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Abstract—Sign language is an important and expressive method
of communication used by individuals who are deaf or hard of
hearing. However, communication difficulties often arise when
interacting with people who do not understand sign language. To
overcome this issue, this research presents SignTalk Al, a real-
time sign language recognition system that converts hand gestures
into readable text and spoken output using artificial intelligence
and computer vision techniques. The proposed system utilizes a
Convolutional Neural Network (CNN) trained on the American
Sign Language (ASL) Alphabet Dataset to recognize hand gestures
captured through a webcam. Video frames are processed continu-
ously, and the region containing the hand gesture is extracted and
prepared before being passed to the trained model for classification.
To improve prediction stability, the system uses a frame-based
prediction smoothing method along with confidence threshold
filtering. In addition, MediaPipe hand detection is integrated so that
predictions are generated only when a hand is detected in the frame,
which helps reduce noise and improves system reliability. The
recognized gestures are displayed as text and can also be converted
into speech using text-to-speech technology. A web application
built with Flask and OpenCV provides real-time visualization
of gestures, prediction tracking, sentence generation, and voice
output. Experimental results show that the system performs with
high recognition accuracy and stable real-time performance under
normal conditions. This solution can assist speech- and hearing-
impaired individuals in communication and can be extended in the
future to support continuous sign interpretation and mobile-based
applications.

Index Terms—Sign Language Recognition, Deep Learning,
CNN, Computer Vision, ASL.

I. INTRODUCTION

Human interaction strongly depends on effective communi-
cation. However, people who have hearing or speech disabil-
ities may experience communication challenges when inter-
acting with individuals who do not understand sign language.
Sign language serves as an essential communication medium
for the deaf and hard-of- hearing community, but the lack
of widespread knowledge of this language creates barriers in
everyday interactions.
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Advances in artificial intelligence and computer vision have
led to the development of automated systems capable of ana-
lyzing visual patterns... Deep learning approaches, especially
Convolutional Neural Networks (CNNs), have shown strong
performance in image classification and gesture recognition
tasks. These technologies enable the development of systems
that can identify sign language gestures and convert them into
understandable information in real time. This study introduces
SignTalk Al, a real-time sign language recognition system
designed to translate hand gestures into text and speech. The
system uses a CNN model trained on the ASL Alphabet
Dataset to identify gestures captured through a webcam. Each
video frame is processed to isolate the hand region, which is
then analyzed by the model to determine the corresponding
letter. Once the gesture is recognized, the system displays the
output as text and optionally converts it into speech using text-
to-speech technology. Furthermore, the system includes a web-
based interface that enables users to observe real-time gesture
recognition results, track predictions, and form sentences using
the detected characters.

A. Background of Sign Language Communication

Sign language is a visual form of communication that
conveys meaning using hand gestures, facial expressions, and
body movements. American Sign Language (ASL) is widely
used by the deaf community and includes gestures representing
the alphabet, numbers, and words. Despite its effectiveness,
communication between sign language users and non-signers
can be difficult because many people are not familiar with
sign language. As a result, intelligent systems that can auto-
matically recognise sign language gestures can significantly
improve accessibility and communication.

B. Challenges in Sign Language Recognition

Developing an accurate sign language recognition system
involves several challenges. Variations in hand shapes, gesture
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orientation, and lighting conditions can affect recognition of
accuracy. Additionally, some gestures appear visually similar,
which makes classification more complex. Real-time systems
must also process video frames quickly while maintaining high
prediction accuracy. These challenges require robust machine
learning models and efficient image processing techniques.

C. Role of Artificial Intelligence in Gesture Recognition

Artificial intelligence, particularly deep learning, has signifi-
cantly improved the ability of computers to recognize complex
visual patterns. Convolutional Neural Networks automatically
learn features from image data, making them highly effective
for gesture recognition tasks. When trained on large datasets of
labeled images, CNN models can accurately classify different
hand gestures and enable real-time recognition systems using
standard cameras.

D. Objectives of the Proposed System

This study aims to develop an intelligent system capable of
recognizing sign language gestures in real time and converting
them into text and speech. The specific objectives are:

o To develop a CNN-based model for recognizing ASL
alphabet gestures.

o To implement real-time gesture recognition using web-
cam input.

o To improve prediction reliability using confidence filter-
ing and stabilization techniques.

o To design a web-based interface for displaying predic-
tions and building sentences.

o To provide text-to-speech output to assist communication.

II. LITERATURE REVIEW

Sign language recognition has attracted significant research
attention due to its potential to improve communication for
individuals with hearing and speech impairments. Over time,
different approaches have been studied and developed, ranging
from sensor-based systems to modern deep learning tech-
niques. Earlier studies primarily relied on specialized hardware
devices to capture hand movements, while recent research
focuses on vision-based methods that utilize cameras and
artificial intelligence algorithms for gesture recognition.

A. Traditional Methods for Sign Language Recognition

Early sign language recognition systems commonly used
sensor-based technologies such as data gloves, motion sen-
sors, and wearable devices to capture hand movements and
finger positions. These systems relied on sensors to detect
gesture coordinates and convert them into interpretable signals.
Although sensor-based methods provided relatively accurate
gesture tracking, they required specialized hardware, making
them expensive and less practical for everyday use.

In addition, the requirement of wearing gloves or sensors
limited user comfort and reduced the accessibility of such
systems. These limitations encouraged researchers to explore
alternative approaches that rely on camera-based gesture
recognition, which is more convenient and cost-effective.
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B. Deep Learning Approaches for Gesture Recognition

With advances in artificial intelligence, deep learning tech-
niques have become widely used for gesture recognition tasks.
In particular, Convolutional Neural Networks (CNNs) have
demonstrated excellent performance in image classification
and pattern recognition applications. CNN models can extract
important features from images without manual intervention.

Several studies have applied CNN-based models for recog-
nizing hand gestures in sign language datasets. These models
are capable of identifying complex visual patterns such as
finger positions and hand shapes with high accuracy. Deep
learning approaches have significantly improved the perfor-
mance of sign language recognition systems, especially when
large datasets are available for training.

C. Vision-Based Sign Language Recognition Systems

Camera-based sign language recognition systems capture
hand gestures using visual input devices and process them
using computer vision techniques. These systems typically
involve several steps, including image acquisition, prepro-
cessing, feature extraction, and gesture classification. Recent
research has integrated deep learning models with real-time
video processing to achieve efficient gesture recognition.

Vision-based systems are more accessible than sensor-based
systems because they do not require specialized equipment.
Instead, they rely on standard cameras such as webcams
or smartphone cameras. Additionally, frameworks such as
OpenCV and MediaPipe have made it easier to implement
real-time hand detection and gesture recognition.

D. Limitations of Existing Systems

Despite significant progress in sign language recognition,
several limitations remain in existing systems. Many systems
struggle with variations in lighting conditions, background
noise, and hand orientations, which can affect recognition
of accuracy. Additionally, some approaches focus only on
static gestures and do not effectively handle continuous sign
language interpretation.

Another limitation is the lack of real-time performance in
some systems, especially when complex models are used.
Achieving a balance between recognition accuracy and pro-
cessing speed remains a challenge. Therefore, developing
efficient systems that provide accurate and stable gesture
recognition in real-time environments continues to be an
important area of research.

III. PROPOSED SYSTEM

The proposed system, SignTalk Al, is designed to recognize
sign language gestures in real time and convert them into
readable text and speech. The system integrates computer vi-
sion techniques with a Convolutional Neural Network (CNN)
model to identify hand gestures corresponding to the alphabet
of American Sign Language (ASL). Live video frames cap-
tured through a webcam are processed to detect hand gestures
and classify them using the trained deep learning model. The
recognized gestures are displayed as text and can also be
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converted into speech using text-to-speech technology. A web-
based interface enables real-time visualization of predictions
and sentence formation.

A. System Overview

The system captures live video input using a webcam and
processes each frame to detect hand gestures. A hand detection
module identifies the Region of Interest (ROI) containing the
gesture, which is then resized and normalized before being
passed to the CNN model. The trained model predicts the
corresponding ASL alphabet along with a confidence score.
To improve prediction stability, the system evaluates multiple
consecutive frames before confirming the detected gesture.
The predicted letters are displayed on the interface and can
be combined to form words or sentences.

B. Key Features of the Proposed System

The developed system contains several key features:

o Real-Time Gesture Recognition using webcam input

o CNN-Based Classification for accurate gesture prediction
o tem Hand Detection to improve gesture localization

o Prediction Stabilization for reliable recognition results

o Web-Based Interface for real-time visualization

o Sentence Formation and Text-to-Speech Output

C. Advantages of the Proposed Approach

The proposed system offers several advantages compared
to traditional methods. It eliminates the need for special-
ized hardware such as sensor gloves by using a camera-
based approach. The integration of deep learning improves
recognition accuracy, while prediction stabilization ensures
consistent results. Additionally, the system provides real-time
performance and includes a user-friendly interface with speech
output, making it a practical assistive communication tool.

IV. SYSTEM ARCHITECTURE

The architecture of the proposed SignTalk Al system is
designed to recognize sign language gestures in real time using
computer vision and deep learning techniques. The system
processes video input captured from a webcam and converts
hand gestures into text and speech. The architecture consists of
several interconnected modules, including video capture, hand
detection, image preprocessing, gesture classification using a
Convolutional Neural Network (CNN), and output generation.

The system operates in a sequential pipeline where each
module performs a specific task to ensure accurate and effi-
cient gesture recognition.

Initially, video frames are captured through the webcam
and analyzed to detect the presence of a hand. Once the
hand region is identified, the relevant portion of the frame
is extracted and processed before being passed to the trained
deep learning model for classification. The predicted output is
then displayed on the interface and can also be converted into
speech.

The proposed SignTalk AI system follows a sequential
pipeline for real-time sign language recognition. Initially,
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video frames are captured using a webcam and processed to
detect the presence of a hand using MediaPipe. Once a hand
is detected, the region containing the gesture is extracted and
preprocessed before being provided as input to the trained
Convolutional Neural Network (CNN) model. The CNN model
classifies the gesture and predicts the corresponding sign
language alphabet with a confidence score. The predicted
letters are then used to build words or sentences, which can
be converted into speech using text-to-speech technology. This
architecture enables efficient and real-time gesture recognition
for assistive communication.

A. Overall System Architecture

The overall architecture of the proposed system integrates
multiple components that work together to perform gesture
recognition. The first step of the system involves capturing
live video input through a webcam.

A hand detection module identifies whether a hand is
present within the frame. When a hand is detected, the system
extracts the Region of Interest (ROI) containing the gesture.
The extracted gesture image is then resized and normalized to
match the input requirements of the trained CNN model.

The deep learning model processes the image and predicts
the corresponding American Sign Language alphabet along
with a confidence score. The recognized gesture is displayed
on the web interface, and the predicted letters can be combined
to form words or sentences. Additionally, the system supports
text-to-speech conversion to generate audible output.

B. Data Flow of the Recognition System

The data of the proposed recognition system follows a
structured sequence of processing steps. First, the webcam
continuously captures video frames that are passed to the hand
detection module.

The system then checks whether a hand is present in the
frame. If a hand is detected, the system extracts the relevant
region containing the gesture.

The extracted image undergoes preprocessing steps such
as resizing and normalization. The processed image is then
provided as input to the CNN model, which performs gesture
classification. The model generates prediction probabilities for
all gesture classes, and the gesture with the highest confidence
score is selected as the final prediction.

To ensure consistent predictions, the system uses a stabi-
lization mechanism that analyzes multiple consecutive frames
before confirming a gesture. Once confirmed, the predicted
letter is displayed on the interface and added to the sentence
builder module.

C. Real-Time Gesture Processing Pipeline

The real-time gesture processing pipeline enables the sys-
tem to recognize gestures efficiently while maintaining stable
predictions. The pipeline begins with capturing live video
frames and detecting the hand region within each frame. After
extracting the region of interest, the image is preprocessed and
passed to the CNN model for classification.
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Fig. 1. System Architecture and Real-Time Processing Pipeline of SignTalk

The model predicts the corresponding gesture, and the
system evaluates the confidence level of the prediction. A
buffering mechanism stores predictions from several consec-
utive frames and selects the most frequent result to reduce
noise and incorrect predictions. The final recognized gesture is
then displayed on the web interface and optionally converted
into speech. This pipeline ensures that the system operates
efficiently in real- time environments while maintaining high
recognition accuracy and stable outputs.

V. DATASET DESCRIPTION

The effectiveness of a sign language recognition system is
highly influenced by the quality and variety of the dataset used
for training. In this research, the American Sign Language
(ASL) Alphabet Dataset is used to train the Convolutional

Neural Network (CNN) model for gesture classification. The
dataset contains labeled images representing different ASL
alphabet gestures captured under controlled conditions. These
images provide sufficient variation in hand shapes and orienta-
tions, enabling the model to learn the visual features required
for accurate gesture recognition.

A. ASL Alphabet Dataset

o The ASL Alphabet Dataset consists of images repre-
senting hand gestures corresponding to the letters of the
English alphabet used in American Sign Language. Each
gesture represents a specific alphabet sign, allowing the
system to translate hand movements into text.

o The dataset used in this study contains 29 classes, includ-
ing the 26 alphabet gestures (A—Z) and three additional
classes: “space,” “delete,” and “nothing.” These additional
classes help the system handle real-time gesture interac-
tion by allowing users to insert spaces between words or
remove incorrect letters.

o The dataset includes thousands of images collected from
different individuals, ensuring diversity in hand shapes
and gesture positions. This diversity improves the model’s
ability to generalize and recognize gestures from different
users.

ﬁ#‘é

Fig. 2. Sample images from the ASL Alphabet Dataset representing different
hand gesture classes.

B. Dataset Structure

The dataset is organized into separate folders for each
gesture class. Each folder contains multiple images represent-
ing the corresponding ASL alphabet gesture. The images are
labeled according to their gesture category, which allows the
deep learning model to learn the relationship between the
image features and the corresponding alphabet.

The dataset is divided into two main subsets: a training
dataset and a testing dataset. The training dataset is used to
train the CNN model by allowing it to learn visual patterns
from labeled gesture images. The testing dataset is used to
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evaluate the performance of the trained model and measure
its ability to correctly recognize unseen gesture images. This
structured organization of the dataset simplifies the process of
loading and preprocessing the data during model training.

C. Data Preprocessing

Before training the CNN model, the dataset images undergo
several preprocessing steps to ensure consistent input format
and improve model performance. First, all images are resized
to a fixed resolution of 64 x 64 pixels, which matches the input
requirements of the CNN model. Resizing the images reduces
computational complexity and ensures uniformity across all
input samples.

Next, pixel values are normalized by scaling them to a range
between 0 and 1. This normalization step improves the stability
of the training process and helps the neural network learn
more effectively. Additionally, the images are converted into
numerical arrays so that they can be processed by the deep
learning framework.

These preprocessing steps ensure that the dataset is properly
prepared for training the CNN model used in the proposed sign
language recognition system.

Captured Video Frame

I

Hand Detection
MediaPipe

'

Region of Interest
ROI Extraction

I

Image Resizing
64 x B4 pixels

)

Pixel Normalization
0-1 Scaling

!

Input Image to CNN Model

Fig. 3. Image preprocessing pipeline used to prepare gesture images before
being provided as input to the CNN model.
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VI. METHODOLOGY

The SignTalk AI system is developed using both computer
vision techniques and deep learning approaches to recognize
gestures in real time. The methodology consists of several
sequential stages, including image acquisition, hand detection,
gesture extraction, preprocessing, gesture classification using
a Convolutional Neural Network (CNN), and prediction re-
finement. Each stage contributes to achieving accurate and
consistent gesture recognition.

A. Image Acquisition Using Webcam

The first step of the recognition process involves capturing
live video frames using a webcam. The webcam continuously
records the user’s hand gestures and sends each frame to the
system for further processing. These frames serve as the raw
input for the gesture recognition pipeline. Capturing frames
in real time allows the system to detect and classify gestures
dynamically as the user performs them.

B. Hand Detection Using MediaPipe

After capturing the video frame, the system utilizes Medi-
aPipe, a computer vision framework, to detect the presence of
a hand in the frame. MediaPipe identifies hand landmarks and
ensures that gesture recognition is performed only when a hand
is detected. This step helps eliminate unnecessary predictions
and improves the reliability of the system by focusing only on
frames containing hand gestures.

C. Region of Interest Extraction

Once a hand is detected, the system extracts the Region of
Interest (ROI) from the captured frame. The ROI represents
the area containing the hand gesture. By isolating the gesture
region, the system removes irrelevant background information
and focuses on the hand shape. This improves classification
accuracy and reduces computational complexity.

D. Image Preprocessing

Before the gesture image is provided to the deep learning
model, several preprocessing steps are applied. The extracted
RO is resized to a fixed resolution of 64 x 64 pixels, ensuring
consistency across all input images. Pixel values are then
normalized to a range between O and 1 to improve model
stability and training efficiency. These preprocessing steps
ensure that the input image matches the format expected by
the CNN model.

E. Convolutional Neural Network Model

The core component of the system is the Convolutional
Neural Network (CNN) model used for gesture classification.
CNNs are well suited for image recognition tasks because
they automatically learn hierarchical visual features from input
images. The model analyzes the processed gesture image and
predicts the corresponding sign language alphabet.

The CNN architecture consists of multiple convolutional
layers for feature extraction, pooling layers for dimensionality
reduction, and fully connected layers for classification. The
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final output layer uses a softmax activation function to generate
probability scores for each gesture class.The gesture with the
highest score is selected as the final prediction.

F. Prediction Stabilization Technique

To improve the stability of gesture recognition, the system
employs a prediction stabilization technique. Instead of relying
on predictions from a single frame, the system evaluates
predictions across multiple consecutive frames. A buffering
mechanism stores recent predictions and selects the most
frequently occurring gesture as the final output. This approach
reduces noise and prevents incorrect predictions caused by
sudden hand movements or temporary misclassifications.

G. Confidence Threshold Filtering

The system also applies confidence threshold filtering to
ensure reliable predictions. Each prediction generated by the
CNN model is associated with a confidence score. The system
accepts a prediction only if the confidence value exceeds a pre-
defined threshold. Predictions with low confidence are ignored,
which helps reduce errors and improves overall recognition
accuracy.

Input Image (64 x 64 x 3)

!

Convolutional Layers

Fully Connected Layers

!
!

oftmax Output

Gesture Classes)

VII. IMPLEMENTATION

The proposed sign language recognition system was imple-
mented using Python and various computer vision and deep
learning libraries. The implementation consists of four major
components: model training, real-time gesture recognition,
web interface development, and sentence generation with text-
to-speech output. These components collectively support real-
time sign language interpretation.
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A. Model Training Process

The gesture recognition model was trained using the ASL
Alphabet Dataset, which contains images representing hand
gestures corresponding to different sign language alphabets.
The dataset includes multiple samples for each gesture class,
enabling the model to learn variations in hand orientation and
lighting conditions.

During training, the images were resized to 64 x 64 pixels
and normalized to improve training efficiency. A Convo-
lutional Neural Network (CNN) was used to learn spatial
features from gesture images. The network was trained for 10
epochs, and the trained model was saved in HDF5 format (.h5)
for later use in the real-time recognition system. After training,
the model achieved high classification performance, enabling
accurate recognition of sign language alphabets during real-
time testing.

B. Real-Time Gesture Recognition Module

The real-time recognition module processes live video
captured through the system webcam. Each video frame is
analyzed using MediaPipe, which detects hand landmarks and
confirms the presence of a hand gesture.

Once a hand is detected, a Region of Interest (ROI) is
extracted from the frame. The extracted image is resized
and normalized before being passed to the trained CNN
model. The model predicts the corresponding gesture class
and generates a confidence score indicating the reliability of
the prediction.

To improve prediction stability, the system evaluates ges-
ture predictions across multiple frames and selects the most
frequent result. This approach reduces noise and improves the
reliability of real- time gesture recognition.

¥ SignTalk Al - Real-Time Sign Language Recognition

Fig. 4. Web interface displaying real-time gesture detection, prediction results,
and sentence formation.

C. Web Interface Development Using Flask

A web-based user interface was developed using the Flask
web framework to display the gesture recognition results.
The interface provides real-time video streaming, gesture
predictions, confidence scores, and system status indicators.
The Flask backend processes camera frames and commu-
nicates prediction results to the front-end interface through
API endpoints. The interface dynamically updates prediction

Page 6

(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)



Published by :
https://lwww.ijert.org/
An International Peer-Reviewed Jour nal

International Journal of Engineering Research & Technology (I1JERT)
I SSN: 2278-0181
Vol. 15 Issue 04, April - 2026

information without refreshing the page, enabling smooth real-
time interaction.

D. Sentence Formation and Text-to-Speech Module

To make the system more practical for communication,
a sentence formation module was implemented. Instead of
displaying individual letters, the system collects recognized
characters and gradually forms words or sentences. Users
can manage the generated text using controls such as space,
delete, and clear options. Once a complete word or sentence
is formed, the system converts the text into speech using a
text-to-speech engine. This functionality allows sign language
gestures to be translated into audible speech, enabling commu-
nication between sign language users and non-sign language
speakers.

VIII. EXPERIMENTAL RESULTS AND DISCUSSION

This section presents the experimental results obtained from
training the proposed CNN model and evaluating its perfor-
mance in real-time sign language recognition. The evaluation
includes training performance, real- time prediction behavior,
accuracy analysis, and overall system performance.

A. Model Training Performance

The Convolutional Neural Network (CNN) model was
trained using the ASL Alphabet Dataset, which contains
labeled images representing different American Sign Language
hand gestures. During training, the dataset was divided into
training and validation sets to evaluate the model’s learning
capability.

The model was trained for 10 epochs, allowing it to learn
discriminative features of different gesture classes. Image pre-
processing techniques such as resizing and normalization were
applied to ensure consistent input dimensions and improve
training stability.

The training results demonstrated strong model perfor-
mance, achieving a training accuracy of 99.21% with a loss
value of 0.0267. These results indicate that the CNN model
successfully learned meaningful gesture patterns from the
dataset.

B. Real-Time Recognition Performance

After training, the CNN model was integrated with a real-
time gesture recognition pipeline using OpenCV and Medi-
aPipe. The system captures video frames from the webcam,
detects the presence of a hand, extracts the gesture region, and
performs classification using the trained model.

The system is capable of recognizing gestures in real time
with minimal delay. The predicted gesture along with its
confidence score is displayed on the interface.

C. Accuracy Analysis

The high training accuracy achieved by the CNN model
indicates that the model effectively learns the visual patterns
associated with different sign language gestures. However,
real-world performance can vary depending on environmental
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¥ SignTalk Al - Real-Time Sign Language Recognition

Fig. 5. Real-time gesture recognition showing the detected hand gesture and
predicted alphabet.

factors such as lighting conditions, background complexity,
and hand positioning.

To improve recognition reliability, the system incorporates
additional mechanisms such as prediction stabilization and
confidence threshold filtering. These techniques help reduce
incorrect predictions and improve consistency across consec-
utive frames.

¥ SignTalk Al - Real-Time Sign Language Recognition

Fig. 6. Example of prediction stabilization where multiple frame predictions
are used to determine the final gesture output.

D. System Performance Evaluation

The overall system performance was evaluated based on
usability and responsiveness in real-time conditions. The
proposed system processes video frames continuously and
performs gesture recognition with minimal latency, enabling
smooth user interaction.

The web interface provides additional functionalities such
as sentence formation and text- to-speech conversion, allowing
users to combine recognized gestures into meaningful text and
convert them into audible speech.

IX. ADVANTAGES

The proposed SignTalk Al system offers several advantages
compared to traditional sign language recognition approaches.
One of the primary advantages is real-time gesture recognition,
which allows the system to interpret sign language gestures
instantly using live webcam input. This enables smooth and
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¥ SignTalk Al - Real-Time Sign Language Recognition

Fig. 7. Web interface of the proposed system showing gesture recognition
results and sentence formation modules.

interactive communication without the need for pre-recorded
videos.

Another important advantage is the use of deep learning
using a Convolutional Neural Network (CNN). The CNN
model automatically learns meaningful visual features from
gesture images, which improves classification accuracy and
reduces the need for manual feature extraction.

The system also utilizes MediaPipe hand detection, ensuring
that gesture recognition only occurs when a hand is visible in
the frame. This minimizes incorrect predictions and enhances
the reliability of the recognition process.

Additionally, the system includes a sentence formation mod-
ule, which allows individual recognized letters to be combined
into meaningful words and sentences.. This greatly increases
the system’s usability for actual communication.

Finally, the system provides voice output through text-to-
speech conversion, translating gestures into spoken language.
This feature helps bridge the communication gap between
sign language users and those who do not understand sign
language.

FUTURE WORK

Although the SignTalk Al system shows promising results
for real-time sign language recognition, there are several areas
that could be improved in future research.

One possible enhancement is word-level or sentence-level
recognition, where the system identifies complete words or
phrases instead of individual gestures. This would significantly
improve the speed and usability of communication.

Another potential development is the creation of a mobile
application that runs the system on smartphones using opti-
mized deep learning models such as TensorFlow Lite. This
would increase the system’s portability and make it more
accessible for everyday use.

Finally, the system provides voice output through text-to-
speech conversion, allowing gestures to be translated into
spoken language. This feature helps bridge the communication
gap between sign language users and those who do not
understand sign language.
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CONCLUSION

This paper introduces SignTalk Al, a real-time sign lan-
guage recognition system that combines computer vision and
deep learning methods to convert hand gestures into text
and speech.The system uses a Convolutional Neural Network
(CNN) trained on the ASL Alphabet Dataset to accurately
classify sign language gestures captured via a webcam.

The proposed system integrates MediaPipe-based hand de-
tection, region of interest extraction, image preprocessing, and
CNN-based gesture classification to enable real-time gesture
recognition. Additional improvements such as prediction stabi-
lization, confidence threshold filtering, and sentence formation
enhance the system’s reliability and usability.

Experimental results show that the model achieves high
training accuracy and effective real-time performance, en-
abling seamless gesture recognition and communication as-
sistance.. The developed web interface further improves us-
ability by displaying prediction results, confidence scores, and
allowing users to create sentences that can be converted into
speech.

Overall, the proposed system offers a practical and efficient
solution for improving communication between sign language
users and individuals who do not understand sign language.
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