
the spherical markers attached to the MoCap suit.
Later on the markers will be digitalized to move the
character skeleton in the capture software as illus-
trated in Figure 3b, which in turn will animate the
avatar as shown in Figure 3c. Moreover, two Canon
EOS T6i Rebel (Canon, 2026) are also employed
for RGB capture, alongside the FLIR 2D (Teledyne
FLIR, 2026), and the Vicon Vue cameras.

5.2. In-Car Data Acquisition
The in-car component of the ICSL corpus was de-
signed to capture the linguistic and environmental
challenges of a transport system setting. We em-
ployed a multi-sensor approach to provide both
standard video and high-fidelity 3D spatial data.

5.2.1. Hardware and Sensor Setup

We utilized multi-modal sensors as seen in Figure 4
and the setup as seen in Figure 5b was deployed
across three distinct test vehicles: a Jeep Com-
pass(illustrated in Figure 5a), a Nissan March, and
a Renault Megane, providing variability in cabin
dimensions, window size, lightning, color, texture,
seat shape, and interior geometry.

(a) (b) (c)

Figure 4: The multi-modal sensor suite including
(a) the FLIR 2D camera, (b) Orbbec ToF sensor,
and (c) the Lenovo Tablet.

• 2D Imaging: A FLIR Blackfly S (Teledyne
FLIR, 2026) was utilized to capture the primary
2D visual stream at a resolution of 1440×1080,
operating at 60 fps as seen in Figure 4a. To
accommodate the confined vehicle interior, we
utilized fisheye lenses to maximize the field of
view as seen in Figure 2a.

• 3D Time-of-Flight (ToF): An Orbbec Femto
Bolt (Orbbec, 2026) was utilized to capture spa-
tial information as seen in Figure 4b. The sen-
sor was configured to capture synchronized
RGB, Depth, Infrared (IR), and Point Cloud
streams at a resolution of 1024× 1024 pixels,
operating at 30 fps, allowing for precise track-
ing of hand movements in 3D space as seen
in Figures 2b and 6a-d.

• Recording Tablet: A Lenovo Tab
P12 (Lenovo, 2026) was utilized as an
additional perspective, as seen in Figure 4c.

(a)

(b)

Figure 5: (a) test vehicle, and (b) full technical in-
stallation inside the Jeep Compass cabin, illustrat-
ing sensor placement and the passenger signing
space.

(a) (b)

(c) (d)

Figure 6: Multimodal perspectives of Libras com-
munication within a vehicle cabin, illustrating the
two sensors: (a) ToF depth image shown in color,
where blue indicates closer objects and green in-
dicates farther objects. Dark blue areas mean no
depth was measured, (b) ToF infrared (IR) image
shown in grayscale, where white represents strong
IR reflection and black represents weak or no re-
flection, (c) ToF RGB point cloud, where each 3D
point contains spatial coordinates (X,Y, Z) and its
corresponding color (R, G, B), and (d) ToF Depth
point cloud, where each 3D point contains spatial
coordinates (X,Y, Z) derived only from depth mea-
surements, without color information.
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Positioned behind the front-seat headrest
at a resolution of up to 3840 × 2160 pixels,
it recorded the signer from an elevated,
centered viewpoint, providing a third data
stream to supplement the mounted sensors
as seen in Figure 2c.

• Prompting Interface (Mobile Phones): In
addition to the main sensors, mobile phones
were positioned within the signer’s line of sight
specifically to display the selected use cases.
These served as a remote prompting system
to guide the signer through the recording se-
quence.

5.3. Acquisition Protocol and Workflow
The recording session followed a strictly controlled
protocol managed via a custom web-based control
panel, as seen in Figure 7. To ensure the signer
remained focused and in the correct posture, we
utilized a remote signaling system:

• Instruction Delivery: Use cases were pub-
lished on the mobile phone screens from the
central Control Panel.

• Start/Stop Signals: The operator sent a
“Start” signal (green) to the phone to indicate
which sign to perform. Once the gesture was
completed, a “Stop” signal (red) was sent, and
the system automatically switched to the “Next
Case” for the signer.

Figure 7: Web-based remote control interface for
Start and Stop signaling.

6. Corpus Analysis and Limitations
Our dataset represents a first step toward a com-
prehensive in-vehicle Libras resource. To ensure
the scientific validity of our comparative analysis,
we chose to establish a solid baseline under sta-
ble, controlled conditions before introducing more
dynamic environmental variables. This approach
allows us to demonstrate the causal relationship
between the physical layout of the car and signing

production without the interference of visual noise.
By focusing on these idealized conditions, we pro-
vide a “ground truth” reference that enables the
evaluation of technical benchmarks in a confined
space. This is critical because sign language rep-
resentations must reflect 3D awareness to handle
the orientations and spatial trajectories inherent in
real-world cabins.

The current iteration of the dataset is built upon a
theoretical vocabulary of 1,344 Portuguese context-
specific phrases for ride-sharing applications. To
date, a subset of 127 phrases has been success-
fully recorded in video, with plans to complete the
remaining recordings in the coming months. The
data collection and annotation methodology relies
on a cohort of three participants (two deaf, one
hearing) who perform both the signing and the on-
going data annotation.

A significant current limitation is the lack of dy-
namic lighting conditions, such as sun glare, tunnel
transitions, or nighttime driving noise. While these
factors are vital for “in-the-wild” robustness, in this
initial phase, we theorize that models pre-trained on
normal illumination data serve as a superior foun-
dation for subsequent fine-tuning in low-light sce-
narios. As an early-stage resource within Project
UNITY, the dataset currently features a limited num-
ber of signers, two deaf signer and one hearing.
We acknowledge this as a potential source of signer
bias that could limit the generalization of initial AI
models. While we capture stationary occlusions
(seatbelts, headrests), the dataset does not yet ac-
count for dynamic occlusions caused by vehicle
movement or secondary passenger interactions.

By acknowledging these constraints, we frame
this work not as a final solution but as the essential
foundation required to guide our future, more com-
plex data-collection efforts in the automotive sign
language domain.

7. Conclusion
This paper introduces the In-Car Sign Language
(ICSL) dataset, a novel multimodal resource de-
signed to investigate the technical challenges of
sign language recognition across shared mobil-
ity services. By focusing specifically on the con-
strained signing environment of vehicle interiors,
we have established the first specialized dataset
that systematically documents how Brazilian Sign
Language (Libras) is produced within the physical
and visual limitations of car cabins. The corpus
comprises over 1.5 million synchronized frames
across multiple modalities, providing researchers
with a comprehensive foundation for investigating
sign language recognition in real mobile settings.

Our contribution is split into two parts. First, a
comparative benchmark between laboratory and in-
car signing that addresses potential research direc-



39

tions in Section 3 focused on physical, multimodal,
and linguistic adaptations. Second, we provide 127
communication scenarios recorded across three
vehicle models, reflecting real-world accessibility
needs within diverse cabin geometries.

The limitations acknowledged in Section 6 includ-
ing controlled lighting conditions, and signer diver-
sity, this work establishes a necessary foundation
for robust “in-the-wild” SLR systems. As a compo-
nent of Project UNITY, the ICSL corpus provides an
empirical baseline for assistive technologies aiming
to reduce communication barriers between hearing
drivers and DHH passengers. Available upon re-
quest, this resource supports the development of
inclusive transportation systems where language
barriers no longer hinder DHH access and dignity.

8. Future Work
Moving forward, our next step is to introduce dy-
namic environmental parameters. We plan to
record subsequent datasets under varied lighting
conditions. Additionally, future iterations will move
from a stationary vehicle to active driving environ-
ments to capture dynamic occlusions and noise
caused by vehicle vibration, which are known bottle-
necks for real-time landmark tracking. Although our
dataset focuses on sentence-based communica-
tion scenarios, we aim to expand the ICSL corpus to
include continuous Libras conversations between
passengers, more complex phrases, and a broader
range of subjects.
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Miloš Železnỳ. 2020. Sign language motion cap-
ture dataset for data-driven synthesis. In 9th
Workshop on the Representation and Process-
ing of Sign Languages, pages 101–106.

Michael Kipp, Alexis Heloir, and Quan Nguyen.
2011. Sign language avatars: Animation and
comprehensibility. In International Workshop
on Intelligent Virtual Agents, pages 113–126.
Springer.

Marie Lee, Ziming Li, Wendy Dannels, Tae Oh,
and Roshan L Peiris. 2025. Exploring one
handed signing during driving for interacting with
in-vehicle systems for Deaf and hard of hear-
ing drivers. In Proceedings of the Extended Ab-
stracts of the CHI Conference on Human Factors
in Computing Systems, New York, NY, USA. As-
sociation for Computing Machinery.

Lenovo. 2026. Tab P12: 12.7-inch Storm
Grey tablet (8GB/128GB) product man-
ual. https : / / www.mediamarkt.de / de /
product/_lenovo-tab-p12pencil-8gb-
128gb-127-zoll-tablet-128-gb-127-
zoll - storm - grey - 133566330.html.
Hardware product specifications. Accessed:
2026-02-12.

Chenghong Lu, Misaki Kozakai, and Lei Jing. 2023.
Sign language recognition with multimodal sen-
sors and deep learning methods. Electronics,
12(23):4827.

Xiaohan Ma, Rize Jin, and Tae-Sun Chung. 2024.
Multi-channel spatio-temporal transformer for
sign language production. In Proceedings of

the 2024 Joint International Conference on Com-
putational Linguistics, Language Resources and
Evaluation (LREC-COLING 2024), pages 11699–
11712.

Orbbec. 2026. Orbbec: Femto Bolt Time-of-
Flight depth camera specifications. https://
www.orbbec.com/products/tof- camera/
femto-bolt/. Product technical datasheet. Ac-
cessed: 2026-04-07.

Presidência da República. 2002. Lei número
10.436. Diário Oficial da União, Imprensa Na-
cional, n. 79, Seção 1.

Reza Rastgoo. 2021. Sign language recognition: A
deep survey. Expert Systems with Applications,
164:113794.

Dimitar Shterionov, Lorraine Leeson, and Andy
Way. 2024. The pipeline of sign language ma-
chine translation, pages 1–25. Springer.

Hanan A. Taher and Subhi R. M. Zeebaree. 2025. A
critical study of recent deep learning-based con-
tinuous sign language recognition. The Review
of Socionetwork Strategies, 19(1):131–161.

Teledyne FLIR. 2026. Firefly S tech-
nical specifications. https : / /
www.teledynevisionsolutions.com /
products / firefly - s/?segment =
iis&vertical = machine + vision. Ma-
chine vision camera documentation. Accessed:
2025-02-12.

Vicon. 2026. Vicon Valkyrie advanced mo-
tion capture (mocap) camera specifications.
https : / / www.vicon.com / hardware /
cameras/valkyrie/. Hardware technical
datasheet. Accessed: 2026-02-13.

Ackley Dias Will, José Mario De Martino, and Ju-
liano Renato S Bezerra. 2018. An optimized
marker layout for 3D facial motion capture. In
Proceedings of the Smart Tools and Apps for
Graphics (STAG), pages 107–113.

Wanyu Zhang. 2022. Sign language recognition
based on depth image processing. Highlights
in Science, Engineering and Technology, 23:25–
33.

12. Language Resource References
Luis R. Cerna, E. E. Cardenas, D. G. Miranda,

David Menotti, and Guillermo Camara-Chavez.
2021. A Multimodal Libras-UFOP Brazilian Sign
Language Dataset of Minimal Pairs using a Mi-
crosoft Kinect Sensor. Expert Systems with Ap-
plications.

https://www.mediamarkt.de/de/product/_lenovo-tab-p12pencil-8gb-128gb-127-zoll-tablet-128-gb-127-zoll-storm-grey-133566330.html
https://www.mediamarkt.de/de/product/_lenovo-tab-p12pencil-8gb-128gb-127-zoll-tablet-128-gb-127-zoll-storm-grey-133566330.html
https://www.mediamarkt.de/de/product/_lenovo-tab-p12pencil-8gb-128gb-127-zoll-tablet-128-gb-127-zoll-storm-grey-133566330.html
https://www.mediamarkt.de/de/product/_lenovo-tab-p12pencil-8gb-128gb-127-zoll-tablet-128-gb-127-zoll-storm-grey-133566330.html
https://www.orbbec.com/products/tof-camera/femto-bolt/
https://www.orbbec.com/products/tof-camera/femto-bolt/
https://www.orbbec.com/products/tof-camera/femto-bolt/
https://doi.org/10.1007/s12626-025-00180-y
https://doi.org/10.1007/s12626-025-00180-y
https://doi.org/10.1007/s12626-025-00180-y
https://www.teledynevisionsolutions.com/products/firefly-s/?segment=iis&vertical=machine+vision
https://www.teledynevisionsolutions.com/products/firefly-s/?segment=iis&vertical=machine+vision
https://www.teledynevisionsolutions.com/products/firefly-s/?segment=iis&vertical=machine+vision
https://www.teledynevisionsolutions.com/products/firefly-s/?segment=iis&vertical=machine+vision
https://www.vicon.com/hardware/cameras/valkyrie/
https://www.vicon.com/hardware/cameras/valkyrie/


41

Ronice Müller de Quadros and Alexandre Melo
de Sousa. 2021. Corpus da Língua Brasileira de
Sinais: Inventário de Libras do Acre. Revista de
Estudos da Linguagem.

M. A. Lima, D. Cruz, D. R. Silva, D. D. Albuquerque,
D. F. Lacerda, R. Costa, G. L. de Souza Filho,
and T. M. de Araújo. 2025. VLibrasBD: A Brazil-
ian Portuguese-Brazilian Sign Language (Libras)
Bilingual Text Dataset. Data in Brief.

Vicente Coelho Lobo-Neto and Helio Pedrini. 2024.
LSWH100: A Handshape Dataset for Brazilian
Sign Language (Libras) using SignWriting. Data
in Brief.

Oline Ranum, Gomer Otterspeer, Jari I. Andersen,
Robert G. Belleman, and Floris Roelofsen. 2024.
3D-LEX v1.0: 3D Lexicons for American Sign
Language and Sign Language of the Netherlands.
arXiv preprint arXiv:2409.01901.

Tamires Martins Rezende, Sílvia Grasiella Mor-
eira Almeida, and Frederico Gadelha Guimarães.
2021. Development and Validation of a Brazilian
Sign Language Database for Human Gesture
Recognition. Neural Computing and Applica-
tions.

Thad Starner, Sean Forbes, Matthew So, David
Martin, Rohit Sridhar, Gururaj Deshpande,
Sam Sepah, Sahir Shahryar, Khushi Bhard-
waj, Tyler Kwok, Daksh Sehgal, Saad Hassan,
Bill Neubauer, Sofia Vempala, Alec Tan, Jo-
celyn Heath, Unnathi Kumar, Priyanka Mosur,
Tavenner Hall, Rajandeep Singh, Christopher
Cui, Glenn Cameron, Sohier Dane, and Garrett
Tanzer. 2023. PopSign ASL v1.0: An Isolated
American Sign Language Dataset Collected via
Smartphones. Curran Associates, Inc.

https://doi.org/https://doi.org/10.1016/j.dib.2024.110780
https://doi.org/https://doi.org/10.1016/j.dib.2024.110780
https://proceedings.neurips.cc/paper_files/paper/2023/file/00dada608b8db212ea7d9d92b24c68de-Paper-Datasets_and_Benchmarks.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/00dada608b8db212ea7d9d92b24c68de-Paper-Datasets_and_Benchmarks.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/00dada608b8db212ea7d9d92b24c68de-Paper-Datasets_and_Benchmarks.pdf

