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An AI-driven, wearable, conformal ring system for 
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Jongyoo Kim1, Young Uk Cho10, Yeonsik Choi4, Byunghwan Jeon11, Kyowon Kang12*,  
Dosik Hwang1,13,14,15*, Ki Jun Yu1,16*

Sign language translation systems have long aimed to bridge the communication between signers and nonsigners. 
However, preliminary systems rely on glove-type wearables or wired sensor arrays, which constrain hand move-
ment, reduce comfort, and require nonpersonalized sensor positions that limit adaptability across users. Here, we 
introduce a wirelessly connected, ring-type sign language translator (WRSLT) designed to overcome these limita-
tions by enabling full finger mobility through independent sensor rings and multilink communication. The system 
supports static and dynamic gesture detection using selected fingers via quantitative relevance analysis and 
achieves robust user-independent performance without per-user calibration. WRSLT demonstrated high recogni-
tion accuracy on large-scale datasets comprising 100 American Sign Language and 100 International Sign Lan-
guage words, achieving 88.3 and 88.5% accuracy, respectively, under unseen-user conditions (i.e., test users not 
included in model training). Furthermore, a custom sequential word detection framework enables sentence-level 
translation from continuous signing input without requiring separate training on entire sentence structures.

INTRODUCTION
Sign language is a primary communication method for individuals 
with hearing or speech impairments, conveying meaning through hand 
gestures and body movements (1, 2). However, individuals without 
prior knowledge of sign language are typically unable to understand or 
respond, resulting in a consistent communication barrier with signers 
in daily interactions. In addition, more than 300 different sign lan-
guages are used worldwide, each developed based on regional and 
cultural contexts (3). These variations also make it difficult for signers 
from different regions to communicate with one another. To pro-
mote more effective communication for sign language users, a range 
of translation device has been developed to recognize sign language.

Various technological approaches have been proposed to translate 
sign language into spoken or written language, which can be broad-
ly categorized into vision-based and wearable sensor-based systems. 
Vision-based systems typically rely on external cameras combined 
with computer vision algorithms to recognize hand gestures and 
motion trajectories (4–6). While these systems can achieve reasonable 
performance under controlled environments (i.e., fixed camera posi-
tion), their applicability is often limited to predefined settings where 
the camera can consistently capture the signer’s hand movements. 

Moreover, they are sensitive to occlusion, lighting variations, and back-
ground complexity, making it difficult to accurately recognize dynamic 
gestures in real-world scenarios. In parallel, wearable sign language 
translators have been developed using different types of body-attached 
sensors to directly measure physical or electrophysiological signals 
associated with hand gestures. These systems typically integrate vari-
ous sensor types, such as surface electromyography (EMG) electrodes 
(7–9), strain and bending sensors (10–12), triboelectric sensors 
(13, 14), and inertial measurement units (15–17). Sensors are attached 
to the skin or embedded into wearable structures, allowing for direct 
and continuous measurement of hand posture and movement without 
being affected by lighting, occlusion, or background interference.

Sign language recognition systems were primarily on the basis of 
wired configurations, where each sensor was physically connected to 
an external processing unit via data transmission lines. While this ap-
proach enabled basic signal acquisition, the constant presence of ca-
bles between sensors and the processing unit substantially restricted 
hand movement and limited usability in real-world environments. 
For the mobility and usability, recent studies adopted wireless archi-
tectures that eliminate the need for direct cabling between the sensors 
and the external processing unit, allowing for improved wearability 
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and broader application in mobile or real-life environments (18–21). 
However, despite the use of wireless communication modules, a major 
limitation still remains in the physical wiring between sensors within 
the device itself. In typical designs, multiple sensors such as inertial 
or strain sensors must be positioned across different fingers to cap-
ture detailed motion data. These sensors are often interconnected through 
physical data transfer lines that route signals to a single shared wire-
less data transmitter, forming what is essentially a partially wired sys-
tem. This structure often causes physical discomfort and limits natural 
hand movement due to the presence of numerous interconnecting 
wires. It also interferes with the execution of complex and dynamic 
gestures required for accurate sign language translation, reducing the 
system’s practicality and accuracy for real-world use.

In preliminary studies, wearable sign language translation systems 
have been implemented as smart gloves (22–27). This form factor 
offers a convenient and well-established platform for integrating multi
ple sensors across the hand, enabling comprehensive data collection 
from multiple joints and fingers within a single garment. However, 
despite these advantages, glove-based systems present several limita-
tions in terms of comfortability and adaptability. The enclosed nature 
of gloves reduces breathability, making prolonged use uncomfort-
able, especially during continuous or intensive long-term signing. 
Moreover, glove-based systems typically assume fixed sensor place-
ments on the glove, which do not account for individual variations 
in hand size, finger length, or joint positions. As a result, the sensor 
alignment may deviate from the intended anatomical locations, lead-
ing to inconsistent signal acquisition and reduced recognition ac-
curacy across users.

In parallel with these hardware-based developments, recent ad-
vances in sign language recognition have emerged through multi-
disciplinary approaches that combine wearable sensor technologies 
with artificial intelligence (AI)–based algorithms by capturing and 
interpreting complex gesture patterns (28–32). The development of 
deep learning models capable of generalizing across diverse signers 
has become increasingly important for practical applications. In par-
ticular, ensuring high recognition accuracy not only when the test 
user is included in the training data (seen-user condition) but also 
when the system is applied to general users (unseen-user condition; 
test user is not included in the training data) is important. Achieving 
robust performance in unseen-user condition is essential for devel-
oping user-independent devices and is a prerequisite for broad 
deployment in practical settings. Also, recent efforts have extended 
beyond isolated word recognition toward continuous, sentence-
level translation (13). This allows sequential hand gestures to be in-
terpreted as temporally connected patterns rather than discrete, 
independent signs. This functionality is particularly critical for prac-
tical deployment, as sign language is typically conveyed through fluid 
and uninterrupted gesture sequences in real-world settings.

Here, we introduce a wirelessly connected, ring-type sign lan-
guage translator (WRSLT) that integrates practical hardware design 
and deep learning architecture. Unlike conventional glove-based de-
signs, where sensors are preembedded at fixed positions within the 
glove fabric, the proposed system is ring-type sensors that can be 
independently positioned on each finger. This modular configuration 
allows flexible sensor positioning that naturally adapts to variations 
in hand size, joint alignment, and finger morphology across users, 
enhancing both comfort and signal reliability. To minimize hardware 
complexity without compromising recognition performance, we quan-
titatively evaluated the contribution weight of each finger to overall 

classification accuracy. On the basis of this analysis, seven dominant 
fingers were identified, enabling optimized sensor allocation. The WRSLT 
uses a fully wireless architecture in which each ring operates inde-
pendently without physical wiring between sensor modules, thereby 
enabling unrestricted and seamless hand movement during dynamic 
signing, whereas conventional systems rely on centralized, wired con-
nections that constrain natural motion. The system captures gravity-
oriented hand gesture feature using accelerometer sensors rather than 
relying on biosignals such as EMG, which are highly user-specific 
and require extensive training (table S1). In contrast to vision-based 
approaches or human interpretation, these strategies enables con-
tinuous, privacy-preserving and environment-independent operation 
without reliance on external infrastructure or human availability. 
Building on the motion derived gravity-based signals, we propose 
a deep learning architecture that leverages pretrained foundation 
models to enhance recognition capabilities. By extracting hand move-
ment features during signing from these foundation models and 
defining them as prototypes for recognition, our approach focuses 
on not only for users included in the training dataset but also for 
unseen users. This generalizability and user independency without 
requiring user-specific adaptation enables high recognition accuracy 
even for individuals who did not participate in the training phase 
(unseen-user condition). In addition, the system supports sentence-
level translation and is compatible with multiple sign languages 
including American Sign Language (ASL) and International Sign Lan-
guage (ISL), which demonstrates worldwide appliable property. 
Sentence-level translation is enabled by a sequential gesture pro-
cessing framework, referred to as sequential word detection frame-
work, which detects and classifies continuous input streams without 
requiring manual segmentation of the sentence. These combined fea-
tures make the proposed system highly adaptable, user-independent, 
multisign language recognizable and suitable for practical deploy-
ment in diverse communication scenarios. In contrast to conven-
tional glove type or partially wired systems restricted to word-level 
recognition and user specific tuning, the WRSLT enables real-time, 
sentence-level translation using a fully wireless and modular archi-
tecture that generalizes across users and sign languages.

RESULTS
Characterization of WRSLT
Figure  1A illustrates the overall concept of WRSLT. The device is 
worn on the fingers of a signer, and hand gestures are captured and 
translated into corresponding text-based outputs in real time. Un-
like word-level recognition systems, the WRSLT enables sentence-
level translation by identifying and segmenting sequences of trained 
words from continuous signing input. Furthermore, the system accom-
modates multiple sign languages, such as ASL and ISL, by indepen-
dently training models tailored to each language. Figure 1B presents 
the structural configuration of a single ring device, which comprises 
a three-axis accelerometer, power management unit, Bluetooth low 
energy (BLE) system-on-chip (SoC), elastic ring platform, and mag-
net. Detailed circuit schematic and circuit components are shown in 
fig. S1. The device also includes a compact battery that lasts nearly 
12 hours (fig. S2) can be easily replaced, enabling continuous use 
without full system disassembly. The device is designed to measure 
both angular orientation and dynamic motion of each finger through 
acceleration signals. Similar to the daily wearing rings, WRSLT is 
strategically positioned on the proximal phalanx, the segment of the 
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Fig. 1. Overall concept and design of WRSLT. (A) Conceptual illustration of WRSLT enabling intuitive sentence-level translation and compatibility with multiple sign 
languages (e.g., ASL and ISL). (B) Structural diagram and circuit layout of a single WRSLT which is fabricated on a flexible substrate, allowing it to be bent into a ring shape 
for finger mounted application. (C) Optical images of WRSLT worn on the fingers with the enlarged image. Scale bar, 1 cm. (D) Comparison of conventional multi-sensor 
systems and the proposed WRSLT architecture. Traditional wired setups rely on physical transmission wires connecting each sensor to a centralized microcontroller unit 
(MCU), limiting hand mobility. In contrast, WRSLT adopts a wirelessly connected design that eliminates interconnecting cables, allowing for unrestricted and natural hand 
movement. (E) Schematic illustration of the WRSLT network using Bluetooth multilink communication to enable simultaneous data acquisition across selected fingers. 
(R: right hand, L: left hand, 1: thumb, 2: index finger, 3: middle finger, 4: ring finger, 5: little finger). (F) Comparison between seen-user and unseen-user scenarios in sign 
language recognition. The unseen-user scenario evaluates generalizability by testing on users not included in the training set, demonstrating user-independent perfor-
mance. (G) Overall system flow of the WRSLT platform for real-time sign language translation which supports both word-level and sentence-level translation. [(D), (E), and 
(G)] Hand model was used with permission from Artec 3D (https://www.artec3d.com), CC BY 4.0 https://creativecommons.org/licenses/by/4.0/deed.en.
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finger located between the proximal interphalangeal (PIP) joint, and 
the metacarpophalangeal (MCP) joint (33). The interphalangeal joints, 
such as PIP, allow for rotational motion in the coronal plane, facili-
tating flexion and extension. Meanwhile, MCP joints support mo-
tion in both the coronal and sagittal planes, enabling not only flexion 
and extension but also side-to-side movements such as abduction and 
adduction. This anatomical placement enables the system to capture 
a wide spectrum of finger movements with high fidelity. The accel-
erometer continuously captures motion signals, while the onboard 
circuitry manages power regulation and enables wireless data trans-
mission via the BLE module. To accommodate repeated finger bend-
ing during sign gestures, serpentine-structured interconnections are 
incorporated to improve mechanical stability and maintain electrical 
integrity under dynamic deformation (fig. S3 and movie S1). This self-
contained design enables each ring to operate independently without 
requiring physical interconnections between sensors. The photo-
graphs of the WRSLT worn on the fingers are shown in Fig. 1C, dem-
onstrating their lightweight, flexible, and skin-conformal form factor 
designed for stable operation with magnetic fixation ensuring se-
cure yet detachable placement on the finger (movie S2). Finger cir-
cumference measurements across multiple users are provided in fig. S4, 
showing that the device conforms securely around the finger without 
inducing excessive strain on the copper interconnects (fig. S5), thus 
ensuring mechanical safety during repeated bending motions. The in-
tended placement on the proximal phalanges is visible during actual 
use, while fig. S6 presents the device appearance before mounting.

A key distinction between conventional multisensor systems and 
the proposed WRSLT platform is the implementation of a wirelessly 
connected architecture (Fig. 1D). In conventional systems, multiple 
sensors are physically connected to a centralized microcontroller 
unit (MCU) via transmission wires, and the MCU handles data pro-
cessing or wireless communication by transmitting the aggregated 
data to an external receiver. However, this approach not only adds 
physical bulk but also introduces substantial mechanical constraints 
due to the increasing number of transmission wires, especially as 
more sensors are added. These wired configurations notably restrict 
hand mobility, which is essential for accurately capturing the dy-
namic and continuous gestures involved in sign language translation. 
In contrast, the WRSLT is composed of compact, independently op-
erated ring-type systems, each equipped with its own wireless trans-
mission module. This decentralized architecture allows the system to 
eliminate data transmission lines entirely, enabling unrestricted fin-
ger motion and supporting dynamic gesture recognition with mini-
mal mechanical constraint.

Wirelessly connected architecture is achieved through Bluetooth 
multilink technology, allowing multiple sensors to operate simulta-
neously without physical connections (Fig. 1E). Each ring establishes 
an independent BLE peripheral link to the host device, enabling con-
current transmission of motion data from multiple fingers. Because 
every ring module performs its own sensing and communication, 
signals are acquired in parallel rather than sequentially, and the host 
device aggregates the incoming packets in the order of reception, 
providing multifinger data streams at the application level. This ap-
proach eliminates the need for any physical interconnections or shared 
wiring between sensors. The wireless multinode structure not only 
preserves full finger mobility but also ensures mechanical reliability, as 
each ring is mounted on a small and curved region where a simplified, 
compact circuit is essential for stable operation. By enabling inde-
pendent measurement of each finger, the system supports quantitative 

evaluation of the contribution of individual fingers to sign language 
translation. On the basis of this analysis, seven fingers were identi-
fied as most dominant in classification performance, allowing for num-
ber of sensor reductions without compromising accuracy (Fig. 1E). 
The selected fingers—R1 (right thumb), R2 (right index), R3 (right 
middle), R4 (right ring), L2 (left index), L4 (left ring), and L5 (left 
little)—were integrated into the final system and wirelessly connected 
for simultaneous data recording.

Figure 1F highlights the distinction between seen-user and unseen-
user scenarios in evaluating the performance of sign language transla-
tion systems. In AI-based gesture recognition, ensuring generalizability 
and user independency requires that training and testing be con-
ducted on independent datasets. When the same user participate in both 
training and testing (seen-user condition)—especially under iden-
tical recording conditions, such as one-day acquisition with a single 
attachment without sensor repositioning—the model may overfit to 
user-specific patterns. This often leads to inflated accuracy in seen-user 
evaluations while significantly degrading performance in unseen-
user scenarios where robust generalization is essential. However, in 
practical applications, gestures can vary subtly across users, and sen-
sor reattachment may cause slight shifts in placement, even for the 
same individual. These variations inherently reduce accuracy, particu-
larly under unseen-user conditions where trainees are not included 
in test data. To validate the generalizability of the system, the WRSLT 
was evaluated under an unseen-user setting, in which the test users 
did not participate in training. Despite interuser variability and po-
tential differences in sensor alignment, the system achieved high 
recognition accuracies of 88.4% for 100 words of ASL and 88.9% for 
100 words of ISL, using only seven fingers. These results demonstrate 
the broad applicability of user-independent sign language translation, 
validating the generalizability and robustness of the proposed plat-
form across different users and usage conditions.

The overall flow of sign language translation using the WRSLT is 
presented in Fig. 1G, from sensor-level data acquisition to AI-driven 
linguistic output. As hand gestures are performed, each ring device 
captures gravity-oriented motion signals through embedded inertial 
sensors. These signals are continuously collected and converted into 
time-series representations suitable for classification by pretrained 
deep learning models. For word-level recognition, each gesture is 
processed individually to match with trained gesture templates. In ad-
dition to isolated word detection, the WRSLT also enables sentence-
level translation by applying a sequential word detection framework 
that identifies and groups consecutive gestures into meaningful se-
quences. Specifically, a sliding window–based approach is used to track 
transitions across time and assemble a structured sentence output. 
This sequential analysis reflects the fluid nature of real-life signing, 
where expressions are typically conveyed as continuous gesture streams 
rather than isolated words. The ability to translate at both the word 
and sentence levels enhances the system’s practicality and applica-
bility in real-world communication scenarios.

Hand gesture detection using acceleration
Among various wearable sensing modalities, we adopted a gravity-
based inertial sensing strategy because it offers stable, relatively in-
variant gesture features compared to electrophysiological or strain 
responses, which are essential for user-independent sign language 
recognition. EMG systems exhibit large interuser variability due to 
differences in muscle physiology, electrode-skin impedance, and place-
ment sensitivity, making per-user calibration unavoidable in practice. 
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Strain-based sensors can capture bending-induced deformation but 
cannot provide absolute finger orientation or tilt information, which 
is critical for distinguishing many static sign postures. In contrast, a 
three-axis accelerometer directly measures both the projection of grav-
ity under static conditions and motion-induced accelerations during 
dynamic transitions. This enables simultaneous acquisition of static 
postural information and dynamic gesture trajectories from a single 
compact sensor module.

Therefore, a three-axis accelerometer is integrated into each ring to 
sense finger motion. The principle of tilt estimation using the onboard 
accelerometer embedded in the WRSLT is illustrated in Fig. 2A. The 
accelerometer measures acceleration in its local coordinate system 
(x′, y′, z′), which shifts in orientation relative to the horizontal coor-
dinate frame (x, y, z) as the device is tilted. Under static conditions, 
the only measurable acceleration is due to gravity (1 g), which serves as 
a reference vector. By comparing the gravity vector’s projection onto 
the accelerometer’s axes, the relative tilt of the device can be infer
red. This enables continuous monitoring of finger orientation by 
capturing deviations between the sensor’s internal reference frame 
and the external horizontal frame. Figure 2B demonstrates the static 
tilt response of the WRSLT under controlled angular displacements. 
“Static” refers to quasi-static tilt steps, where the device is rotated to 
a target angle and held stationary to capture the steady-state gravita-
tional projection. The system was placed on a horizontal surface and 
tilted sequentially to 30°, 60°, and 90°, each repeated twice in a sin-
gle axis direction. As expected, the projected gravitational compo-
nent along the sensing axes changes with tilt angle, particularly in 
the x- and z-axis signals. These variations follow the sine of the tilt 
angle due to the directional projection of gravity. For example, the 
gravitational force component along the horizontal axis is ~0.5 g for 
30° (sin 30°) and ~0.87 g for 60° (sin 60°). At 90°, the axis aligned 
with gravity measures close to 1 g, while orthogonal axes approach 
zero. The y axis remains largely unaffected, consistent with the 
planar rotation. On the basis of these gravity-oriented measure-
ments, pitch (rotation about the x axis) and roll (rotation about 
the y axis) angles can be analytically estimated using trigonomet-
ric relationships derived from accelerometer readings, as shown 
in fig. S7. Figure 2C presents the dynamic response of the acceler-
ometer during rotational motion at three different angular velocities: 
20°/s, 33.3°/s, and 100°/s. “Dynamic” refers to continuous, nonstation-
ary rotation, where the device is moved through the angular range 
without holding at intermediate angles. Distinct differences in wave-
form frequency and slope are observed across the speed regimes, highlight-
ing the system’s capability to differentiate gesture velocity through 
temporal changes in acceleration magnitude. These results confirm 
the WRSLT’s effectiveness in capturing both static orientation and 
dynamic motion features, which are essential for accurate recognition 
of both posture-based and motion-based gestures in sign language. 
In addition, the accelerometer is consistently positioned on the prox-
imal phalanx for gesture detection, and the baseline variation induced 
by repetitive attachment and detachment was negligible (<0.3%), 
demonstrating robust sensing stability during daily use (fig. S8).

Figure 2D presents representative dynamic gesture data obtained 
during real-time signing using the WRSLT. Three commonly used 
sign language words (want, good, and animal) are selected to dem-
onstrate various motion patterns. The accelerometer coordinates of 
the R2 sensor are visualized alongside corresponding gesture images to 
provide a spatial reference for hand orientation during signing. Sim-
ilar waveform patterns were observed across multiple fingers within 

the same hand, particularly among R2, R3, and R4 on the right hand 
and L2, L4, and L5 on the left. This consistency indicates that the 
WRSLT provides stable and reproducible measurements for fingers 
with similar anatomical orientation. In contrast, the R1 sensor on the 
thumb showed a different pattern due to its naturally angled resting 
position, which differs from the alignment of the other fingers. This 
variation highlights the system’s ability to detect finger-specific mo-
tion patterns, even when anatomical orientations differ, such as in 
the case of the thumb.

During the “want” gesture, both hands transition from an open-
palm posture to inward-facing fists. Initially, the phalanges are aligned 
such that the z axis of the accelerometer faces downward, resulting 
in a gravity-induced reading near −1g. As the hands move inward to 
form fists, the x axis of the accelerometer rotates downward, produc-
ing a −1g component on the x axis, while the z axis rotates forward, 
approaching 0g. This gesture is therefore characterized by bilateral, 
time-varying acceleration profiles with clear differences between 
initial and final states. In contrast, the “good” gesture involves asym-
metric hand movement: The left hand remains stationary while the 
right hand moves from the lips to the left palm. As the z axis of the 
accelerometer in R2 transitions from a horizontal to downward-
facing orientation, it exhibits a marked change in gravitational 
component—from near-zero at the start to ~−1g at the end. The sta-
tionary left hand produces near-flat signals, demonstrating the 
ability of WRSLT to distinguish between dynamic and static hand 
segments. The “animal” gesture features a symmetrical and repeti-
tive inward motion of both fists. As the gesture begins and ends with 
the same posture, the initial and final acceleration values are nearly 
identical. However, dynamic transitions in between generate mea-
surable fluctuations, especially along the z axis, which reflects not 
only gravitational projection but also motion-induced acceleration. 
These results demonstrate that WRSLT effectively captures both stat-
ic postural states and dynamic gesture transitions, enabling robust 
recognition of a wide range of sign language components.

Algorithms for sign language translation
Our goal is to classify total 200 sign language words (100 ASL + 100 ISL) 
using gravity-oriented hand gesture signals captured with 50 sam-
pling rate. To support effective communication, we focused on 100 fre
quently used words that commonly appear in daily conversations. 
This vocabulary size enables the construction of basic sentence struc-
tures and supports sufficient interactions in everyday communica-
tion scenarios. To align the gesture signals with their corresponding 
semantic meaning, we adopt a multimodal neural network frame-
work that incorporates both a pretrained text encoder and a custom-
designed signal encoder. The detailed architecture is illustrated in 
Fig. 3A, and the corresponding layer-wise parameters are summa-
rized in fig. S9. The text encoder leverages a pretrained foundation 
model to generate rich semantic embeddings of each target word (34). 
Raw sensor data were preprocessed by mean shifting and temporal 
smoothing to reduce noise before convolutional feature extraction. To 
address the fine-grained differences between semantically distinct but 
visually similar gestures, we used a quantization module that trans-
forms continuous sensor inputs into 5 discrete levels based on pre-
defined thresholds. The quantization module discretized continuous 
sensor inputs into five levels using predefined thresholds: values 
greater than or equal to 105 were mapped to 0, values between 61 
and 104 to 1, between −60 and 60 to 2, between −104 and −61 to 3, 
and values less than −104 to 4. These quantized features were passed 
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Fig. 2. Characterization of gravity-oriented sensing using a single WRSLT. (A) Schematic of the accelerometer’s local coordinate frame (x′, y′, z′) relative to the hori-
zontal frame (x, y, z), showing the tilt-dependent projection of the gravity vector. (B) Static tilt measurements demonstrating the G force response along each axis as the 
device is tilted to 30°, 60°, and 90° on a flat surface. The measured acceleration closely follows the sine of the tilt angle. (C) Dynamic response of the system to repeated 
tilting motions at three different angular velocities (20°/s, 33.3°/s, and 100°/s). (D) Representative gesture data for “want,” “good,” and “animal” captured from selected fin-
gers using WRSLT. Hand model was used with permission from Artec 3D (https://www.artec3d.com), CC BY 4.0 https://creativecommons.org/licenses/by/4.0/deed.en.
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Fig. 3. Algorithmic architecture and detailed performance of WRSLT. (A) Schematic of multimodal neural network architecture combining a pretrained text encoder 
and a custom-designed sensor encoder for sign language classification. (B) Dataset configuration and fourfold cross-validation strategy. In each fold, data from two users 
are used for training and validation, and the model is evaluated on three unseen users. (C) Finger-wise attention score distribution, identifying dominant contributors to 
classification performance. (D) Recognition accuracy as a function of the number of fingers used, highlighting performance saturation at seven sensors. (E) Accuracy com-
parison between top seven and bottom seven finger sets for both ASL and ISL datasets. (F) Relevance-weighted class activation maps (R-CAMs) for two representative 
words. Warmer colors (e.g., red/yellow) indicate high relevance, while cooler colors (blue) indicate low relevance.
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through a linear layer to produce features. To create semantic targets, 
embeddings from four distinct natural language prompts per word 
were averaged to form class prototypes. These prototypes act as an-
chors in the shared latent space, promoting a semantically structured 
embedding landscape. This design encourages the model to project 
gesture signals that are visually similar but semantically unrelated 
into distinct regions of the latent space, thereby improving its ability to 
resolve fine-grained interclass ambiguities. The signal encoder com-
bined features from the quantization and convolutional paths, pro-
jecting the concatenated features into a shared latent space aligned 
with the text embeddings. The model was trained using a dual loss 
function combining cross-entropy for classification and cosine sim-
ilarity to encourage semantic alignment, with Gaussian noise added 
to text embeddings to improve generalization.

The overall evaluation setup is demonstrated in Fig. 3B. The data-
set was constructed using seven wirelessly connected ring-type sensors 
placed on selected fingers (R1 to R4, L2, L4, and L5), with simulta-
neous bilateral recording. Two sign languages were included in the 
study: ASL and ISL, each comprising 100 words. For both ASL and ISL, 
we constructed datasets with 5000 samples per experimental case and 
conducted fourfold cross-validation to evaluate user-independent 
performance. In each fold, five unseen participants were assigned to the 
test set. For ISL, the results shown in Fig. 3B show an average accu-
racy of 88.5% across folds. For ASL, the average accuracies per fold 
were 88.1, 88.5, 88.2, and 88.5%, yielding an overall mean of 88.3%.

The importance of each finger in sign classification was quantita-
tively assessed using layer-wise relevance propagation (LRP) (35), as 
illustrated in Fig. 3C, to make a balance between recognition perfor-
mance and user comfort by reducing the number of required sens-
ing channels by maintaining high accuracy. Attention scores derived 
from the LRP analysis indicate that certain fingers consistently con-
tribute more to gesture recognition than others. The total attention 
score of each finger across all folds is summarized in fig. S10. Nota-
bly, R1 (right thumb) exhibits the highest relevance score among all 
fingers. This prominence is attributed to both anatomical and be-
havior factors. In sign language, gestures are typically performed with 
the dominant hand, which in most datasets—including ours—is the 
right hand. As a result, fingers on the right hand often show higher 
involvement in articulation. Furthermore, sensors are placed on the 
proximal phalanges of each finger, and while index through pinky 
fingers generally share similar orientations, the thumb rests at an 
anatomically distinct angle. This oblique orientation of R1 leads to a 
unique sensing direction, enabling it to capture movement features 
that are not redundant with the other fingers. Some sign gestures 
involve whole-hand motions rather than isolated finger movements, 
resulting in similar signal patterns across R2 to R5. In these cases, 
R1’s distinct orientation plays a key role in distinguishing gestures by 
providing nonoverlapping spatial information, thereby contributing 
disproportionately to recognition accuracy. On the basis of these 
relevance scores, Fig. 3D and fig. S11 shows the classification perfor-
mance achieved using different numbers of fingers. The results dem-
onstrate that high recognition accuracy can be maintained with as few 
as 7 to 10 fingers, confirming that performance saturation is reached 
without requiring full-hand instrumentation. To compare transla-
tion accuracy based on finger relevance, Fig. 3E presents results us-
ing the top seven most relevant fingers against the bottom seven and 
the randomly selected seven, ranked by attention scores shown 
in Fig. 3C. In ISL, the top seven fingers achieved an average accu-
racy of 88.9%, while the bottom seven reached 77.6%. In ASL, the 

corresponding accuracies were 88.4 and 78.4%. The results indicate 
that finger-level relevance is aligned with translation performance and 
support the use of attention-based finger selection. Detailed per-
fold results are provided in fig. S12.

Figure 3F shows heatmaps generated using relevance-weighted 
class activation map (R-CAM) (36) for the words “about” (ISL) and 
“animal” (ASL), illustrating the temporal regions to which the model 
assigns the highest relevance during classification. For about, which 
involves only right-hand gestures, relevance is primarily concen-
trated on the right-hand signal channels. In contrast, animal is a bi-
manual gesture, and the corresponding heatmap indicates distributed 
attention across both hands. In both cases, the model predominant-
ly attends to segments with high temporal variation, demonstrating 
that gesture transitions with high temporal variation play a critical 
role in classification.

Word recognition results
Figure 4A presents confusion matrices for the 100 class classification 
task in both ISL and ASL. The 100 class vocabulary used in the ex-
periments is listed in fig. S13. The matrices were computed under the 
unseen evaluation setting and depict the distribution of model pre-
dictions across all target classes. Most classes are well separated, and 
these results are consistent with the quantitative findings, further 
demonstrating the model’s ability to distinguish a large set of sign 
language gestures with high accuracy. To further examine scalability 
with respect to vocabulary size, we performed an ablation study over 
subsets of the ASL vocabulary (10, 20, 50, and 100 words). The re-
sulting mean accuracies showed the expected gradual decline as the 
number of classes increased (98.5, 92.25, 91.70, and 88.02%, respec-
tively) while still maintaining high performance at 100 words. The 
detailed results are provided in fig. S14. In addition, to assess robust-
ness to variation in signing speed, we performed a controlled experi-
ment comparing deliberately slow (>2 s) and fast (<2 s) executions of 
four representative words and observed stable recognition performance 
across both conditions, as shown in fig. S15. Figure 4B illustrates the 
t-distributed stochastic neighbor embedding (t-SNE) mapping of the 
learned feature representations for both ISL (left) and ASL (right), 
evaluated under the unseen setting. Text features are shown as × and 
sensor-derived features as *. For most classes, sensor features are 
closely distributed around the corresponding text features, indicating 
that the model effectively aligns multimodal representations across 
modalities. Furthermore, the features form well-separated clusters 
for each of the 100 target words, demonstrating that the learned em-
bedding space preserves both interclass separability and cross-modal 
consistency. These results are further supported by movie S3, which 
presents real-time demonstrations of the model accurately recog-
nizing a range of sign language gestures across multiple word classes 
using off-board processing environment such as personal comput-
ers that receives wireless sensor streams and performs deep learning 
inference in real time.

To evaluate the effectiveness of the proposed model, we compared 
its performance with a conventional convolutional neural network 
(CNN)-based baseline, as shown in Fig. 4C and fig. S16. Experiments 
were conducted on both ISL and ASL datasets using three unseen 
users out of five participants and fourfold cross-validation. In ISL, the 
proposed model achieved an average accuracy of 88.9%, representing 
an improvement of 2.3 percentage points over the 86.6% obtained by 
the CNN baseline. In ASL, the proposed model attained 88.4%, which 
is 3.0 percentage points higher than the 85.4% of the CNN baseline. 
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Fig. 4. Model evaluation under user-independent setting. (A) Confusion matrices for 100-word classification in ASL (left) and ISL (right), showing high accuracy and 
minimal interclass confusion under unseen-user evaluation. (B) t-SNE visualization of text (×) and sensor (*) embeddings for ASL (left) and ISL (right), demonstrating cross-
modal alignment and class-wise separability. (C) Radar plot comparing classification accuracy of the proposed model and CNN baseline across three unseen ASL and ISL 
signers. (D) Benchmark plot comparing word count and recognition accuracy of prior wireless sign language systems. WRSLT achieves the highest vocabulary size (total 
200 words: 100 ASL + 100 ISL) with competitive accuracy in an unseen-user setting, enabled by its wirelessly connected, ring-type, multilink architecture. References are 
listed next: (11, 13, 15, 18–20, 22, 39–41). a.u., arbitrary unit.
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These results demonstrate the improved generalization capability of the 
proposed architecture for user-independent sign language translation.

Figure 4D summarizes the relationship between training size and 
recognition accuracy reported across previously published wireless 
sign language translation systems. Most existing approaches have been 
limited to trained vocabularies of fewer than 50 words despite achiev-
ing relatively high classification accuracy. In contrast, the proposed 
WRSLT substantially expands the vocabulary size, demonstrating 
robust performance on a 200 word dataset comprising 100 words each 
from ASL and ISL. This scale represents more than a twofold in-
crease in class diversity compared to prior wireless systems. The WRSLT 
platform maintain high recognition accuracy under an unseen eval-
uation setting, in which only two signers were used for training and all 
test participants were excluded from the training set. Despite the in-
creased vocabulary size and limited training data, the system achieved 
competitive accuracy, indicating strong generalizability and user 
independence. In addition to performance scalability, WRSLT is the 
first to integrate a fully wireless, ring-type architecture with inter-ring 
connectivity based on multilink Bluetooth communication. Unlike 
systems that rely on centralized modules or partial wiring between 
sensors, WRSLT preserves full finger mobility and dynamic gesture 
expression without mechanical constraint. These results collectively 
highlight the scalability, robustness, and practicality of the WRSLT 
for real-world, large-scale sign language translation.

Sentence-level recognition using sequential word 
detection framework
Sign language communication occurs in the form of complete sen-
tences, which are composed of continuous sequences of gestures. 
To support sentence-level translation, one approach is to train mod-
els on full gesture sequences corresponding to specific sentences 
(nonsegmentation-based learning). However, this method is funda-
mentally limited by scalability, as it would require exhaustive training 
across an impractically large number of possible sentence combina-
tions. To overcome this, we implemented a segmentation-based ap-
proach in which each word in the sentence is recognized based on 
the trained words. Sentence-level translation is then achieved by 
continuously detecting words from a stream of signing input using a 
sequential word detection framework developed in this study. This 
framework builds upon a window-sliding mechanism, allowing the 
system to identify and segment individual words from continuous 
gesture sequences in real time, without requiring prior knowledge of 
sentence boundaries.

To enable real-time sentence construction from continuous sign-
ing, a window-sliding technique was used as part of the proposed 
sequential word detection framework. The sliding windows were 
defined with a fixed width of 200 frames and a step size of 25 frames 
between consecutive windows. This process was applied simultane-
ously across all seven selected fingers. Figure 5A presents a repre-
sentative example of this process using the R1 sensor data from the 
sentence “Boy forget friend name.” In this framework, a word is rec-
ognized as an intended gesture only when it is detected in two or more 
consecutive sliding windows. For instance, in the early segment of the 
input sequence, the word “boy” is consistently identified at frame in-
dices 50, 75, and 100. When the output at frame 125 deviates from 
this pattern, “boy” is finalized as the intended word of the signer. Sim-
ilarly, “forget” is identified in three consecutive windows, “friend” in 
four, and “name” in two, confirming their intended status based 
on consistent repetition. Figure 5B presents a magnified view of the 

forget segment from the full sentence-level sliding window detec-
tion illustrated in Fig. 5A. Once the word boy is finalized on the basis 
of its last repeated occurrence, a new series of sliding windows is initi-
ated from that point—frame index 300 in this example. The subse-
quent windows (starting at frames 300, 325, and 350) initially yield 
sporadic predictions such as “start,” “family,” and “know,” which are 
classified as candidate words due to their inconsistent appearance. 
These segments typically correspond to transitional hand movements 
between distinct sign gestures, which are not explicitly represented 
in the training dataset. From the fourth window onward (frame 375), 
the trained word forget begins to appear consistently across three con-
secutive windows, satisfying the criteria for repetition-based confir-
mation. At frame 450, a new prediction “rest” appears, indicating a 
transition out of the gesture sequence for forget. As a result, forget is 
accepted as the intended word, and the system identifies this bound-
ary to trigger the next round of window sliding from the end of the 
last confirmed segment.

To evaluate sentence-level performance, we applied the proposed 
sequential word detection framework to five representative sentences 
(S1 to S5) constructed from 17 distinct ASL words selected from a 
total of 100 trained vocabulary items. These sentences were constructed 
to form semantically valid expressions from the 100 pretrained vo-
cabulary set, and the real-time recognition results are demonstrated 
in movie S4. In our central processing unit (CPU)-based implemen-
tation, this configuration results in an average network inference 
time of ~0.10 s for single-word translation and about 0.36 s for the 
sentence-level examples while requiring only 14.3 mega floating-
point operations per second (MFLOPS) per inference. As shown in 
Fig. 5C, each sentence was encoded into a continuous hand gesture 
sequence and processed through sliding window segmentation. All 
intended words in the sentences appeared with two or more con-
secutive detections, satisfying the criterion for valid word recogni-
tion. Nontarget intervals generated only isolated or inconsistent 
outputs, which were effectively rejected by the repetition-based de-
cision rule. The corresponding confusion matrix for the 17 selected 
words used in sentences is presented in Fig. 5D, illustrating high 
classification accuracy and minimal confusion between words. Non
relevant or transitional gestures were excluded from the confusion 
matrix. Furthermore, as demonstrated in fig. S17, the model main-
tained robust performance even when the order of words in the sen-
tences was shuffled, confirming its generalizability to various sentence 
compositions based on continuous sequences of recognized words. 
Figure 5E shows word-level accuracy across the five test sentences, 
with all exceeding 90%, indicating reliable performance under con-
tinuous signing conditions. Figure 5F summarizes sentence-level 
accuracy across multiple repetitions, highlighting the consistency with 
which the system reconstructed the intended sequence of words. 
These results demonstrate that the proposed sequential word detec-
tion framework not only enables robust segmentation of gesture 
streams but also accurately reconstructs full sentences by leveraging 
a repetition-driven word validation strategy. The approach supports 
real-time sign language translation with strong generalizability and 
no reliance on predefined sentence structures, making it suitable for 
practical and scalable deployment.

DISCUSSION
Prior sign language translation systems have provided a valuable 
foundation for gesture recognition by enabling the integration of 
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Fig. 5. Sentence-level sign language recognition using sequential word detection. (A) Sliding window-based detection framework applied to the sentence “Boy 
forget friend name” using R1 sensor data. Words are finalized only when detected in two or more consecutive windows, enabling robust segmentation of continuous 
gesture input. (B) Enlarged view of the forget segment, illustrating how repeated detection stabilizes word recognition and how transitions between gestures are handled 
as candidate (nonfinalized) outputs. (C) Sequential word detection framework detection results for five ASL sentences (S1 to S5), with valid words identified through re-
peated occurrences (≥2). (D) Confusion matrix for 17 target words used in sentence construction, showing high classification accuracy. A single instance of misclassifica-
tion as “talk”—a word not included in the sentence—was observed but not reflected in the matrix. (E) Word-level recognition accuracy across test sentences, all above 
90%. (F) Sentence-level recognition across five trials, confirming robust reconstruction of intended word sequences.
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multiple sensors across the hand. However, their bulky structure, poor 
breathability, and lack of adaptability to varying hand anatomies 
limit wearability, user comfort, and long-term usability. In response 
to these limitations, we developed a compact, ring-type system that 
enables independent sensor placement on each finger while mini-
mizing mechanical constraint. Furthermore, unlike many existing 
platforms that still rely on centralized modules and physical inter-
connections between sensors, the proposed WRSLT uses a fully wire-
less architecture using Bluetooth multilink communication, enabling 
true inter-ring connectivity and unrestricted hand motion. In par-
ticular, the use of inertial sensors on each ring allows the system to 
detect both static postures by measuring gravitational orientation and 
dynamic gestures through acceleration changes without relying on 
visual line-of-sight or external references. This sensing capability is 
essential for capturing the full complexity of sign language, which 
often involves fluid transitions between static and dynamic compo-
nents. As a result, the WRSLT maintains robust recognition accuracy 
in user-independent unseen settings, as demonstrated by its perfor-
mance with test subjects who were not included in the training da-
taset. Although the current model was trained using data from only 
two participants, the observed results suggest that the system’s ac-
curacy can be further improved with larger-scale training datasets. 
As the model continues to generalize with additional data, it is ex-
pected that accurate translation will be achievable with even fewer 
sensor nodes, enabling further miniaturization without sacrificing 
performance. Moreover, our experiments on both ASL and ISl dem-
onstrate that the proposed framework generalizes well across differ-
ent lexical sets and sign conventions, suggesting its extensibility to 
other sign language systems with minimal architectural modification. 
This multilingual adaptability highlights the potential of WRSLT as 
a scalable platform for diverse communication contexts worldwide.

The integration of WRSLT with deep learning highlights the im-
portance of a multidisciplinary approach that combines wearable 
bioelectronics, inertial sensing, and artificial intelligence. In addition 
to accurate word-level classification, the system also enables sentence-
level translation through a sequential detection framework, paving 
the way for real-time, fluid sign communication. These advances 
suggest that WRSLT can serve as a foundational platform for future 
human-machine interface (HMI) systems capable of facilitating seam
less interaction between signers and nonsigners across a broad range 
of practical contexts, specifically enabling barrier-free public trans-
lation systems for unseen users and unrestricted daily assistive inter-
faces. Beyond sign language translation, the ring-type, wireless, 
and modular architecture of WRSLT may also be extended to other 
gesture-driven applications such as virtual or augmented reality con-
trol, touchless device interfaces, or rehabilitation monitoring sys-
tems where fine-grained hand movement tracking is essential.

MATERIALS AND METHODS
Device fabrication
The fabrication process is described in fig. S18. The fabrication of the 
ring-type sign language translation device begins with a Cu/PI/Cu 
(12.5 μm/25 μm/12.5 μm) trilayer film, from which one copper layer is 
completely etched away. The resulting asymmetric structure is then 
laminated onto a degassed polydimethylsiloxane (PDMS) (10:1 base 
to curing agent ratio) layer precoated on a clean glass substrate. Laser 
cutting is performed using an LPKF U4 Laser system to define the 
detailed device geometry. Following the laser structuring process, 

the patterned structure is peeled off using a thermal release tape. The 
detached device is subsequently transferred onto a flat PDMS sub-
strate using an oxide bonding process to ensure mechanical adhe-
sion (37). Key electronic components, including the Bluetooth SoC 
(MBN52832) and voltage regulator, are soldered onto the designated 
pads. Two neodymium magnets are bonded to the PDMS substrate 
using adhesive glue. To encapsulate the assembled device, a PDMS 
dip-coating process is applied, forming a flexible and biocompatible 
protective layer. Last, the device is cut into a ring configuration and 
mechanically shaped to conform to a cylindrical form factor suit-
able for finger attachment.

Software code uploading and device performance test
The firmware for the Bluetooth SoC (MBN52832) was programmed 
using Segger Embedded Studio. For real-time smartphone commu-
nication, a custom Android application was developed using Kotlin, 
allowing wireless control and data visualization (movie S1). In addi-
tion, for PC-based demonstrations, the aggregated data from multi-
ple WRSLT devices were transmitted to an external computer acting 
as a central node, where a Python-based script was used to process 
and visualize the recognition results in real time (movie S2). To 
quantitatively evaluate WRSLT’s response to varying angular posi-
tions and motion speeds, a programmable motorized setup (Arduino 
Uno and MG995 servo motor) was used. The motor motion was 
controlled via an Arduino-based code, and the WRSLT was mounted 
on the motor to systematically collect gesture-related inertial data 
under predefined movement conditions.

Algorithms for sign language translation
The architecture of the sign language translation model is based on 
a multimodal framework that combines a pretrained language en-
coder and a custom-designed signal encoder. The text encoder, built 
on a transformer-based foundation model, generates semantic em-
beddings ti ∈ Rd for each target word i . To improve semantic stability 
and reduce prompt sensitivity, we utilize an ensemble approach using 
multiple natural language prompts per word. Specifically, for each 
word, four distinct textual formulations (e.g., “A gesture that repre-
sents the concept of ‘word,’” “The meaning of this sign is ‘word’” were 
used as input to the pretrained language model. The resulting em-
beddings were averaged to form a single ensemble representation 
for each class prototype

where Pi
j
 denotes the j-th prompt for word i and ftext( ⋅ ) is the lan-

guage encoder. To mitigate overfitting and promote alignment flex-
ibility, isotropic Gaussian noise is injected into the text features 
during training, producing perturbed embeddings t̃i = t

i
+ ϵ , where 

ϵ ∼�(0, I) . The signal encoder takes time-series inertial data xi 
from seven finger-mounted sensors. The raw inputs are first quan-
tized into five discrete levels based on predefined thresholds. The 
quantized data then pass through a linear layer to produce features. 
These features are concatenated with features extracted by convolu-
tional layers to yield the final sensor embedding si ∈ Rd . This em-
bedding is projected into a shared latent space with text embeddings 
through fully connected layers. A categorical cross-entropy loss is 
applied for gesture classification over the vocabulary of K words

ti =
1

N

N
∑

j=1

ftext

(

Pi
j

)
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where yi is the ground-truth label and ŷi is the predicted softmax 
output from the classifier. To align the gesture features with the se-
mantic space, we propose a cosine similarity loss between sensor 
and perturbed text embeddings

The total loss is a sum of the two components

This dual-loss formulation enables the model to learn both dis-
criminative features for accurate classification and semantically 
grounded representations for robust generalization. During infer-
ence, only the signal encoder and classifier are used, allowing for 
real-time word prediction from sensor data alone, without any reli-
ance on text inputs.

Data acquisition and demonstration process
To get a training dataset of the gravity-based sign language translation 
system, we constructed a wired module using Arduino-based system 
configured identically to the components integrated into WRSLT 
(fig. S19). The data were initially collected from all 10 fingers under 
quasi-static conditions of the whole body, followed by a post hoc 
ablation study to evaluate finger-wise importance. The sign lan-
guage vocabulary was curated based on commonly used signs pre-
sented on the HandSpeak platform (www.handspeak.com) and 
selected to ensure availability of corresponding signs in both ASL and 
ISL as referenced on the sign language dictionary platform (https://
spreadthesign.com). Two participants were selected for training 
data collection. Each participant performed 50 repetitions for every 
word in the vocabulary, resulting in a total of 100 training samples per 
word. For user-independent testing, five additional participants—
distinct from the training group—were recruited. This setup, in which 
a large number of unseen participants are used for testing than for 
training, ensures rigorous user-independent evaluation. Each test 
participant wore the WRSLT and repeated each word five times, 
yielding 15 test samples per word for evaluating generalization to 
unseen users. Sentence-level gesture data were collected from the train 
participants to assess sequential recognition performance. Real-
time demonstrations (movies S3 and S4) were performed by stream-
ing all seven wireless sensor channels to a single external host PC, 
where the proposed model executed inference in real time to pro-
duce interactive outputs.

Mechanical simulation
Strain distributions for both serpentine and straight interconnect 
structures are illustrated in figs. S3 and S5. Finite element simulations 
were conducted using Ansys Mechanical 2021 R2 to analyze the 
mechanical behavior of both straight and serpentine interconnect 
structures based on material properties and layered configurations. 
The elastic modulus and Poisson’s ratio were set to 2 GPa and 0.34 for 
25-μm-thick polyimide, and 126 GPa and 0.345 for 12.5-μm-thick 
Cu, respectively. The right edge of the structure was constrained with 

a fixed support, while a displacement was applied to the opposite 
edge, causing the structure to bend toward the center. The equiva-
lent elastic strain was evaluated over a range of 0 to 2%. This result 
showed that the straight interconnects experienced strains close to the 
yield limit of copper (~3%) (38) under bending. However, the ser-
pentine structures accommodated the deformation more effectively, 
enabling mechanically stable bending behavior.

Supplementary Materials
The PDF file includes:
Figs. S1 to S19
Table S1
Legends for movies S1 to S4

Other Supplementary Material for this manuscript includes the following:
Movies S1 to S4
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