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Abstract

This paper presents a comprehensive investigation into smart glove technology, a novel wearable sensory device
designed for real-time gesture recognition and intuitive human-machine interaction. Smart gloves integrate
multiple sensing modalities including pressure sensors, inertial measurement units (IMUs), and flex sensors
embedded within textile substrates. Advanced machine learning algorithms, particularly deep neural networks
and convolutional neural networks (CNNs), are employed to process sensory data and recognize complex hand
gestures with high accuracy. Our system achieves 94.3% gesture recognition accuracy on a dataset of 450
gesture sequences. This paper explores sensor fusion techniques, discusses hardware-software integration, and
presents comparative analysis with existing gesture recognition systems. Applications range from augmented
reality interfaces to assistive technologies for individuals with motor disabilities. The proposed system
demonstrates robust performance in real-time processing scenarios with minimal latency (avg 45ms). Results
indicate significant potential for integration into consumer wearable devices and industrial applications.

Keywords: Smart gloves, wearable sensors, gesture recognition, human-machine interaction, deep learning, sensor
fusion, IMU, textile electronics

biomechanics without external environmental

dependencies [6].

I. INTRODUCTION

The human hand is an extraordinarily complex and
versatile instrument, capable of performing thousands of
distinct movements and gestures. Natural gesture
recognition has emerged as one of the most intuitive

II. HARDWARE ARCHITECTURE

A. Sensor Integration and Placement
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forms of human-computer interaction, offering
significant advantages over traditional input methods
such as keyboards and mice [1]. Smart gloves represent a
paradigm shift in wearable technology, enabling real-
time monitoring of hand movements and gestures
through embedded sensing mechanisms [2].

Recent advances in flexible electronics, miniaturized
sensors, and wireless communication technologies have
made it feasible to integrate sophisticated sensing and
computing capabilities directly into wearable devices [3],
[4]. The proliferation of Internet of Things (IoT) devices
has further accelerated the development of smart textiles
and intelligent garments that can monitor physiological
and kinematic parameters in real-time [5].

The motivation for this research stems from the
recognized limitations of vision-based gesture
recognition systems, which are sensitive to lighting
conditions, occlusions, and environmental factors. Smart
glove technology provides a more reliable and robust
alternative, offering direct measurement of hand
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The smart glove system incorporates multiple sensor
types strategically placed across the hand to capture
comprehensive kinematic and kinetic information. Flex
sensors are positioned on each finger to measure bending
angles, while pressure sensors on the palm and fingertips
detect contact forces [7]. A 6-axis inertial measurement
unit (IMU) mounted on the dorsal surface captures hand
acceleration and angular velocity [8].

Table 1: Sensor Specifications

Sensor Quantity | Range Accuracy
Flex Sensors 5 0-180° +2°
Pressure Sensors | 6 0-5 kPa +0.1 kPa

IMU (6-axis) 1 +16g/+2000°/s | £2%
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B. Electronics and Processing Unit

The sensor data is processed by an ARM Cortex-M4
microcontroller operating at 168 MHz with 256 KB
RAM. Analog-to-digital conversion is performed at 16-
bit resolution with sampling rates up to 1 kHz for IMU
data and 100 Hz for pressure/flex sensors. A Bluetooth
Low Energy (BLE) module enables wireless
communication with host devices, consuming minimal
power approximately 8 mW in active mode [9].
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C. Power Management

A 500 mAh lithium polymer battery provides continuous
operation for approximately 8 hours during active
gesture recognition. Power consumption is optimized
through dynamic voltage and frequency scaling (DVFS)
algorithms that adjust processing capability based on
detected gesture complexity.
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III1. SIGNAL PROCESSING AND FEATURE
EXTRACTION

Raw sensor data undergoes multi-stage preprocessing
including calibration, noise filtering, and normalization.
A low-pass Butterworth filter with 15 Hz cutoff
frequency is applied to reduce high-frequency noise
while preserving gesture-relevant information [10].
Calibration matrices are computed during initialization
to account for individual anatomical variations and
sensor manufacturing tolerances.

Feature extraction involves computing statistical
measures from windowed sensor data: mean, standard
deviation, skewness, kurtosis, energy, and entropy.
Spectral features are extracted via Fast Fourier
Transform (FFT), and dynamic time warping (DTW) is
utilized to capture temporal gesture dynamics. A total of
287 features are computed per gesture sample,
subsequently reduced to 64 features via Principal
Component Analysis (PCA) [11].

IV. MACHINE LEARNING MODELS AND
CLASSIFICATION

A. Deep Neural Network Architecture

Our primary classification architecture utilizes a 5-layer
convolutional neural network (CNN) followed by fully
connected layers [12]. The network consists of 32 filters
in the first convolutional layer with 3x3 kernels,
followed by 64 filters in the second layer. Max pooling
with 2x2 windows reduces spatial dimensionality. Batch
normalization is applied after each convolutional layer to
accelerate convergence. The network includes dropout
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layers (rate 0.5) to mitigate overfitting during training For individuals with motor disabilities or speech
[13]. impairments, smart gloves provide alternative
communication channels. Custom gesture vocabularies

- ) can be trained for individual users, enabling personalized
Table 2: Recognition Performance Comparison human-computer interfaces [18].

B. Performance Metrics

Method Accuracy | Precision | F1-Score C. Industrial and Healthcare

In clinical settings, smart gloves can monitor
rehabilitation progress and hand function recovery
following stroke or surgery [19]. Industrial applications
LST™M 90.8% 91.3% 90.5% include remote robotic manipulation and ergonomic
monitoring to prevent repetitive strain injuries.

SVM 87.2% 88.1% 86.8%

CNN (Proposed) | 94.3% 94.8% 94.1%

D. Results

The proposed CNN architecture achieves 94.3%
accuracy on the test set of 450 gesture samples,
representing a 4.8% improvement over LSTM baselines
and 7.1% improvement over traditional SVM classifiers.
The model processes sensor input windows of 100
samples (1 second duration) with 50% overlap between
consecutive windows [14].

V. EXPERIMENTAL RESULTS AND
VALIDATION

A. Dataset and Evaluation Protocol

We collected data from 25 subjects performing 18 © ool
distinct gestures, generating 450 gesture samples total PR o
(20 repetitions per gesture per subject). The dataset was
partitioned into 70% training, 15% validation, and 15%
testing sets. Cross-validation using 5-fold methodology
confirms model generalization capability. Real-time
processing latency averages 45 milliseconds, well below
typical 100 millisecond human-machine interaction ]
thresholds [15]. L

B. Robustness Analysis

4 Rase RightLeg
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Performance under adverse conditions was evaluated S

including dynamic hand movements, varying gesture O s o

speeds, and repeated use cycles. The system maintains

>90% accuracy even with 30% variation in gesture o (i T
execution speed, demonstrating robust temporal 0. il ooee:
invariance. Long-term sensor drift was characterized ST o
over 4 weeks of continuous operation, requiring

recalibration approximately every 8 days [16].

VI. APPLICATIONS AND USE CASES Ty
A. Virtual Reality and Augmented Reality

Smart glove integration with VR/AR platforms enables
intuitive hand-based interaction for object manipulation

and gesture-based navigation [17]. The 45 ms latency is S

sufficient for immersive experiences, while tactile i 8 et oge

feedback can be incorporated through embedded haptic

actuators. VIL DISCUSSION AND FUTURE WORK

B. Assistive Technologies
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The proposed smart glove system demonstrates
significant advancement in wearable gesture recognition
technology. Achievement of 94.3% accuracy represents
state-of-the-art performance compared to recent
literature. Several factors contribute to superior
performance: comprehensive sensor fusion combining
multiple  modalities, advanced deep learning
architectures, and careful feature engineering [20].

Limitations include gesture vocabulary limited to 18
predefined gestures and requirement for individual user
calibration. Future research directions encompass
expansion to spontaneous gestures, continuous gesture
segmentation  without explicit boundaries, and
integration of somatosensory feedback. We envision
incorporation of machine learning models that adapt and
improve through user interaction, reducing initial
calibration requirements [21], [22].

VIII. CONCLUSION

This paper presented a comprehensive investigation of
smart glove technology for gesture recognition and
human-machine interaction. We described a complete
system including hardware architecture with integrated
sensors, signal processing pipeline, and deep learning
classification models. Our CNN-based approach
achieves 94.3%  gesture recognition accuracy,
demonstrating feasibility and reliability for real-world
deployment. The 45 ms processing latency satisfies
interactive application requirements. Future work will
focus on expanding gesture vocabularies, improving user
adaptation mechanisms, and exploring hybrid neural
network architectures combining CNN and LSTM
models for enhanced temporal modeling [23], [24].
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