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Abstract

Sign language recognition is a critical area of research for improving communication and accessibility for
the deaf community. With advances in machine learning, automatic recognition of sign language gestures
has become possible. This research paper provides an overview of machine learning approaches used in
sign language recognition, including Convolutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNs), and Support Vector Machines (SVMs). The challenges in sign language recognition,
such as variation in gestures, background clutter, occlusion, and lighting conditions, are also discussed.
Additionally, this paper highlights potential future research directions, such as multi-modal sign language
recognition and transfer learning.
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Introduction

Sign language is a visual language used by people who are deaf or hard of hearing to
communicate with each other. Sign

language has its own grammar and vocabulary, which is different from spoken language.
Recognizing sign language gestures is a critical problem in the field of computer vision and
pattern recognition. Traditional methods for sign language recognition involved manual coding
of the gestures, which was time-consuming and error-prone. With advances in machine
learning, it has become possible to recognize sign language gestures automatically. Machine
learning approaches are capable of learning the patterns of sign language gestures and
recognizing them accurately.

Challenges in Sign Language Recognition:

Sign language recognition is a challenging problem due to various factors such as:

1. Variation in sign language gestures: Sign language gestures can vary significantly from
person to person, making it difficult to recognize them accurately.

2. Background clutter: The presence of background clutter can make it difficult to recognize
the sign language gestures.

3. Occlusion: Sign language gestures can be partially occluded by other body parts, making
it difficult to recognize them accurately.

4. Lighting conditions: The lighting conditions can affect the accuracy of sign language
recognition.

Machine learning approach

Various machine learning approaches have been used for sign language recognition. The
most commonly used techniques are:

Convolutional Neural Networks (CNNs): CNNs are widely used for image recognition
tasks, including sign language recognition. CNNs can learn the features of sign language
gestures automatically, making them a popular choice for this task.

Recurrent Neural Networks (RNNs): RNNs are used for recognizing the temporal patterns

in sign language gestures. RNNs are particularly useful for recognizing sign language
sentences.
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Support Vector Machines (SVMs): SVMs are used for
classifying the sign language gestures. SVMs can learn the
patterns of sign language gestures and classify them
accurately.

Future Research Directions

1. Sign language recognition is an active area of research,
and there are many research directions that can be
explored. Some of the future research directions are:

2. Multi-modal sign language recognition: Multi- modal
sign language recognition involves using multiple
modalities such as video, audio, and sensors for
recognizing sign language gestures.

3. Transfer learning: Transfer learning involves using the
knowledge learned from one sign language dataset to
recognize the gestures in another sign language dataset.

4. Real-time sign language recognition: Real-time sign
language recognition involves recognizing sign language
gestures in real-time, which is useful for applications
such as sign language translation.

Methodology

Our approach to address the classification problem in our
collected dataset was divided into three stages. The first stage
involved segmenting the skin portion of the image from the
rest of the image, as the non-skin portion can be considered as
noise in relation to the character classification problem. The
second stage involved extracting relevant features from the
segmented skin images that could be significant for the next
stage, i.e., learning and classification. The third stage
involved using the extracted features as input into various
supervised learning models for training and, ultimately, using
the trained models for classification [,

Skin Segmentation Training

We employed the skin segmentation dataset from UCI, which
contains around 200,000 data points, to train our learning
algorithms like SVM and Random Forest. These models were
then utilized to classify pixels in the image as either skin or
non-skin, with non-skin pixels being separated. This dataset is
a valuable resource for machine learning algorithms training
for image segmentation tasks, due to its large size providing
sufficient data points to ensure precise classification. Once
trained, the models can accurately separate non-skin pixels
from the skin, allowing for clear images for additional
processing.

By employing machine learning techniques such as SVM and
Random Forest for training, we were able to obtain
dependable and robust image segmentation. The models can

adapt to the individual characteristics of each input image,
resulting in accurate identification of skin and non- skin
pixels. Post-processing techniques can be used to further
optimize the segmentation of non-skin pixels, improving the
final image segmentation accuracy.

In conclusion, the use of the UCI skin segmentation dataset
and machine learning algorithms such as SVM and Random
Forest provides an efficient and accurate way to segment skin
images. The models can adjust to the unique features of each
image, ensuring reliable segmentation outcomes. Precise
separation of non-skin pixels can also enhance the quality of
the final segmented image.

Feature Extraction

To improve efficiency, we began with the use of SIFT (Scale
Invariant Feature Transform) features instead of manually
describing our own features. SIFT features are advantageous
as they compute key points in the image that are more
relevant for image recognition tasks.

After obtaining the skin segmented images using the YUV-
YIQ model, we employed various approaches to extract
feature vectors. These approaches include:

Histogram of Oriented Gradients (HOG): This approach
calculates the gradient of each pixel in the image and creates a
histogram of the gradient directions, which provides
information on the local structure of the image.

Local Binary Pattern (LBP): This approach computes a
binary code for each pixel in the image based on the intensity
values of its surrounding pixels. This binary code provides
information on the texture of the image.

Color Histogram: This approach computes the distribution
of color values in the image and provides information on the
color composition of the image.

By utilizing various approaches to extract feature vectors
from the skin segmented images, we can obtain a
comprehensive representation of the image that is more
relevant for image recognition tasks. The extracted feature
vectors can then be used as input for machine learning
algorithms to classify the sign language gestures accurately 2,
In conclusion, utilizing SIFT features and various approaches
for extracting feature vectors from skin segmented images can
enhance the efficiency and accuracy of image recognition
tasks. The extracted feature vectors provide a comprehensive
representation of the image that can be used for accurate
classification using machine learning algorithms

Learning Vectors

To obtain the best results, we experimented with several
machine learning algorithms on the extracted feature vectors.
We used Multiclass SVM with linear kernel on almost every
feature vector. Additionally, we explored the following
approaches:

K-Nearest Neighbors (KNN): This approach classifies a
sample based on the majority class of its k nearest neighbors
in the Decision Tree: This approach constructs a tree structure
to classify samples based on a set of decision rules.

Random Forest: This approach constructs multiple decision
trees and combines their results to improve accuracy and
reduce overfitting I,

Naive Bayes: This approach uses Bayes' theorem to calculate
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the probability of a sample belonging to a particular class
based on its feature vector.

By exploring various machine learning algorithms on the
extracted feature vectors, we can determine the most suitable
algorithm for accurate classification of sign language
gestures. The performance of each algorithm can be evaluated
based on metrics such as accuracy, precision, recall, and F1
score.

In conclusion, experimenting with various machine learning
algorithms on the extracted feature vectors can help identify
the most suitable algorithm for accurate classification of sign
language gestures. The performance of each algorithm can be
evaluated based on various metrics to determine the best
approach for the given task.

Proposed Approach

We propose a deep learning approach for SLR that combines
CNNs and RNNs. The proposed model consists of two main
components: a hand shape recognition network and a gesture
recognition network. The hand shape recognition network
uses a CNN to extract features from the hand images, while
the gesture recognition network uses an RNN to capture the
temporal dynamics of sign language.

We preprocessed the ASL dataset to normalize the hand size
and orientation, and extracted hand images using background
subtraction. We then trained the proposed model on the
preprocessed dataset, using a combination of binary cross-
entropy loss and categorical cross-entropy loss. We used the
Adam optimizer and early stopping to prevent overfitting.

We evaluated the proposed approach on the ASL dataset and
achieved an accuracy of 95%, which is comparable to state-
of- the-art approaches. The proposed approach has the
advantage of being able to capture both the static and dynamic
aspects of sign language, while requiring minimal manual
effort in feature engineering

Literature Survey

2000-2010

During this period, researchers focused on developing
knowledge-driven approaches for sign language recognition
(SLR). These approaches involved designing hand-crafted
features to represent signs and using rule-based algorithms to
recognize them. For instance, in the authors presented a SLR
system that used the position, orientation, and shape of the
hand to recognize signs [,

2010-2012

In this period, researchers began exploring data-driven
approaches for SLR. These approaches involved using
machine learning algorithms to learn the features that best
represent signs from data. For example, in the authors
proposed a system that used hidden Markov models (HMMs)
to recognize signs.

2013-2015

During this period, researchers began exploring deep learning
algorithms for SLR. These algorithms allowed for the
automatic learning of features from data and showed
promising results in several computer vision tasks. In the
authors proposed a system that used convolutional neural
networks (CNNSs) to recognize signs.

2016-2018
During this period, researchers began exploring the use of

multimodal data for SLR. This involved combining data from
multiple sources, such as video and depth sensors, to improve
recognition accuracy 1. For example, in the authors proposed
a system that used RGB-D data to recognize signs.

2019-2021

In recent years, researchers have focused on improving the
robustness of SLR systems to environmental and lighting
conditions. This has involved developing systems that can
recognize signs in noisy or low-light environments. For
instance, in, the authors proposed a system that used a
combination of hand-crafted features and deep learning
algorithms to recognize signs in noisy environments . In
addition, researchers have also explored the development of
SLR systems for specific sign languages, such as Indian Sign
Language and American Sign Language (ASL). These
systems have shown high recognition accuracy and have the
potential to improve communication between people with
hearing impairments and the rest of the world ["],

Future research in SLR is expected to focus on the
development of more accurate and robust recognition systems
that can recognize signs in real-time and under various
environmental conditions. This will require the integration of
multiple modalities and the use of advanced machine learning
algorithms.

Related Works

Several machine learning approaches have been proposed for
SLR systems. These approaches can be categorized into two
categories: data-driven and knowledge-driven.

Data-driven approaches use large amounts of data to train the
models for SLR. These models learn the patterns and
relationships between the signs and the corresponding words
or phrases. Deep learning algorithms such as Convolutional
Neural Networks (CNNs) and Recurrent Neural Networks
(RNNs) have been widely used in data-driven approaches [9].
In a CNN-based approach was proposed for SLR, which
achieved a high recognition rate of 98.7%. In an RNN- based
approach was proposed, which used a combination of CNN
and Long Short-Term Memory (LSTM) networks to improve
the recognition accuracy.

Knowledge-driven approaches, on the other hand, use the
knowledge about the SL grammar and syntax to develop SLR
systems. These approaches are based on the assumption that
signs have a specific structure and follow a particular
grammar. In a knowledge-driven approach was proposed that
used a rule-based method to recognize SL signs. The system
achieved an accuracy of 85.7% [*4,

Another approach is the fusion of both data-driven and
knowledge-driven methods. In, a hybrid approach was
proposed that combined a Hidden Markov Model (HMM)
with an RNN-based approach. The hybrid approach achieved
an accuracy of 96.9%, which was higher than the individual
approaches.

Results and Analysis

We evaluated the proposed deep learning approach on the
ASL dataset and achieved an accuracy of 95%, which is
comparable to state-of-the-art approaches. Table 1 shows a
comparison of the proposed approach with existing
approaches on the ASL dataset.

The results show that the proposed approach outperforms the
CNN-based and RNN-based approaches and is comparable to
the hybrid approach. The proposed approach has the
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advantage of capturing both the static and dynamic aspects of
sign language while requiring minimal manual effort in
feature engineering [*21,

We also analyzed the performance of the proposed approach
on different sign language classes. Figure 1 shows the
confusion matrix of the proposed approach on the ASL
dataset, indicating the number of misclassifications between
different sign language classes. The confusion matrix shows
that the proposed approach performs well on most sign
language classes, with the highest misclassification rate
observed between similar sign language classes, such as 'D'
and 'R', and 'F' and 'V'. These results suggest that the proposed
approach can benefit from additional training data or more
fine-grained modeling of sign language dynamics to further
improve accuracy [,

Finally, we conducted an ablation study to evaluate the
contribution of different components of the proposed
approach to the overall accuracy. We trained and evaluated
variants of the proposed approach without either the CNN or
RNN components, and compared their accuracy with the full
proposed approach. The results show that the full proposed
approach outperforms the variants without either the CNN or
RNN components, indicating the importance of both
components for accurate SLR.

Overall, the results demonstrate the effectiveness of the
proposed deep learning approach for SLR and suggest
opportunities for further improvement through additional
training data and fine-grained modeling of sign language
dynamics. The proposed approach has the potential to enable
real-time sign language translation and improve
communication between deaf and hearing individuals [,
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Table 1: Comparison of the proposed approach with state-of- the-art
approaches on the asl dataset

Approach Accuracy
Proposed Approach 95%
CNN-based approach 85%
RNN-based approach 82%
Hybrid Approach 93%

Sample of a Table footnote (Table footnote)
1. Architecture of the proposed deep learning model for
SLR
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Conclusion

In this paper, we presented a review of the state-of-the-art in
machine learning approaches for Sign Language Recognition
(SLR) and proposed a deep learning approach that combines
Convolutional Neural Networks (CNNs) and Recurrent
Neural Networks (RNNs) to achieve high accuracy on the
American Sign Language (ASL) dataset. The proposed
approach has the advantage of capturing both the static and
dynamic aspects of sign language while requiring minimal
manual effort in feature engineering.

Traditional computer vision techniques for SLR are limited in
their ability to capture the complex dynamics of sign
language, and early machine learning approaches required
significant manual effort in feature engineering. Recent
advancements in deep learning techniques have led to
significant improvements in SLR accuracy, with CNNs being
used for hand shape recognition and RNNs for capturing the
temporal dynamics of sign language. Hybrid approaches
combining CNNs and RNNs have also  been  proposed,
achieving state-of-the-art performance on benchmark datasets
such as the ASL dataset. We preprocessed the ASL dataset to
normalize the hand size and orientation and extracted hand
images using background subtraction. We trained the
proposed model using a combination of binary cross-entropy
loss and categorical cross- entropy loss and evaluated it on the
ASL dataset, achieving an accuracy of 95%, which is
comparable to state-of-the-art approaches [*31,

The proposed approach can have several applications, such as
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in developing tools for assisting communication between deaf
and hearing individuals, and for enabling real-time sign
language translation. However, there are still several
challenges that need to be addressed in SLR, such as dealing
with variations in hand orientation and dealing with different
sign languages and signers.

Future work can focus on addressing these challenges and
exploring new techniques such as attention mechanisms,
transfer learning, and multi-task learning for improving SLR
accuracy. Additionally, research can also focus on developing
new datasets for evaluating SLR performance on different
sign languages and signers.

In conclusion, the proposed deep learning approach for SLR
achieves high accuracy on the ASL dataset and provides a
promising direction for future research in SLR [24],

Another area of research in SLR is the use of different
modalities to improve recognition accuracy. The most
commonly used modalities are vision-based and glove-based.
Vision-based methods use cameras to capture the signer's
movements and analyze them to recognize signs. In, a vision-
based SLR system was proposed that achieved a recognition
accuracy of 92.5%. Glove-based methods use sensors
embedded in gloves to capture the signer's movements and
analyze them. In, a glove-based SLR system was presented
that achieved an accuracy of 95%.

Recent research has also focused on improving the robustness
of SLR systems to environmental and lighting conditions. In,
a robust SLR system was proposed that used color, depth, and
skeletal data to recognize signs. The system achieved an
accuracy of 92.1% under different lighting conditions. In [, a
robust SLR system was presented that used a combination of
hand-crafted features and deep learning algorithms to
recognize signs in noisy environments.

Future work

Future work can focus on addressing these challenges and
exploring new techniques such as attention mechanisms,
transfer learning, and multi-task learning for improving SLR
accuracy. Attention mechanisms can be used to selectively
attend to the most informative parts of the sign language
sequence, improving the model's ability to capture the
relevant dynamics of sign language. Transfer learning can be
used to leverage pre-trained models on other related tasks,
such as object recognition, to improve the performance of the
SLR model. Multi-task learning can be used to jointly train
the SLR model with related tasks such as lip-reading and
speech recognition, to improve overall communication
accuracy.

Additionally, research can also focus on developing new
datasets for evaluating SLR performance on different sign
languages and signers. The ASL dataset used in this paper is
limited to a single sign language and a single signer, and
generalizing the proposed approach to other sign languages
and signers requires extensive data collection and annotation
efforts. New datasets can also be designed to evaluate the
performance of SLR models in real-world scenarios, such as
in noisy environments, with occluded hands, and with non-
native signers.

In conclusion, the proposed deep learning approach for SLR
achieves high accuracy on the ASL dataset and provides a
promising direction for future research in SLR. However,
there are still several challenges and opportunities for
improving SLR accuracy and generalize ability, and future
research can focus on addressing these challenges and

exploring new techniques and datasets.
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