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ABSTRACT

The demand for accessible technologies to support the deaf and
hard-of-hearing community in Brazil is significant. However, many
state-of-the-art deep learning models are too computationally in-
tensive for practical, real-time applications. This study addresses
this gap by proposing an efficient, lightweight pipeline approach
for isolated Brazilian Sign Language (LIBRAS) recognition. We
fine-tune a pre-trained Inflated 3D ConvNet (I3D) model on the
MINDS-Libras dataset using an end-to-end methodology that op-
erates directly on raw RGB videos, circumventing the need for
heavy pre-processing steps like skeleton extraction. To ensure a
realistic evaluation of the model’s generalization capabilities, we
adopt a strict signer-independent protocol, where test subjects are
completely unseen during training. Our proposed model achieves
a competitive accuracy of 92.5% and is able to perform sign recog-
nition in real-time, demonstrating strong performance comparable
to more complex architectures. This work establishes a new, robust
benchmark for signer-agnostic LIBRAS recognition, highlighting
that an end-to-end approach can effectively balance high accuracy
with the pipeline efficiency required for deployable, real-world
accessibility tools.
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1 INTRODUCTION

Modern technology has the potential to bridge long-standing social
gaps, yet individuals with disabilities are still often excluded from
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many of its benefits. Among these groups, the deaf and hard-of-
hearing community continues to face significant barriers in com-
munication, education, and access to services. In Brazil, accessibil-
ity is a legal right, guaranteed by the legislation [11, 12], which
recognizes LIBRAS (LIngua BRAsileira de Sinais — Brazilian Sign
Language) as a legal means of communication and expression. Re-
cently, this legal framework was expanded with the introduction
of Bilingual Education for the Deaf as a new modality of Brazilian
education, establishing LIBRAS as the first language and written
Portuguese as the second for deaf students [2]. This significant
advancement in educational policy underscores the urgent need for
technological solutions that can support quality education tailored
to the linguistic and cultural specificities of the deaf community. Ap-
proximately 5% of the Brazilian population lives with some degree
of hearing impairment [9], highlighting the urgency of inclusive
solutions. Therefore, scientific and technological research must ac-
tively address such inequalities, particularly by developing tools
that support natural, inclusive communication.

Recent advances in deep learning, particularly with the emer-
gence of large transformer-based models [16], have led to promising
results in video understanding and language translation. However,
such models are computationally intensive and often impractical
for real-time use, especially in resource-constrained environments
such as smartphones, embedded systems, or public service termi-
nals [18]. To develop truly inclusive technologies, we must also
consider their deployability. This calls for solutions that are accurate
and efficient in terms of complexity.

In response to this challenge, our work introduces an efficient,
end-to-end deep learning model for LIBRAS recognition. We fine-
tune the Inflated 3D ConvNet (I3D) architecture [4], pre-trained on
the Kinetics-400 dataset [8], directly on raw RGB videos from the
MINDS-Libras dataset [13], a design that strategically circumvents
the computational bottlenecks of methods reliant on pre-processing
steps like skeleton extraction. Another important contribution of
this work is demonstrating the model’s performance under a strict
signer-independent evaluation protocol. By testing the system ex-
clusively on signers unseen during training, we provide an accurate
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measure of its generalization capability. The trained model can
recognize LIBRAS signs in real-time with 92.5% accuracy. There-
fore, this study establishes a new benchmark for the dataset that
balances sign recognition accuracy and complexity, allowing for
practical deployment of the processing pipeline.

This paper is organized as follows. Section 2 reviews related
work in the field. Section 3 presents the proposed solution and
details the dataset-splitting strategy, data pre-processing, training,
and the final model architecture. Section 4 reports experimental
results in accuracy and complexity, comparing this work to previous
solutions. Finally, Section 5 concludes the paper.

2 RELATED WORK

Silva et al. [5] explored data synthesis for sentence-level Sign Lan-
guage Translation (SLT), using pre-computed I3D features [4] for
feature extraction. However, their approach does not address end-
to-end fine-tuning for isolated sign classification or generalization
across different signers.

Fanucchi et al. [6] applied advanced Vision Transformer archi-
tectures to LIBRAS recognition in an Augmented Reality (AR) in-
terpretation system. They fine-tuned a Video Masked Autoencoder
(VideoMAE) [15], achieving 84% accuracy when trained with 10
signers. Optimal performance occurred at epoch 4, after which
validation loss increased, indicating overfitting. The study demon-
strates the feasibility of Vision Transformers for LIBRAS and high-
lights opportunities for improvement through stronger training
strategies and exploration of alternative video architectures.

Alves et al. (2024) [1] propose an Isolated Sign Language Recog-
nition (ISLR) approach where body, hands, and facial landmarks
are extracted from RGB video frames using OpenPose [3]. These
spatio-temporal landmarks are then encoded into a single 2D im-
age, which serves as input to a ResNet-18 [7] pre-trained on the
ImageNet Dataset. The work presents a key limitation: the signif-
icant time imposed by the OpenPose-based landmark extraction
(approximately 36 seconds per video sequence), hindering real-time
performance.

Rezende et al. [14] detail the development and validation of the
MINDS-Libras [13] dataset used in our study. The paper introduces
a multi-modal database, as described in Section 3.1. To validate the
dataset’s utility for gesture recognition tasks, the authors present a
baseline study employing a 3D Convolutional Neural Network (3D
CNN) trained on the RGB videos. They report a high classification
accuracy of 93.3% in their experiments. However, it is noteworthy
that this result was obtained using a “per-sign” data split, meaning
that video samples from the same signer could be present in both
the training and testing sets. This work provides not only a valuable
public resource for the research community but also an important
performance benchmark for the MINDS-Libras dataset.

Despite significant recent advances in LIBRAS recognition, most
studies do not address computational complexity or the feasibility
of real-time processing. Among the reviewed works, only Alves et al.
(2024) [1] report execution time, with approximately 36 seconds per
video sequence — clearly unsuitable for real-time applications. More-
over, other approaches rely on computationally intensive strategies,
such as the use of Vision Transformers, as in [6]. This highlights a
gap in the literature and the need for more efficient methods that
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Figure 1: Methodology employed for training and testing the
I3D-based LIBRAS recognition model.

balance performance with practical applicability in interactive and
real-time systems.

3 LIGHTWEIGHT LIBRAS RECOGNITION
MODEL

This section describes the approach presented in Fig. 1, employed to
develop the proposed lightweight recognition system for LIBRAS.
The solution was developed using Python 3.9 and the PyTorch deep
learning framework version 2.7.0+cu128 [10].

3.1 Dataset and Splitting Strategy

We employed the MINDS-Libras dataset [13], which comprises 20
isolated signs, each performed up to five times by 12 signers with
varying LIBRAS proficiency, resulting in 1,155 RGB videos. Besides
conventional 2D video, the dataset also includes depth, body-joint,
and facial landmark data. MINDS-Libras signs were chosen to reflect
phonological diversity and recorded in controlled conditions with
both RGB and RGB-D cameras. This dataset supports evaluation
under realistic signer-independent protocols.
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Depth and pose data were not used in our approach, which relies
solely on 2D video information to maintain low model complexity —
one of the central goals of this work. To assess model generalization
across unseen individuals, we adopted a Leave One Person Out
(LOPO) strategy, in which the system must operate without prior
knowledge of the current signer. Specifically, signers #11 and #12
were reserved for the test set, comprising 200 samples (2 signers X
20 words X 5 repetitions).

Training and validation were performed using samples from the
remaining 10 signers. We applied a stratified split by class, allocating
85% of the data for training and 15% for validation. This resulted in
814 training samples and 144 validation samples, ensuring balanced
representation of all sign classes across both subsets.

3.2 Data Pre-processing and Augmentation

Video frames were spatially resized from 1920 X 1080 pixels to
224 X 224 pixels and normalized to the [0, 1] range. Also, videos
were temporally subsampled to a fixed length of 32 frames. Both
resizing and temporal subsampling are necessary to match the
input dimensions expected by the I3D architecture and to reduce
computational complexity. To improve model generalization, data
augmentation was applied only during the training phase. With a
50% probability, a horizontal flip was applied to the entire video
tensor.

3.3 13D Architecture Adaptation and Fine
Tuning

The proposed sign language classification solution employs the
Inflated 3D ConvNet (I3D) architecture with a ResNet-50 backbone
[4]. The I3D architecture [4] extends 2D convolutional networks
into the spatio-temporal domain by inflating kernels to capture
both spatial and temporal features, enabling end-to-end video anal-
ysis. Pre-training on large-scale datasets such as Kinetics-400 [4]
provides strong feature representations that can be fine-tuned for
domain-specific tasks like LIBRAS recognition. In this work, we
adopt an I3D with a ResNet-50 backbone and adapted it for our 20-
class classification problem by replacing the original classification
head, specifically the final fully-connected (FC) layer, with a new
FC layer with 20 outputs, followed by a Softmax function.

The model was initialized with pre-trained weights from the
Kinetics-400 dataset [4], except for the final FC layer, which fol-
lowed a standard random initialization strategy. This fine-tuning
approach explores the spatio-temporal feature learning capabili-
ties acquired from pre-training on a large-scale action recognition
dataset, but now adapts the model to the specific context of Brazilian
Sign Language.

3.4 Training Configuration

The training process was performed using an NVIDIA GeForce
RTX 4090D GPU. The operating system was Ubuntu 24.04.2 LTS,
running on a machine with an Intel® Core™ i7-11700 @ 2.50 GHz
processor and 48 GB of RAM.

Fine-tuning was conducted using the Adam optimizer with a
learning rate of 1x 1074, selected to provide a balance between con-
vergence speed and stability. The model was trained for up to 100
epochs, using cross-entropy loss, which is well-suited for multi-class
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classification tasks involving one-hot encoded labels. Early stopping
was applied with a patience of 10 epochs, monitoring validation
loss to prevent overfitting and ensure better generalization.

The batch size was set to 8, considering both memory constraints
and convergence behavior on our hardware configuration. Gradi-
ents were backpropagated through the entire network, with all
layers fine-tuned rather than freezing earlier convolutional blocks.

4 EXPERIMENTAL RESULTS

This section reports both the training/validation progress and the
final evaluation of the model on the unseen test set. The same
hardware configuration described in the training phase (Section
3.4) was used in all reported experiments.

4.1 Training and Validation

Training and validation of the fine-tuning process was monitored
on the MINDS-Libras dataset. We monitored the model performance
over epochs using both loss and accuracy metrics on the training
and validation sets. The goal was to ensure that the model not only
learned to fit the training data but also generalized well to unseen
validation samples, minimizing overfitting.

Figure 2 illustrates the accuracy of the fine-tuned 13D model
on the training and validation sets over 61 epochs. The model
demonstrates rapid learning, with both training and validation
accuracies converging to near-optimal values within the first 15
epochs. The training accuracy (blue line) quickly approaches 100%
and remains around this value, indicating the model had sufficient
capacity to fit the training data. The validation accuracy (red line)
largely mirrors this high performance, but exhibits several sharp,
transient drops. These momentary decreases are likely attributable
to the model’s performance on specific, challenging batches within
the validation set, with accuracy recovering swiftly in subsequent
epochs, which underscores the model’s overall strong ability to
generalize. The training process was automatically concluded at
epoch 61 following the early stopping criterion with a patience of
10, as the validation loss did not improve upon the minimum value
achieved at epoch 51.

4.2 Evaluation on Unseen Signers

As previously mentioned, the test was performed using the LOPO
strategy with signers #11 and #12 (unseen in the training/validation
process), comprising 200 samples. Table 1 presents the detailed
classification performance of the model on the test set, including
precision, recall, and F1-score for each individual class. These re-
sults enable a deeper analysis of the model’s behavior, particularly
for identifying misclassifications and understanding class-specific
performance patterns.

The results demonstrate that the model achieved excellent per-
formance on most signs, with 12 out of 20 classes reaching perfect
F1-scores (1.0000). These signs were always correctly predicted
and never misclassified, nor were other signs incorrectly labeled as
them. Signs W3-W7, W9-W12, W15, W17 and W20 achieved this
perfect performance.

In contrast, sign W16 exhibited the lowest precision, primarily
due to a high false positive rate, as the model frequently misclassi-
fied instances of sign W14 as W16. This confusion also negatively
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Figure 2: Training (blue) and validation (red) accuracy across
61 epochs. The inset highlights the convergence behavior
during the final training phase.

Table 1: Per-class classification results on the test set

Class Precision Recall F1-Score
W1 (Acontecer/To Happen) 1.0000 0.6000 0.7500
W2 (Aluno/Student) 1.0000 0.5000 0.6667
W3 (Amarelo/Yellow) 1.0000 1.0000 1.0000
W4 (America/ America) 1.0000 1.0000 1.0000
W5 (Aproveitar/To Enjoy) 1.0000 1.0000 1.0000
W6 (Bala/Candy) 1.0000 1.0000 1.0000
W7 (Banco/Bank) 1.0000 1.0000 1.0000
W8 (Banheiro/Bathroom) 0.9000 0.9000 0.9000
W9 (Barulho/Noise) 1.0000 1.0000 1.0000
W10 (Cinco/Five) 1.0000 1.0000 1.0000
W11 (Conhecer/To Know) 1.0000 1.0000 1.0000
W12 (Espelho/Mirror) 1.0000 1.0000 1.0000
W13 (Esquina/Corner) 0.7143 1.0000 0.8333
W14 (Filho/Son) 1.0000 0.5000 0.6667
W15 (Magd/Apple) 1.0000  1.0000  1.0000
W16 (Medo/Fear) 0.6667 1.0000 0.8000
W17 (Ruim/Bad) 1.0000 1.0000 1.0000
W18 (Sapo/Frog) 0.9091 1.0000 0.9524
W19 (Vacina/Vaccine) 0.7143 1.0000 0.8333
W20 (Vontade/Will) 1.0000 1.0000 1.0000
Average 0.9452 0.9250 0.9201

impacted the recall of W14, which was not correctly predicted in
all of its occurrences. This misclassification can be attributed to
the visual similarity between the signs W14 (Filho/Son) and W16
(Medo/Fear), as illustrated in Fig. 3. This similarity can be further
analyzed through the lens of the phonological parameters of sign
languages, which include hand configuration, location, movement,
palm orientation, and non-manual markers (e.g., facial expressions
and movements of the head and torso) [17]. In the case of W14
and W16, the visual ambiguity is exacerbated because both signs
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Figure 3: Five frames of Signer #1 performing the signs (a)
W14 (Filho/Son) and (b) W16 (Medo/Fear).

share the same location on the body and the same palm orientation
(facing the signer). This inward-facing orientation obscures the
precise hand configuration and finger movements from a direct
frontal view, depriving the model of key distinctive features. The
primary contrast between the two signs, therefore, arises from non-
manual markers; the expression of “fear” (Medo) relies heavily on
facial cues, which are not essential for the sign “son” (Filho) [17].
However, it is uncertain whether a dataset of this scale provides
sufficient examples for a model to learn to distinguish signs based
solely on such subtle facial expressions with high accuracy.

In addition to the confusion between W14 and W16, other signs
also exhibited lower recall values, which reduced their F1-scores
despite perfect precision. For instance, the lower recall for W1
(0.6000) was due to the model frequently predicting its instances as
W13. Similarly, in the case of W2 (0.5000), it was often misclassified
as W7 and W18.

Overall, the model achieved an average precision of 0.9452, an
average recall of 0.9250 and an average F1-score of 0.9201. The
overall accuracy of the model was 92.5%, demonstrating strong gen-
eralization to unseen signers while also highlighting opportunities
for targeted improvement in specific classes.

4.3 Comparison With Related Work

Table 2 presents a comparison of our proposed approach against re-
lated works using the MINDS-Libras [13] dataset. While [14] and [1]
reported slightly higher accuracies of 93.3% and 93% respectively,
our model’s accuracy of 92.5% is highly competitive, especially
when considering our methodological advantages and the required
inference complexity. Specifically, our strict signer-independent
evaluation provides a more realistic measure of generalization than
the “per-sign” split used in [14]. Furthermore, our I3D-based ap-
proach operates directly on raw pixels, offering a more efficient
pipeline by circumventing the computational overhead from pre-
processing steps like the skeleton extraction used in [1].
Although [6] and [14] do not provide complexity metrics, [1]
reports a pre-processing time of about 36,000 ms per sign on an
NVIDIA GeForce RTX 4070 GPU. In comparison, our solution is
significantly more efficient, requiring only 824 ms per sign on an
NVIDIA GeForce RTX 4090D GPU. For non-accelerated hardware,
we evaluated our pipeline on an Intel® Core™ i7-11700 CPU proces-
sor and 48 GB of RAM, where total processing time was 2,642 ms.
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Table 2: Comparison with works using the MINDS-Libras
dataset

Work Accuracy (%) Total End-to-End Time
Fanucchi et al. [6] 84.00 Not Available
Rezende et al. [14] 93.30 Not Available
Alves et al. [1] 93.00 ~ 36,000 ms*

Ours (GPU) 92.50 ~ 824 ms

Ours (CPU) 92.50 ~ 2,642 ms

*Reported pre-processing time (landmark extraction,).

Given that each sign accounts for approximately 4,000 seconds of
video in the MINDS-Libras dataset, our solution is capable of real-
time processing for each 4-second video sample, even when running
on a CPU. The performance gap — our CPU-only execution being
over 13 times faster than the competing method — demonstrates
the practicality of our end-to-end approach for LIBRAS recognition
systems.

5 CONCLUDING REMARKS

This study addressed the critical challenge of developing a practical
and generalizable system for Brazilian Sign Language (LIBRAS)
recognition. By fine-tuning a pre-trained I3D architecture directly
on RGB videos from the MINDS-Libras dataset, we achieved a
competitive accuracy of 92.5% on a completely unseen test set.
The trained model is able to recognize LIBRAS signs in 824 ms on
average, which enables real-time operation in practical scenarios.

The first contribution of this work lies in its rigorous, signer-
independent evaluation protocol, ensuring no overlap between
test set the training/validation data. This approach eliminates any
chances of data leakage and provides a true measure of the model’s
ability to generalize. Secondly, our end-to-end methodology in-
troduces a lightweight pipeline that contrasts with other state-of-
the-art methods relying on computationally expensive models or
pre-processing steps like vision transformers and skeleton extrac-
tion. Our results show that high accuracy can be achieved without
these heavy pre-processing frameworks.

As future work, we intend to extend this approach to continuous
sign language recognition and test its scalability on larger, more
diverse datasets with greater environmental variability. Addition-
ally, we also intend to explore model optimization techniques, such
as quantization and pruning, further reducing the computational
footprint of the I3D model, enhancing its deployability on low-cost
edge devices, such as smartphones and tablets.
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