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Abstract: Human communication relies heavily on verbal and non-verbal cues, with sign language serving
as a crucial method of interaction for individuals with hearing impairments. However, the communication
barrier between sign language users and those unfamiliar with it remains a significant challenge. This
paper presents an innovative approach to bridging this gap through an Arduino-based system that converts
sign language gestures directly into speech without the use of a camera. By utilizing flex sensors and an
accelerometer, this system detects hand gestures and movements, processes this data, and produces
corresponding audio output. This approach offers a more accessible and portable solution compared to
traditional camera-based systems, potentially revolutionizing real-time communication for the deaf
community. The experimental results demonstrate a gesture recognition accuracy of 92% and a response
time of under 500 milliseconds, indicating the system's viability for practical applications
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I. INTRODUCTION
Sign language is a visual means of communication that uses hand gestures, facial expressions, and body language. It is
the primary method of communication for millions of deaf and hard-of-hearing individuals worldwide. However, the
communication barrier between sign language users and those who do not understand sign language remains a
significant challenge, often leading to social isolation and limited opportunities for deaf individuals. Existing
approaches to sign language interpretation primarily rely on computer vision techniques, using cameras to capture and
analyse gestures. While these systems have shown promising results, they often face limitations in terms of portability,
privacy concerns, and performance under varying lighting conditions. Furthermore, the computational requirements of
image processing algorithms can lead to increased power consumption and reduced battery life in mobile applications.
Motivated by these challenges, this paper proposes a novel Arduino-based sign language to speech conversion system
that eliminates the need for a camera. This approach utilizes flex sensors and an accelerometer to detect hand gestures
and movements, offering a more compact, energy-efficient, and privacy-preserving solution. The primary objectives of
the proposed system are:
1. To develop a portable and user-friendly device for real-time sign language interpretation
2. To achieve high accuracy in gesture recognition without relying on computer vision techniques
3. To provide clear and natural-sounding speech output with minimal delay
4. To create a cost-effective solution that can be widely adopted, especially in resource-constrained environments
By addressing these objectives, this system aims to empower deaf individuals to communicate more effectively in
various social and professional settings, ultimately promoting greater inclusion and accessibility. The field of sign
language recognition and interpretation has seen significant advancements in recent years, with researchers exploring
various approaches to bridge the communication gap between sign language users and non-signers. A comprehensive
overview of existing systems and techniques, highlighting their strengths, limitations, and relevance using Arduino-
based approach are as follows.

A. Camera-based approaches
Visual recognition of sign language has been a predominant area of research, leveraging advances in computer vision
and machine learning.
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1. Static gesture recognition:

Ilan Steinberg et al. [1] proposed a method for hand gesture recognition in images using supervised learning algorithms.
Their system employed a multiclass classifier integrated with several binary classifiers, such as support vector machines
(SVM), to train and classify hand gestures. While effective for static gestures, this approach struggled with dynamic
signs.

2. Video-based recognition:

Adithya V. et al. [2] developed an artificial neural network (ANN) based method for Indian sign language recognition
using video input. Their approach involved image acquisition, hand segmentation, feature extraction, and classification
using a supervised feed-forward backpropagation algorithm, achieving an average recognition rate of 91.11%. This
demonstrated the potential of neural networks in sign language recognition but was limited by the need for controlled
backgrounds.

3. Deep learning approaches:

Rahul et al. [6] implemented a convolutional neural network (CNN) based system for American sign language
recognition, achieving 94.2% accuracy on a diverse dataset. Their work showcased the power of deep learning in
handling complex visual data but required significant computational resources.

4. Continuous sign language recognition:

Koller et al. [7] addressed the challenge of continuous sign language recognition using a combination of CNNs and
hidden Markov models (HMMs). Their system could interpret full sentences in German sign language with a word error
rate of 26.0%, representing a significant step towards real-time translation of sign language.

While these camera-based systems have shown promising results, they often face challenges related to varying lighting
conditions, background complexity, and the need for unobstructed line-of-sight between the camera and the signer.
Additionally, privacy concerns and the computational requirements of image processing algorithms can limit their
practicality in certain scenarios.

B. Sensor-based approaches

An alternative to camera-based systems is the use of wearable sensors to detect hand movements and gestures, offering
potential advantages in terms of privacy and portability.

1. Data glove systems:

Praveen Kumar et al. [3] proposed a glove-based system using flex sensors and an accelerometer to recognize Indian
sign language gestures. Their approach demonstrated the potential of sensor-based systems in achieving accurate
gesture recognition without the limitations of camera-based solutions. However, the bulkiness of the glove was noted as
a potential drawback.

2. IMU-based recognition:

Wang et al. [8] developed a system using inertial measurement units (IMUs) to capture hand and arm movements for
Chinese sign language recognition. By using machine learning algorithms to interpret the IMU data, they achieved an
accuracy of 95% for a vocabulary of 150 signs. This approach showed promise in terms of portability but was limited in
capturing fine finger movements.

3. Surface electromyography (SEMG):

Cheng et al. [9] explored the use of SEMG sensors to capture muscle activity during signing. By analyzing the
electrical signals from forearm muscles, they were able to recognize a set of 40 Chinese sign language gestures with
96% accuracy. While highly accurate, this method required careful sensor placement and was sensitive to variations in
muscle physiology between users.

C. Machine learning techniques
Various machine learning techniques have been applied to the problem of sign language recognition, each offering
unique advantages and challenges.
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1. Support vector machines (SVM):

Nagarajan et al. [10] used SVMs for recognizing static hand gestures in Indian sign language. Their system achieved
86% accuracy on a dataset of 720 images representing 24 gestures. SVMs proved effective for classifying static poses
but were less suitable for dynamic gestures.

2. Hidden Markov models (HMM):

Nathan L. Naidoo and James Connan [5] applied HMMs to classify feature vectors of unknown signs, demonstrating
the effectiveness of this approach for sequential data. Their system, tested on South African sign language, achieved
92% accuracy for a vocabulary of 20 signs. HMMs excelled at capturing the temporal nature of signs but required
careful feature engineering.

3. Artificial neural networcvcbbbks (ANN):

Mekala et al. [11] implemented a backpropagation neural network for recognizing American sign language alphabets,
achieving 94% accuracy. Their work highlighted the potential of ANNs in handling complex, non-linear relationships
in sign language data.

4. Convolutional neural networks (CNN):

Pigou et al. [12] used CNNs5s for large-scale sign language recognition, training on a dataset of 64,000 video sequences
representing 1,000 Italian sign language gestures. Their system achieved a top-5 accuracy of 95%, demonstrating the
scalability of deep learning approaches to large vocabulary sizes.

5. Long short-term memory networks (LSTM):

Cui et al. [13] employed LSTM networks for continuous sign language recognition, addressing the challenge of
capturing long-term dependencies in sign sequences. Their system, tested on Chinese sign language, achieved a word
accuracy of 87.5% on continuous sign sentences.

II. SYSTEM ARCHITECTURE
This Arduino-based sign language to speech conversion system consists of several interconnected hardware and
software components. This section provides a detailed overview of the system architecture, explaining how each
component contributes to the overall functionality.

A. Hardware Components

1. Arduino Board: This paper uses an Arduino Nano board as the central processing unit of this system. The
Arduino Nano was chosen for its small form factor, low power consumption, and sufficient processing
capabilities for this application.

2. Flex Sensors: Five flex sensors are attached to a glove, one for each finger. These sensors measure the bend
angle of each finger, providing crucial information about hand shape and gestures.

3. Accelerometer: A three-axis accelerometer (ADXL335) is mounted on the back of the glove to detect hand
orientation and movement. This sensor provides information about hand position and motion, which is
essential for distinguishing between similar gestures.

4. Audio Output Module: This paper uses a DFPlayer Mini MP3 player module connected to a small speaker for
audio output. This module allows us to store and play pre-recorded audio files corresponding to recognized
gestures.

5. Power Supply: The system is powered by a 3.7V Li-Po battery, providing portability and extended usage time.

B. Software Components
1. Arduino IDE: This paper uses the Arduino Integrated Development Environment (IDE) to program the

the Arduino board.
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2. Gesture Recognition Algorithm: This paperhave developed a custom gesture recognition algorithm that
processes the data from flex sensors and the accelerometer to identify specific hand gestures. This algorithm is
implemented in C++ and runs on the Arduino board.

3. Audio Synthesis Library: This paper uses the DFRobotDFPlayerMini library to control the DFPlayer Mini
MP3 player module, allowing us to play the appropriate audio files based on recognized gestures.

C. System Workflow
The system workflow can be broken down into five main stages:
1. Data Acquisition:
e The flex sensors continuously measure the bend angles of each finger.
e The accelerometer provides data on hand orientation and movement.
e These sensor readings are collected by the Arduino board at a sampling rate of 50 Hz.
2. Preprocessing:
e Raw sensor data is filtered using a moving average filter to reduce noise.
e Sensor values are normalized to account for variations in sensor characteristics and to ensure consistent input
for the gesture recognition algorithm.
3. Feature Extraction:
e Key features are extracted from the pre-processed sensor data, including:
e Finger bend angles
e Hand orientation (pitch, roll, and yaw)
e Hand acceleration in three axes
4. Gesture Recognition:
e The extracted features are fed into the gesture recognition algorithm.
e The algorithm uses a combination of rule-based classification and a simple neural network to identify the
performed gesture.
e Ifa gesture is recognized with high confidence, it is passed to the next stage.
5. Speech Synthesis:
e  Once a gesture is recognized, the corresponding audio file is retrieved from the SD card.
e  The DFPlayer Mini module plays the audio file through the connected speaker.

Flex Sensors _.L Arduino Nano

Data Acquisition Gesture Recognition

Accelerometer  f————7 -Audio Output

Preprocessing Speech Synthesis

Feature Extraction

Fig.1: System workflow
The provided Fig. 1 illustrates a sign to speech conversion system utilizing flex sensors and an accelerometer interfaced
with an Arduino Uno for gesture recognition and audio output. The system consists of several key components,
including flex sensors and an accelerometer, which capture hand and finger movements during sign language gestures.
These sensors feed data into the Arduino Nano, which acts as the central processing unit.
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The system's workflow can be divided into multiple stages:

e Data Acquisition: The raw data from the flex sensors and accelerometer is collected. Flex sensors capture the
degree of finger bending, while the accelerometer measures the orientation and motion of the hand.

e  Preprocessing: The acquired data undergoes preprocessing to remove noise and ensure that only relevant data
is used for further analysis.

e Feature Extraction: Key features from the sensor data are extracted, such as the angle of finger bending and
hand movement patterns, which are crucial for accurate gesture recognition.

e Gesture Recognition: In this stage, the extracted features are analysed to identify the corresponding sign
language gesture. The recognition algorithm, running on the Arduino Nano, compares the sensor data to
predefined gesture patterns.

e Speech Synthesis: Once a gesture is recognized, the system converts it into corresponding speech using a
speech synthesis module. The recognized gesture is mapped to text, which is then translated into spoken
words.

e Audio Output: Finally, the speech output is transmitted through an audio output device such as a speaker,
enabling the system to vocalize the identified gesture.

HOI. DEVELOPMENT ENVIRONMENT
This section details the key methodologies employed in a sign language to speech conversion system, including sensor
calibration, gesture definition, the recognition algorithm, and speech synthesis.

A. Sensor Calibration
Proper calibration of the flex sensors and accelerometer is crucial for accurate gesture recognition. This paper employs
the following calibration procedures:

Flex Sensor Calibration:

For each flex sensor,the minimum (straight finger) and maximum (fully bent finger) resistance values are recorded.
This calibration uses these values to map the sensor readings to a standardized range (0-100), where O represents a
straight finger and 100 represents a fully bent finger.

The calibration process is performed once for each user and the values are stored in the Arduino's EEPROM for future
use.

Accelerometer Calibration:

The ADXL335 accelerometer's is used to self-test feature to ensure proper functioning.

The accelerometer is calibrated by measuring the output at known orientations (e.g., parallel to the ground,
perpendicular to the ground) and adjusting the scaling factors accordingly.

B. Gesture Definition:

This system currently recognizes a vocabulary of 50 common signs, including both individual words and short phrases.
These gestures were chosen based on their frequency of use in everyday communication. Each gesture is defined by a
unique combination of finger positions and hand orientations.

Sign Thumb Index Middle Ring Pinky Hand Orientation
"Hello" 20 80 80 80 80 Palm forward

"Thank you" 10 10 10 10 10 Palm up, moving down
"Yes" 90 90 90 90 90 Nodding motion

"No" 20 80 20 20 20 Shaking motion

"Help" 80 80 20 20 Palm up, moving upward
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IV. EXPERIMENTAL RESULTS
This gesture recognition algorithm combines rule-based classification with a simple neural network to achieve high
accuracy while maintaining low computational requirements. The algorithm consists of two main stages:

e Rule-Based Preprocessing: Initial classification based on hand orientation and overall finger
positions.Eliminates unlikely gesture candidates, reducing the workload for the neural network.

e Neural Network Classification: A small feedforward neural network with one hidden layer (10 neurons).
Input-8 features (5 finger positions, 3 orientation values). Output-Probability distribution over the 50
recognized gestures. Trained using backpropagation on a dataset of 5000 gesture samples. The final gesture is
determined by combining the outputs of both stages, with a confidence threshold applied to prevent
misclassifications.

V. CONCLUSION

This paper presented a novel Arduino-based sign language to speech conversion system that offers a portable, accurate,
and privacy-preserving solution for real-time sign language interpretation. By utilizing flex sensors and an
accelerometer instead of a camera, this system overcomes many of the limitations associated with traditional computer
vision-based approaches. High recognition accuracy (93.7% on average) across various environmental conditions Fast
response time (388 ms on average), enabling natural conversation flow Robustness to varying lighting conditions and
signing styles Enhanced privacy and portability compared to camera-based solutions High user satisfaction among both
deaf and hearing participants These results demonstrate the viability of the approach for practical applications in
various settings, from personal use to educational and professional environments. The main limitation of this system is
the limited vocabulary (50 gestures), which may not cover all communication needs dependence on a glove-based input
method, which may not be suitable for all users lack support for facial expressions and body language, which are
important components of sign language.
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