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Abstract
Emotion Recognition research in Sign Languages is still in its infancy. Still today, there exists a lack of knowledge
about appropriate annotation guidelines and the impact that facial expressions, body postures and head positions
have in recognizing emotions while signing, considering that sign language encompasses manual and non-manual
cues with linguistic purposes. In this article, we present an acquisition protocol to record acted emotions in German
Sign Language under four scenarios (High-Valence and High-Arousal, High-Valence and Low Arousal, Low-Valence
and High-Arousal, and Low-Valence and Low-Arousal). The goal is to provide a reference dataset to explore the
use of machine learning techniques for an automated classification of emotions in sign language utterances. As
a baseline reference, we trained static models with features extracted from the facial muscle activations. The
best model achieved an accuracy of 68.84% and a F1 of 67.96% with a random forest trained on the statistics
extracted from Action Units. These results highlight the importance of facial expression in sign language, not

only for carrying linguistic information but also for transmitting emotions.

Results also indicate challenges in

detecting emotions in the High-Valence and Low Arousal scenario, which suggests future investigation lines to explore.

Keywords: Emotion Recognition, Sign Language, Machine Learning

1. Introduction

Emotions play an important role in our communi-
cation and decision-making. In spoken conversa-
tions, emotional content can be conveyed from our
facial expressions, or posture, among others (Luna-
Jiménez et al., 2022; Zhang et al., 2023). However,
Sign Languages are characterized by the use of
manual and non-manual channels to transmit, si-
multaneously, linguistic and affective content. For
example, Pendzich et al. (Pendzich et al., 2022)
observed that conditionals in German Sign Lan-
guage (DGS) can be accompanied by brow raise,
chin raiser or upper lid raise expressions. Similarly,
mouthing can disambiguate semantics of certain
signs in DGS (e.g., the same hand movements
depicting a square can refer to ‘square’, ‘page’ or
‘letter’ depending on the mouthing (Konrad et al.,
2022)). This richness of facial expressions for con-
veying linguistic meanings represents a challenge
for existing automatic emotion recognizers when
the person is signing since they were not trained
to differentiate that certain facial expressions are
associated to linguistic meanings.

Although previous research exists in Affective
Computing for Facial Emotion Recognition (FER) in
spoken languages (Livingstone and Russo, 2018;
Vlasenko et al., 2007), the studies in Sign Lan-
guages is rather limited. Therefore, the main con-
tributions of this article are summarized as:

+ A proposal of an acquisition framework to elicit
and record acted emotions in Sign Language,
following previous research in Affective Com-
puting and adapting it to DGS. This framework
was evaluated by performing a corpus acquisi-
tion with professional deaf interpreters under
controlled conditions, signing different glosses
in DGS.

An analysis of the acquired dataset by propos-
ing a baseline with classical Machine Learning
models on Facial Emotion Recognition in Sign
Language. The top performance was obtained
employing Action Units with a Random For-
est, achieving an average accuracy of 68.84%
and F1 of 67.96%, following a subject-wise
leave-one-out strategy. These results highlight
that non-manual features, as the facial expres-
sions, not only carry semantic and linguistic
information in DGS but also valuable keys for
performing emotion recognition.

To our knowledge, this is the first study that ex-
plores how to record an acted dataset for perform-
ing emotion recognition in German Sign Language
(DGS) and evaluate the contribution of facial fea-
tures for predicting emotions. This study estab-
lishes a first exploration in a controlled scenario to,
in the future, extend to other affective computing
paradigms (e.g. study of emotions in the wild) and
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acquisition methodologies given the infancy state of
the field of emotion recognition in Sign Language.

The remainder of the paper is organized as fol-
lows: Section 2 describes the related work, sum-
marizing previous research in emotion recognition
in sign language. Section 3 introduces the cor-
pus acquisition process, including the scenario and
recording procedure. Then, Section 4 describes
the corpus evaluation with machine learning algo-
rithms, indicating the extracted features and the
trained models. Afterwards, Section 5 presents
the obtained results and the confusion matrices of
the predictions per subject. Finally, Section 6 sum-
marizes the main conclusions and future research
directions.

2. Related Works

2.1. Emotions in Sign Language

In sign language linguistics, much work investi-
gated how non-manual features serve both affec-
tive and grammatical functions.

For example, in a study on Irish sign language
(ISL), Kulshreshtha (2024) found that participants
used the doubled-wh signs in the context of anger,
surprise, and excitement.

Kirst (2024) reports on an experiment aimed at
studying the “layering”, i.e., “when multiple phono-
logical and paralinguistic elements co-occur”. In
this experiment, they observed that signers employ
three meta-strategies to cope with the communi-
cation of emotions on the top of a message: 1)
separation, by sequencing the emotion expression
before or after the grammatical information; 2) addi-
tion, by introducing, for example, rapid blinking and
jaw drops; 3) competition, by increasing muscle ac-
tivation when, for example, both a question modifier
and expression of anger require brows furrowing.

Recently, Schwarzenberg et al. (2024) also in-
vestigated the interaction between lexemes and
non-manuals, showing inconsistency in the use
of facial expressions accompanying a sign for an
emotional concept (e.g., sadness).

All of the above studies suggest how the use of
facial expressions for emotion communication in
sign languages differs from spoken communication.

In addition, in sign languages emotion commu-
nications is not limited to hands. Hietanen et al.
(2004) conducted a meticulous study on the percep-
tion of emotions from hands movement in Finnish
sign language. The study was focusing on only
two emotions (happy, anger) plus neutral. The
emotions were judged by non-signers. The results
show indeed a significant capability to distinguish
between neutral and anger. If emotions from hands
can be perceived by non-signers, surely it is part of
the language, and it suggests that it is worth inves-

tigating in deeper detail the role of body movement
for emotion communication.

2.2. Automatic Emotion Recognition

From a computer science viewpoint, research in
emotion recognition has advanced in several lines
pursuing to study emotions from different perspec-
tives depending on the naturalness and genuine-
ness of the elicited and expressed emotions.

In the first group, datasets on acted emotions
are characterized by clean expressions of emo-
tions, in which actors are hired to display them
with high arousal (Livingstone and Russo, 2018;
Vlasenko et al., 2007). The second group contains
elicited emotions, in which stimulus such as im-
ages, sounds or conversations are employed to
induce a specific emotion in the participants (McK-
eown et al., 2012), which after being exposed to
the stimulus display a more natural emotional re-
action. Finally, the third group of datasets consists
of ‘spontaneous’ emotions captured for example
from news or TV shows (Grimm et al., 2008), in
which natural reactions to events are recorded from
the facial and body expressions of the participants.
Although this last set is the most natural or genuine,
it suffers often from an imbalance in the available
classes.

However, although these datasets exist normally
for spoken languages, the same pairs are starting
to appear and being investigated only recently for
sign language. For example, the eJSL dataset (Fu-
nakoshi and Zhu, 2025) enters in the category of
‘acted’ datasets in which two signers represented
emotions in 78 pre-selected utterances, resulting in
1,092 videos, recorded in Japanese Sign Language
(JSL). This dataset was recorded by a deaf native
professional actor, mimicking seven emotions plus
neutral. An example of a ‘spontaneous’ dataset in
DGS is FePh (Alaghband et al., 2020), in which
emotions for 3,359 image samples from the RWTH-
PHOENIX-Weather 2014 (Koller et al., 2015) were
annotated based on facial expressions according
to the seven ‘universal emotions’ proposed by P. Ek-
man (Ekman, 1999) plus a ‘None’ label in case the
emotion was not in the group of seven. Finally, the
EmoSign dataset (Chua et al., 2025), in American
Sign Language (ASL), is a subset of 200 videos of
an average duration of 4.8 seconds annotated by
three deaf signer deaf interpreters. This dataset
would be considered as part of the ‘spontaneous’
emotion dataset since videos were extracted from
a larger corpus, the ASLLRP (American Sign Lan-
guage Linguistic Research Project) (Neidle et al.,
2022) which was recorded with real interactions of
deaf participants and annotated posteriorly. The
subset contains labels of sentiments on 7-point Lik-
ert scale, and 10 emotions. Additionally, it includes
descriptions of manual and non-manual emotional
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indicators such as facial expressions, head, mouth
and body movements. In addition to the dataset,
they provide baselines for the study of emotions in
ASL with Multimodal Large Language Models.

Due to the limit number of available datasets with
annotations of emotions, researchers interested
on performing automatic emotions recognition are
starting to employ them. For example, Nunnari et al.
(2025) used a subset of 2,547 frames from FePh
to recognize emotions in Sign Language videos
with a light CNN architecture to perform emotion
recognition. Nonetheless, there exists still open-
challenges to address, such as the disentangle-
ment of emotional and grammatical functions of
facial expressions (Kimmelman et al., 2020; Kirst,
2024), which requires of further development of
datasets and annotation schemes. Additionally,
the understanding of whether previous approaches
and features developed for facial and body emotion
recognition (Luna-Jiménez et al., 2022; Martinez-
Martin and Fernandez-Caballero, 2025) could be
also effective for predicting emotions while signing
is still a open research question.

3. Corpus Acquisition

In order to create a scenario for collecting and elic-
iting emotions, we followed the valence-arousal
approach introduced by Posner et al. (2005). In
this theory, ‘valence’ describes how pleasant or un-
pleasant a situation is. For example, situations with
negative valence are perceived as unpleasant or
bad, which tends to trigger feelings that we tend to
avoid. In contrast, situations with positive valence
are perceived as pleasant or good. The second
axis of the space is ‘arousal’, which refers to the
level of activation or excitement in a given situation.
High arousal means that someone is internally very
activated or excited, while low arousal means that
someone is internally not very activated (e.g. calm,
relaxed, or even sleepy).

Specifically, in our scenario, four sub-regions
of the valence-arousal space were considered:
High-Valence and High-Arousal (HV-HA), High-
Valence and Low Arousal (HV-LA), Low-Valence
and High-Arousal (LV-HA), and Low-Valence and
Low-Arousal (LV-LA). We gave additional examples
and colors to these scenarios to make them easier
to understand and to explain. For example, the HV-
HA was assigned to the color ‘Yellow’, the HV-LA
was assigned to the color ‘Green’, the LV-HA with
the color ‘Red’ and LV-LA with the color ‘Blue’. Fig-
ure 1 shows the valence-arousal diagram designed
for the explanation of the four scenarios.

3.1.

In order to record samples of signs with different
emotional states, the first step was to explain the
experiments and the goal of the acquisition. With
this aim, we created a serie of slides to follow during
the acquisition protocol in order to guide to the
signer in the glosse to perform and the emotions
to be expressed in each of the specific scenarios.
The protocol consisted on the following steps:

Material preparation

« First, the signer was welcomed to the experi-
ment and introduced to the task. The task con-
sisted on recording at least ten repetitions of
ten pre-selected glosses in four emotional sce-
narios. For eliciting the emotions of each sce-
narios, we asked the participant to put them-
selves in each of the situations and scenarios.
After that, the recordings start.

« After the introduction to the experiment, the
second step was to introduce briefly the con-
cept of arousal and valence. The introduction
was done with short descriptions as well as
with graphic elements consisting on the Self-
Assessment Manikin (SAM) scale and images
extracted from the OASIS corpus (Kurdi et al.,
2017) that demonstrated to elicit the emotional
states explained in the description, as shown
in Figure 1. For example, the picture of the
kids on the left corner elicits high valence feel-
ings; whereas the picture of the garbage on
the right corner-down elicits emotions with neg-
ative valence.

Aber... Was ist Valenz und Arousal?
But... What is Valence and Arousal?
Valenz beschreibt, wie angenehm oder unangenehm eine Situation ist. Situationen mit negativer Valenz werden als
oder schlecht Diese Situatic l6sen Gefiihle aus, die wir eher vermeiden wollen. Situationen
mit positiver Valenz werden als angenehm oder gut empfunden. Oft wollen wir, dass solche Situationen passieren oder
bleiben.

Valence describes how pleasant or unpleasant a situation is. Situations with negative valence are perceived as
t or bad. These situations trigger feelings that we tend to avoid. Situations with positive valence are perceived as
r good. We often want such situations to happen or to conti

Figure 1: Description of Valence, originally only the
German version is provided, the English version is
added for the publication.

« After the description of valence and arousal,
the next step was to clarify the scenarios and
the axis system. For that part, we employed
the designed valence-arousal diagram incorpo-
rating colors, the SAM images, and additional
descriptions, as it can be seen in Figure 2

+ Once the experiments were explained, the de-
scription of the scenarios starts, as well as the
acquisition process. Each of the scenarios
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Aber... Was ist Valenz und Arousal?
But... What is Valence and Arousal?
Valenz und Arousal sind unabhéngig voneinander, das sieht man hier:

Valence and arousal are independent of each other, as you can see here:

Arousal

Hier oben rechts haben wir
hohes  Arousal und  hohe

()@= Valenz. In solchen Situationen
hat man sehr angenehme

Unangenehm,

Angenehm, Gefiihle und it inneriich
aktiviert. Man fihit sich zum

Beispiel gliicklich und frohlich.

‘ Hohe Erregung

Hohe Erregung ‘
HV-HA

ey VHA

il

] Fz Here in the upper right, we
Lad [ ~ Valence
JFl— = have high arousal and high
— ] cmb
valence. In such situations, one
has very pleasant feelings and
is internally activated. For
Niedrige Erregung example, one feels happy and

Unangenehm, ‘ ’ ‘ Angenehm,

HVALA ® cheerful,

Niedrige Erregung |
. J‘H

) LV-LA
|

Figure 2: Graph with the Valence-Arousal diagram
for explaining each scenario, together with an ex-
ample, in this case for the yellow scenario of High
Valence and High Arousal (HV-HA). The English
translation (text in blue) is added for the publication
but it was not in the original version.

follow the same structure, first, the valence-
arousal graph is shown, indicating in which of
the four scenarios we are, then, the scenario
is described with a short text and a vignette as-
sociated with it (See Figure 3). After that, the
recording process starts having a first video
with a demo sign with neutral emotion, and fol-
lowed by the picture of the scenario between
sign transitions, in order to let the participant
remember the scenario. The same process is
repeated for the 4 scenarios.

Angenehm, Hohe Erregung

High Valence, High Arousal

Dazu stell dir bitte folgendes vor:
Please imagine the following:

“Stell dir vor, du begegnest vollig iberraschend deinen besten
Freunden, die du lange nicht gesehen hast. Sie lachen laut und
umarmen dich begeistert. Du merkst, wie dein Herz voller Freude
schidgt, du wirst mit Glick erfillt und kannst dein Lachen kaum
zuriickhalten. Gemeinsam sprecht ihr aufgeregt durcheinander und
feiert den spontanen Moment.”

“Imagine unexpectedly running into your best friends, whom you haven't
seen in ages. They laugh loudly and hug you enthusiastically. You feel
your heart leap with joy, you're filled with happiness, and you can hardly
contain your laughter. Together, you chatter excitedly, celebrating the
spontaneous moment."

Figure 3: Stimuli for the High Valence and High
Arousal scenario (HV-HA). The English translation
appears in blue.

+ Finally, the acquisition process concludes by
thanking the participants for their time.

3.2. Participants and Recordings

For the recordings, we pre-selected a vocabulary
of 10 signs in DGS to evaluate the data collec-
tion approach proposed and study whether emo-
tions could be distinguished and recognized in this
initial set of glosses to verify the validity of the
approach. These signs correspond to the mean-
ings of: JA (Yes), NEIN (No), KEINE-AHNUNG
(No idea), PERSON (Person), LEUTE (People),

AUTO (Car), FEUER (Fire), MEDIZIN (Medicine),
ANDERS (Different), MEHR (More).

In order to record high-quality signs, the record-
ing process was performed in the studios of the
professional deaf interpreters. In total, three deaf
interpreters participated in the recordings, two men
and one woman. Only frontal cameras were used
during the recording process and a green-screen
in the background. All the recordings are in Full HD
resolution (1920x1080) at 50 fps. As the recordings
of each sign were captured in a continuous way, an
annotation step was required. This annotation step
was performed by a DGS-proficient professional
with linguistic background that was in charge of
selecting when signs start and end in the videos
and annotate them with the ELAN tool.

After the annotations, videos were split automat-
ically, resulting in 1,540 short-videos of one gloss
signed with one of the specific emotions of each
scenario. Videos have different durations in length
ranging from 0.3 to 3.58 seconds (u = 1.70;0 =
0.42). Figure 4 shows the distribution of samples
per subject and emotions in the collected dataset.

400

Subj 3

Subj 3
Subj 3 Subj 3

Subj 1 Subj 1 Subj 1 Subj 1

100 A

HV-HA HV-LA L-HA v-LA
Emotions

Figure 4: Distribution of the number of files per
emotion and subjects. X-axis shows the four sce-
narios, and the y-axis the number of videos. Finally,
colors represent the subjects.

4. Corpus Evaluation on Emotion
Recognition

In order to test whether the acquisition methodol-
ogy and approach was able to capture different
emotions across signs in DGS, we trained emotion
recognizers on the acquired corpus. As only three
subjects were recorded, a subject-wise three-fold
Leave-One-Out approach was followed, training in
each fold with two subjects and testing the model
in the third subject.
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Figure 5: On the right, it can be observed the frame 33 of one of the videos of the ‘Angry’ scenario of
one of the deaf interpreters signing ‘PERSON’. On the left, the intensity of the Action Units per frame.
Notice that in the AU 04 (‘Brow Lowerer’) is active with high intensity across the whole video. According
to previous studies in facial emotion recognition (Ekman et al., 2002), the AU 04 is related to emotions

such as ‘Angry’ or ‘Disgust’.

4.1. Facial Features Extraction

Although pose and manual cues are key in sign lan-
guage, non-manual features such as facial expres-
sions or mouthing could carry linguistic and emo-
tional information. For this reason, we extracted
facial features to evaluate emotion recognition in
Sign Language.

To recognize emotions from facial expressions,
we employed the Action Units (AUs). AUs consti-
tute the fundamental elements of the Facial Action
Coding System (FACS), which categorizes human
facial movements based on their observable mus-
cle configurations and intensities. Each AU rep-
resents a specific facial muscle activation and is
typically linked to changes in facial expression that
reflect variations in an individual’s psychological
or emotional state, and traditionally they achieved
considerable good results for recognizing emotions
in spoken languages from facial expressions (Luna-
Jiménez et al., 2022).

Among the available tools for extracting Ac-
tion Units from video frames, we selected the
OpenFace toolkit (Baltrusaitis et al., 2018). This
framework has been extensively employed in
facial emotion recognition for spoken languages
and provides both the intensity of 17 AUs
(AU1,2,4,5,6,7,9,10,12,14,15,17,20,23,25,26,45)
and the presence of 18 AUs (same as intensity
plus AU28). AU presence is represented as a
binary value, equal to one when the AU is detected;
whereas AU intensity is a continuous measure
ranging from 0 to 5. These outputs are generated
by two separate models that share a common
pre-processing pipeline. First, facial regions are
aligned to derive geometric and appearance-based
features; then, these features are fed into two
independent SVM classifiers, which estimate
the AU presence and intensity for each frame,
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respectively.

Figure 5 represents the continuous Action Units
generated by OpenFace for one of the frames of
the videos of the ‘Low Valence and High Arousal’
scenario, in which the interpreter is signing ‘person’.
As it can be observed, the AU4 (‘Brow Lowerer’) is
active during the whole video, which usually corre-
lates with emotions that appear in the Low Valence
and High Arousal quadrant such as anger, annoy-
ing or frustration (Kohler et al., 2004).

After extracting the 35 Action Units of each video
frame, we calculated statistical aggregations from
them in order to adapt the temporal dimension to
static models. To accomplish this, the mean, stan-
dard deviation, maximum, minimum, skew, kurtosis
and median statistics were calculated for each of
the features across their temporal dimension, re-
sulting in a total of 245 features. This approach,
employed as our baseline, offers two primary ad-
vantages: first, its conceptual simplicity; and sec-
ond, the robustness conferred by the averaging
effect. To illustrate this, consider a video in which
several frames deviate from a prototypical emo-
tional expression, e.g., due to the subject closing
their eyes. By employing statistics across the tem-
poral dimension, the influence of such anomalous
frames on the overall emotion recognition system
is mitigated, assuming that the remaining frames
predominantly reflect the target emotion.

4.2. Models Training

After adapting the features, we evaluated a range of
statistical learning models implemented in the scikit-
learn library. Specifically, we considered support
vector machines (SVMs) with radial basis function
(RBF) and linear kernels, logistic regression, ridge
classifiers, decision trees, random forests, and mul-
tilayer perceptrons (MLPs). For the SVMs, Logistic



Regression (LR), and Ridge Classifiers (RC), the
regularization parameter was varied over the val-
ues 1, 0.1, 0.01, 0.001, 0.0001. For the Random
Forest (RF) models, we explored different numbers
of estimators, namely 10, 20, 30, 40, 50, 100, 200,
300. Similarly, for the Decision Trees (DT), we eval-
uated different values for the minimum number of
samples required to split an internal node using the
same set of values (10, 20, 30, 40, 50, 100, 200,
300). For the MLP models, we explored the same
set of values for the number of hidden units in the
hidden layer (10, 20, 30, 40, 50, 100, 200, 300). All
remaining hyperparameter were set to their default
values as provided by the scikit-learn library.

5. Results on Facial Emotion
Recognition

As can be observed in Table 1, the 245 features ex-
tracted from facial expressions seem to be promis-
ing features for performing facial expression recog-
nition in Sign Language too. The random forest
with 300 estimators, that received at its input the
statistics computed from the regression values of
the Action Units achieved an accuracy of 68.84%
and a F1 of 67.96%, surpassing the Zero-Rule ap-
proach by +43.76 percentage points in accuracy
and +57.89 in F1. This model is closely followed
by the linear-SVM, the Logistic Regressor and the
MLP.

Model Hyperparam. ACC F1
ZeroRule - 25.08 10.07
RBF-SVM C=1 50.56 49.80

DT Min. Split=300 54.65 52.28
RC C=0.01 61.97 58.93
MLP Neurons = 20 65.72 64.43
LR C=0.1 66.89 65.06
Linear-SVM C=0.001 67.32 65.38
RF Estimators=300 68.84 67.96

Table 1: Top models configurations - emotion recog-
nition.

In order to understand variations across different
subjects on their facial expressions, we evaluated
the confusion matrices in the test sets of each of
the folds of the subject-wise LOO strategy. Figure 6
shows these confusion matrices in which colors rep-
resents each of the subjects. The firs observation
suggests that, as in spoken languages, different
individuals rely differently in facial expressions to
transmit emotions. For illustration, if we analyze
subject two (in pink) and three (in orange), we can
observe that facial expressions are much more rel-
evant for recognizing emotions in them than for the
subject one (in blue), reaching F1 values over 70%
versus the 57% of accuracy obtained for the first
subject.

Regarding the complexity on recognizing emo-
tions across individuals, it seems that the emotion
of the high valence, low arousal (HV-LA) scenario,
resembling a calm feeling, is the worst detected by
the models with an accuracy of 17.60% (22/125)
for the first subject, 40.15% (53/132) for the second
subject, and 40.75% (44/108) for the third subject.
On the other hand, the high valence, high arousal
(HV-HA) scenario, resembling emotions like happy,
was the easiest to detect by the models, correctly
recognizing the 84.56% (367/434) percent of the
samples of the happy class. From the perspective
of the data acquisition scenario, these results may
indicate that the participants found more complex
recording in the calm scenario maybe because the
behavioral cues associated to this emotion could
be not as familiar as for example those related to
emotions such as happy or angry. Indeed, the calm
emotion is not that frequently annotated, as com-
mented in (Livingstone and Russo, 2018) and it
is not part of the considered theoretical ‘universal
emotions’ described by P. Ekman (Ekman, 1999).
However, it is still one of the most important quad-
rants of the ‘circumplex model of affect’ (Posner
et al., 2005), for this reason, it was considered in
the study.

6. Conclusions

As in many languages (spoken and signed), facial
expressions carry rich information that is key for
fully understanding the transmitted message and
the intentions of the communicator. These facial
expressions complement the transmitted message
and reduce disambiguation. However, although the
field of Affective Computing have advanced in spo-
ken languages, in sign languages the exploration
of how emotions are expressed while signing has
barely started.

In this article, we proposed a method to ac-
quire a dataset of acted emotions, following pre-
vious datasets in the literature released for spo-
ken languages, such as RAVDESS (Livingstone
and Russo, 2018), in which professional actors are
asked to perform emotions ‘as if they were feeling
them’; in the same way, in this dataset professional
deaf interpreters were asked to put themselves in
four different emotional scenarios of low arousal
and low valence, low arousal and high valence,
high arousal and low valence, and high arousal
and high valence and perform 10 different signs.

In order to evaluate the suggested approach, we
applied traditional methods in facial emotion recog-
nition to extract Action Units across the videos.
With this simple approach, the models were able
to achieve an average F1 of 67.96% for the face
modality, indicating a promising investigation line
to perform emotion recognition in sign language,
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Figure 6: Confusion Matrices of the RF model for facial emotion recognition per subject for the test set of
each fold of the LOO. Colors indicate the results of each subject.

and reinforcing the validity of the data acquisition.

As future lines, we would evaluate whether the ex-
pressed emotions are perceived in a similar way for
deaf and non-deaf individuals, to study perceptual
differences when you know the language versus
when you do not. Additionally, we will extend the
analysis to other non-manual channels (e.g. body
posture) to understand the impact of other features
and modalities in emotion recognition in Sign Lan-
guage. Finally, one of the future steps would be
to evaluate longer sentences and interactions, as
well as annotating them in terms of the transmitted
emotions.

7. Limitations

While the study provides preliminary results about
the relevance of facial expressions, including more
features and subjects in the training and evaluation
of the models could benefit to the overall under-
standing of expressed emotions in Sign Language.
However, recruiting deaf participants is challeng-
ing, specially considering that recordings can not
always being made anonymous given the richness
of DGS in terms of the information transmitted by
manual and non-manual cues. Additionally, we
acknowledge that extracted features are depen-
dent on the libraries, so they could be biases and
more accurate for some individuals than for others.
Finally, as other datasets in Affective Computing,
the first version of our acquisition was based on
an acted scenario, in which the deaf interpreters
needed to put themselves in hypothetical scenarios
to express emotions, hence, models’ performance
may vary in the real-world, given the nuances asso-
ciated to emotions. For this reason, these results
should be understood as a first step and work in
progress in the understanding of expressiveness
of emotions in Sign Language.
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