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Abstract— Sign language is an essential mode of communication

for individuals with hearing and speech impairments; however, Il.  LITERATURE REVIEW

the lack of accessible learning and recognition tools often creates

barriers to broader interaction. This project introduces Sign- The growing demand for inclusive technology has led to a surge
Lingo, a mobile application that combines sign language in research focused on sign language recognition systems [1],
learning, gesture detection, and recognition within a single, user- [10]. Our app contributes to this field by integrating sign
friendly platform. Utilizing computer vision and deep learning anguage detection, recognition, and learning within a unified,
technigyes.the app ﬁapt“resd hand ?esturehs through the qevﬁ user-friendly mobile platform. The primary goal is to facilitate
camera, processes them, and translates them into meaningtul - ., nication for individuals who rely on sign language,

words. It offers structured educational content for both bridai h b he heari q heari
American Sign Language (ASL) and Indian Sign Language riaging the gap between the hearing and non-hearing

(ISL), promoting inclusivity and accessibility. By integrating COmmunities. 5 | -
learning and recognition features into one system, Sign-Lingo EXisting works in the domain primarily rely on computer vision
provides an effective solution for enhancing communication and and deep learning for gesture recognition [4], [5]. Several prior
supporting sign language education across diverse communities.  studies have demonstrated the use of Convolutional Neural
_ N _ Networks (CNNs) and frameworks like TensorFlow and
Ketyw?_rds—s_ SlglJn Iangua}ge rf;COgrlll/IUOT)ll Deel?_ Ie?rnmg,d_Gesgqre MediaPipe to accurately detect hand movements and map them
grection, Sl nguage learning, lVionile appiication, jndian Sign tg meaningful signs [4], [6]. Our app leverages similar real-time
Ea”g”age (B0 Aiterican"Sigh q_angfupage Rl fimade detection c%pabil?tiesg L}Sil[’lg] camerabasad ingput to interpret hand
gestures and display the recognized output—for example,
detecting signs like "laptop/computer” from live camera feeds.
I |[JINTRODUCTIEN This real-time feedback aligns with best practices in current
1.1 Background research on responsive assistive technologies.

Sign language is an essential medium of communication for ':;?r? ;:'?2:::}3{6 mj?'\éeféﬂfitr',ngsﬂis Isr?négnggls)t/ gﬂ? ;un::ité;)tri](;
millions of people worldwide who are deaf or hard of hearing. It dombines |gaming mgdu es. detection. andpp gesture
consists of hand movements, facial expressions, and body ' '

processing.

recognition to offer a complete and interactive experience. This

multifunctional agjproach reflects a modern trend in user-centric
design [3] found in recent literature, where the emphasis is on

accessibility, usability, and personalized engagement.

language to convey meaning. However, understanding and

interpreting $iﬁn_ language remains a challenge for those
unfamiliar with it. Current assistive communication devices

offer limited accuracy and are often costly, limiting widespread

adoption [1]. Recent advances in artificial intelligence and deep noreqver, previous studies have highlighted the limitations of
Lo R o P R eFt el HESE SRRy tios many sign language applications in handling_diverse sign
languages and adapting to different cultural contexts. Our app

Interpretation. addresses this gap by supporting both American Sign Language

1.2 Motivation (ASL) and Indian Sign Language (ISL) [8], ensuring that a
Millions of deaf and hard-of-hearing individuals around the broa_der ser base can benefit from the platform, T_he |_nclu5|on of
world face daily communication barriers due to the limited regional sign language support makes the application more
knowledge of sign language among the general population and inclusive and globally relevant [3].

the lack of accessible assistive technologies. While advances in AAnother major advancement offered by our system is its
integration of educational content through structured video

are either too costly, narrowly focused, or lack support for tutorials. Research indicates that V|s.u.a! and repetitive learning
greatly enhances sign language acquisition among new learners.

regional sign languages like Indian Sign Language (ISL). The By providing categorized lessons and practical demonstrations
motivation behind Sign-Lingo is to create an inclusive, within the app, users are able to learn at their own pace, track

0
affordable, and easy-to-use pl%tform that not only recognizes =~ ] ) )
§{p&ﬁr&u@gng§§w§%%@[ﬁigh accuracy but also provides t@gﬁ%ispéﬁpﬁ?ﬁéticg.nd reinforce their understanding - through

gesture recognition have been made[1], many existing systems
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Fig.1 Profile Page

From a usability standpoint, the app also tracks usage duration,
encouraging regular learning, a method proven to enhance
retention. The inclusion of a “Cultural Spotlight” also
connects users with the cultural context of sign languages,
which is a unique feature not commonly found in similar apps.
By synthesizing insights from previous research and applying
them through modern development tools, this app represents a
practical and impactful step forward in digital accessibility. It
not only echoes the progress seen in the field but also adds

Fig. 2 Sign Language Learning

The integration of the trained deep learning model into a web
application ensures that SignLingo is accessible to a wide range
of users. The system is designed to provide real-time sign
language recognition and translation services via an intuitive
web interface. The following key components contribute to its
seamless functionality:

A robust frontend was developed using React.js to provide a
user-friendly experience [5]. Users can interact with the system
through a visually appealing interface that enables them to
capture sign gestures via webcam and receive instant
translations. The backend, built using Flask, serves as the
communication bridge between the frontend and the deep
learning model. It processes incoming sign language images,
applies necessary preprocessing, and then forwards the data to
the trained model for recognition.

To facilitate real-time accessibility, the trained deep learning
model was integrated into a web application with the following
components:

e Frontend Development: A React.js-based user
interface was designed for intuitive interaction.
o Backend Development: A Flask-based APl was

implemented to handle gesture recognition requests and
provide real-time translations.

e Real-time Processing: WebSockets enabled instant
feedback on recognized gestures, improving user
experience.

IV. NATURAL LANGUAGE PROCESSING (NLP)

4.1 Role of NLP in Sign Language Recognition

Natural Language Processing (NLP) plays a crucial role in

value through its holistic, mobile-first design that encourages enhancing the quality of sign language translation by ensuring

both education and communication.

Il. METHODOLOGY

3.1 Integration with Web Application

2114 @ m = 58 ail aial £20%
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that the recognized gestures are accurately converted into
meaningful text and speech [2]. Since sign languages have
unique grammatical structures that do not always align with
spoken languages, NLP techniques help bridge this gap by
restructuring sentences for clarity and coherence. Through
language modeling, NLP refines the gesture-to-text conversion
by making contextual adjustments, ensuring that the translated
output is both grammatically correct and semantically
meaningful.

4.2 NLP Techniques for Sign Language Processing

SignLingo employs a combination of Natural Language
Processing (NLP) techniques to enhance the accuracy and
fluency of sign language translation. One of the most critical
aspects of this system is the Sign Language to Text
Conversion, which involves multiple layers of processing to
ensure that the recognized gestures are transformed into
meaningful, grammatically correct text [2]. Since sign languages
follow a unique grammatical structure that differs from spoken
languages, direct word-to-word translation is insufficient. The
system applies various NLP techniques to bridge this gap and
produce coherent textual representations of signed content.
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V. FLOWCHART
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Fig. 3 Flowchart of App

The flowchart presents a clear and structured visual
representation of how the Sign Language App functions,
focusing on its core modules and user interaction. The process
begins with the Start, which symbolizes the launching of the
app by the user. Upon starting the app, the user is taken to the
Home Screen, which serves as the main interface and control
panel. This screen is designed for easy navigation and gives
access to the app's three primary features: Detection, Learning,
and Recognition.

e Detection Module:

In this part of the app, the mobile device's camera is used to
detect physical objects in the user's environment. The purpose
of this feature is to assist users by identifying real-world items
and mapping them to their corresponding signs in sign
language. For example, if a user points the camera at a laptop,
the app detects it and displays or teaches the sign for "laptop."
This makes learning sign language more interactive and
grounded in everyday life.

e Learning Module:

Start

Plays sign
language video

End

Fig. 4 Learning Flowchart

This section is dedicated to teaching users sign language. It
may include tutorials, videos, visual hand sign demonstrations,
and practice exercises. This module is especially useful for
beginners or anyone wanting to improve their sign language
vocabulary and fluency. The learning content is often structured
in a user-friendly and progressive manner to help users build
their knowledge step-by-step.

e Recognition Module:

[Sign Language App ]

I
Start
+

[ Camera Captures Image ]
!

[ Sign Hand Image ]

!

[ Recognize Gesture ]

1
[ Displa)i Word ]
[ End ]

Fig .5 Recognition Flowchart

Here, the app focuses on gesture recognition. The user
performs a sign in front of the camera, and the app uses
image processing and gesture recognition algorithms to
interpret what sign was made. The recognized sign is then
displayed as text or speech, enabling communication
between hearing-impaired users and those who do not
understand sign language. This module is central to enabling
real-time interaction and is a major technological highlight
of the app.

Once the user has finished interacting with any of these modules,
the app flow leads to the End, symbolizing the conclusion of the
session or task. The flowchart ensures that each feature operates
as a self-contained component while remaining easily accessible
from the main screen.

VI. DEEP LEARNING AND COMPUTER VISION

6.1 Role of Deep Learning in Gesture Recognition
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2= 128 il otl B79% = visual inputs with contextual cues from Natural Language
Processing (NLP). This integration ensures that the system can
accurately interpret ambiguous gestures by analyzing sentence
structure and meaning. By leveraging deep learning techniques,
SignLingo achieves state-of-the-art performance in real-time
sign language recognition, making it a robust tool for assistive
communication technology.

Deep learning plays a fundamental role in SignLingo, enabling
accurate detection and classification of hand gestures.
Convolutional Neural Networks (CNNSs) extract spatial features
from input frames, while Recurrent Neural Networks (RNNSs)
Success and Long Short-Term Memory (LSTM) [4],[5],[6] networks
Identified Objects: laptop process sequential gesture data to recognize dynamic sign
sequences.

VII. ANALYSIS/FRAMEWORK OF MODEL
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Deep learning plays a fundamental role in SignLingo, enabling
accurate detection and classification of hand gestures.
Traditional machine learning approaches relied on handcrafted The diagram outlines a comprehensive system pipeline for
features and statistical models, which often struggled with multilingual and multimodal communication processing. It
variability in signing styles, lighting conditions, and begins with User Input (Data Acquisition), which includes four
backgrounds. However, deep learning has revolutionized sign types of input: text (via typing), speech (via microphone), sign
language recognition by automatically learning hierarchical gestures (via camera), and images (for object detection) [4].
features from raw image data, leading to significant These inputs undergo Pre-Processing to prepare them for Al
improvements in accuracy and efficiency. model execution. Text is normalized through tokenization and
spell correction, speech is processed for noise reduction and
The image shows a screenshot from the sign language feature extraction, gestures are analyzed through frame
application that includes a detection feature. In this instance, the extraction and hand tracking, and images are processed for
app has successfully identified an object—in this case, a laptop background removal and segmentation.
or computer—as shown by the label “laptopcomputer”

displayed at the bottom of the screen. This detection |, the Al Model Execution phase, each processed input type is

functionality is part of the app’s capability to recognize real- gjrected to a specialized model. For sign gesture input, CNNs
world objects, possibly to assist in teaching relevant signs or t0 compined with LSTMs are used for sign language recognition
support communication by identifying items around the user. gpq gesture analysis. Speech and text inputs are handled by
The app uses the device's camera to analyze the environment, transformer-based NLP models such as BERT, GPT [4], or
and based on the analysis, it labels the object accordingly. Here, Whisper for both speech-to-text and text-to-speech tasks.

the laptop screen displaying code is detected, and the app Meanwhile, image inputs go through object detection and
intelligently classifies it under the appropriate category, traniation using YOLO-based models that support multilingual
showcasing the effectiveness of its built-in object recognition oytpyts,

system.

Finally, the results from the Al models are passed to the Output
Rendering stage. Depending on the processed input, this may
Term Memory (LSTM) networks are utilized. Unlike CNNS, include text displayed_ on a user interface_, spe_ech output using
which focus on static images, LSTMs [4] specialize in handling text-to-speech §ynthe5|s, S1gn language animation (as avatars or
temporal dependencies, making them ideal for recognizing videos), or object translation rendered in text, speech, or sign.
gestures performed in a sequence. By analyzing the flow of The system enables a seamless, multimodal interaction

experience that bridges communication across different
languages and abilities.

For recognizing sequential gestures and dynamic signing
patterns, Recurrent Neural Networks (RNNs) and Long Short-

hand movements over time, LSTMs enable SignLingo to
understand complex sign language sentences rather than
isolated words.

SignLingo also incorporates multi-modal learning, combining
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Feedforward Layer, which further refines the language
representations by applying transformations and non-linear
operations. Finally, the Output Layer generates the desired

Input Layer —p Takes sign language gesture frames from a camera.

l output in the form of translated text or synthesized speech. This
Convolutional Extracts spatial features of hand shapes and motion plpelme demonstrates the power of Transforme'r architectures in
Layer handling complex language tasks through efficient and context-

| aware learning.

Pooling Layer —————— Reduces dimensions for efficient learning.

1 Input Layer —p- Captured via camera or uploaded by user.
Flatten Layers e Converts extracted features into a single vector. 1

1 Grid Division  =—————— Image is divided into multiple grids.

Fully 1
connected — Classifies gestures into sign language words. -
layers Bounding Box ___ yOLO predicts object location and class label.
l Prediction
Output Layer =" Produces text or speech output. Confidence
Score = Evaluates detection accuracy.
Calculation
The diagram illustrates the architecture of a Convolutional l
Neural Network (CNN) designed for sign language recognition.  Translation Converts detected object names into multilingual
Module text and speech output.

It begins with the Input Layer, which receives gesture frames
captured from a camera. These frames are passed to the
Convolutional Layer, where spatial features of hand shapes and The diagram illustrates the workflow of an object detection and
motion are extracted. Next, the Pooling Layer reduces the translation system based on the YOLO (You Only Look Once)
dimensionality of the data to make the learning process more architecture [7]. It begins with the Input Layer, where an image
efficient by preserving essential features while minimizing is €ither captured via a camera or uploaded by the user. This
computational complexity. image then passes through the Grid Division stage, where it is
divided into a set of smaller grids, enabling the model to localize

Following  this, the Flatten Layer transforms the multiple objects within the frame.

multidimensional feature maps into a one-dimensional vector, ) =3
making them suitable for classification tasks. This vector is then In the Bounding Box Prediction phase, the YOLO model
processed by Fully Connected Layers, which interpret the analyzes each grid and predicts the location and class label of
extracted features and classify the gestures into corresponding any objects detected. The next step involves Confidence Score
sign language words. Finally, the Output Layer produces the Calculation, where the system evaluates how accurately the
final result in the form of either text or speech output, enabling detected objects match the predicted classes and positions.
communication from sign gestures to understandable language Finally, the Translation Module converts the detected object
forms. This structured flow demonstrates how CNNs can be names into multilingual text and speech outputs, allowing for
effectively used for real-time sign language interpretation. accessible communication across different languages. This
process effectively combines object detection with real-time
translation for broad usability in diverse settings.

Input Layer —p- Takes text or speech input (via ASR).
1 VIII. IMAGE PROCESSING FOR GESTURE
E:;I:radding —p- CoOnverts input into numerical vectors. RECOGN ITION

|

Multi-Head
Attention

Image processing plays a vital role in gesture recognition,

—————— Captures contextual relationships.

particularly in applications designed to interpret sign language.

1 In our app, gesture recognition is achieved by capturing real-
Lovaromward o Processes tokenized language representations. time video input from the device’s camera and processing each
1 frame to detect hand movements and shapes. This process

involves several key stages such as image acquisition,
preprocessing,  segmentation,  feature  extraction, and
classification. Initially, the camera captures the hand gesture, and
The diagram illustrates the architecture of a Transformer-based preprocessing techniques are applied to enhance the image
model commonly used in natural language processing tasks quality by adjusting lighting, contrast, and removing background
such as translation or speech-to-text conversion. It starts with noise. Segmentation is then used to isolate the hand region from
the Input Layer, which accepts either text or speech input— the rest of the image, allowing for accurate detection. Feature
typically converted via Automatic Speech Recognition (ASR) if extraction focuses on identifying specific hand shapes, positions,
spoken. This input is passed to the Embedding Layer, where it and orientations which are essential for distinguishing between
is transformed into numerical vectors that can be processed by different signs.

the model.

Qutput Layer =" Generates translated text or speech output.

Advanced  machine  learning  techniques,  particularly
Next, the Multi-Head Attention mechanism analyzes these COnvolutional Neural Networks (CNNs), [5] are commonly used
vectors to capture contextual relationships between words or I modern gesture recognition systems to classify gestures based
tokens, enabling the model to understand meaning based on ON the extracted features. The_se mod_els learn patterns fror_n. large
context. The processed embeddings are then sent to the datasets of hand gestures, improving the system's ability to
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accurately recognize signs under various conditions.

In our app, image processing allows the system to detect objects
and gestures like “laptop/computer” and provide immediate
visual feedback to the user. This makes the app highly

interactive and efficient for real-time use. The combination of "™

real-time image processing and gesture classification ensures
that the app responds quickly and accurately, enhancing the user
experience and  supporting seamless sign  language
communication.

Additionally, data augmentation techniques, such as rotation,
flipping, and scaling, are incorporated to enhance the model’s
ability to recognize gestures from different angles and
perspectives [8]. By diversifying the training dataset, these
augmentation methods help improve the model’s generalization
capabilities, making it more effective in real-world scenarios
where users may sign in varied environments.

Image processing techniques are applied in SignLingo to

preprocess images before feeding them into the deep learning
model. Steps such as background subtraction, noise reduction,

edge detection, and segmentation improve the clarity of hand
gestures. Histogram Equalization enhances contrast in images,
ensuring consistent detection in varied lighting conditions.
Additionally, data augmentation techniques, including rotation,

flipping, and scaling, improve model generalization [5], [8].

IX. OBJECT DETECTION FOR HAND TRACKING

environments.
X. COMPARISON WITH EXISTING SOLUTIONS

OER ¢ 0 Q s -

Fig. 7 Object Detection Processing Time

The performance of the Sign-Lingo application demonstrates
impressive efficiency and accuracy in real-time sign language
gesture recognition and object detection. With an average

rqeessing time of just 180 millisecond r image, the app i
Bve?ﬁsusite 1lor rea -tlsme ?nteract?on, o?fgﬁng agsmoothpgnc?

responsive user experience. When tested with a batch of nine
images, the system achieved a total processing time of 1.7
seconds, further showcasing its speed and optimization. One
practical example of its functionality is seen in its API response,

which accurately identifies objects—such as detecting a
"vase"—and returns a successful response with status 200 OK.
Overall, Sign-Lingo is designed with high performance in mind,
delivering fast, reliable results that enhance accessibility and
usability for users relying on sign language communication

Object detection plays a pivotal role in real-time hand tracking tools.
for sign language recognition. To ensure precise and efficient

recognition, SignLingo employs advanced object detection
models that can identify and track hand movements even in
dynamic backgrounds. Several deep learning-based object
detection frameworks have been evaluated, including Single
Shot MultiBox Detector (SSD), You Only Look Once (YOLO),
and Faster R-CNN [6], [7].

YOLO is preferred for its high-speed performance, making it
suitable for real-time applications where minimal latency is
essential. It operates by segmenting an image into grid cells and
predicting bounding boxes, class probabilities, and object
confidence scores simultaneously. Faster R-CNN [7], on the
other hand, is highly accurate but computationally intensive,
making it more suitable for applications that prioritize precision
over speed. SSD offers a balance between accuracy and speed,
making it an effective alternative for sign language recognition
tasks.

For enhanced hand tracking accuracy, SignLingo integrates
Region-Based Convolutional Neural Networks (R-CNN), which
refine object detection by segmenting hand regions and
reducing false positives. The system also implements optical
flow tracking, a technique that analyzes the motion of hands
across consecutive frames to detect dynamic gestures more
effectively. By combining object detection with real-time
motion tracking, SignLingo achieves robust sign language
recognition, even in cluttered or unpredictable environments.

SignLingo employs object detection algorithms to track hand
movements efficiently. Single Shot MultiBox Detector (SSD),
You Only Look Once (YOLO), and Faster R-CNN models are
explored for detecting hand positions in real time. By
implementing Region-Based Convolutional Neural Networks
(R-CNN), the system achieves precise hand localization,
ensuring accurate sign recognition even in cluttered
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Fig. 8 Comparison With Other Object Detection

The bar chart above compares the image processing time per
image (in milliseconds) between your app (Sign-Lingo) and
other popular approaches:

Sign-Lingo (Your App) performs very well at 180ms,
indicating it's suitable for real-time interaction.
Traditional CV apps are significantly
(~600ms), often due non-optimized,
processing steps.

YOLOv3 (CPU-based) systems average around
250ms, providing good performance but still slower
than your app.

Mediapipe (Mobile) leads in speed (~60ms), ideal for
real-time hand tracking, but with less flexibility [7].
Other deep learning-based apps are moderately fast
(~400ms) but lack real-time responsiveness.

This highlights that your app strikes an excellent balance
between speed and custom sign language recognition,

slower

to manual
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outperforming many general-purpose systems.

o : oED © o

Fig. 9 Sign Language Processing Time

This output confirms that the system correctly recognized the
sign from the image and interpreted it as the word “NICE”. The
status code 200 OK at the bottom indicates that the request was
handled successfully, and the model prediction was returned
without errors.

In terms of performance, this result is generated with an average
processing time of 180 milliseconds per image, with a batch of
9 images processed in approximately 1.7 seconds. This speed
highlights the app’s efficiency and makes it suitable for real-
time sign language translation, which is essential for interactive
and accessible communication. Overall, this image
demonstrates both the accuracy and performance of your app’s
prediction module in recognizing sign language gestures.

Sign Language Prediction App: Processing Time Comparison
750 ms

o et pod)
n

)
| VB
adition \

Fig. 10 Comparison With Other Sign Language Prediction

The chart above illustrates a comparative analysis of image
processing times for sign language prediction across various
applications:

e Sign-Lingo (Your App): Achieves a fast processing
time of 180 ms per image, demonstrating excellent
performance for real-time interaction.

e Traditional CV-Based App: Significantly slower at
750 ms, often due to non-optimized algorithms.

e LSTM-Based App (CPU): Processes images in about
500 ms, capable but slower due to sequential nature
and lack of GPU acceleration.

e Transformers-Based App: Offers a balance between
speed and accuracy at 400 ms, suitable for more
complex language models.

e Mobile Deep Learning App: Optimized for
smartphones, averaging 300 ms, slightly slower than
your app but tailored for lightweight deployment.

Your app leads in responsiveness and speed, outperforming
common methods used in sign language recognition systems

XI. CONCLUSION AND FUTURE WORK

SignLingo presents a robust and efficient approach to real-time
sign language recognition using deep learning. The system
successfully integrates CNNs and LSTMs [1],[4],[5] for accurate
gesture recognition and employs NLP for context-aware
translations. Future improvements will focus on:

1. Expanding Dataset Diversity:

e The accuracy of deep learning models heavily depends
on the quality and diversity of the training data.

e Future efforts will focus on collecting and annotating a
large-scale; diverse dataset that includes various
regional sign languages, different signing styles, skin
tones, lighting conditions, and backgrounds.

e This will help in reducing biases and improving
generalization, ensuring that the model performs well
across a wide range of users.

2. Optimization for Mobile Platforms:

e To make SignLingo more accessible, the system must
be optimized for mobile devices, smart glasses, and
edge computing platforms [4].

e This includes model compression techniques such as
guantization and pruning to reduce computational
requirements while maintaining accuracy.

3. Multimodal Recognition:

e  Current models primarily focus on hand gestures, but
sign language also involves facial expressions, head
movements, and body posture, which provide critical
context to communication [5].

e Future research will integrate computer vision
techniques to capture facial expressions and lip
movements alongside hand gestures, enhancing

recognition accuracy.
4. Cross-Language Support:

e Most current Al-based sign recognition systems focus
on American Sign Language (ASL), but global
inclusivity requires supporting Indian Sign Language
(ISL), British Sign Language (BSL), French Sign
Language (LSF), and many others[5].

e  Future versions of SignLingo will implement multi-
lingual support, enabling users to select their preferred
sign language, thus improving accessibility worldwide.

5. Al Tool Integration:

e Al-driven enhancements, such as transformer-based
models (e.g., BERT, GPT, and Vision Transformers),
will be integrated to improve contextual understanding
of sign gestures [2],[4].
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