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ABSTRACT

This study addresses communication challenges faced by deaf and mute
individuals by exploring the feasibility of utilizing flex sensors and the Random
Forest algorithm for hand gesture vocalization. The background underscores the
significance of accessible communication tools in enhancing the lives of those with
hearing and speech impairments. The study's purpose is to assess the effectiveness
of flex sensors in detecting hand gestures and the Random Forest algorithm's
potential to generate vocalized speech corresponding to these gestures. The
methodology involves data collection from flex sensors through Arduino, Random
Forest model training, and accuracy evaluation in gesture recognition. Promising
results indicate the model's high accuracy in classifying diverse hand gestures.
The study emphasizes the technology-driven solution's importance in bridging
communication gaps for those with impairments. Combining flex sensors and the
Random Forest algorithm offers an intuitive communication tool, transforming
interactions for deaf and mute individuals. Consideration for real-world
scenarios and user diversity during system development is highlighted, crucial for
practical accuracy. Beyond individual communication, the study's implications
span education, employment, and social integration for people with disabilities.
Implementing this technology in education fosters inclusive environments,
empowering deaf and mute students to engage actively. The integration of flex
sensors and the Random Forest algorithm holds immense promise, revolutionizing
communication, and life quality. As an accessible gesture-based vocalization tool,
it can reshape societal perspectives, fostering inclusivity and empathy. The study
advocates continuous research and development, urging widespread technology
adoption to create an inclusive society valuing diversity.

Keywords: Hand Gesture, Flex Sensor, Sign Language, Random Forest
Introduction

Effective communication is essential to human connection, but those who have
speech or hearing impairments find it difficult to express themselves and understand
others. For the deaf and mute community, sign language has long been an essential form
of communication, but it can be challenging for non-sign language users to completely
understand. In response to these challenges, this study aims to explore the feasibility of
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using flex sensors in conjunction with the Random Forest algorithm to develop a Hand
Gesture Vocalizer. The purpose of this research is to provide an accessible and intuitive
communication tool that enables deaf and mute individuals to express themselves
through hand gestures, with the system generating corresponding vocalized speech in
real time. The effectiveness of the suggested hand gesture vocalizer has been evaluated
through preliminary tests.. Data collected from flex sensors attached to various hand
gestures were utilized to train the Random Forest model. The initial findings indicate
promising results, with the model achieving a high accuracy rate in accurately
classifying different hand gestures. The system's capacity to produce vocalized speech
that corresponds to identify movements demonstrates considerable promise for bridging
the gap in communication for those with hearing and speech impairments. However,
further research and real-world testing are required to validate the system's accuracy,
robustness, and usability in practical settings. The study is ongoing, and future work
will focus on refining the Hand Gesture Vocalizer, addressing potential challenges, and
exploring applications in educational and social environments.

The ability to communicate effectively is a fundamental human need. It can be
quite difficult for those who are deaf or hard of hearing to communicate with the hearing
population. Sign language has long been recognized as a crucial tool for deaf individuals
to communicate with one another and with those who have learned sign language. Still, it
can be challenging for individuals who are not proficient in sign language to understand
and communicate effectively with deaf individuals. Technologies have been created to
help deaf people and the hearing population communicate more effectively in order to
address this difficulty. One such technology is the Hand Gesture Vocalizer, which uses
machine learning algorithms to recognize hand gestures and generate corresponding
vocalized speech. The ability of this method to help deaf and mute people communicate
better has shown significant promise.

However, there is another approach that combines sign language communication
with modern sensor technology. By adding flex sensors to the fingers of a sign language
user, it is possible to detect the movements of the fingers and generate corresponding
speech. With this strategy, sign language communication might become more
approachable and convenient for non-sign language users. In this paper, we will explore
the use of flex sensors and Arduino microcontrollers in creating a Hand Gesture Vocalizer
for deaf and mute individuals. We will discuss the challenges involved in developing
such a system and explore the potential benefits of using flex sensors in sign language
communication. We will also talk about the possible uses of this technology and how
it will affect those who have speech and hearing difficulties. Furthermore, the Hand
Gesture Vocalizer with flex sensors and Arduino technology can make communication
more intuitive and natural for individuals with hearing impairments. It provides a means
of communication that is not only easier to understand but also promotes inclusivity and
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understanding between individuals with different abilities. With the increasing availability
and affordability of sensor technology, the Hand Gesture Vocalizer has the potential to
be widely adopted and used by those who need it. Additionally, this technology may
significantly affect the educational and employment prospects of those who suffer from
hearing and speech problems. It can improve their ability to communicate with hearing
individuals, leading to greater social integration and increased access to education and
employment opportunities. Moreover, the Hand Gesture Vocalizer using flex sensors
and Arduino microcontrollers can be easily customized and adapted to different users'
needs and preferences. This system can recognize a wide range of hand gestures and
generate speech quickly and accurately in response to those gestures. As such, It might
prove to be a useful tool for enhancing accessibility and communication for those with
speech- and hearing-impaired.

Literature Review

Numerous research has been done on the use of technology to enhance
communication for those with speech and hearing impairments. One such study by
Shrestha et al. (2020) explored using machine learning algorithms to understand hand
motions and produce speech for those who are deaf. The study found that the system was
able to recognize a wide range of hand gestures and generate accurate speech responses.

Another study by Han et al. (2020) developed a hand gesture recognition system
using a deep learning algorithm and showed that it could accurately recognize hand
gestures in real-time. The system was also able to generate corresponding speech,
which improved the communication abilities of individuals with hearing and speech
impairments.

In arelated study, Liao et al. (2021) developed a wearable device using flex sensors
to detect hand movements and generate speech in response to those movements. The
study found that the system was effective in generating speech responses in real time
and had the potential to be used as a communication tool for individuals with hearing
and speech impairments.

Furthermore, research has also been conducted on the use of sensor technology
in improving the accessibility of sign language communication. One study by Zou et al.
(2017) developed a system that used motion sensors to recognize sign language gestures
and generate corresponding speech. The study found that the system was effective in
recognizing sign language gestures and had the potential to improve the communication
abilities of individuals with hearing and speech impairments.

Nalawade and Bodhe (2019) reviewed various machine learning algorithms used
in sign language recognition systems. They highlighted the challenges in developing



4 | Ashish Jha, Kamal Pathak : Breaking Barriers: Hand Gesture Vocalizer for the Deaf and Mute

such systems and discussed the potential for using deep learning algorithms to improve
accuracy.

Qin et al. (2020) developed a wearable sign language recognition system using
deep learning. To recognize sign language motions in real-time, they combined recurrent
neural networks (RNNs) and convolutional neural networks (CNNs). The system
achieved high accuracy and demonstrated the potential for wearable sign-language
recognition systems.

Chakraborty and Dutta (2021) developed a hand gesture recognition system using
wearable flex sensors and machine learning. They trained a CNN model to recognize
hand gestures and generate corresponding speech in real time. The system was tested on
a dataset of American Sign Language gestures and achieved high accuracy.

Xiao et al. (2019) reviewed various wearable sensor technologies used in sign-
language recognition systems, including accelerometers, gyroscopes, and flex sensors.
They discussed the strengths and limitations of each technology and highlighted the
potential for combining multiple sensors to improve accuracy.

Wuetal. (2019) developed a sign language recognition system using a combination
of deep learning and computer vision techniques. They used a CNN model to extract
features from video data and applied a sliding window approach to recognize signs in
continuous signing. The system achieved high accuracy on a dataset of Chinese Sign
Language gestures.

Raptis etal. (2020) developed a sign language recognition system using a wearable
device that combined a flex sensor and an accelerometer. They used a support vector
machine (SVM) algorithm to classify hand gestures and demonstrated the potential for
using wearable devices to improve the accessibility of sign language communication.

Raptis and Katsouros (2021) further improved their wearable sign language
recognition system by incorporating a neural network-based approach. They used a
combination of CNN and long short-term memory (LSTM) networks to recognize signs
in real time. The system achieved high accuracy and demonstrated the potential for
wearable sign language recognition systems in improving accessibility.

Yang et al. (2018) developed a sign language recognition system using a
combination of motion sensors and surface electromyography (SEMG) sensors. They
used a decision tree algorithm to classify signs and achieved high accuracy. They also
highlighted the potential for combining multiple sensor modalities to improve the
accuracy of sign language recognition systems.
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Fuentes-Hurtado et al. (2021) developed a sign language recognition system
using a Kinect sensor and a deep learning algorithm. They used a combination of
CNN and RNN models to recognize signs in continuous signing. The system achieved
high accuracy and demonstrated the potential for using depth cameras to improve the
accuracy of sign language recognition systems.

Table 1

List of Literature

Article Methodology Key Results

Shrestha et al. Review of sign language | Overview of various machine

(2020) detection methods using |learning algorithms and their
machine learning applications in sign language

recognition.
Han et al. (2020) | Deep learning and hand | Effective real-time recognition

tracking for real-time sign
language recognition

of sign language gestures using
deep learning and hand-tracking
techniques.

motion sensors

Liao et al. Wearable device with | Development of a wearable

(2021) flex sensors for gesture |device that accurately recognizes
recognition and  speech |[hand gestures and generates
synthesis corresponding speech output.

Zouetal (2017) | Wearable sign language | Successful implementation of
recognition system based on|a wearable system utilizing

motion sensors for sign language
recognition.

Nalawade and
Bodhe (2019)

Review of machine learning
algorithms for sign language
recognition

overview  of
algorithms

Comprehensive
machine  learning
applied to sign language
recognition, highlighting
challenges and techniques.

Qin et al. (2020)

Novel wearable sign language
recognition system based on
deep learning

Introduction of a new wearable
system leveraging deep learning for
accurate sign language recognition.

Chakraborty and
Dutta (2021)

Hand gesture recognition
using wearable flex sensors
and machine learning

Development of a hand gesture
recognition system using wearable
flex sensors and machine learning,
potentially aiding speech-impaired
individuals.
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Xiao et al.
(2019)

Review of wearable sensor
technologies for sign
language recognition

Evaluation and comparison of
wearable sensor technologies and
their potential in sign language
recognition.

Wu et al. (2019)

Combination of deep learning
and computer vision for sign
language recognition

Successful integration of deep
learning and computer vision
techniques for enhanced sign
language recognition.

Raptis et al.

Wearable sign language

Design and implementation of a

(2020) recognition system based on | wearable system using flex sensors
flex sensor and accelerometer | and an accelerometer for accurate
gesture recognition.
Raptis and Wearable sign language | Development of a wearable
Katsouros recognition system based on | system utilizing neural networks
(2021) neural networks for precise sign language gesture
classification.
Yang et al. Sign language recognition | Exploration of multi-sensor fusion
(2018) based on multi-sensor fusion |techniques to improve the accuracy

of sign language recognition.

Fuentes-Hurtado
etal. (2021)

Continuous sign language
recognition  with  Kinect
sensor and deep learning

Successful implementation
of continuous sign language
recognition using Kinect sensor
and deep learning.

Mahajan et al. Hand gesture recognition | Achievement of high accuracy in
(2020) using flex sensors and | hand gesture recognition using flex
machine learning sensors and a machine learning

algorithm.
Kumbhar et al. | Sign language recognition | Successful design of a sign
(2021) system using flex sensors and | language  recognition  system

machine learning

utilizing flex sensors and machine
learning techniques.

Methodology

* This study, which involves utilizing flex sensors and the Random Forest
algorithm for hand gesture vocalization, is justified by several factors that
contribute to its effectiveness and relevance in addressing the communication
challenges faced by deaf and mute individuals.

* Accuracy and Reliability: Flex sensors are capable of accurately capturing
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hand movements and gestures, providing a reliable source of input data.
The Random Forest algorithm is known for its robustness and accuracy in
classification tasks, making it a suitable choice for recognizing and interpreting
various hand gestures.

* Real-time Interaction: The chosen methodology aims to achieve real-time
hand gesture recognition and vocalization, enabling seamless and immediate
communication. Real-time interaction is essential for effective communication,
as delays or latency can hinder the natural flow of conversation.

* Accessibility and User-Friendliness: Flex sensors offer a non-intrusive and user-
friendly method of capturing hand gestures, ensuring that the communication
tool is accessible and comfortable for users. This aligns with the objective of
developing an inclusive communication aid.

* Low Cost and Portability: Flex sensors are relatively affordable and
lightweight, making them a cost-effective and portable solution. This is
particularly important for widespread adoption, especially in resource-
constrained environments.

* Potential for Customization: The methodology allows for the customization
of gesture recognition and vocalization, accommodating individual user
preferences and needs. This adaptability enhances the user experience and
promotes a sense of ownership and control over the communication process.

* Previous Success in Gesture Recognition: The Random Forest method has
shown effectiveness in a number of gesture recognition tasks, including sign
language recognition. Leveraging the algorithm's capabilities in this study
enhances the likelihood of accurate gesture classification.

» Integration with Existing Technology: The use of an Arduino microcontroller
and the Random Forest algorithm can facilitate seamless integration with
existing technology, enabling compatibility with different devices and
platforms.

» Scalability: The methodology is scalable, allowing for future enhancements
and improvements. As technology advances and more data becomes available,
the system's performance can be further refined and optimized.

* Research Gap Addressing: The methodology addresses a research gap by
exploring the potential of combining flex sensors with the Random Forest
algorithm specifically for hand gesture vocalization. The development of
communication tools for people with hearing and speech impairments is aided
by this innovative method.

In summary, the chosen methodology offers a balanced combination of accuracy,
accessibility, cost-effectiveness, and real-time interaction, aligning with the study's goal
of developing an effective and practical hand gesture vocalization system.
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Flex Sensors: Flex Sensors are the primary input devices for the system. They can
be of various sizes and shapes and are typically made of a flexible material that changes
resistance when bent. The resistance change is proportional to the degree of bending
and can be measured using an analog input pin of the Arduino.
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Figure 1: Flex Sensor

Arduino: The Arduino board is the microcontroller that processes the sensor
readings and runs the Random Forest algorithm. The Arduino can be a low-cost, open-
source board that provides various digital and analog input and output pins. It can also
communicate with other devices using serial communication or other protocols.
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Figure 2: Adruino Mega 2560

Accelerometer: The accelerometer can be a low-cost, small-sized device that
measures acceleration in three axes (x, y, and z). It can be a MEMS (Micro-Electro-
Mechanical Systems) sensor that is integrated with the Arduino or connected via an
external breakout board.
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Figure 4: Tilt and inclination of the Accelerometer[11]

Signal conditioning circuit: Depending on the specific requirements of the
application, a signal conditioning circuit may be required to improve the accuracy and
stability of the Flex Sensor readings. The signal conditioning circuit can consist of an
operational amplifier, capacitors, and resistors, and can be designed to amplify, filter,
and stabilize the Flex Sensor signal.

Power supply: The system requires a power supply to operate the Arduino and
other components. The power supply can be a battery, a USB port, or an external power
adapter, depending on the specific requirements of the application.

Output devices: The system may require output devices to display the results of
the Random Forest algorithm. The output devices can be LEDs, LCD displays, or other
types of displays. They can also be actuators that perform an action based on the degree
of bending, such as a servo motor or a solenoid.
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Arduino Mega 2560
Figure 5: Hardware Integration
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Figure 6: System Diagram of Hand Gesture
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A classification algorithm called Random Forest is a member of the family of
models built using decision trees. It is an ensemble learning technique that integrates
various decision trees to create a prediction model that is more reliable and accurate.
Although Random Forest can be used for both classification and regression tasks, in this
instance, we'll concentrate on its strengths in that area. In Random Forest, a subset of
the training data and a subset of the characteristics are used to build numerous decision
trees. The forecasts from each tree are then averaged to create the final prediction. A
majority vote is taken on the forecasts from all the decision trees in the Random Forest,
each of which has been trained individually to provide the final prediction.

The classification process in Random Forest involves the following steps:

* Data preparation: The input data is preprocessed and cleaned to remove any
missing values, outliers, or noise.

» Feature selection: A subset of the features is randomly selected for each
decision tree to reduce overfitting and improve accuracy.

* Tree construction: A predetermined portion of the training data and
characteristics are used to build a decision tree. A stopping requirement, such
as a maximum depth or a minimum number of samples per leaf, is fulfilled as
the tree grows.

* Random Forest construction: Multiple decision trees are constructed using
different subsets of the training data and features. The trees are combined to
form the Random Forest by averaging their predictions.

* Prediction: The test data is fed into the Random Forest, and each decision tree
in the ensemble makes a prediction. The final prediction is obtained by taking
a majority vote of the predictions from all the trees.

* Random Forest has several advantages over other classification algorithms,
including:

High accuracy: Random forests can achieve high accuracy on complex and large
datasets by combining multiple decision trees, Robustness: Random Forest is robust to
noise and overfitting, as each tree is trained on a different subset of the data, Feature
selection: Random Forest can handle a large number of features and automatically
selects a subset of features for each tree, reducing overfitting and improving accuracy,
Interpretability: Random Forest provides feature importance scores, which can help in
interpreting the model and identifying the most important features, Overall, Random
Forest is a powerful and widely used classification algorithm that can be applied to a
variety of real-world problems, including hand gesture vocalization for deaf and mute
people.
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The algorithm and working principle of Random Forest can be summarized as
follows:

Algorithm:

» Initialize the number of decision trees (n_trees) to be used in the ensemble,
the number of features (m) to consider at each split, and a stopping criterion
for the tree growth.

* For each decision tree 1 in the ensemble, repeat steps 3-5.

* Sample a subset of the training data (with replacement) to create a bootstrap
sample.

* Randomly select m features from the total set of features.

* Construct a decision tree using the bootstrap sample and selected features,
stopping when the tree reaches the specified stopping criterion.

e After all decision trees have been constructed, a new observation is fed into
the ensemble, and each decision tree predicts the class label of the observation.

* The final class label is determined by a majority vote of the predictions from
all decision trees in the ensemble.

An ensemble of decision trees, each of which is built using a subset of the training
data and a subset of features, is created by the Random Forest algorithm. A technique
known as bootstrap aggregating (or bagging) is used to generate the trees, in which
several random samples (with replacement) are selected from the training data to
produce various subsets of the data for each decision tree. This lessens overfitting and
increases the model's accuracy.

To further decrease overfitting and boost the variety of the trees, each decision
tree in the ensemble is built using a distinct subset of the features. The method develops
decision rules that decide the class label of an observation during tree construction and
divides the data into several subsets based on the chosen characteristics.

Once every decision tree has been built, a fresh observation is added to the
ensemble, and every decision tree predicts the observation's class label. A majority vote
on the forecasts from each decision tree in the ensemble is used to choose the final class
label. The Random Forest algorithm is adaptable and can handle both continuous and
categorical data, making it appropriate for a variety of classification issues.
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Figure 7: Flowchart of Real-time Application
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Results

The results of using the Random Forest algorithm with flex sensors for hand gesture
vocalization have been promising. In a study by Mahajan et al. (2020), the authors used
flex sensors and an Arduino microcontroller to collect data on hand gestures and train
a Random Forest model to classify the gestures. The model achieved an accuracy of
91.66% in classifying 12 different hand gestures.

Similarly, in a study by Kumbhar et al. (2021), the authors used flex sensors and
an Arduino board to collect data on hand gestures and trained a Random Forest model
to classify the gestures. The model achieved an accuracy of 93.33% in classifying 9
different hand gestures. These results demonstrate the effectiveness of the Random
Forest algorithm in accurately classifying hand gestures using flex sensors. The high
accuracy of the models suggests that this approach could be a viable solution for hand
gesture vocalization for deaf and mute individuals. However, it is important to note that
these results were obtained in a controlled laboratory setting, and further research is
needed to evaluate the performance of the models in real-world scenarios.

Eventually, we developed a system that can recognize values for specific user
gestures, forecast the result of the gesture, show it on the laptop screen, and emit sounds
via a desktop GUI. All of the alphabets and widely used words were included in the
dataset. With those datasets, the machine was trained and the model was constructed.
Then, in order to train the machine with less variation and ensure that the model stays
general and overfits less, the datasets for all the alphabets were pooled and shuffled.
When an alphabet or word was input via sign language, the input was run through a
trained computer, and the result was the closest value anticipated, which was displayed
and played as audio. The accuracy of the model was then predicted by comparing the
correlation plot of each letter with the other alphabet to determine how closely related
each alphabet was to the others. Our model's accuracy was found to be 96.8%.

Sign ASL

@ A
% B
s C
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Dataset Values for Some Gestures of Dataset
Index SVTHUMB SVINDEX SVMIDDLE SVRING SVPINKEY - Y-auis Z-ais Class

Figure 9: Dataset Values for Alphabet A

Index SVTHUMB SVINDEX SVMIDDLE SVRING SVPINKEY K-anis ¥-ais Z-ais Class

Figure 10: Dataset Values for Alphabet B

m SVTHUME SVINDEX SYMIDDLE SVRING SVPINKEY Keamis Y-ais Z-ais Class

Figure 11: Dataset Values for Alphabet C
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Figure 14: Glove with Sensor and Circuit Design of Adurino and Glove
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Figure 15: Alphabet Output from Arduino
Conclusion

The use of flex sensors and the Random Forest algorithm for hand gesture
vocalization has shown promising results. The accuracy achieved by the models in
classifying hand gestures indicates that this approach could be a viable solution for
communication for deaf and mute individuals. The technology provides a simple and
cost-effective solution that can be used in a variety of settings.

The studies reviewed in this paper demonstrate the effectiveness of the Random
Forest algorithm in accurately classifying hand gestures using flex sensors. It is crucial
to remember that the experiments were carried out in controlled laboratory environments
and that additional study is required to assess how well the models work in real-world
conditions.

Overall, the use of flex sensors and the Random Forest algorithm has the
potential to revolutionize communication for deaf and mute individuals, enabling
them to communicate more easily with the world around them. The development of
more sophisticated algorithms and hardware could further improve the accuracy and
usability of this technology. In addition, the use of such technology could also lead
to better education and employment opportunities for individuals who are deaf and
mute. It could provide them with a means to communicate effectively in the classroom
or in a work setting, breaking down barriers to success. However, there are still some
limitations to this technology that need to be addressed. One limitation is that the
sensors may not be able to accurately capture the nuances of certain hand gestures,
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leading to misclassification. Furthermore, the accuracy of the system may be affected by
factors such as sensor placement, lighting conditions, and user variability. Despite these
limitations, the development of this technology is a significant step towards improving
the quality of life for individuals who are deaf and mute. It has the potential to improve
their social interactions, education, and employment opportunities, and could lead to a
more inclusive society. With further research and development, this technology could
become an essential tool for individuals with disabilities, facilitating communication
and breaking down barriers to success.
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