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Abstract: Sign language has historically served as a primary form of communication for the deaf community. However, the lack of sign language proficiency among the general
population and the limited availability of interpreters create barriers in communication between non-sign language speakers and deaf individuals. To address this issue, a proposed
system aims to bridge this communication gap by assisting non-sign language speakers in recognizing and understanding American Sign Language (ASL) gestures. This system
has the potential to enhance greatly communication between deaf individuals and the wider society. The process involves enhancing the quality and clarity of hand gestures by
passing them through a filter. Subsequently, a classifier analyses the filtered hand gesture and predicts its corresponding meaning or category. This classification step enables
non-sign language speakers to interpret accurately the intended message conveyed through these hand gestures. It is important to note that this method specifically focuses on
recognizing the 26 letters of the ASL alphabet. Analysis of various datasets reveals that the enhanced network performs better than Faster R-CNN in terms of gesture categorization
accuracy. Specifically, when using 175 photos for each move, the upgraded network achieves an 83% recognition accuracy, surpassing the performance of Faster R-CNN in
gesture classification. Furthermore, with 600 images for each gesture, the improved network achieves an accuracy of 97. %. This finding suggests that employing a TOF camera
to collect images based on depth information effectively reduces the influence from other elements during feature extraction. Overall, this system primarily focuses on recognizing
fingerspelling gestures, which represent individual letters in ASL. It is commendable that efforts are being made to utilize neural networks and technology to enhance communication

for individuals with disabilities.
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1 INTRODUCTION

Sign language has historically served as a primary form
of communication within the deaf community. However, the
limited knowledge of sign language among the general
population, as well as the scarcity of interpreters, presents
obstacles in bridging the communication gap between non-
sign language speakers and deaf individuals. In an effort to
address this issue, a proposed system aims to facilitate
communication by enabling non-sign language speakers to
recognize and comprehend American Sign Language (ASL)
gestures [1]. This system has the potential to enhance greatly
communication between deaf individuals and the wider
society.

The methodology involves subjecting the hand gesture
to a filtering process in order to improve its quality and clarity
[2]. Subsequently, a classifier analyses the filtered hand
gesture and predicts its corresponding meaning or category.
This classification step allows non-sign language speakers to
interpret accurately the intended message conveyed through
the hand gestures. It is important to note that this
methodology specifically focuses on recognizing the 26
letters of the ASL alphabet [3].

A visual language, sign language has three main
components as shown in Fig. 1:

Manual Signs: Manual signs are the core elements of
sign language. They involve the use of handshapes,
movements, and orientations to convey meaning. Each sign
represents a word, concept, or idea. Manual signs can be
simple or complex, depending on the language and the
specific sign being used.

Facial Expressions: Facial expressions play a crucial
role in sign language as they provide grammatical and
emotional information. They help convey nuances, such as
questions, statements, negations, and emotions. Facial

expressions, including eye gaze, brow movement, and mouth
patterns, add depth and clarity to the signs being produced.

Body Language and Postures: Body language and
postures complement the manual signs and facial expressions
in sign language. They contribute to the overall meaning and
interpretation of the message. Body movements, such as the
position of the torso, shoulders, and arms, along with head
movements and body orientation, provide additional
contextual information and convey the speaker's emphasis,
location, and spatial relationships.
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Figure 1 Sign Language major component [2]
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Sign language is widely regarded as a vital means of
communication and can be used to communicate with others
who do not speak sign language, as well as people who have
hearing or speech difficulties. Sign language, as opposed to
spoken language, communicates meaning through physical
gestures. It includes facial emotions, hand gestures, and
movements of other body parts such as the eyes, legs, and so
on. This study presents a design for recognising and
interpreting ASL signs. Social contact, communication
differences, education, behavioural issues, mental health
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issues, and safety concerns are just a few of the challenges
that speech and hearing-impaired people encounter while
engaging with hearing-impaired people. A keyboard, mouse,
or audio signal can be used to interface with a computer. The
former demands constant physical contact, whilst the latter is
sensitive to noise and distractions. A gesture is any physical
movement done with the hand, eye, or other body part. The
best motions for people to use and understand are hand
gestures. Fig. 2 shows ASL Sign Language Gesture by hand.
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Figure 2 ASL Sign Language Gesture

2 LITERATURE SURVEY

In today's technological landscape, it is becoming
increasingly common for electronic devices to be controlled
without physical touch. This is primarily due to the rise of
voice and gesture controls. Voice controls are capable of
recognizing spoken words, enabling users to operate devices
through verbal commands. On the other hand, gesture
controls involve moving one's hand in specific patterns to
execute desired tasks on the device [4]. Extensive research
has been conducted to develop efficient and rapid hand
gesture recognition systems [5]. Numerous experiments have
been carried out to identify hand gestures, and these
programs are often integrated into other applications, such as
device control through hand gestures. Various methods exist
for recognizing hand gestures from images.

Algorithms for recognizing hand gestures, such as
multivariate fuzzy decision trees [6], Hidden Markov Models
(HMMs) [7], dynamic time warping framework [8], latent
regression forests[9], support vector machines, and surface
electromyograms [10], are utilized to analyse and process
these gestures. The captured movements are examined to
identify occlusion and interactions involving close fingers,
enabling the recognition of the correct gesture while
disregarding intermittent gestures. Robust algorithms like
HMM are necessary for real-time hand gesture detection that
accurately identifies the intended gesture. The effectiveness
of categorized gestures is evaluated using the K datasets and
sign language alphabets as standard training and validation
datasets. Hand gesture recognition plays a crucial role in
various applications, including music orchestration, robotics,
television control, rehabilitation, and sign language
recognition.

This is the initial and most crucial step in the entire sign
reformation process [11]. In order to capture photos using a
webcam, camera interfacing is necessary. Nowadays, many
laptops come with built-in cameras, which simplifies the
process of capturing photos for later processing.
Morphological operations involve shapes of images [12]. The
two primary morphological processes are erosion and
dilation, which are employed for noise reduction, element
separation, element alignment, and even intensity fluctuation
or gap detection in images. While dilation can fill in any gaps
left by erosion or add pixels to boundary areas, erosion can
reduce noise by widening gaps and reducing image
boundaries. Dilation can also be used to link randomly placed
pixels and add pixels to the boundaries. In order to construct
a contour around the palm and identify finger positions, the
convexity hull algorithm [13] is used in contour detection.
Adaptive boosting is used in the convexity hull technique to
detect hands, and the HAAR classifier algorithm [14] can be
used to train classifiers. Segmenting the area of the image
that contains the hand is the first step in the convexity hull
algorithm. It is necessary to make some assumptions about
the hand's characteristics, even if they could vary as the hand
travels.

The gesture of the hand is classified based on the
maximum score, which represents the minimum Euclidean
distance between the input gesture and the dataset image of
the corresponding character. The character associated with
the input gesture is determined based on this minimum
distance. It is important to note that the process described is
a basic outline and does not include details of the actual
segmentation and feature extraction techniques used.
Depending on the complexity of the problem and the dataset,
more advanced methods like those that deep learning-based
approaches may be used for improved accuracy and
efficiency. Additionally, the mention of "detecting human
hands against white backgrounds" suggests a potential
improvement in image pre-processing to enhance accuracy
and speed by using a background subtraction technique to
isolate the hand region. This could be beneficial when the
images are consistently captured against a consistent
background. Finally, the process involves two main steps:
training and recognition [15]. During training, the model
learns from a labelled dataset of hand gestures. During
recognition, the learned model is used to classify new, unseen
hand gestures based on their features and the calculated
Euclidean distances.

To ensure accurate feature comparison and minimize
errors during image processing, the system scales all the
captured photographs to the same size. This step is essential
when dealing with images captured using different camera
resolutions, as it brings uniformity to the dataset and helps in
achieving consistent results during recognition. Overall, the
proposed system presents a comprehensive approach to assist
disabled individuals in expressing themselves through sign
language. By leveraging vision-based techniques [16] such
as Histograms of Oriented Gradients (HOG) feature
extraction and Euclidean distance-based classification, the
system can recognize hand gestures and provide meaningful
translations for communication.
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3 SYSTEM REQUIRMENT

The identification of hand gestures has been the subject
of extensive research in recent years. We discovered the
following are the fundamental steps in hand gesture
recognition with the aid of a literature review.

3.1 Relevance of the Work

Individuals who are deaf and unable to speak
communicate using hand sign language. However,
communicating with individuals who do not understand sign
language can be challenging. To address this issue, we are
currently developing a program that aims to facilitate
communication between deaf individuals and those who do
not understand sign language. Our program will detect and
translate the hand signs made by the user into text, which will
then be displayed on a screen for non-sign language users to
read. By implementing this project, we aim to enhance
communication capabilities for deaf individuals when
interacting with non-sign language users.

3.1.1 Proposed Work

Different methods can be employed to gather data on
hand  gestures. One approach involves  using
electromechanical devices to capture accurately the
configuration and position of the hand. Alternatively, glove-
based methods can be utilized to extract information [17, 18],
although these tend to be expensive and not user-friendly.
Another option is to rely on vision-based techniques, where
a computer camera serves as the input device to observe hand
or finger movements. Vision-based methods offer a natural
interface between individuals and computers, eliminating the
need for additional hardware [19]. These systems, which can
be implemented in software and/or hardware, simulate
biological vision. By utilizing a vision-based strategy, the
need for artificial devices in interaction is resolved, as solely
hand movements represent all gestures. The design of the
Gesture Recognition System is illustrated in Fig. 3.

To create own dataset using OpenCV [20], can follow
these steps:

Install OpenCYV: Install the OpenCV library on your
system by following the installation instructions specific to
your operating system.

Set up your camera: Connect a camera to computer or
use the built-in camera of your device.

Capture frames: Use OpenCV to capture frames from
the camera. Use the VideoCapture class to access the camera
and retrieve frames.

Apply image processing: Apply the desired image
processing techniques to the captured frames. In this case,
Mentioned using a Gaussian blur filter and thresholding.
OpenCV provides functions like GaussianBlur and threshold
that you can use for these operations.

Extract features: After processing the image, extract
relevant features from the processed image. The specific
features you choose will depend on the problem trying to
solve..

Pass processed image to CNN model: Extracted the
features from the processed image, CNN (Convolutional
Neural Network) model for prediction.

Letter detection and word formation: Keep track of
the predicted letters over consecutive frames. If a letter is
detected for more than 50 frames, consider it as a valid
detection and store it. Whenever the letter changes or a blank
symbol is detected, form a new word and store the previous
word. Consider the space between words using the blank
symbol.

Repeat the process: Continuously capture frames, apply
image processing, pass the processed image to the CNN
model, and detect and form words until collected sufficient

dataset.
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Figure 3 Flow diagram of Gesture Recognition System

3.2 Software Requirement
3.2.1 Artificial Neural Network

An Artificial Neural Network (ANN) is a computational
model inspired by the structure and functioning of the human
brain. It is a type of machine learning algorithm that can learn
and adapt from examples, making it suitable for various
tasks, including pattern recognition, classification,
regression, and decision-making.

3.2.2 Convolutional Neural Networks (CNN) [22]

Convolution Layer: In this layer, small filters (also
called kernels) with learnable parameters are applied to the
input image. These filters move across the image to perform
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convolutions (dot products) at different spatial positions. The
output of this layer is a 2D activation map that represents the
response of the filters at each position, capturing specific
visual patterns or features like edges or colors.

Pooling Layer: After the convolution layer, the pooling
layer is used to downsample the activation maps, reducing
their spatial dimensions and the number of parameters. Two
common types of pooling are max pooling and average
pooling. In max pooling, a window (e.g., 2X2) slides over the
activation map, and only the maximum value within each
window is retained, effectively reducing the size of the map
by half. In average pooling, the average of all values within
the window is taken instead.

Fully Connected Layers: After several convolutional
and pooling layers, the final stage of the CNN architecture
usually involves fully connected layers (Fig. 4). These layers
are similar to those in regular neural networks, where each
neuron is connected to all neurons from the previous layer.
The fully connected layers take the high-level abstract
features learned by the earlier layers and combine them to
make predictions about the input's class. The number of
neurons in the output layer corresponds to the number of
classes in the classification task, and the values of the output
neurons represent the probabilities of the input belonging to
each class.

CNNs have been very successful in computer vision
tasks, such as image classification, object detection, and
segmentation, because they can effectively learn hierarchical
features from raw pixel data. The convolutional and pooling
layers help capture local patterns and reduce the spatial
dimensions of the data, while the fully connected layers make
global decisions based on the extracted features.
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Figure 4 Fully Connected Layers

3.2.3 TensorFlow

TensorFlow is indeed an open-source software library
that provides a framework for dataflow programming,
especially well-suited for machine learning tasks involving
neural networks. Tensor Flow's flexible design allows it to be
deployed on different platforms seamlessly. This versatility
makes it popular only not for research and development but
for production-level machine learning applications.
TensorFlow has been a cornerstone in the development and
deployment of various machine-learning models, and it has
played a significant role in advancing the field of deep
learning [22]. Its ease of use, scalability, and compatibility
with different hardware have made it a popular choice for
researchers and developers alike. To extract different aspects

from an image, a Gaussian blur filter is applied. The resulting
image after applying the Gaussian blur creation process is
shown below.

Figure 6 Speech to Gesture output Disply

4 RESULTS AND DISCUSSION
4.1 Data Set Generation

The procedures you described involve using the Open
Computer Vision (OpenCV) software to capture images of
American Sign Language (ASL) symbols. Create own
dataset to train and test a machine learning model for
recognizing ASL symbols. This dataset will be used to teach
the model to understand and classify different ASL signs.
Captured approximately 800 photographs of each ASL
symbol for training purposes. Collecting a sufficient number
of images for each symbol ensures that the model has enough
data to learn and generalize effectively. Additionally,
collected about 200 images of each ASL symbol for testing
purposes. The testing data is used to evaluate the model's
performance and assess its ability to make accurate
predictions on new, unseen data. To capture the images, used
computer's webcam. This means acquired images in real-
time by taking a picture of each frame presented to the
webcam. Each frame captured by the webcam contained a
specific ASL symbol. To focus the model's attention on the
relevant area, defined a Region of Interest (ROI) around the
ASL symbol. This ROI was visually indicated by a pink-
bounded square. Utilized the OpenCV software for the image
capture process. OpenCV is a popular open-source computer
vision library that provides various tools and functions for
image and video processing tasks. Fig. 7 likely depicts an
example of the captured image with the pink-bounded square
indicating the ROI around an ASL symbol.

4
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The selection of a suitable filter is also a critical
component of any ASL symbol recognition project. The filter
that you select will determine the features that are extracted
from your images, and the CNN model to identify the
symbols will use these features. There are many different
filters that you can select and it can be difficult to determine
which filter will work best for your project. In your case, you
experimented with a variety of filters before settling on the
chosen filter.

The accuracy of the model is another important factor to
consider. In this case, faced issues with the accuracy of the
model in earlier rounds. This was likely because the dataset
was not large enough or that the filter was not selecting the
correct features. By increasing the input image size and
improving the dataset, were able to improve the accuracy of
the model.

Figure 8 Gaussian blurred image

In order to extract different aspects from our image, we
then apply our Gaussian blur filter to it. Fig. 8 displays the
image after applying Gaussian blur.

4.2 CNN Configuration

The Stochastic Gradient Descent (SGD) algorithm is
used to build the model, and a learning rate of 0.002 is used.
The categorical cross-entropy function is used to assess the
loss because the model is built to handle several classes.
Additionally, measures like loss and accuracy are given to
efficiently monitor the review process.

This particular arrangement was chosen after
experimenting with various blends of nodes and layers. After
experimenting with different combinations of nodes and

layers, this specific configuration was chosen. The CNN
configuration details can be found in Tab. 1.

Table 1 Details of CNN configuration

Model Content Details
First Convolution Layer 128 filters of 51ze7; )Xg,zReLU, input size

First Max Pooling Layer
Second Convolution Layer
Second Max Pooling layer

Pooling Size 3x3
128 filters of size 3x3, ReLU
Pooling size 3x3

Dropout Layer Excludes 30% neurons randomly
First Fully connected Layer 512 nodes, ReLU
Dropout Layer Excludes 30% neurons randomly
Second Fully Connected Layer 512 nodes, ReLU
Dropout Layer Excludes 30% neurons randomly
Output Layer 12 nodes for 12 classes, SoftMax
Optimization Function Stochastic Gradient Descent (SGD)
Learning Rate 0.002

Metrics Loss, Accuracy

4.3 Classification Result

This statement is supported by additional performance
measures outlined in Tab. 2. As depicted in Fig. 9 and Fig.
10. The tight agreement between training and testing
accuracy across each epoch suggests that the use of data
augmentation strategies helped the model avoid overfitting.

To evaluate further the model's adaptability, the
experiment was repeated using a train-test split of 75-45.
Remarkably, the accuracy achieved for this split
configuration was 95.2% and 97.5%, indicating the model's
ability to perform well even on a larger test set.

Table 2 Details of performance measure

Performance CNN CNN
measure without augmentation with augmentation
Precision 0.9176 0.9869
Recall 0.9432 0.9834
F-Measure 0.9365 0.9832
Accuracy, % 93.43 97.46
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Figure 9 Train Accuracy for various optimizer
(Adam and RMSprop shows best accuracies namely 95.2 and 97.5 %)

The training loss values you mentioned for RMSprop
(0.071) and Adamgrad (0.0734) as shown in fig 10 indicate
that both optimizers are performing similarly in terms of
minimizing the loss during training. While there is a slight
difference between the two values, it is not significant
enough to distinguish easily their performance based solely
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on the training loss. When comparing optimizers, it is
important to consider multiple factors beyond just the
training loss.

Optimizer
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Figure 10 Train Loss for various optimizer
(RMSprop 0.071 Adamgrad 0.0734 again a close call to distinguish)

Based on the Tab. 3, it appears to contain results for
different training epochs, optimizers, activation functions,
and evaluation metrics for a specific model. Let us break
down each column to understand the information it
represents:

Epochs: The model underwent two epochs of training.

RMSprop was employed as the optimisation algorithm
during the training process.

Activation Function: The layers of the neural network
made use of the ReLU activation function.

After two training epochs, the training loss was 0.28154.
This shows the typical discrepancy between the training
dataset's predicted and actual values. Better performance is
indicated by lower values.

Train_Accuracy: After two epochs, the training accuracy
was 0.91381. It displays the proportion of samples in the
training set that were correctly categorised.

Train_Precision: After two epochs, the training precision
was 0.23096. Precision is the percentage of all positively
anticipated instances in the training set that were accurately
predicted.

Train_Recall: After two epochs, the training recall was
0.99738. Recall quantifies the percentage of positive
instances in the training set that were properly predicted out
of all the actual positive instances.

Val Loss: After two epochs, the validation loss was
0.26574. This shows the typical discrepancy between the
validation dataset's predicted and actual values. Lower values
imply more accurate generalisation.

Val Accuracy: After two epochs, the validation
accuracy was 0.98667. It shows the proportion of samples in
the validation set that were correctly categorised.

Val Precision: After two epochs, the validation
precision was 0.99982. Precision is the percentage of all
positively predicted cases in the validation set that were
accurately predicted.

Val Recall: After two epochs, the validation recall was
0.043908. Measures the percentage of correctly predicted
favourable outcomes.

These values provide insights into the model's
performance at the specified training stage. The table
provides a snapshot of the model's performance metrics at
different training epochs, displaying how the optimizer,
activation function, and training progress influence the
model's accuracy, loss, precision, and recall values.

Table 3 Detailed results

g
2 >
g 2 § § :N » § g =
= o =1 Bt O 7] = RZ) <
imi ol - 8 2 & S 5 5 E
Epochs Optimizer o i < & | | ] 2 ~
S g ! ! g = < &~ =
5 = 2 : g > 3 = g
B s s = > >
<
RMSprop relu 0.28154 0.91381 0.23096 0.99738 0.043908 0.98667 0.26574 0.99982
7 RMSprop softsign 0.07608 0.97992 0.25867 0.99937 0.130949 0.97315 0.31932 1
10 RMSprop softsign 0.06242 0.98294 0.27277 0.99944 0.019199 0.99519 0.4014 0.99963
3 RMSprop softsign 0.18316 0.94548 0.23709 0.99921 0.064611 0.97593 0.26 1
1 RMSprop elu 1.41317 0.52857 0.18546 0.89111 0.289114 0.92093 0.23752 0.99926

In scenarios where there are limited datasets, particularly
with only 175 images for each gesture, both networks achieve
a recognition rate exceeding 96.8%. This observation
suggests that using a TOF camera to collect images based on
depth information effectively mitigates the interference
caused by other factors during feature extraction.

As the number of datasets increases, the data recognition
rate also improves. Augmenting the datasets enhances the
network's resilience against complex environmental
disturbances. A higher recognition rate establishes a solid
foundation for subsequent classification tasks.

Based on the information presented in Fig. 9 and Fig. 10
it can be observed that the improved network outperforms

Faster R-CNN in terms of gesture classification accuracy
across various datasets. Specifically, the improved network
achieves a recognition accuracy of 83% when working with
175 images for each gesture. This accuracy surpasses the
recognition performance of Faster R-CNN, indicating the
superiority of the improved network in gesture classification.

The improved network demonstrates notable
improvements in accuracy compared to the traditional
network. When working with 300 images for each gesture,
the improved network achieves a recognition accuracy of
94.8%. Remarkably, this accuracy is comparable to the
recognition accuracy of the traditional network trained on
100 times the amount of data.
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Furthermore, when there are 600 images for each
gesture, the improved network achieves an accuracy of
97.5%, slightly surpassing the performance of Faster R-
CNN. This demonstrates the effectiveness of the proposed
network in achieving higher accuracy, regardless of whether
the dataset is small or large.

5 CONCLUSION

In this project, a practical ASL (American Sign
Language) recognition system has been developed
specifically for individuals with hearing and speech
impairments. The system utilizes real-time vision technology
to identify accurately ASL alphabets. By implementing two
layers of algorithms, the system is able to effectively predict
and validate symbols that bear close resemblance to each
other. Consequently, the system consistently recognizes the
symbols as long as they are displayed clearly, without any
background noise, and with sufficient illumination.

When there are few datasets available, especially when
there are only 175 photos for each move, both networks are
able to recognise more than 96.8% of the gestures. This
finding implies that the influence from other elements during
feature extraction can be efficiently reduced by employing a
TOF camera to collect images based on depth information.

Across several datasets, it can be seen that the enhanced
network performs better than Faster R-CNN in terms of
gesture categorization accuracy. Specifically, using 175
photos for each move, the upgraded network obtains an 83%
recognition accuracy. This accuracy outperforms Faster R-
CNN's performance in gesture classification, demonstrating
the supremacy of the upgraded network.
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