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Abstract - For individuals who are deaf or mute,
communication with others can often be a challenging and
lengthy struggle. An innovative assistive technology solution
called "Al Navigator - Disha" was created to improve
communication and accessibility for people with disabilities. It
provides a thorough and user-focused experience by
integrating functions including object identification, text-to-
speech (TTS), speech-to-text (STT), multilingual support,
gesture-to-voice translation, and scene description. Better
spatial awareness is made possible by the system's usage of
computer vision for real-time item detection and text-to-
speech (TTS) for audio descriptions. While multilingual
support expands accessibility to a worldwide audience, STT
technology enables voice commands for user interaction.
Furthermore, the gesture-to-voice module facilitates efficient
communication for persons with speech problems by
translating gestures into spoken words. This study
demonstrates how Al can revolutionize the development of
inclusive and empowering technical solutions.
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1.INTRODUCTION

Due to sensory limitations, people who are deaf, dumb, or
blind have a difficult time communicating and navigating
their surroundings. By facilitating improved engagement with
the outside world, machine learning presents new
opportunities to improve their quality of life. Nonverbal
communication can be facilitated by algorithms that can
recognize facial expressions, sign language, and behavioural
patterns. Modern developments like gesture recognition,
text-tospeech (TTS), and speech-to-text (STT) have shown
promise in closing these communication gaps. The suggested
system combines these technologies into a single, small
device to offer solutions for OCR text reading, text-to-voice
communication for the dumb, and speech-to-text conversion
for the deaf. Support for several languages improves
accessibility and makes it a flexible tool for meeting the needs
of people with sensory impairments. Disha, the Al Navigator,
is a game-changing tool created to enable accessibility and
provide those with sensory issues more authority. It

promotes inclusivity and breaks down barriers to
communication by fusing state-of-the-art Al, computer vision,
and human-computer interface. Furthermore, the gesture-to-
voice module facilitates efficient communication for persons
with speech problems by translating gestures into spoken
words. This study demonstrates how Al can revolutionize the
development of inclusive and empowering technical
solutions.

2. LITERATURE REVIEW
2.1 Sign Language Translation

Sign language recognition (SLR) and translation technologies
have evolved dramatically over the past two decades, driven
by advances in computer vision, machine learning, and
sensor technology. These systems aim to bridge
communication gaps between Deaf and hearing communities,
but their development is fraught with technical and
sociocultural challenges. The rise of convolutional neural
networks (CNNs) in the 2010s transformed SLR. Researchers
began training models on large datasets to classify
handshapes, facial expressions, and motion trajectories. For
example, a 2018 study used a hybrid CNN-RNN architecture
to process video frames sequentially, capturing both spatial
features (like handshape) and temporal dynamics (like
movement speed). These models could recognize isolated
signs with ~90% accuracy in lab settings—but continuous
signing (full sentences) remained elusive. Around the same
time, transfer learning became a game-changer. Models
pretrained on massive image datasets (e.g., ImageNet) were
fine-tuned for sign language tasks, reducing the need for
enormous annotated sign datasets. The Al Navigator’s
gesture-to-voice feature sits at the intersection of these
advancements. By combining lightweight vision models (e.g.,
MediaPipe Hands for real-time hand tracking) with context-
aware NLP (to translate gestures into natural-sounding
speech), your system avoids the pitfalls of earlier work. For
instance, prioritizing non-linguistic gestures (e.g., pointing to
an object detected by the scene description module) creates a
seamless feedback loop for users—something most SLR tools
overlook. Moreover, integrating SLR with other features (e.g.,
object detection) mirrors the multimodal nature of human
communication.
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2.2 Speech Recognition

Speech recognition has come a long way from its clunky
beginnings in the 1960s, when systems like IBM’s “Shoebox”
could only understand a handful of digits. By the 2000s,
hidden Markov models (HMMs) let computers parse basic
phrases, but accuracy tanked in noisy rooms or with diverse
accents—imagine yelling “turn left!” over traffic noise and
getting “burn loft!” instead. The 2010s brought neural
networks into the mix, with tools like DeepSpeech and
Whisper using massive datasets to turn mumbled words into
crisp text, even in chaotic settings. Still, these systems often
stumbled with overlapping voices or niche jargon, like
medical terms or regional slang. A big leap came when
researchers shifted from “word spotting” to context-aware
models. Think of how humans guess missed words in a
sentence: “Pass the __" — “salt.” Modern systems use
transformer architectures to predict context, like GPT-style
models tailored for speech. But there’s a catch: privacy.
Cloud-based processing raised eyebrows—nobody wants
their private convos stored on a server. Recent work focuses
on on-device Al, balancing accuracy with privacy, a key
consideration for tools like your Al Navigator. For Deaf users,
speech recognition isn’t just about transcribing words—it’s
about filtering what matters. Imagine a crowded café: a
hearing person tunes out background chatter, but assistive
tools often drown in the noise. Projects like Google’s Live
Transcribe made strides by prioritizing nearby speakers,
while apps like Ava experimented with speaker diarization
(tagging “who said what”). Yet, many tools still miss the mark
on urgency—flagging “fire!” versus “buy tires!”—or struggle
with fast-paced dialogues.

2.3 Speech-to-Text Translation

Speech-to-text (STT) technology has undergone a revolution
akin to teaching a toddler to finally “listen” properly—slow,
messy, and full of “aha!” moments. Early systems in the
1980s, like Dragon Dictate, required users to pause between
each word, turning casual conversation into a robotic chore.
These tools relied on rigid rules and tiny vocabularies,
struggling with anything beyond “command-and-control”
phrases. Fast-forward to the 2010s, and deep learning
changed the game. Imagine a system that could learn accents
from a Texan drawl to a Scottish brogue by digesting
thousands of hours of YouTube videos—that’s what models
like Mozilla’s DeepSpeech and Google’s WaveNet achieved.
Suddenly, STT wasn’t just for dictating emails; it became a
lifeline for accessibility, powering real-time captioning in
classrooms and hospitals. But perfection? Not quite. Early
neural networks still tripped over overlapping voices or niche
terms—try asking a 2015 model to transcribe “amyotrophic
lateral sclerosis” in a noisy ER. Researchers soon realized
that context was key. Just as humans guess words based on
conversation topics (“Java” means coffee in a café, codingin a
tech meeting), newer models like OpenAl’s Whisper began
leveraging context clues to reduce errors. For Deaf and hard-

of-hearing users, STT isn’t just about words on a screen—it’s
about meaning.

2.4 Gesture-to-Voice Translation

Gesture-to-voice technology began as a clunky dance
between hardware and hope. Early systems in the 2000s
relied on sensor gloves or marker-based tracking, translating
rigid handshapes into robotic phrases—think of a toddler
guessing charades. These tools worked in labs but faltered in
real-world chaos: a flick of the wrist in dim lighting became
gibberish. The 2010s introduced depth-sensing cameras (like
Microsoft Kinect) and neural networks, letting Al “learn”
gestures from video data. Suddenly, pointing or waving could
be recognized in messy environments, but systems still
treated gestures as isolated symbols, missing context. A
thumbs-up might mean “good job” or “stop the car,” but Al
couldn’t tell the difference.

Today’s challenge is nuance. Gestures aren’t just hands—
they’re body language, facial cues, and environmental
context. A 2021 study found most datasets ignore regional or
informal gestures, side lining non-Western users. Privacy also
matters: cloud-based processing risks exposing sensitive
motions. Your project tackles this by pairing lightweight, on-
device vision models (like MediaPipe) with real-time scene
understanding. Pointing at a door triggers “exit ahead,” not
just “hand detected.” This blend of speed, context, and privacy
mirrors how humans communicate—reading gestures not as
words, but as stories shaped by surroundings.

3. METHODOLOGY
3.1 Gesture-to-Voice Translation

To translate gestures into voice, we built a system that
"listens with eyes." First, gestures are captured in real-time
using a lightweight vision framework (like MediaPipe),
which tracks hand landmarks and body posture without
bulky sensors. This framework processes video input frame-
by-frame, isolating key movements—Ilike a pointed finger or
open palm—while filtering out background noise. These raw
coordinates are fed into a hybrid neural network trained on a
diverse dataset of gestures, including regional and informal
motions (e.g., nodding toward exits, tapping wrists for
"time").

The model doesn’t just classify gestures; it cross-references
them with real-time scene data from the Al Navigator’s object
detection module. For example, a raised hand near a detected
staircase becomes “stairs ahead,” not just “hand up.” To
ensure practicality, we prioritized speed and privacy. The
entire pipeline runs on-device, avoiding cloud delays and data
risks. We tested it in chaotic environments—crowded streets,
dim rooms—to mimic real-world use, iterating based on
feedback from Deaf and hard-of-hearing users.
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Forinstance, early versions struggled with fast signers, so we
added motion smoothing and context buffering (holding
gestures for 0.5 seconds to infer intent). This isn’tjust code—
it'’s a dialogue between movement, context, and empathy.
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Fig -1: Gestures Recognition
3.2 Image-to-Voice Translation

To convert images containing text into spoken audio, we
designed a pipeline that combines computer vision, optical
character recognition (OCR), and text-to-speech (TTS)
synthesis. First, the system processes the input image
using OpenCV to enhance readability. The image is converted
to grayscale to simplify analysis, then adaptive thresholding
is applied to sharpen text contrast against the background.
Morphological operations like dilation help merge
fragmented text regions, ensuring coherent detection of
words or sentences. Contour detection identifies bounding
boxes around text blocks, allowing the system to isolate and
prioritize sections of the image for OCR. This preprocessing
step mimics how humans focus on text clusters in a visual
scene, reducing noise from irrelevant patterns.

Next, PyTesseract, a Python wrapper for Google’s Tesseract
OCR engine, extracts text from the processed image regions.
The system iterates over detected contours, cropping each
bounded section and feeding it to the OCR engine. Extracted
text is aggregated into a single string, with error handling to
generate a default response (e.g., “No text recognized”) if the
image contains no readable content. To ensure natural-
sounding output, gTTS (Google Text-to-Speech) converts the
cleaned text into speech, with adjustable parameters for
language and speed. The audio is saved as an MP3 file and
played using Pygame, which handles audio buffering and
playback synchronization. A delay loop ensures the audio
runs for the full duration of the clip, preventing premature
termination.

Finally, the system provides visual feedback by displaying the
original image with green bounding boxes highlighting
detected text regions. This dual output—audio for
accessibility and visuals for verification—ensures

© 2025,IRJET | ImpactFactor value: 8.315

transparency and user trust. The entire pipeline runs on-
device, avoiding cloud dependencies for privacy and offline
usability. Testing revealed challenges with low-resolution
images or stylized fonts, which we mitigated by adding post-
processing heuristics (e.g, rejecting contours smaller than a
threshold). Future iterations could integrate context-aware
prioritization, such as reading street signs louder than shop
logos in navigation scenarios, aligning with the Al Navigator’s
goal of adaptive, real-world utility.

3.3 Object Detection

The system leverages YOLO (You Only Look Once), a state-
of-the-art object detection model trained on the COCO
dataset, to identify and vocalize objects in real-time through a
webcam feed. Video frames are captured using OpenCV and
preprocessed into standardized blobs (resized, normalized
pixel arrays) compatible with YOLO’s architecture. The model
processes these blobs through its convolutional neural
network layers, predicting bounding boxes and class
probabilities for detected objects like "person,” "car," or
"cup." Non-maxima suppression filters overlapping or low-
confidence detections, ensuring only the most relevant
results are retained. To balance speed and accuracy,
thresholds for confidence (default: 0.5) and suppression
(default: 0.3) are tunable—critical for noisy environments
where false positives (e.g., mislabeling shadows as objects)
could confuse users.

Detected objects are paired with audio feedback using
Google’s Text-to-Speech (gTTS). For each bounding box, the
class label (e.g, “chair”) is converted into speech, played via
Pygame’s audio mixer to avoid overlapping sounds. The
system prioritizes real-time usability: frames are processed
at ~10-15 FPS on consumer-grade hardware, and pressing
the ‘q’ key exits cleanly. Visual feedback overlays coloured
bounding boxes and labels on the live feed, letting users
verify detections. Testing revealed challenges with rapid
motion blur, which we mitigated by frame buffering and
lightweight model optimization. This integration of vision and
audio—translating “what’s seen” to “what’s said”—aligns
with the AI Navigator’s goal of making environments
auditorily navigable for blind/deaf users.
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Fig -2: Object Detection
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3.4 Voice-to-Text Translation

The system uses Python’s speech_recognition library to
capture and process audio input via a microphone. When a
user initiates recognition, the system first adjusts for ambient
noise—like fans or background chatter—to isolate speech.
Audio is recorded in real-time and sent to Google’s Speech
Recognition API, which converts spoken words into text using
context-aware language models.

To support multilingual users, the interface allows language
selection (e.g., English, Hindi, or Spanish) by configuring the
API's language codes. The system prioritizes usability:
a tkinter GUI displays recognized text in a scrollable box,
while error-handling mechanisms catch issues like poor
microphone quality or unstable internet connectivity,
providing clear prompts such as “Could not understand” or
“Service unavailable.”

The application balances functionality with user-centric
design. Recognized text is stored in a configurable history log
(default: last 5 entries), enabling quick reference without
clutter. A “Clear” button resets the interface, while dynamic
feedback—Ilike updating the text box mid-recognition—keeps
users informed. Sensitivity settings
(e.g., energy_threshold=4000) filter faint noises, reducing
false triggers. Testing revealed challenges with rapid speech
or overlapping voices, which the system addresses by
prioritizing the most recent audio input. By integrating
accessibility features (e.g, multilingual support) with
intuitive controls, the tool aligns with the Al Navigator’s goal
of bridging communication gaps through adaptive, real-time
interaction.

Credit: mesh cube

Fig -3: Voice-to-Text Feature
3.5 Scene Description

Our system uses real-time video input from a webcam to
dynamically capture the surrounding environment. This live
feed is managed through the OpenCV library, which facilitates
efficient frame capture and processing. Each video frame is
extracted and processed sequentially to ensure smooth and
continuous scene description functionality.

To maintain consistency with computer vision models, each
captured video frame is converted from OpenCV’s BGR (Blue-
Green-Red) format to RGB (Red-Green-Blue) format. The
frames are then transformed into PIL (Python Imaging
Library) images and resized to a standard dimension of
224x224 pixels. This step ensures compatibility with the
input requirements of the Vision Transformer (ViT) model.

The Vision Transformer (ViT), a state-of-the-art deep
learning model, is used to extract meaningful features from
the input image. The ViT model encodes the image into a
latent vector representation, capturing critical aspects such
as objects, colors, and spatial relationships within the scene.
This vector serves as the foundational input for generating
textual descriptions.

The extracted visual features are then passed to the decoder
component of the VisionEncoderDecoder model. Specifically,
the GPT-2 (Generative Pre-trained Transformer 2) model is
used as the decoder to generate a textual description of the
scene. The decoder processes the latent vector and
formulates a concise, natural-language caption that
summarizes the visual content of the input frame.

To make the system more accessible, the generated text is
converted into speech using the pyttsx3 library. This Text-to-
Speech (TTS) engine provides an audible description of the
scene, ensuring usability for individuals with visual
impairments. The generated audio is played in real time,
synchronized with the video feed.

The system displays the generated caption directly on the
video feed using OpenCV, overlaying the textual description
on the corresponding frame. Simultaneously, the system
continuously updates the description with each new frame.
Users can terminate the real-time operation by pressing a
predefined key, ensuring smooth and user-friendly
interaction.

This step-by-step methodology combines advanced computer
vision and natural language processing techniques to deliver
an intuitive, real-time scene description system. It enhances
the accessibility and usability of visual data, making it easier
for individuals with visual impairments to understand their
surroundings.

Finally, the system overlays the generated caption onto the
video feed using OpenCV, allowing users to see the textual
description alongside the video. The system continuously
updates the caption as the video frames change, ensuring a
real-time and dynamic user experience. Users can terminate
the session by pressing a predefined key.

3.6 Text-to-Speech Translation

The text-to-speech (TTS) system uses Google’s gTTS API to
convert user-provided text into spoken audio. A
lightweight tkinter GUI simplifies interaction: users input
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text through a pop-up window and select a language (e.g.,
English, Hindji, or Spanish) from a predefined list. The script
prioritizes accessibility by supporting regional languages like
Kannada, ensuring inclusivity. Once text and language are
submitted, gTTS generates an MP3 file, which is played
using pygame for seamless audio playback. The system runs
in a loop, allowing repeated use without restarting, and
gracefully handles errors—Ilike invalid language codes or API
failures—with clear pop-up alerts to guide users.

To balance simplicity and functionality, the design avoids
complex interfaces. Audio playback timing is managed
by mutagen, which calculates the MP3’s duration to prevent
premature termination.

Testing revealed challenges with special characters or long
texts, which were mitigated by truncating inputs to avoid API
limits. The use of temporary MP3 files ensures no residual
data is stored, prioritizing privacy.

By integrating multilingual support with intuitive error
feedback, the TTS system aligns with the Al Navigator’s goal
of adaptive, user-centric communication tools.

4. EXPERIMENTS & RESULTS

Our Al Navigator system underwent thorough testing to
evaluate its multiple features: Text-to-Speech (TTS),
Gesture-to-Voice Conversion, Voice-to-Text Conversion,
Image-to-Voice Conversion, Object Detection, and Scene
Description. We focused on assessing their accuracy,
response time, and usability.

Text-to-Speech (TTS): The TTS module delivered
impressive results with a response time of 1.2-2.8 seconds
and achieved over 95% pronunciation accuracy across
English, Hindi, and Spanish. This highlights its capability to
handle multiple languages effectively.

Gesture-to-Voice Conversion: We tested this module with
10 predefined gestures, achieving an average accuracy of
92% in recognizing and converting gestures to speech. The
response time was around 2 seconds per gesture, makingita
reliable tool for real-time communication.

Voice-to-Text Conversion: This module was evaluated with
50 spoken commands, exhibiting a 93% transcription
accuracy. It handled different accents well, though minor
errors were noted with overlapping noise.

Image-to-Voice Conversion: Using Optical Character
Recognition (OCR), this module extracted text from images
and converted it into speech. It achieved 90% text
recognition accuracy with clear text images, slightly
dropping to 85% for handwritten or low-quality images.

Object Detection: Powered by YOLOv3, this module
successfully detected and labeled objects in real time,

maintaining 95% detection accuracy with a frame rate of 25
frames per second (FPS).

Scene Description: Based on image captioning, this feature
generated accurate descriptions of scenes with an average
BLEU score of 0.84 and a response time of 3.5 seconds per
frame.

These results demonstrate that the Al Navigator system
performs reliably across all modules, offering a robust and
accessible solution for users with diverse needs. The
system's ability to seamlessly integrate multiple advanced
technologies makes it a valuable tool for enhancing
communication.

Al Navigator - DISHA
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Fig -4: Web Application Interface
5. CONCLUSION

In our research, we've thoroughly explored and
demonstrated how the device can be used as a two-way
communication system that removes the barriers faced by
hearing-impaired individuals when interacting with the
hearing world. This novel approach seamlessly integrates
various features like object detection and scene description.

By translating sign language into spoken words and vice
versa, our system enables hearing-disabled individuals to
communicate more effectively without the need for
intermediaries or for the other party to have specialized
training in sign language. The heart of our research lies in
combining cutting-edge technology with real-world
application.

To complement the Leap Motion Device, we developed an
Android application that leverages the Google API for
Speech-to-Text conversion. This allows traditional speakers
to communicate effortlessly with Deaf and Dumb individuals.
Our application is user-friendly and includes critical features
such as emergency calling and location tracking, ensuring
that caretakers and healthcare professionals can respond
quickly in critical situations. These additional functionalities
enhance the safety and well-being of hearing-disabled
individuals, offering a sense of security for both the users
and their families.
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By removing the conversational barriers between the Deaf
and Dumb and the hearing society, our project has the
potential to revolutionize communication for the hearing-
impaired community. The combination of gesture
recognition technology, speech conversion, and smartphone
integration represents a holistic solution that is both
practical and scalable. This innovation not only benefits
individuals with hearing impairments but also enhances
communication in situations where traditional methods are
insufficient.

In conclusion, our project demonstrates the immense
potential of technology to improve the quality of life for
hearing-disabled individuals by promoting independence,
safety, and dignity in their interactions with the world.

Fig -5: Accuracy and precision results for the application

The above Figure 5 graph shows the Accuracy and
precision result for the web application Al Navigator-
DISHA.
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