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Abstract— The "'Sign Language Recognition” is an
innovative idea, focusing on the recognition and use of
sign languages to understand and communicate with
others. People with hearing and speaking impairments
are often overlooked and left out in today’s fast
culture. They face a lot of problems while
communicating with people who are different from
them. So, it is necessary to know sign language in
order to communicate with deaf people. The main aim
of the study is to use sophisticated computer vision and
ML methods to break through these communication
problems. The system examines image information for
identifying and to understand different signs. This
technology allow users to understand and interact with
disable people seamlessly. The project prioritizes
accuracy, ensuring good learning and recognition of
signs for users. Our project uses sign language to try
and eliminate the basic communication gap that exists
between normal people and deaf and dumb people. We
can do this with the aid of CNN.

Keywords—: CNN, MobileNet, Sign Recognition,
Machine learning, Computer vision.

INTRODUCTION

sign language is a non-verbal means of communication
that employs visual gestures SL recognition is a vital
technology for bridging communication gaps between the
individuals who are deaf or hard of hearing and those
unfamiliar with sign language[1]. CNN offer a powerful
solution for image classification tasks, making them well-
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suited for interpreting sign language gestures[3]. When
coupled with the lightweight and efficient MobileNet
architecture, designed for mobile and edge devices, the
result is a system capable of real-time sign language
recognition[6]. The process begins with the collection of a
diverse dataset of sign language gestures, followed by
data preprocessing techniques such as resizing and
normalization. The model architecture involves designing
a CNN with MobileNet as feature extractor, leveraging
transfer learning by initializing with pre-trained weights
and fine-tuning for the specific sign language task.
Training, validation, and evaluation phases ensure the
model's effectiveness, with metrics like accuracy and
precision. Once trained, the model can be deployed to
mobile devices, offering real-time inference and
facilitating improved accessibility for individuals using
SL in various settings[6].

Gesture Variability Handling: Because of its strong
feature extraction capabilities, CNNs with MobileNet
design are excellent at handling the variability in SL
motions.

Effective Model Deployment: Real-time SLR without the
necessary for a lot of processing power is made possible
by MobileNet's lightweight design, which makes it easy to
deploy on mobile and edge devices.

Benefits of Transfer Learning: Using pre-trained
MobileNet weights in conjunction with transfer learning
speeds up model convergence and improves performance,
particularly whenever there is shortage of training data.
Real-time Accessibility: SL recognition technologies
enable deaf or hard-of-hearing people to communicate
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more successfully in a variety of circumstances by
enabling real-time inference on mobile devices.
Continuous Improvement: By putting in place systems for
ongoing learning, sign language may adapt to new
gestures and variations throughout time, keeping the
model current and useful.

Privacy and Security: Users' private visual information
recorded during sign language communication is protected
by strong privacy safeguards such data encryption and
compliance with privacy laws.

BACKGROUND

convolutional neural networks for SLR using deep
learning techniques, MobileNet is a unique strategy that
improves communication for those with speaking and
hearing impairments. This technology has a wide range of
applications that show significant potential, including
real-time translation, accessibility tools, and instructional
materials. This technology holds significant promise in
various applications, including real-time translation,
accessibility  tools, and educational  resources.
Convolutional Neural Networks are a class of deep neural
networks particularly effective in image recognition tasks.
By leveraging hierarchical feature learning, CNNs can
automatically extract meaningful attributes from raw
image data. MobileNet, a lightweight CNN architecture
developed for mobile and embedded devices, is
particularly well-suited for real-time applications due to
its computational efficiency.

CONVOLUTIONAL NEURAL NETWORK
ALGORITHM

A family of deep neural networks known as convolutional
neural networks is mostly employed for the analysis of
visual imagery. They work especially well on tasks like
segmentation, object detection, and picture recognition.
CNNs use convolutional layers to leverage the spatial
structure of pictures, in the overview to classic neural
networks. Convolutional, pooling, and fully connected
layers are the three basic types of layers that make up a
CNN.Through a technique known as backpropagation,
CNNss are trained on labeled datasets. The model modifies
its weights and biases to reduce the discrepancy between
the true labels and its predictions. Usually, optimization
methods like Stochastic Gradient Descent or its variations
are used in this procedure.CNNs have several benefits,
one of which is their automatic learning of hierarchical.

MobileNet:

MobileNet is a CNN architecture particularly developed
for efficient execution on mobile and embedded devices.It
uses depthwise separable convolutions, which divide the
conventional convolution into depthwise and pointwise
processes. Convolutional layers, depthwise separable
convolution layers, pointwise convolution layers, batch
normalization layers, ReL U activation layers, and optional
pooling layers are the common layers that make up a
MobileNet. Whereas pointwise convolution combines the

outputs of depthwise convolution with a 1x1 convolution
to enable cross-channel communication, depthwise
convolution uses a single convolutional filter per input
channel, lowering computational consumption.

METHODOLOGY

The code teaches a computer to understand SL letters by
showing it lots of pictures of hand signs and telling it what
each sign means. It then trains the computer to recognize
these signs in new pictures. After training, the computer
can look at a new picture of a sign and guess what letter it
represents. This helps people who use SL communicate
more easily with computers and technology. The system
starts by importing necessary libraries such as OpenCV
(cv2), NumPy (np), Pandas (pd), Matplotlib (plt),
TensorFlow, and its components. These libraries provide
functionalities for image processing, data manipulation,
visualization, and deep learning.

Function Definitions:

get_paths_labels: This function retrieves file paths and
their corresponding labels from a specified directory and
returns them as a DataFrame.

get_image: Reads an image from a given path using
OpenCV and converts it from BGR to RGB format.
visualize_samples: Visualizes a random set of samples
from a given data.

Generator.process: Preprocesses an image for a model by
resizing it and applying MobileNet preprocessing.
visualize_classifications:  Visualizes  the  model's
classifications on a random set of samples.

Reading Datasets: The system reads the training dataset
using get_paths_labels and prints the first few entries and
class counts. This step provides an overview of the dataset
being used for training.

Data Generators: Two data generators (train_images and
val_images) are created using ImageDataGenerator for
training and validation sets. Data generators generate
batches of augmented data during training, improving
model generalization.

Visualization of Samples: The code visualizes some
samples from the training set using visualize_samples.
This step allows for a visual inspection of the dataset to
ensure data integrity and diversity.

Neural Network Architecture: It loads the MobileNet
model without the top layer and freezes its weights.
MobileNet serves as the feature extractor because of its
efficiency and effectiveness in image classification tasks.
More number of layers are added for classification, and a
new model is created. This step customizes the MobileNet
design for the specific sign language classification task.
An Adam optimizer is defined. Adam optimization
algorithm is chosen for efficient model training.

Model Compilation: Model is compiled with categorical
cross-entropy loss and accuracy metrics. Categorical cross
entropy is suitable for multi-class classification tasks like
sign language recognition.

Model Training: Model is trained using the fit function for
a specified number of epochs. During training, the model
learns to classify sign language images based upon the
provided training data.
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Saving the Model: Trained model is saved to a file. This
step preserves the trained model's parameters and
architecture for future use without retraining.

Plotting Training History: The training and validation
accuracy/loss are plotted over epochs. Visualizations
provides insights into the model's learning progress and
helps to identify overfitting or underfitting.

Loading Trained Model: The trained model is loaded from
the saved file. This step allows for reusing trained model
for inference without repeating the training process.
Visualizing Classifications: The model's classifications on
the validation set are visualized using
visualize_classifications: This visualization assesses the
model's performance on the unseen data and identifies any
misclassifications or patterns.

Prediction on New Image: A new image is loaded,
preprocessed, and fed into the model for prediction. This
step demonstrates how the model which was trained can
be used for classifying unseen sign language images.
Overall, the provided code demonstrates a comprehensive
pipeline for training a classification model on SL alphabet
images, including data preprocessing, evaluation, and
inference on new image.

Figl: sign language for letter C

Fig 2: Good Prediction Fig 3: Bad Prediction
Fig. 2. Example of predicting signs. If the user provide a
pic of letter C as above then these are the two predictions
given by system one good one and another bad one.

If the system recommends a wrong prediction, it would be
due to several reasons:

Insufficient Training Data: The working system might not
have exposed to enough diverse examples during training,
leading to gaps in its understanding of certain gestures.
Complexity of Gestures: Some SL gestures may be
inherently complex or similar to others, making it
challenging for the system to differentiate between them
accurately. Ambiguity in Images: The images fed into the
system for prediction may be unclear or ambiguous,
making it much difficult for the system to accurately
interpret the intended gesture.

Model Limitations: The neural network architecture or
parameters chosen for the model might not optimal for
the SL recognition task, leading to inaccuracies in
predictions. Environmental Factors: External factors such
as poor lighting conditions or occlusions in the pictures
could impact the system's ability to accurately recognize
gestures. Human Error: Errors in labeling training data or
misinterpretation of gestures during model evaluation can
also contribute to incorrect predictions.

RESULT ANALYSIS

In evaluating a SLR system utilizing CNN and MobileNet
architectures, key metrics include accuracy, efficiency,
and robustness. Both architectures offer distinct
advantages; while CNNs may excel in accuracy,
MobileNet's lightweight design often provides faster
inference on resource-constrained devices. Analysis
should encompass robustness to variations, resource
requirements, and generalization, with qualitative
evaluation revealing potential areas for improvement,
aiding in refining the system's performance and usability.
By tuning hyperparameters and evaluating models on
separate test sets, the experiment would assess ability to
generalize to unseen data and their robustness to factors
like noise and lighting conditions. Comparisons with
baseline models or benchmark algorithms would help
gauge the effectiveness of the proposed system, while
statistical analysis would ensure the reliability of the
findings. Overall, the experiment results would inform
decisions about model selection, parameter tuning, and
deployment strategies in SLR.
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Fig 4: Training and validation loss
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Training and validation accuracy
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Fig 5: Training and validation accuracy

Training accuracy is the proportion of correctly classified
training examples that the model can recognize. It is
represented by the blue line in the graph.Validation
accuracy is the proportion of correctly categorized
validation cases that the model is able to detect. It is
represented by the green line in the graph. The model is
considered to have had epochs when it has seen all
training data. The x-axis of the graph shows the total
number of epochs. The precision of the graph is shown on
the y-axis. Achieving more accuracy in training and
validation is crucial. However, overfitting occurs when a
model fails to generalize successfully because it learns the
training set too quickly. Overfitting is indicated if the
validation accuracy begins to decline while the training
accuracy continues to rise. Training accuracy and
validation accuracy on the graph seem to be rising
together, which is encouraging. Whether the model is
overfitting or not is difficult to say for sure without more
information. A training and validation loss accuracy curve
is depicted in the image. Graphs are frequently used in
machine learning to track a model's performance during
training. One training epoch is one full run through the
training dataset, and the graph's x-axis indicates how
many epochs there are.The loss, which shows how
effectively the model is working, is represented on the y-
axis.

CONCLUSION

In summary, SL Recognition has enormous potential to
decrease communication barriers for the community of
people with hearing impairments. SL recognition
technology holds immense promise for bridging
communication barriers between the deaf and hearing
communities. Its development marks a significant step
towards inclusivity and accessibility in various domains,
including education, healthcare, and social interaction.
While advancements have been made, challenges remain,
particularly in achieving real-time accuracy and adapting
to diverse signing styles and environments. Convolutional
neural networks, in particular, have demonstrated
encouraging results in accurately interpreting and
converting sign language gestures into meaningful text
when wused in conjunction with other cutting-edge

technology. As research and development in this sector
progress, SLR systems could enhance accessibility,
inclusivity, and communication between individuals with
hearing impairments, thereby fostering a more cohesive
and welcoming community. The population of people who
are deaf or hard of hearing can greatly benefit from
ongoing efforts to improve these technologies and
encourage their widespread integration.
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