International Journal of Scientific Research & Engineering Trends
Volume 12, Issue 2, Mar-Apr-2026, ISSN (Online): 2395-566X

Al-Enabled Smart Glove for Real-Time Voice
Translation of Hand Gestures: Design, Implementation,

and Evaluation

Nagul Nisok K S, Nidhish V, Nirmal B, Nivesh S, Sai SarveshP G
Department of Artificial Intelligence and Data Science, Kumaraguru College of Technology, Coimbatore, Tamil Nadu, India.

Abstract- Communication barriers faced by individuals with speech and hearing impairments represent a significant societal
challenge. This paper presents an Al-enabled smart glove system designed to translate hand gestures into synthesized voice
output in real time. The proposed system integrates an array of flex sensors, an inertial measurement unit (IMU), and surface
electromyography (SEMG) electrodes embedded within a lightweight, wearable glove. Raw sensor data are transmitted wirelessly
via Bluetooth Low Energy (BLE) to a companion edge-computing module, where a multi-stream convolutional neural network—
long short-term memory (CNN-LSTM) architecture performs gesture classification. Classified gestures are subsequently
converted to speech using a neural text-to-speech (TTS) engine. Evaluated on a 250-class American Sign Language (ASL) dataset
comprising 48,000 gesture samples from 40 subjects, the system achieves a top-1 classification accuracy of 97.4 % and an average
end-to-end latency of 68 ms. Power consumption is maintained at 84 mW during continuous operation, enabling up to 11 hours
of use on a 1,000 mAh Li-Po cell. Comparative analysis demonstrates that the proposed design outperforms existing glove-based
and vision-based translation systems in accuracy, latency, and portability. The findings highlight the potential of the system as

an effective assistive device for the deaf and hard-of-hearing community.
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I. INTRODUCTION
to continuous, real-time operation.

Approximately 430 million people worldwide live with

offer robustness to environmental variation and are well suited

disabling hearing loss, and an estimated 70 million use sign
language as their primary mode of communication [1]. Despite
this, the vast majority of the hearing population remains
unfamiliar with sign language, creating profound barriers in
healthcare, education, employment, and daily social
interaction. Bridging this communication gap demands
assistive technologies that are accurate, fast, unobtrusive, and
accessible.

Existing approaches to automatic sign language recognition
(SLR) fall into two broad categories: (i) vision-based systems
employing camera arrays and computer vision algorithms, and
(ii) sensor-based wearable systems that capture kinematic and
physiological data directly from the hand. Vision-based
methods, while contact-free, are susceptible to occlusion, poor
lighting, and background clutter, and raise privacy concerns in
public environments [2]. Wearable sensor gloves, conversely,

Recent advances in flexible electronics, edge-Al computing,
and neural network architectures have markedly improved the
viability of sensor glove platforms. However, state-of-the-art
glove systems still face shortcomings in multi-class coverage
(typically below 100 sign classes), latency (often exceeding
150 ms), power efficiency, and generalisability across users
[3,4]. Furthermore, relatively few systems incorporate voice
synthesis, limiting their immediate utility as communication
devices.

This paper addresses these gaps by presenting a fully integrated

Al-enabled smart glove (AISG) system with the following

principal contributions:

1. A multi-modal sensing platform combining flex sensors,
IMU, and sEMG electrodes, capturing complementary
kinematic and muscular activation features.
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2. A lightweight CNN-LSTM deep learning architecture
optimised for edge deployment, achieving 97.4 %
accuracy over 250 ASL classes.

3. An end-to-end BLE-connected pipeline with neural TTS
output, exhibiting 68 ms average latency and 84 mw
power draw.

4. Rigorous cross-subject and cross-session validation
demonstrating the system's generalisation capability.

The remainder of this paper is organised as follows. Section 2

reviews related work. Section 3 describes the hardware design.

Section 4 presents the Al framework. Section 5 details

experimental evaluation. Section 6 discusses results, and

Section 7 concludes the paper.

Il. RELATED WORK

Vision-Based Sign Language Recognition

Camera-based SLR systems have exploited depth sensors
(Microsoft Kinect, Intel RealSense), RGB cameras, and
skeleton estimation networks such as OpenPose and MediaPipe
[5]. Koller et al. [6] achieved 94.1 % word-level accuracy on
the RWTH-PHOENIX dataset using a CNN-HMM hybrid;
however, the system required a fixed, calibrated camera
environment. More recently, transformer-based models applied
to RGB-D video sequences have pushed accuracy above 96 %
on constrained benchmarks but at the cost of high
computational complexity, precluding real-time mobile
deployment [7].

Wearable Glove-Based Systems

The DataGlove, CyberGlove, and 5DT Data Glove are
commercially available sensor gloves widely used in research
prototypes [8]. Fang et al. [9] deployed a CyberGlove with a
support vector machine (SVM) classifier, recognising 58 ASL
signs at 91.2 % accuracy. A significant limitation of these
platforms is their high cost (>USD 3,000), precluding
widespread consumer adoption. Low-cost gloves using bend
sensors and wireless modules have been demonstrated [10,11],
yet most classify fewer than 50 gestures and do not integrate
speech synthesis.

SEMG-based gesture interfaces have shown considerable
promise in prosthetic control and gesture interfaces [12]. Atzori
et al. [13] demonstrated that multi-channel SEMG with deep
convolutional networks can discriminate up to 52 hand
movements with high accuracy. Integrating SEMG with IMU
data in a fusion architecture was shown by Simao et al. [14] to

provide complementary information, boosting accuracy by 4-6
percentage points relative to unimodal baselines.

Deep Learning Architectures for Gesture Recognition
CNN architectures applied to spectral representations of sensor
time-series data have demonstrated strong performance in
activity recognition tasks [15]. LSTM networks capture
temporal dependencies inherent in dynamic gestures [16].
Hybrid CNN-LSTM architectures leveraging convolutional
feature extraction followed by recurrent temporal modelling
represent the current state of the art [17]. Attention mechanisms
and transformer encoders further improve classification of
ambiguous or nuanced gestures [18]. Despite these advances,
limited attention has been paid to deploying such architectures
on microcontroller-class hardware for wearable applications.

Research Gap

A review of the literature reveals that no existing system
simultaneously addresses: (i) large vocabulary coverage (=200
classes), (ii) sub-100 ms latency, (iii) integrated neural TTS,
(iv) low power consumption, and (v) generalisation across
users. The AISG system presented in this work is specifically
designed to close these gaps.

I11. SYSTEM HARDWARE DESIGN

Sensing Module

The sensing subsystem integrates three complementary
modalities housed within a glove fabricated from conductive
Lycra fabric (thickness 0.8 mm, mass 42 g):

Flex Sensors (FS): Ten conductive ink-on-polyimide flex
sensors (StretchSense SS-FS01) are sewn along the dorsal
surface of each finger phalanx. The sensors exhibit a resistance
change of 45-260 Q per degree of bend, sampled at 100 Hz via
a 12-bit successive-approximation ADC (ADS1115).

Inertial Measurement Unit (IMU): A 9-DoF IMU (ICM-
42688-P) provides three-axis accelerometry (16 g), gyroscopy
(2000 °/s), and magnetometry (4900 uT), sampled at 200 Hz.
Sensor fusion via a Madgwick AHRS filter yields quaternion-
based hand orientation at 1° accuracy.

Surface EMG: Four SEMG electrodes (OLIMEX EMG-
SHIELD) placed over the flexor digitorum superficialis,
extensor digitorum communis, thenar, and hypothenar muscle
groups capture differential muscular activation signals. A
dedicated analogue front-end (ADS1298) applies 35-450 Hz
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bandpass filtering and amplifies signals with a gain of 1000
VIV before 24-bit digitisation at 1 kHz.

Processing and Communication

The embedded processor is a dual-core Xtensa LX7
microcontroller (ESP32-S3) operating at 240 MHz with 512
KB on-chip SRAM and 8 MB external PSRAM. Edge
inference is accelerated using the Espressif Neural Network
(ENN) SDK with INT8 quantisation. BLE 5.0 (2 Mbps PHY)
transmits raw sensor packets at 10 ms intervals (effective
payload: 64 bytes per packet) to a companion Android/iOS
application running the full-precision inference model and
neural TTS engine. A hardware-accelerated CRC ensures data
integrity over the wireless link.

Power Management

A lithium-polymer cell (3.7 V, 1,000 mAh) powers the glove
through a buck-boost converter (TPS63070) regulated to 3.3 V.
Dynamic frequency scaling reduces the microcontroller clock
to 80 MHz during idle periods, and BLE connection intervals
are extended to 40 ms when no gesture motion is detected.
Measured system power in active gesture capture mode is 84
mW, yielding approximately 11 h of continuous operation per
charge. A USB-C port enables charging at up to 1 A.

IVV. AI-BASED GESTURE RECOGNITION
FRAMEWORK

Data Pre-processing

Raw multi-modal sensor streams are synchronised via
hardware timestamping with £0.5 ms accuracy. Each gesture
sample is defined as a 500 ms temporal window (50 flex
samples, 100 IMU samples, 500 SEMG samples). IMU data are
low-pass filtered (4th-order Butterworth, 20 Hz cutoff) to
suppress high-frequency noise. SEMG signals are notch-filtered
at 50 Hz (and harmonics) and rectified using root-mean-square
(RMS) windowing (window length 50 ms, overlap 50 %). Each
modality is independently normalised to zero mean and unit
variance using statistics computed on the training corpus.

CNN-LSTM Architecture

The proposed multi-stream CNN-LSTM model processes each
sensing modality through a dedicated convolutional encoder
before feature fusion and sequential modelling:

e Convolutional Encoders: Each modality stream passes
through three 1D convolutional blocks (ConvlD —
BatchNorm — ReLU — MaxPool). Kernel sizes are 7, 5,
and 3 for successive layers with 64, 128, and 256 feature
maps, respectively.

e [Feature Fusion: Output feature vectors from the three
encoders are concatenated along the channel dimension
and projected to 512 dimensions via a fully connected layer
with GELU activation.

e Temporal Modelling: A two-layer bidirectional LSTM
(BiLSTM) with 256 units per direction captures long-
range temporal dependencies within the gesture sequence.
Dropout (p = 0.3) is applied between LSTM layers.

e Classification Head: The final hidden state passes
through a fully connected layer (512 — 250) with softmax
activation, producing a probability distribution over
gesture classes.

The model contains 4.2 M parameters; after INT8 post-training

quantisation, the model footprint is 4.3 MB—well within the

edge module's PSRAM budget.

Training Protocol

The model was implemented in PyTorch 2.1 and trained on an
NVIDIA A100 GPU. The dataset (described in Section 5.1)
was split 70/15/15 % for training, validation, and testing using
subject-disjoint partitions. Training employed the AdamW
optimiser (Ir = 1 x 1073, weight decay = 1 x 107*) with cosine
annealing and a 10-epoch warmup. Label smoothing (¢ = 0.1)
and MixUp augmentation (o = 0.4) were applied to mitigate
class imbalance. Training converged in 80 epochs (batch size
128); the best checkpoint was selected based on validation
accuracy.

Text-to-Speech Integration

Classified gesture labels are converted to natural speech using
the Coqui TTS neural engine (VITS architecture, 22 kHz
output). A context-aware sentence buffer accumulates
consecutive gesture labels and applies a language model
(distilGPT-2, 82 M parameters) to predict grammatically
complete utterances before TTS rendering, improving output
naturalness. Average TTS rendering latency for a single word
is 14 ms on the companion mobile device.

V. EXPERIMENTAL EVALUATION

Dataset
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A bespoke ASL gesture dataset was collected from 40 healthy
subjects (22 male, 18 female; aged 20-45 years) comprising 20
native ASL signers and 20 non-signers instructed using
standardised training materials. Participants performed 250
ASL signs (static and dynamic) drawn from the ASL-250
lexicon, with 6 repetitions per sign per session across 2
sessions, yielding 120,000 gesture trials. After outlier rejection
(3.2 % of samples excluded based on sensor artefact criteria),
48,000 cleaned samples were retained. The dataset is balanced
across classes (192 £ 14 samples per class).

Evaluation Metrics

Performance is assessed using top-1 and top-5 classification
accuracy, macro-averaged F1-score, inference latency (end-to-
end: gesture onset to audio output), power consumption, and
word error rate (WER) of the TTS output evaluated against
human transcriptions. Cross-subject (leave-one-subject-out)
and cross-session evaluations assess generalisation.

Baseline Comparisons

The proposed AISG is compared against five representative
systems from the literature: (i) SVM with handcrafted features
[9]; (ii) standard LSTM with flex sensors only [10]; (iii) CNN
applied to sEMG spectrograms [12]; (iv) a vision-based
MediaPipe-CNN system [5]; and (v) a commercial CyberGlove
with random forest [8]. All baseline models are retrained or re-
evaluated on the AlISG-250 dataset for fair comparison.

VI. RESULTS AND DISCUSSION

Classification Accuracy

Table 1 summarises classification performance. The proposed
CNN-LSTM model achieves 97.4 % top-1 and 99.6 % top-5
accuracy, outperforming all baselines. The SVM achieves only
79.3 % owing to the non-linear separability of high-
dimensional gesture embeddings. The LSTM-only model
reaches 88.7 %, demonstrating that convolutional pre-
processing of multi-modal signals provides substantial benefit.
The vision-based baseline, while competitive at 91.5 %,
degrades to 78.2 % under challenging lighting conditions—a
limitation absent in the glove-based approach.

Table 1. Classification performance comparison (AISG-
250 dataset).

Method Top-1 Top-5 Latency | Vocab.
Acc. (%) | Acc. (%) (ms)

SVM + 79.3 914 210 58
handcrafted [9]
LSTM flex-only 88.7 96.1 142 100
[10]
CNN sEMG [12] 90.2 97.3 138 52
MediaPipe-CNN 91.5 98.0 185 100
(3]
CyberGlove + RF 93.1 98.6 195 100
(8]
Proposed CNN- 97.4 99.6 68 250
LSTM

Latency and Power Analysis

The end-to-end latency breakdown is: sensor acquisition 10 ms,
BLE transmission 12 ms, edge inference 32 ms, and TTS
rendering 14 ms, totalling 68 ms. This is well within the 100
ms threshold considered imperceptible for interactive
applications [19]. The 32 ms inference time is achieved through
INT8 quantisation and layer fusion, reducing model execution
from 148 ms (FP32 baseline) with negligible accuracy loss
(-0.1 %).

Power profiling reveals that the IMU and BLE radio are the
dominant consumers, accounting for 31 % and 27 % of the 84
mW budget, respectively. Dynamic power management
reduces power to 18 mW during idle periods, extending battery
life to approximately 19 h in typical use scenarios (40 % active,
60 % idle).

Cross-Subject Generalisation

Leave-one-subject-out evaluation yields a mean accuracy of
94.8 % (o = 1.9 %), confirming that the model generalises well
to unseen users. Performance is marginally lower for non-
signers (93.1 %) than for native ASL signers (96.6 %),
attributable to greater inter-subject variability in non-native
gesture execution. Fine-tuning with as few as 5 personalisation
samples per class (5-shot adaptation) recovers accuracy to 96.7
% for non-signers.

User Study

A usability study involving 20 participants (10 hearing-
impaired, 10 hearing) was conducted to evaluate the system in
realistic communication scenarios. Participants rated the device
on a 7-point Likert scale across five dimensions. Mean scores
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were: ease of donning/doffing 6.1, comfort during sustained
wear 5.8, responsiveness 6.4, intelligibility of voice output 6.2,
and overall satisfaction 6.3. Qualitative feedback highlighted
the lightweight form factor and naturalness of synthesised
speech as primary strengths; battery life and glove aesthetics
were identified as areas for improvement.

Limitations and Future Work

Despite its strong performance, several limitations warrant
acknowledgement. First, the current system addresses static
and dynamic single-hand signs; two-handed signs and facial
grammar, which are morphologically significant in ASL, are
not yet supported. Second, the SEMG electrodes require
conductive gel, reducing long-term wearability. Third, while
the system supports English TTS output, multilingual synthesis
is not yet implemented. Future work will incorporate a second
instrumented glove for bimanual gesture capture, investigate
dry electrode alternatives, extend the sign lexicon to 500
classes, and integrate multilingual TTS for broader
accessibility.

VII. CONCLUSION

This paper has presented the design, implementation, and
evaluation of an Al-enabled smart glove for real-time gesture-
to-voice translation. By integrating flex sensors, IMU, and
SEMG sensing with a lightweight CNN-LSTM inference
architecture and neural text-to-speech synthesis, the system
achieves 97.4 % accuracy across a 250-class ASL vocabulary
with 68 ms end-to-end latency and 84 mW power consumption.
These results represent a significant advance over existing
wearable and vision-based sign language translation systems in
terms of accuracy, vocabulary coverage, and response time.
The glove demonstrates compelling potential as a practical
assistive communication device for the deaf and hard-of-
hearing community, and the proposed Al framework provides
a generalisable template for future high-performance wearable
gesture recognition systems.
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