria images were chosen with majority vote from
medium category. These images were preprocessed with
professional software to standardize positions, lightning, size
(270x360 pixels), and to remove piercings and dental appli-
cations. The dataset with low resolutions and their descrip-
tive analyses were provided in the supplementary material
and the dataset is available on request.

Souza et al. [2024] constructed a multivariate Facial
Biosignals Time—Series, FBioT!¢, dataset using 42 online
and 28 downloaded videos from YouTube. The FBioT is a
spatiotemporal normalized and stabilized dataset where fa-
cial landmarks were correlated to facial action coding sys-
tem (FACS) to identify the underlying neutral and happy
emotions. They developed visual-temporal facial expression
recognition (VT-FER) methods that assist automated dataset
construction processes with online or offline videos. Steps
(i)-(v) were followed, where the output of an earlier step
was fed to the next: (i) metadata extraction; (ii) 68 facial
landmarks extraction using Dlib; (iii) creation of stabilized
and normalized temporal series; (iv) correlating the tem-
poral series with facial action unit systems. Following the
above steps, 22 standardized measures were obtained for seed
videos of emotion expression, which were used for annota-
tion.

As this dataset is based on mapping of FACS to facial
landmarks, the authors assured that their dataset contains nat-
ural face diversity without any bias like race, color, gender,
etc. Also, it avoids technical constraints such as lighting
and noise conditions, need of frontal position of face, mini-
mal movement restrictions, which traditional datasets expe-
rience while capturing temporal-spatial descriptors concur-
rently. Creating time series instead of images/videos con-
sume less computational resources. The authors provided
their baseline binary classification Fl-score of 80% using
LSTM neural network and compared their result with other
two video-FER datasets. They made their codes and de-
tailed documentation!” available along with the dataset in
their GitHub repository.

4.3 Text ER (TER or Emotion Mining) Data
Resources

A lexicon, or an emotion dictionary, is an important lin-
guistic tool for emotion and opinion mining, which maps
akin words to emotions and opinions, respectively. As the
majority of the resources are available in the English lan-
guage, the following lexicons were developed especially for
Brazilian Portuguese. Pasqualotti and Vieira [2008] built the
first Brazilian Portuguese affect lexicon WordnetAffectBR,
in three stages composed of 289 words. The OCC emo-
tion model relates emotions to cognitive processes. Thus, it

https://github.com/jomas007/
biosignals-time-series-dataset/. Accessed on 06 June 2026.

"https://github.com/jomas007/
biosignals-time-series-dataset/wiki/Blocks-Description.
Accessed on 06 June 2026.
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was used as a conceptual base and lexical reference to iden-
tify words having meaning in the emotion domain. Further,
this word base was extended using the following lexical re-
sources: Wordnet, Base Affect, and Wordnet Affect. Word-
net is an English lexical database composed of words and sets
of synonyms (synsets). It is organized as per their form and
meaning, encompassing noun, verb, adverb, and adjective
categories. The base Affect and Wordnet Affect were used to
relate the lexical and semantic content of words in Wordnet to
affective meaning based on their characteristics and contents,
resulting in extending the emotion word database. Next, it
was carefully translated to Brazilian Portuguese based on the
significance of the words and structure of the synsets where
each word was cross-referenced at each stage with the help
of experienced translators.

A domain-independent lexicon, OpLexicon' , was de-
veloped by Souza et al. [2011], integrating three lexicons ob-
tained with three different methods—a Brazilian Portuguese
corpus of movie reviews and PLN-Br CATEG corpus []; a
TEP thesaurus [Maziero et al., 2008] based on synonymy
and antonymy; and translating an English opinion lexicon
[Hu and Liu, 2004] to Brazilian Portuguese. It contains
7,077 polarity words, among adjectives, verbs, nouns, and
expressions categories. LIWC-PT (or LIWC_2007pt as re-
ferred in Carvalho et al. [2019]) lexicon [Balage Filho et al.,
2013] was created by translating the original Linguistic In-
quiry and Word Count (LIWC) lexicon from an English lan-
guage [Pennebaker et al., 2001]. A total of 127,149 instances
are ascribed to 64 categories for emotion and opinion min-
ing. To improve this lexicon, to add several new categories,
and to add words matching linguistic, social, and psycholog-
ical characteristics, the LIWC_2015pt!® lexicon was created
by translating an English 2015 version of the LIWC lexicon
[Carvalho et al., 2019, 2024]. It composed of total 73 cate-
gories. Based on an English 2015 version of LIWC lexicon,
the AffectPT-br? lexicon was developed focusing on affect
categories [Carvalho et al., 2018] using an online translator
and an English-Brazilian Portuguese bilingual dictionary. It
consists of a total of 1139 words assigned in the affect cate-
gory. All the creators of the above-mentioned lexicons vali-
dated and evaluated it by comparing it against existing lexi-
cons.

Martinazzo [Martinazzo, 2010; Martinazzo and Paraiso,
2010; Martinazzo et al., 2011] manually constructed an emo-
tion word dictionary in BP. For this work, to use formal lan-
guage, a total of 1,002 short news along with their headlines
were extracted from a news website. Words were classified
into the big six and neutral emotions. A group of 13 vol-
unteers (researchers, doctoral and undergraduate students)
annotated and evaluated the predominant emotion in news.
A news corpus is available under the Emocdes. BR?! project
on request. A Kaggle user presented this emotion dictionary

8

Bhttps://wuw.inf .pucrs.br/linatural/wordpress/
recursos-e-ferramentas/oplexicon/. Accessed on 06 June

2026.

Yhttps://github.com/LaCAfe/LIWC2015pt.  Accessed on 06
June 2026.

2Ohttps ://github.com/LaCAfe/AffectPT-br. Accessed on 06
June 2026.

2lhttps://www.ppgia.pucpr.br/~paraiso/
mineracaodeemocoes/. Accessed on 06 June 2026.
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Table 3. Text Emotion Recognition Resources in Brazilian Portuguese
TYPE: A (acted), S (spontaneous) I (induced); Status: Y (yes), R (upon request), N (no), — (no information)
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Resource (year) Source Emotions/Affect Number Status Ref
News (2010) News big six and neutral 1,002 R I[\;I(a)rlt(l)r]lazzo
News big six and neutral with low, medium, and high in- Dosciatti et al.
(2013) News tensities 2,000 R [2013]
Kindle reviews (2014) Kindle big six, anticipation and trust 150 - [Sza(;] ;ZZ] et al.
. . S R e 840 stan- Santos et al.
Parallel corpus (2014) Music lyrics big six, anticipation, and trust with intensities Jas [2014a]
OffComBR-2 & News Comments racism, sexism, homophobia, xenophobia, reli- 1,250 & Y De Pelle and
OffComBR-3 (2017) gious intolerance, and cursing offenses 1,033 Moreira [2017]
MQDEmotion (2018) Meu Querido Didrio big six 79,523 Y I[\;%Slcér]“ento etal.
HateSpeech (2019) 55chan, Twitter f).ffenswe (anger and anxiety), non-offensive (pos- 7.672 v Nascimento et al.
itive emotions) [2019]

. s . anger, disgust, fear, happiness, gratitude, guilt, Wingenbach
Vignettes (2019) Author’ creation sadness, and neutral 40 Y et al. [2019)]
hierarchical multiple la- . hierarchical multiple label of fine-grained 81 cate- Fortuna et al.
bel hate speech (2019) Twitter gories of hate speech 5,668 Y [2019]
stock market domain Twitter Joy,~ §adr¥ess, anger, fear, trust, disgust, surprise, 4553 v da Silva [2020]
(2020) anticipation
ToLD-Br (2020) Twitter Non-toxic, LGBTQ+phobia, ~obscene, insult, % Leite et al. [2020]

racism, misogyny, & xenophobia
GoEmotion-PT-BR . . Cortiz et al.
(2021) Twitter 28 emotions 47,405 Y [2021]
GoEmotion-PT-BR . . Hammes and
(2021) GoEmotion-EN 28 emotions 54,263 Y de Freitas [2021]
MOOC posts (2022) MOOC ;?iir, dislike, fear, happiness, sadness, and sur- 766 _ Souza [2022]
COVID-19 vaccine re- . 1r}d1gnat1().nj enthusiasm, happiness, pride, suspi- Penteado et al.
Twitter cion, cynicism, defiance, hope, anger, envy, em- 85 —
lated (2022) . [2022]
pathy, disgust, and sadness
. S e 7,000 & Vargas et al.
HateBR (2022) Instagram 9 offensive categories in 3 intensities 77 - [2022]
soccer  team - related tweets support, anger, happiness, and funn; - Y Rodrigues et al.
city related (2023) tweets a.versmn, happmes.s, sadness, surprl.se, dlsgqst, de- 4183 _ de Oliveira Moraes
sire, none; categories:propaganda, information [2023]
Election news (2023) Twitter Sentiment and big six emotions 53,932 R Silva et al. [2023]
L Fernandes-de
(ng;/}l?_lg vaccination Facebook 35 emotions 523 - Oliveira et al.
[2023a]
L Fernandes-de
23\2{3)-19 vaccination Instagram 30 emotions 620 - Oliveira et al.
) [2023c]
Hate speech database & . Weitzel et al.
Jexicon HALEX (2023) Twitter Hate, non-hate 33,771 Y [2023]
: . aggressive in: not hate, hate & hate in: 11 cate- 43,668 & Oliveira et al.
TuPy-E (2023) Twitter, Instagram gories 9.367 Y [2023]
Play store reviews (2024)  Google Play Store big six; polarity: positive, negative, and neutral 300 Y [Szlglzligi] et al
Twitter, YouTube, .. Trajano et al.
OLID-BR (2024) 55chan, news comments toxicity_type & target_type 6,354 Y [2024]
HEDOS (2024) X (Twitter) toxic, non-toxic, trash 5,492 - Bg;z ] et al
. . . Primary and Secondary emotions defined by Mendes et al.
Multi-label corpus Twitter (X) Plutchik model 12,160 Y [2024b]
Translated ISEAR Cor- ISEAR corpus & aug-  anger, disgust, fear, guilt, happiness, sadness, 7,474 & Y footnote 48
pus mented version shame 13,16 1
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[Martinazzo, 2010] on Kaggle as Words in Portuguese (BR)
and Emotions dataset??. Further this work was extended by
extracting synonyms using a dictionary?® and provided a to-
tal of four datasets.

Another corpus based on short news text was built by
Dosciatti [2015] for emotion mining (the big six and neutral
emotions) and opinion mining (to determine polarity) under
the Emog¢des.BR project and is available on request. A total
of 2,000 news headlines with short descriptions, containing
on average 23 words, were extracted from global, politics,
police, and economics categories. Experts in linguistic and
computational linguistics annotated these texts with predom-
inant emotions and their intensity (low, medium, or high).
The corpus is highly imbalanced per emotion with distribu-
tion: anger (4%), disgust (13%), fear (11%), happiness (9%),
neutral (27%), sadness (23%), and surprise (13%). Its bal-
anced version [Dosciatti et al., 2013] contains 250 news per
emotion but without intensity information. Along with the
corpus, a text annotation system, computational tools, and a
data balancing approach are described and provided by the
author.

Santos et al. [2014b] built and analyzed a multilin-
gual emotion mining corpus, which is a less explored area.
The authors used reviews of Amazon’s Kindle e-books as
a source for two reasons: (i) since diverse emotions can be
evoked by books, the likelihood of finding different emo-
tions in their reviews is greater; (ii) a wide global customer
base offered the possibility of finding reviews in different
languages. The corpus contains 150 reviews manually an-
notated among anger, anticipation, disgust, fear, happiness,
sadness, surprise, and trust emotions by two annotators (mas-
ters in computing) using an emotion dictionary. A corpus is
imbalanced with more instances of happiness emotion. The
authors mentioned that (i) agreement between annotators on
the presence of emotions is a critical part in the corpus build-
ing process; (ii) shorter reviews are less noisy, thus identi-
fying underlying emotion is easier compared to lengthy re-
views; (iii) though most of the text analysis resources are
English language-specific, they demonstrated that machine
translation would be helpful for other languages, and advised
to be aware of translation errors. There was no information
available on the availability of the corpus.

Santos et al. [2014a] performed multilingual emotion
mining using parallel corpora. Parallel corpora are created
such that the texts in both corpora are translations of each
other and structurally identical. For such a corpus, annotating
one language can be sufficient. Their parallel corpora consist
of original music lyrics in English and their translation in BP
obtained from the website’*. The authors performed emo-
tion mining of a total of 850 stanzas, considering Plutchik’s
8 emotions: anger, anticipation, disgust, fear, happiness, sad-
ness, surprise, and trust at the stanza level. Emotion is iden-
tified at word level within a stanza and then normalized by

2https://wuw.kaggle.com/datasets/antoniomenezes/
words-in-portuguese-br-and-emotions. Accessed on 06 June
2026.

Bhttp://www.academia.org.br/sites/default/files/
publicacoes/arquivos/cams-10-dicionario_de_sinonimos_da_
lingua_portuguesa-para_internet.pdf. Accessed on 06 June 2026.

https://www.letras.mus.br/. Accessed on 06 June 2026.
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the total number of words present in the stanza. The resulting
value between 0 and 1 is used to determine the intensity of the
emotion as does not evoke, vaguely evoke, or clearly evoke.
Three annotators annotated it using a dictionary. The authors
analyzed this corpus and noted that emotion mining with ma-
chine learning outperforms sentiment lexicon; intensity and
distribution of emotions depend upon the chosen song, irre-
spective of the language chosen for the analysis. There was
no reference made to the corpus’s availability.

Pelle and Moreira [De Pelle and Moreira, 2017;
De Pelle, 2019] created the first Brazilian corpus, Off-
ComBR?, to detect hate speech from online comments. The
authors used comments written on politics and sports sec-
tions from news websites. They categorized text for racism,
sexism, homophobia, xenophobia, religious intolerance, and
cursing offenses. Due to annotator limitation, OffComBR-
2 contains only 1250 instances where at least two judges
were in agreement and its subset OffComBR-3 consists of
instances where all judges were in agreement. OffComBR-2
has dominance of cursing offense text. Overall, both versions
contain more negative instances. Their main observations in-
clude: context is crucial while classifying hate speech; lan-
guage patterns and its meaning used on the web changes
constantly; offensive text was frequent in the cursing cat-
egory; longer comments were less offensive; and there’s a
need to discern hate speech without meddling in speech free-
dom. The authors provided their annotation tool? to help
other annotators to label their data. Also, they have provided
baseline results [De Pelle and Moreira, 2017] and ensemble
classifier Hate2Vec to detect offensive comments on the Web
[De Pelle, 2019].

Nascimento et al. [2018] created the MQDEmo-
tion2018%’ corpus by extracting posts from the social net-
work ‘Meu Querido Diario’ (MQD). On MQD, users share
their daily lives expressing sentiments and emotions; even
users can label their posts with the basic emotions. This cor-
pus dataset contains a total of 18,601,010 words and a vocab-
ulary of 265,741 distinct terms. The authors selected a total
of 79,523 entries categorizing anger (6,323), disgust (1,512),
fear (6,112), happiness (32,672), sadness (27,642), and sur-
prise (5,262) emotions.

Nascimento et al. [2019] created a corpus®® by collect-
ing content from Brazilian imageboard 55chan, and Twitter
to detect hate speech with categories offensive or not. Data
were filtered using the LIWC 2015 BP lexicon dictionary
for anger, anxiety, and positive emotions. Data (3,836 in-
stances) containing words from anger and anxiety categories
were selected from the 55chan board and labeled as offen-
sive. Similar amounts of data containing positive emotions
were selected from Twitter and labeled as non-offensive. The
authors also provided baseline classification measures for the
corpus.

Wingenbach et al. [2019] developed verbal vignettes in

Zhttps://github.com/rogersdepelle/0ffComBR. Accessed on
06 June 2026.

2https://github.com/rogersdepelle/hatedetector. Ac-
cessed on 06 June 2026.

YThttps://github.com/LaCAfe/MQDEmotion2018.
06 June 2026.

Zhttps://github.com/LaCAfe/Dataset-Hatespeech. Accessed
on 06 June 2026.

Accessed on


https://www.kaggle.com/datasets/antoniomenezes/words-in-portuguese-br-and-emotions
https://www.kaggle.com/datasets/antoniomenezes/words-in-portuguese-br-and-emotions
http://www.academia.org.br/sites/default/files/publicacoes/arquivos/cams-10-dicionario_de_sinonimos_da_lingua_portuguesa-para_internet.pdf
http://www.academia.org.br/sites/default/files/publicacoes/arquivos/cams-10-dicionario_de_sinonimos_da_lingua_portuguesa-para_internet.pdf
http://www.academia.org.br/sites/default/files/publicacoes/arquivos/cams-10-dicionario_de_sinonimos_da_lingua_portuguesa-para_internet.pdf
https://www.letras.mus.br/
https://github.com/rogersdepelle/OffComBR
https://github.com/rogersdepelle/hatedetector
https://github.com/LaCAfe/MQDEmotion2018
https://github.com/LaCAfe/Dataset-Hatespeech

Exploratory Review of Emotion Recognition Resources in Brazilian Portuguese

BP, English, and German languages for emotion elicitation
and recognition purposes. Vignettes include the following
basic and complex emotions: anger, disgust, fear, happiness,
gratitude, guilt, sadness, and neutral. These were written
from a first-person perspective, analyzed and rewritten un-
til they reached at least 80% agreement. The vignette script
is made available as supplementary material.

Fortuna et al. [2019] constructed a hierarchically-
labeled hate speech corpus using tweets in Portuguese lan-
guage (considering all dialects). Their work focused on the
hate category among offensive speech with the objective
of acquiring discrimination posts based on religion, gender,
sexual orientation, ethnicity, and migration. They used Twit-
ter API and R to crawl through the messages with 19 key-
words, 10 hashtags, and 29 specific profiles to search for hate
speech in the period of January to March, 2017. With the
search instances, they built a hate speech lexicon for Por-
tuguese. They filtered duplicated and non-Portuguese lan-
guage tweets and removed HTML tags and a post less than
three words, then anonymized all tweets. Per user maximum
200 tweets were selected for diversity. With these, the fi-
nal corpus comprises 5,668 posts from 1,156 different users.
Non-expert and native Portuguese eighteen students volun-
teered for binary annotation of posts in hate or no-hate cat-
egories with the provided guidelines. Inter-rater agreement
with Fleiss Kappa was found as low as 0.17, attributed to dif-
ficulties in recognizing the nuances of hate speech by non-
experts. 31.5% of collected posts were annotated as a hate
speech.

An experienced researcher designed hierarchical class
structure with fine-grained 81 hierarchical multiple label
schema to comprehend various forms of hate speech and re-
lation among them (the way in which they overlap). Earlier
annotated messages as hate were classified into hierarchical
multiple labels using open coding methodology. Traversing
towards the depth of this structure, the class frequencies vary
from larger to smaller (see Table III in [69]). This schema
allowed authors to identify less common hate speech cate-
gories. Another annotator validated this class structure for
500 messages. Cohen’s Kappa agreement within these two
annotators was found to be 0.72. This agreement does vary
per class, showing difficulty among specific classes to an-
notate. Subjectivity in annotation is reflected with different
inter-annotator agreement per category. The authors pro-
vided a baseline binary classification result of 0.78 F1-score
for 10-fold cross-validation using pre-trained word embed-
dings and LSTM models. The authors mentioned the pos-
sibility of sampling bias in their corpus due to the nature of
the API and the methodology used. Thy made available their
corpus®’, labeling schema, and codes°.

da Silva [2020] built stock market domain corpus31
based on the Plutchik’s Wheel of Emotions considering
joy vs sadness, anger vs fear, trust vs disgust and surprise
vs anticipation emotions. For this work, the author col-

Phttps://github.com/paulafortuna/
Portuguese-Hate-Speech-Dataset. Accessed on 06 June 2026.

Onttps://github.com/paulafortuna/SemEval_2019_public.
Accessed on 06 June 2026.

3lhttps://wuw.kaggle.com/datasets/fernandojvdasilva/
stock-tweets-ptbr-emotions. Accessed on 06 June 2026.
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lected tweets containing at least one of the stock code in-
dexed in IBOVESPA, Brazilian Stock market, for a period
of March to May, 2014, resulted in a total of 5,068 non-
repeated tweets. These tweets were manually annotated us-
ing a crowd-sourcing method. The author created a mo-
bile app and guidelines for annotation process and on stock
market slangs. By declaring lottery type prize, the author
found 442 volunteers of age 18-60 years of which more than
50% obtained graduation or higher degree. Among them,
14.5% participants had trading experience in stock market
and 14.5% participants had technical analysis knowledge.
The author considered tweets annotated by at least three par-
ticipants and assigned emotion by two of them was consid-
ered as a label. A total of 4,553 tweets were annotated by
at least one participant. The final corpus contains annotated
tweets per emotion pair as 4,149 for trust and disgust; 4,138
for joy and sadness; 4,170 for anticipation and surprise; and
4,158 for anger and fear.

With the objective of building a larger corpus, the au-
thor defined hashtags related to joy, sadness, trust, disgust,
anticipation and surprise emotions. Regardless of domain,
tweets in Portuguese language with one of the defined hash-
tag were collected during September, 2015 to October, 2016.
This free domain corpus contains 230857 tweets with follow-
ing frequency and emotion: sadness (109,768), joy (71,004),
fear (27,488), disgust (9,207), trust (5,192) ,surprise(5,049),
anger (4,006), anticipation (1,326) where emotions anno-
tated using distant supervision method. No information was
mentioned on its availability.

Leite et al. [2020] created a large-scale toxic language
corpus for Brazilian Portuguese, ToLD-Br, to detect toxic
speech by analyzing Twitter posts. The authors collected
posts using GATE Cloud’s Twitter Collector, for the period
July-August 2019 with two strategies. In the first strategy,
tweets were searched for predefined BP hashtags and key-
words. In the other strategy, tweets were collected from 50
influential users without any keywords. They found more
than 10M unique posts. Among them, 21K posts were se-
lected randomly for annotation, of which 60% posts were col-
lected using keywords. All posts were pseudo-anonymized
by replacing the name of the person by the word “user”.

For the annotation, 42 volunteers (age 18—37 years) with
diverse demographic profiles conforming with the Brazil-
ian Institute of Geography and Statistics were selected by
public consultation at the Federal University of Sao Car-
los, Brazil. The authors provided demographic information
of annotators along with their corpus. Each post is anno-
tated by 3 volunteers, and each annotated 1500 posts among
LGBTQ+phobia, obscene, insult, racism, misogyny, and/or
xenophobia, otherwise none. Next, all posts were labeled as
toxic or non-toxic. If any of the annotators flagged the post
on an offensive category, it was labeled toxic. Inter-rater
agreement was the most for LGBTQ+phobia, suggesting it
has more definitive lexicons. Lower agreement was found
for obscene and racism classes. Lexicons used to classify
obscene and insult were overlapped showing the confusion
within the volunteers for the annotation.

The authors provided a baseline macro-F1 score of
76% using BERT model for monolingual binary classifica-
tion with 80-10-10% data split into training-development-
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test sets. Their multilabel analysis pointed that the model
misclassified less frequent toxic categories compared to oth-
ers, suggesting more data is necessary for the model to learn
subtleties. Monolingual model performance outperforms
transfer learning and multilingual model, demonstrating how
large-scale monolingual corpus is necessary to build a reli-
able model.

Cortiz et al. [2021] created the first TER corpus32 clas-
sifying texts in 28 fine-grained categories in BP by reviewing
emotion categories defined in the GoEmotions dataset. GoE-
motions®® corpus [Demszky et al., 2020] contains 58,000
carefully curated Reddit comments in English, which are
manually annotated in 27 different fine-grained emotions.
During the first review stage, seven researchers from differ-
ent backgrounds suggested BP translation of emotions from
English based on the definition of each emotion and created
an emotion list. These emotions were reviewed for consis-
tency in the second stage, resulting in 28 distinct emotions
[see Table I]. The authors further developed a set of lexical
items for these emotions. Using this set, the authors col-
lected and annotated 47,405 tweets with a weak supervision
approach. The authors provided baseline results using fine-
tuned pre-trained bidirectional encoder representations from
transformers (BERT) models and suggested that a weak su-
pervision approach works better for TER in BP, which is a
low-resource language. This is also available on Kaggle as
Go Emotions PT-BR dataset®*.

Around the same time, Hammes and de Freitas [2021]
worked on filtered version of the GoEmotion dataset [Dem-
szky et al., 2020] by translating it into Brazilian Portuguese
and then performed sentence-level analysis using transfer
learning with the BERTimbau model [Souza et al., 2020].
The BERTimbau model is based on the transformer archi-
tecture and is developed for BP language. It has achieved
state-of-the-art performance in many NLP tasks. The au-
thors noted that not all translated sentences produced cor-
rect idiomatic (or figurative) expression and thus affected the
emotion recognition results. The data and code resources are
available™.

Souza [2022] used the comments in the discussion fo-
rums of the massive open online course (MOOC) for TER
analysis. The author used a mining tool built in Python, con-
sidering the big-six emotions but replaced disgust with dis-
like, as it is more common among students. The training
set contains 538 phrases with the following emotion distri-
bution: anger (84), dislike (90), fear (84), happiness (112),
sadness (84), and surprise (84). The test set includes 228
phrases: anger (36), dislike (36), fear (36), happiness (45),
sadness (36), and surprise (36). The author believes that
knowing students’ emotions will be helpful to MOOC teach-
ers for planning their strategies to encourage students to com-
plete the course.

Zhttps://github.com/diogocortiz/
PortugueseEmotionRecognitionWeakSupervision.
on 06 June 2026.

Bhttps://github.com/google-research/google-research/
tree/master/goemotions. Accessed on 06 June 2026.

3https://wuw.kaggle.com/datasets/antoniomenezes/
go-emotions-ptbr. Accessed on 06 June 2026.

Shttps://github.com/Luzo0/GoEmotions_portuguese.  Ac-
cessed on 06 June 2026.
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During COVID-19 pandemic when The Brazilian
Health Regulatory Agency (Anvisa) authorized the emer-
gency use of vaccines Penteado er al. [2022] performed an
analysis to identify primary emotion trending among twitter
users. Total 1,644,508 corresponding posts were collected
using keywords related to vaccine and Anvisa for a period
of 24 hours on 17-18 January, 2021. Among these most
retweeted 100 posts were selected to identify influential con-
tents and their/respective underlying emotions by adopted
method and 85 of them contained some emotions. From the
most to least prevalent emotions observed were indignation,
enthusiasm, happiness, pride, suspicion, cynicism, defiance,
hope, anger, envy, empathy, disgust, and sadness. The au-
thors noted that the posts revealed positive responses over
vaccine approval. No information on resource availability
was found.

Vargas et al. [2022] constructed a large hate speech cor-
pus, HateBR, which is manually annotated by experts for
precise classification. This is constructed by collecting com-
ments from public Instagram accounts of six Brazilian politi-
cians (4 female, 2 male) of two different political parties
for the period August 2020 — January 2021 using Instagram
API. From each of the six accounts, comments were collected
from the most popular post. Total 30 posts and 15000 com-
ments were collected. In the preprocessing step, comments
with irrelevant text like links, characters without any seman-
tic values and made solely on emoticons were discarded, pro-
viding a total of 7000 comments. For the annotation process,
the authors defined a new annotation schema that can auto-
detect offensive and hate speech precisely. To annotate, ex-
perts with doctoral degrees (completed or pursuing) in lin-
guistics, hate speech, and computer science with diversity
in their political opinion, color, and region were selected to
avoid bias.

The annotation was done in 3 ways: (1) binary classifi-
cation as offensive or non-offensive containing 3500 com-
ments in each category; (2) further offensive comments
were classified as per their intensity into high (778), mod-
erate (1044), and weak (1678); (3) Among 3500 offensive
comments, 727 comments which provoked violence or hate
against any group were classified into 9 hate speech groups:
xenophobia, racism, homophobia, sexism, religious intol-
erance, partyism, dictatorship apologists, antisemitism, and
fatphobia. Remaining 2773 comments were classified as
non-provoking. Fleiss’ Kappa rate was 74% for highly of-
fensive comments and 46% for moderate intensity. The au-
thors provided a baseline result of 85% F1-score with SVM
classifier that outperformed earlier state-of-art results for the
Portuguese language. No statement regarding corpus avail-
ability was given.

Rodrigues et al. [2023] built a corpus by collecting
tweets related to Brazilian soccer team Palmeiras using Twit-
ter APL. They collected 100 tweets per 15 minutes during
the matches the team played. Taxonomy was created for
support, anger, happiness, and funny emotions and imple-
mented the logic with NLP++ language on HPCC system
which is open-source big data analysis platform. The logic
is described in the paper. After data analysis, the model was
tested with freshly collected tweets during team matches to
compare human versus machine emotion recognition. The


https://github.com/diogocortiz/PortugueseEmotionRecognitionWeakSupervision
https://github.com/diogocortiz/PortugueseEmotionRecognitionWeakSupervision
https://github.com/google-research/google-research/tree/master/goemotions
https://github.com/google-research/google-research/tree/master/goemotions
https://www.kaggle.com/datasets/antoniomenezes/go-emotions-ptbr
https://www.kaggle.com/datasets/antoniomenezes/go-emotions-ptbr
https://github.com/Luzo0/GoEmotions_portuguese

Exploratory Review of Emotion Recognition Resources in Brazilian Portuguese

data and codes resources are available*.

de Oliveira Moraes [2023] collected 5571 tweets about
Brazilian touristic city Campos do Jorddo using twitter API
for a period 2 October to 31 December, 2022. Among these,
2184 posts from 2 October, 2022 to 8 November, 2022 were
manually labeled by the author based on predominant emo-
tion. Asitis a tourist place, the author created a new emotion
class as desire, new two categories of propaganda and infor-
mation, and due to less instances, anger and fear instances
labeled as aversion. The author mentioned the distribution
of 4183 posts as None i.e. no emotion (35%), advertising
(12.6%), information (16.1%), and 36.3% posts classified
among aversion, happiness, sadness, surprise, disgust, and
desire. The author noted that labeling was challenging as
posts contained mixed emotions, writer’ perception as well as
towards the city and multi-label strategy would have yielded
better understanding instead of choosing dominant emotion.
No information is given about resource availability.

Silva et al. [2023] built a corpus by collecting tweets
posted by official news agencies around the election period
in Brazil from June 24, 2018 to April 1, 2019 to assess their
support for pre-candidates and candidates running for office.
The authors considered Twitter accounts of print and online
newspapers, TV and radio channels, magazines, internet por-
tals, etc., which at least 100 followers and posts. They chose a
total of 35 accounts to collect daily tweets using Twitter APL.
A total of 53,932 posts were collected and most of them con-
tained news headlines. The posts were preprocessed to store
in MySQL database. The authors identified subjectivity, po-
larity, and big six emotions per new agency’ posts per candi-
date. They found a prevalence of sadness, surprise, and fear
in headlines. Their corpus and source codes are available on
request.

Fernandes-de Oliveira et al. [2023a,c] analyzed public
posts on Facebook and Instagram to find sentiments and emo-
tions of Brazilians regarding COVID-19 vaccine and vacci-
nation process during January 1%, 2020 and December 31%,
2021. To collect data, the terms related to COVID-19 vac-
cine in BP were searched on public-fan pages with the help
of CrowdTangle graphical interface. A total of 2,965,376
and, 974,951 posts were found on Facebook and Instagram
respectively. To avoid biases due to high engagement and
platform-specific algorithms randomly, 1067 posts were cho-
sen for the study from both platforms. These posts were
sorted into three groups: no emotion expression, emotion ex-
pressed and identified, and unidentified emotion. Only posts
with identified emotions were considered for further process-
ing. Thus, 523 and 620 posts were selected respectively from
Facebook and Instagram.

Next, emotion identification and annotation were car-
ried out manually. A total of 56 emotions were defined (Table
1 in [Fernandes-de Oliveira et al., 2023a] & [Fernandes-de
Oliveira et al., 2023c]) and represented on valence-excitation
axes. While categorizing the post and annotating emotions,
the authors scrutinize the context per post. Among the 56
descriptors described, 35 emotions were detected from Face-
book posts and 30 emotions from Instagram posts. Prevalent

3https://github.com/pedro-lima-rodrigues/
EmotionsDetection/. Accessed on 06 June 2026.
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positive emotions were trust, interest and hope, whereas neg-
ative emotions were worry, disapproval, and concern. Neg-
ative emotions were found to be contextual to social and po-
litical scenarios. There is no reference made to the corpora’s
availability.

Weitzel et al. [2023] created a hate lexicon and an an-
notated corpus’’ for hate speech at sentence level in BP. The
authors collected 80K tweets during the Brazilian election
period in 2018-2019 using Twitter’s API and Tweepy python
library using default hate or offensive keywords. With these
keywords, they developed the HALEX (HAte LExicon) lex-
icon with 512 hate words. Knowing the Brazilian habits of
using swear words in happiness or hatred expressions, they
removed the swear terms from HALEX. All posts were pre-
processed to remove mentions, emojis, URL, special charac-
ters, repeated characters, digits, punctuations, and duplicate
posts. Then, all abbreviations were normalized and tweets
with less than three tokens were discarded. With HALEX,
preprocessed 33,771 tweets were classified into hate (5,575)
and non-hate categories (28,196) by developing a Python
routine. This classification was manually investigated by four
native BP researchers (21-60 years). The author mentioned
that they found successful inter-rater agreement with Cohen’
Kappa metric. As this binary corpus is imbalanced, the au-
thors undersampled the majority class and provided a base-
line result by performing experiments with various models.

Oliveira et al. [2023] created the hate speech corpus,
TuPy?®, and extended it to TuPy-E*°, by including three ex-
isting corpora—ToLD-Br [Leite et al., 2020], HateBR [Vargas
et al., 2022], and of Fortuna et al. [2019], it is also available
on GitHub*’. The authors collected tweets from May-July
2023 with Twitter API by filtering for offensive keywords
defined in earlier studies and also collected randomly with-
out any keywords. The authors chose the same number of
instances with and without keywords to stratify them. Pre-
processed data to remove duplicate, metadata, and external
links. Then, they anonymized the tweets and converted to
lowercase. Before incorporating three existing corpora into
their data, the authors processed the corpus by Fortuna et al.
[69] and ToL.D-Br with majority-vote for better interoperabil-
ity.

For annotation, the authors chose nine candidates with
master and doctoral education background, with different
gender, ethnicity, and political orientation. The corpus of
43,668 instances was annotated for aggressive (12,547) and
non-aggressive (31,121) language. Then, aggressive com-
ments were classified into hate speech (9,367) and not hate
speech (3,180) categories. Finally, hate speech instances
were labeled among ageism (57), aporophobia (66), body
shame (285), capacitism (99), LGBTphobia (805), political
(1149), racism (290), religious intolerance (108), misogyny
(1,675), xenophobia (357), and other (4476) such that a com-

3https://github.com/LuanPCunha/TCC. Accessed on 06 June
2026.

Bhttps://huggingface.co/datasets/Silly-Machine/
TuPyE-Dataset. Accessed on 06 June 2026.

Phttps://huggingface.co/datasets/Silly-Machine/
TuPyE-Dataset. Accessed on 06 June 2026.

Onttps://github.com/Silly-Machine/
TuPyE-Expanded-Brazilian-Hate-Speech-Dataset.
on 06 June 2026.
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ment may have more than one label. Based on statistical
analysis, the authors pointed out the subjectivity in the an-
notation process and the influence of possible biases. They
provided base results with BERTimbau large models and also
performed various analyses with N-gram and graphical rep-
resentation. Their codes are available publicly on Hugging-
Face and GitHub.

Siqueira et al. [2024b,a] developed a corpus*' of po-
larities and emotions by collecting reviews in BP from the
first top ten most downloaded applications on Google Play
Store in May 2023. The selected apps were from differ-
ent categories such as finance, social networking, utilities,
and photo editors. The data collection process was carried
out using Python and google-play-scraper2 library. A total
of 3000 reviews were manually classified and annotated for
polarity among positive, negative and neutral, and for emo-
tions among anger, disgust, fear, happiness, sadness, and
surprise. All annotations were finalized by three annotators
unanimously for accuracy and reliability. The authors noted
that the proportion of negative emotions is much more than
positive ones as 952 comments were classified as disgust and
surprise class contained only 4 comments.

Trajano et al. [2024] built the span level labeled cor-
pus named Offensive Language Identification Dataset for
Brazilian Portuguese (OLID-BR) to detect offensive lan-
guage. OLID-BR is prepared to perform five different NLP
tasks as 1) is_offensive: is the comment toxic or not; 2) of-
fensive_type: if toxic then label it among following cate-
gories: health, ideology, insult, LGBTQphobia, other-life-
style, physical aspects, profanity/obscene, racism, religious
intolerance, sexism, and xenophobia; 3) is_targeted: is the
comment targeted; 4) targeted_type: if yes, then choose the
type of target among individual, group, or other; and 5)
toxic_word_list: provide toxic span, i.e, list toxic words from
the comment.

To encompass the diverse user behaviors and to avoid
data-source bias, the authors collected data from two dif-
ferent social-media platforms, Twitter and YouTube. From
Twitter, tweets were collected using two methods. In the first,
posts were selected from public figures from politics, news,
enterprise, artists, influencers, sports, and entertainment cat-
egories. In another, tweets were collected by filtering for
toxic keywords using Twitter APIL. The same strategy is used
to select videos from YouTube, where comments and replies
to those comments were collected. The authors manually se-
lected videos with the possibility of acquiring offensive com-
ments which have a high number of views, comments, and
controversial or provoking contents in the title or description.
The authors also used raw text as data source from earlier
published corpora in Portuguese language which have differ-
ent annotation schema than theirs: OfComBR [Nascimento
et al., 2018], ToLD-Br [Leite ef al., 2020], and corpora by
Nascimento et al. [2019] and Fortuna et al. [2019].

The authors identified toxic posts using Perspective API
with threshold >0.7. Then, comments were processed to re-
move duplicates, non-BP words, misunderstood texts, and to
anonymized usernames, hashtags, and URLs. They created

“lhttps://zenodo.org/records/10823148. Accessed on 06 June
2026.
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a detailed guideline*” to train annotators who were selected
with predefined criteria. The annotators performed five NLP
tasks stated above. To finalize the annotation, the authors
adopted a majority vote to label as is_offensive, is_target, and
targeted_type. For the multilabel offensive category, the less
restrictive criterion of ’at least one’ was adopted. The anno-
tation process was carried out in iterations to refine the an-
notation process. With each iteration, inter-rater agreement
in terms of Krippendorf’s Alpha of toxicity labels was im-
proved, and it achieved moderate agreement. The authors
reasoned that as the task is subjective and annotators varied
age, sex, and educational background might have led to high
disagreement.

The corpus (total 6,354 instances) is available in CSV
and JSON format with a training set containing 4765 in-
stances and a public test set containing 1,589 instances for
task A-D. It contains toxic span and metadata for each com-
ment. Also, the authors provided an addition_data.json file
that contains 7,184 comments with incomplete annotations
that require careful investigation to confirm its reliability.
Another private test set of 1,589 instances with complete an-
notation is guarded for future use like competition. The cor-
pus is moderately to highly imbalanced per label. The au-
thors provided baseline precision, recall, and F1-score for
classification tasks using pretrained BERT model and per-
formed named entity recognition (NER) task for toxic span
detection. The schema of OLID-BR is compatible to re-
sources in many other languages, making it potential to use
for multilingual/cross-lingual tasks. Thus, this corpus is use-
ful for supervised, semi-supervised, and automated content
moderation to filter offensive language while presenting con-
textual information through the previously mentioned toxic-
ity type-target-span detection. It is available on Kaggle** and
HuggingFace**. Also, its source code™ is available.

Lima et al. [2024] created a hate speech corpus with
xenophobia as a main theme titled hate discourse in on-
line spaces (HEDOS). The authors collected posts from X
(formerly Twitter) for the period before, during, and after
the 2022 election in Brazil using snscrape library and Twit-
terSearchScraper method. Username, mentions, and ori-
gin of the data such identification references were removed.
They created a dictionary of Brazilian gentilic, obscene, or
inappropriate words in their singular and plural form to pre-
process those posts. For the annotation process, they defined
the hate speech categories with three labels, toxic, non-toxic,
and trash, with their respective proper meaning to help the
annotators.

With context, these definitions were kept flexible for
proper annotations. Also, they provided the context to the
posts when swear words were used and for comments re-
lated to events other than elections. Three computer sci-
ence students (2 males, 1 female) from Federal University
of Pelotas (UFPel) with different social, demographic, and

“nttps://dougtrajano.github.io/olid-br/annotation/
guidelines.html. Accessed on 06 June 2026.

Bhttps://wuw.kaggle.com/dougtrajano/olidbr. Accessed on
06 June 2026.

“https://huggingface.co/datasets/dougtrajano/olid-br.
Accessed on 06 June 2026.

“https://dougtrajano.github.io/olid-br/. Accessed on 06
June 2026.
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regional backgrounds annotated the corpus. The annotation
with at least two inter-annotator agreements was accepted.
HEDOS contains a total of 5,492 posts with 4,301 toxic,
1,190 non-toxic, and 1 post as trash. Among toxic posts,
most of them are related to regionality, indicating xenopho-
bia. Thus, HEDOS represents xenophobia as a main cate-
gory among hate speech. The Fleiss’s kappa metric was just
21%, indicating poor inter-annotator agreement, thus having
low reliability in terms of data integrity. No information was
given about HEDOS availability.

Mendes et al. [2024b] built a multi-label corpus*® con-
sidering primary and secondary emotions defined by the
Plutchik model. The authors defined synonyms for the de-
sired emotions and collected 12,160 posts from social net-
work X using Python web scrapper. After data analysis with
SVM and BERT, they expressed a need to develop a more
linguistically diverse resource by considering a variety of
sources.

With an effort of many large groups of psychologists all
over the world and student respondents, the international sur-
vey on emotion antecedents and reactions (ISEAR) dataset*’
was developed under the ISEAR project [84]. In a survey,
respondents addressed the situation they appraised and re-
acted with the following emotions: anger, disgust, fear, guilt,
happiness, sadness, and shame. Machine translation of the
ISEAR dataset in BP is made available as ISEAR Corpus
Translated to Portuguese BR*® by the Kaggle user. Addition-
ally, the translated dataset was augmented using a synonym
resource.

4.4 Multimodal ER Data Resources

CH-Unicamp expressive viseme images database [Costa,
2015] is an audio-visual-motion capture corpus constructed
to develop 2D facial animation synthesis methodology in-
corporating head and face movements to mimic the various
emotional states. This corpus was recorded with 10 BP na-
tive professional actors (4 females, 6 males) under controlled
conditions with predefined text containing all BP phonemes
and context-dependent visual phonemes with 22 emotions
defined by the OCC model and neutral. Another experi-
ment was designed with the same predefined utterances to
study how different personality traits modulate face emotion
expression but with the big six, shy, neutral, and extrovert
expressions. For the motion capture session, 63 reflective
markers were spread out over the face and head of the partic-
ipants. This corpus comprises 782 RGB uncompressed facial
images of size 1920 1080 pixels representing 34 expressive
visemes. With this, a CSV file details all metadata of ev-
ery image including emotion, phonetic details with context,
context-dependent viseme, and coordinates of feature points.
The complete set of text excerpts used to record each emo-
tional state, the expressive speech face model, analysis, and
code are provided. A perceptual evaluation of valence, emo-
tion, and visual cues was performed by 48 native Brazilians

4https://github.com/MiningEmotion/
EmotionsMiningPTBR/. Accessed on 06 June 2026.

“Thttps://www.unige.ch/cisa/index.php/download_file/
view/395/296/. Accessed on 06 June 2026.

“https://wuw.kaggle.com/datasets/antoniomenezes/
isear-corpus-translated-to-portuguese-br. Accessed on 06
June 2026.
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(19-66 years), who were students and staff from University
of Campinas. This resource is available on request.

Gongalves et al. [2017] conducted an experiment to as-
sess participants’ emotion while playing a video game by
measuring their behavior tendencies, speech, and facial ex-
pressions using multiple sensors. The author obtained the
approval from the ethical committee to carry out the experi-
ment. Thirty users (80% male) in the age group 18-32 years
with varied levels of education and video game playing ex-
periences participated. Camera and microphone recorded fa-
cial and vocal expressions during the game interaction, which
lasted for 10 minutes. Logical sensors were used to assess be-
havioral tendencies, where 12 game actions were mapped to
measure the performance. Finally, the users informed their
subjective emotion through self-assessment manikin (SAM).
The authors devised a procedure to represent acquired emo-
tions from different sensors and SAM to octants on Scherer’s
emotional semantic space. They observed differences in the
mapped emotions with SAM. Three psychologists indepen-
dently mapped the sensors’ data on octants and provided
combined representation per user. The authors compared the
octants obtained from sensors and those created by psychol-
ogists using ANN. No information is provided on data avail-
ability.

The Brazilian audiovisual dataset of emotion expres-
sions (BADEM, [Carlos, 2022]) is a part of the large project
Pesquisa de processo resultado em psicoterapia: um estudo
computacional with an objective to advance BP-ER mod-
eling. It is recorded with 12 native Brazilian actors from
different states (6 females and 6 males) using 12 predefined
phrases of neutral content. The author obtained the approval
from the ethical committee to carry out the experiment. The
BADEM contains a total of 1,008 audio-videos with the big
six and neutral emotions. The duration of each recorded
phrase per emotion is approximately 4 seconds. Eight clin-
ical psychologists with professional experience in a range
of 3-20 years evaluated the naturalness of performing emo-
tions on a 5-point Likert scale, from not at all natural to
completely natural. To construct the database, the authors
adopted the process of well-known foreign language datasets.
With agreement over 80% among evaluators and around 90%
of videos were rated from moderately natural to completely
natural, authors noted that their objective of creating a pos-
sibly natural ER dataset is achieved with some limitations.

Fernandes-de-Oliveira et al. analyzed videos published
on TikTok [Fernandes-de Oliveira et al., 2023b] and Kwai
[Fernandes-de Oliveira et al., 2024] platforms, during the
years 2020-2022, to learn the emotions of Brazilians towards
COVID-19 vaccine and vaccination process. Videos with the
hashtag “vacina” along with metadata were extracted using
Python TikTokAPI library, considering interactivity rank-
ing provided by the platform. The resulting videos were
manually processed for BP language and COVID-19 vac-
cine related theme. The processed videos were further in-
vestigated for emotion expression and identification, which
provided 435 videos to compose a final dataset. From the
Kwai platform, videos were collected with COVID-19 and
vaccine related hashtags using Python from the video watch
page of Kwai’ graphical interface. Considering BP language,
public availability, removal of duplicates, and where emo-


https://github.com/MiningEmotion/EmotionsMiningPTBR/
https://github.com/MiningEmotion/EmotionsMiningPTBR/
https://www.unige.ch/cisa/index.php/download_file/view/395/296/
https://www.unige.ch/cisa/index.php/download_file/view/395/296/
https://www.kaggle.com/datasets/antoniomenezes/isear-corpus-translated-to-portuguese-br
https://www.kaggle.com/datasets/antoniomenezes/isear-corpus-translated-to-portuguese-br

Exploratory Review of Emotion Recognition Resources in Brazilian Portuguese

Joshi et al., 2026

Table 4. Multimodal Emotion Recognition Resources in Brazilian Portuguese
Mode: A (audio), Img (image), M (motion), S (Sensors), V (video), T (text); Status: Y (yes), R (upon request), N (No), — (no information)

. Mode
Resources (year)  Source Emotions/Affect (Number) Status Ref
CH-Unicam 22 emotions from the OCC model and
(2015) P Recorded neutral Personality traits: big six, shy, Img(782),T R Costa [2015]
neutral and extrovert
Game interaction Video octants on Scherer’s emotional semantic ALS B Gongalves et al.
(2017) Game space * [2017]
big six and neutral; naturalness catego-
BADEM (2022) Recorded rized on 5 point Likert scale A,V (1008) R Carlos [2022]
Fernandes-de
cCig;iilgl-gOZ;?C- TikTok 34 emotions 2’3 S)V’ T - Oliveira et al.
[2023Db]
COVID-19  vac- Kwai 26 emotions A V. T gis:i?jes_dte l
cination (2024) (355) e ab

[2024]

tion is expressed and identified, a total of 355 videos were
detected. Taking into account audiovisual characteristics,
text transcripts, and context of videos from both platforms,
emotions were annotated using predefined descriptors (Ta-
ble I in Fernandes-de Oliveira et al. [2023b] & Fernandes-de
Oliveira et al. [2024]).

Also, the TikTok videos were sorted into personal, in-
formative, infotainment, humorous, marketing, and uniden-
tified classes based on modality and content. The Kwai
videos were sorted similarly in the first five classes. Among
the 56 described descriptors, 34 and 26 emotions were
detected from multimodal analyses of TikTok and Kwai
videos respectively. As the authors obtained data from Face-
book [Fernandes-de Oliveira et al., 2023a] and Instagram
[Fernandes-de Oliveira et al., 2023c] posts, for TikTok and
Kwai platforms, negative emotions of doubt and disapproval
were prevalent and were mostly from humorous, informative,
or infotainment category posts. Also, these negative posts
were published in social or political context. Similarly, pos-
itive emotions of contentment, enthusiasm, and trust were
prevalent in the context of vaccines. No information is pro-
vided on data availability.

5 Discussion

A data resource is a key element in building ER models that
actuate affective interactive systems. The accuracy of the
trained model is governed by the language-cultural differ-
ences present in the data resource. Therefore, it is widely
realized that the creation of a data resource needs to progress
both in terms of volume (quantity) and quality across dif-
ferent modalities and encompassing linguistic and cultural
diversity.

In this exploratory review, we included studies where
defined keywords appeared in the title or abstract and are use-
ful for computation purposes. For example, many works fo-
cusing on emotion perception and behavioral analysis have
not been included. We explored published work up to 2024
that has open access. The review started with an intriguing
curiosity about how many ER data resources are available in
speech, facial expressions, and text modalities and assessed
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their current status in BP. Among the searched literature, Fig-
ure 1 shows the publication types where we found the data
resources — 22 articles, 20 conference papers or proceedings,
14 theses or dissertations, 1 technical report, and three data
resource repositories across the modalities considered.

We found eight, eighteen, and twenty-eight data re-
sources respectively in speech, facial expression, and text
modalities. In addition, we found five multimodal data re-
sources. Of these, less than 60% are either readily available
or on request. Figure 2 presents this information graphically.
These data resources are listed in Tables 14 in the respective
subsections 4.1 to 4.4 per modality in section 4.

Emotions explored in all these data resources are listed
in tables, and visual representation of their frequency is pre-
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Figure 4. Geographical distribution showing the state wise contribution (in
%) of research groups building BP-ER data resources.

sented in Figure 3. Though these data resources are hand-
ful and smaller in size, it is interesting to see how their con-
struction and sources have evolved. An intriguing observa-
tion is that most of these resources followed categorical emo-
tion model. And in that, mostly concentrated among six ba-
sic emotions. The reason can be attributed to the complexi-
ties involved in defining, mapping, obtaining, and validating
emotions [Fathalla, 2020].

To gain insight into collaboration among different re-
search groups, we intended to look at the geographical dis-
tribution of the studies by mapping the state wise participa-
tion of research groups within Brazil. The map presented in
Figure 4 shows the contribution from the state of Sdo Paulo
(SP) to be greater than 20% , followed by 10-20% from the
states Rio Grande de Sul (RS) and Rio de Janeiro (RJ), while
the states Minas Gerais (MG), Bahia (BA), Pard (PR), Parana
(PR), Santa Catarina (SC), Pernambuco (PE), Sergipe (SE),
Paraiba (PB) contribute less than 10%. Overall, the distri-
bution is skewed. International participating institutions are
from Canada, USA, Netherland, Portugal, UK, and Spain.

Observing a large variation in the number of available

al., 2014 Santos et al., 2014 al., 2023; T10=Penteado
T'12=Nascimento et al., =Oliveira et al., 2023; T1
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Figure 5. Network of citations in modalities shown using directed graph.
Nodes represent the studies in the respective modalities and the direction of

an arrow shows the studies being cited.

data resources among the modalities (Figure 2), we intended
to view the depth of the research landscape in terms of inter-
connectedness within and across modalities. Figure 5 shows
a directed graph in the form of visualizing a network of ci-
tations among the available data resources. Up to the time
window for our search in our survey, i.e, 2024, the SER,
FER and TER modalities are mutually exclusive. Within the
SER modality we found only one citation among eight works.
Whereas in FER and TER, researchers were aware of some
earlier works. In FER modality seven out of eighteen and in
TER thirteen among twenty-eight were cited. Within multi-
modal works none cites the other but refers to SER and TER
works.

Table 1 lists the details of SER data resources discov-
ered in our survey. The list spans from a very small corpus
of speech acts to the latest one built for ER purposes using
speech recognition corpus. Similarly, the objective underly-
ing their construction varies from associating emotions with
linguistic and paralinguistic characteristics to finding vocal
and speech parameters to distinguish emotions. Sources uti-
lized in resource building present creativity and diversity
from lab recording, online contents, operator communica-
tion, TV-Radio shows to using BP speech/text recognition
corpora for ER purpose, which is a complex task. The num-
ber of emotions categorized per data resource varies from a
minimum of one, binary (neutral, non-neutral) to seven (big
six and neutral). Among the available five (one on request)
resources, the largest is VERBO, which is an acted corpus
with 7 distinct emotions and a total of 1,167 audios.

The next is, spontaneous corpus CORAA, with only
neutral and non-neutral emotions. The organizers of PRO-
POR 2022 made available CORAA for the contest. They
[Marcacini et al., 2022] described the motivation behind its
creation and presented an overview of submitted work, but
seems the authors were unaware of existing earlier sponta-
neous data resources. Although VERBO is referred to but
is not mentioned explicitly as one of the SER resource. An-
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other observation is the researchers participated in the contest
mentioned the lack of resources in BP and none were aware of
earlier resources. Marcacini et al. [2022] explained the moti-
vation behind creation of CORAA as the need of spontaneous
BP-SER resources for robust ER models but did not explain
how only non-neutral class with male and female voice dis-
tinction can improve SER models.

Though not listed in the tables, we included studies
Zampar [2010]; Oliveira et al. [2014] that used Radio pro-
grams for emotion study and Silva et al. [2020] that used a
private customer care dataset with no primary objective of
compiling a data resource. Surprisingly, hardly any of these
resources have been cited in the other resource building work,
although they discuss the scarcity of resources, except Mar-
cacini et al. [2022] mentioned VERBO [Torres et al., 2018]
and one multimodal work [Carlos, 2022] cited the VERBO
[Torres et al., 2018] and dataset by [Rosa, 2017] (see Figure
5). This fact of invisibility of earlier resources underlines the
importance of this review.

Table 2 lists the FER data resources. The earliest dataset
FEI contains only neutral and smiling faces but provides a
wider profile view from frontal to +180°, while the rest pro-
vides only frontal view. ER from non-frontal faces is chal-
lenging and currently a hot topic in research. FER resources
covers age groups from infants to youth to adults, still im-
ages to videos, and among them four are spontaneous. These
resources have explored emotions beyond the big six, includ-
ing discrete and dimensional models, complex emotions and
emotions at different intensity levels. In addition to audio-
visual stimuli, emoticons, video games, and social robots
were used for inducing emotions. Facial thermal images, fa-
cial landmarks and their mapping to facial action units have
been explored for building resources. Tejada er al. [2022]
have created a pan-trans-cultural dataset and have stressed
the need for building language-regional-specific resources to
improve ER models. The authors have attempted to retain di-
versity among the participants following the distribution of
Brazilian population [Novello et al., 2018; Donadon et al.,
2019; Fabricio, 2023; Morais ef al., 2024]. Among the avail-
able eight (five on request) data resources, the larger one is
FEI with 2800 images containing only neutral and smiling
faces.

Text modality provides major (28) contributions to ER
data resources and is heavily derived from online contents.
In terms of availability, TER corpora dominates with sixteen
openly available and three available on request as presented
in Figure 2 and Table 3. Sources include posts and com-
ments from news, e-commerce applications, websites, so-
cial networking and open learning platforms. For eliciting
emotions, vignettes were developed. Both basic and com-
plex emotions are explored. More than one third of corpora
explored offensive and hate speech. We included a corpus
Fortuna et al. [2019] which encompasses all dialects of Por-
tuguese, and have been included while constructing Tupy-E
[Oliveira et al., 2023] and OLID-BR [Trajano et al., 2024]
corpora. A unique observation in TER corpora is the valuable
contributions coming from non-academic sources (e.g., Kag-
gle, see footnotes 22, 34, 48). The analysis of the machine
translated data resource [Hammes and de Freitas, 2021] un-
derlined the importance of veryfying consistency of languge
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nuances in translation. Table 4 reports five multimodal cor-
pora, of which two nonspontaneous corpora are available on
request. Appraisal dimensionalities have been explored in
addition to earlier considered emotion models.

Following guidelines pertaining to the ethical and pri-
vacy standards, approval from ethical committee, obtaining
consent from participants or legal guardians in case of mi-
nors, and declaration of researchers responsibility for the use
are critical considerations prior to building the resource and
its use. The selected studies have followed the guidelines.
For resources built from online experiments, to preserve the
identity userld or name was anonymized. On the other hand,
when conducting experiment in-person mode, complete in-
formation related to the experiments, data collection, usage,
and distribution terms were informed to all participants and
their consent was obtained. When after the experiment, if
the participant was unwilling to publish their images, the
researchers deleted all corresponding data. Unbiased con-
tents are preferred for elicitation methods. Where partici-
pants were minors, due diligence was given in all aspects of
experiments and experiments were carried out under supervi-
sion of child psychologists and doctors for infants or children.

With this, we take readers’ attention to suggestions
made in various reviews regarding data resources. In real
life, people display complex emotions. Thus, data resources
should be large and diverse enough to learn underlying sub-
tleties. Uniform emotion annotation schema can enhance
compatibility within data resources. Since emotion expres-
sion and perception are relative, multi-label ER would be
useful too [Deng and Ren, 2021]. Multimodal data resources
are vital to build effective, intelligent multimodal systems.
Along with other modalities, text modality has been demon-
strated in improving performance [Poria et al., 2017; Deng
and Ren, 2021]. It is crucial, however, to use all avail-
able modalities with spontaneous or nonspontaneous envi-
ronments and annotate them in discrete and dimensional
emotion classes to endow emotional intelligence to machines
[Schuller, 2018; Wang et al., 2023, 2022]. If a data re-
source contains acoustic-phonetic information, it will be
helpful to various study branches like health sciences (phono-
audiology, psychology, psychiatry), linguistics, etc.

To sum up, the number and volume of BP ER data re-
sources across the speech, facial expression, and text modal-
ities are limited. Further, the number of available data re-
sources either having open access or by request is much less.
The sources explored for data resource creation present nov-
elty. Overall, the data resources created are inclusive in ac-
cordance with Brazilian society in terms of age, gender, ed-
ucation, region, and ethnicity. Apart from ER studies, some
of the data resources are useful in neurological, psychiatric,
psychological, and physiological studies. The researchers
have discussed difficulties encountered when creating, anno-
tating, and validating the data resource. Perceiving emotion
without context is certainly challenging [Torres et al., 2018],
but even with context, professional judges have mentioned
difficulties [Santos et al., 2014b; Oliveira et al., 2023; Tra-
jano et al., 2024]. As aresult, it is evident that this is an intri-
cate multidisciplinary endeavor. All studies developing these
data resources emphasized scarcity, thereby highlighting the
necessity of a larger multimodal emotion data resources in
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BP.

6 Conclusion

In a first, this review assesses the current status of the avail-
able BP-ER data resources for advancing ER models in BP.
Our search explores resources from speech, facial expres-
sions, text, and multimodal modalities to compile a list of
existing resources, methodology, validation criteria and re-
sults, their accessibility, and emotions studied. Analysis of
the resulting studies to gain insights into the Brazilian re-
search landscape and its depth revealed a skewed distribution
and weak networking among the research groups. A princi-
pal observation in our search reveals the scarcity of BP-ER
resources despite BP being globally the eighth most spoken
language. A low-resource language constrains the develop-
ment of ER models. This scenario highlights the necessity of
not only larger but diversified in-the-wild multimodal emo-
tion data resources in BP.

After examining wide range of literature, we outline
the best practices to consider for building resources to ad-
vance ER modeling in BP - consider multimodal modality
with diverse emotions, leverage the rich Brazilian diversity
to include linguistic and cultural nuances; establish clear
guidelines on taxonomy and annotation procedures, even to
include regional slangs as influence of social media is be-
coming integral part of the society, generalizability for inter-
corpus or cross-corpus analysis, adherence to ethical stan-
dards and reporting, increased collaboration among research
groups and expansion of the research landscape.

In the future, it will be interesting to explore data re-
sources among various languages, considering their distri-
bution per types and sizes; cultural and linguistic diversity,
and their representation in resources; challenges in acquiring
data resources; and comparing those with BP-ER resources.
Extending it in the context of how these data resources will
be useful for interactive systems and improvements achieved
by integrating Al agents.

We hope that this review will be resourceful for future
BP-ER studies as well as for any low-resource language stud-
ies for advancement towards AEI and for progress in affective
interactive systems.
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