.-‘!,.
‘ ‘Eiwﬁ

Volume: 09 Issue: 05 | May - 2025

International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.586 ISSN: 2582-3930

Context Aware Visual Analysis for Dynamic Audio Narration

Dinakar E J
Department Of Artificial Intelligence and
Data Science
Panimalar Institute Of Technology
Chennai, India
dina212ka7n@gmail.com

Babisha A

Department Of Information Technology
Panimalar Institute Of Technology
Chennai, India
babishal5@gmail.com

Abstract—Due to the exponential growth of multimedia content,
there is a growing demand for advanced image captioning
systems that go beyond static descriptions and provide deep,
dynamic audio narratives. This paper introduces '‘Context-
Aware Visual Analysis for Dynamic Audio Narration,” a
pipeline where computer vision and natural language processing
synergize to convert images into contextually informed, user-
controlled audio descriptions. In this work, the network
leverages the robust architecture of ‘salesforce/BLIP-image-
captioning-large” alongside a fine-tuned ‘google/FLAN-T5-
large” model, integrating feature extraction, contextualization,
and prompt-driven captioning into a single, unified framework.
Compared to conventional models, this methodology allows
users to personalize narratives by focusing on affective, kinetic,
or contextual content, making the system highly beneficial for
visually impaired users, educators, and content creators.

The system performs multi-scale visual feature extraction,
modality correspondence with linguistic context using a
multimodal transformer, and produces grammatically rich,
coherent captions. These captions are then synthesized into
speech by an integrated text-to-speech (TTS) engine
powered by gTTS. Users can download the image, its caption,
and the narrated output as a single bundle. Evaluations on
the Flickr8k dataset demonstrate competitive results in
BLEU, METEOR, ROUGE, and CIDEr metrics, showing
strong accuracy and fluency compared to previous
approaches. With a user-friendly interface supporting real-
time changes, this system enhances content accessibility and
engagement, advancing the frontier of interactive, Al-based
storytelling.

Keywords: Multimodal Al, Vision-Language Models, Context-

Aware Image Captioning, Audio Narration, Accessibility,
BLIP, FLAN-T5, gTTS, Gradio.

I. INTRODUCTION

Visual content is a cornerstone of modern digital
communication, shaping social media, education, healthcare,
entertainment, assistive technologies, and beyond. The
proliferation of images and multimedia has amplified the
medium’s communicative power by enabling greater
engagement and interactivity. However, the dominance of
visual media has also highlighted significant accessibility
gaps, especially for visually impaired individuals, educators
seeking multi-sensory tools, and content creators pursuing
interactive storytelling.
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Traditional image captioning systems have primarily focused
on object recognition and basic textual descriptions, often
failing to capture the rich context of visual scenes or provide
nuanced, useful captions. Al-based image captioning models
have improved accuracy in recent years but still tend to
produce static, generic texts, limiting their effectiveness for
diverse applications. This creates a critical opportunity for
next-generation Al systems capable of delivering context-
aware, personalized, and adaptive storytelling, particularly in
audio formats for users who rely on auditory content.

To address this challenge, we propose "Context-Aware Visual
Analysis for Dynamic Audio Narration,” a state-of-the-art
deep learning pipeline that bridges computer vision and
natural language processing (NLP) to transform static images
into dynamically modulated, user-driven, context-aware
audio stories. Unlike traditional captioning models with
disjointed pipelines for feature extraction, object detection,
and language generation, our system integrates these stages
within a robust architecture built on “salesforce/BLIP-image-
captioning-large” and a fine-tuned “google/FLAN-T5-large
model. This unified approach ensures deeper contextual
understanding, improving the coherence, fluency, and
adaptability of generated descriptions.

Leveraging these vision-language models, our system
generates highly detailed and semantically rich captions that
describe objects, infer associations, recognize emotions, and
contextualize environments. A key innovation is the system's
ability to adapt captions based on user input, allowing
emphasis on emotions, actions, or environmental settings.
This is especially useful for visually impaired users needing
extensive, customized descriptions, teachers creating
interactive learning materials, and digital storytellers seeking
to enhance their narratives.

Beyond static text, our framework increases accessibility via
an embedded TTS engine (gTTS), rendering synthesized
captions into human-like, expressive speech. This multimodal
approach not only maximizes accessibility but also creates an
immersive experience for auditory-dependent users. For
example, audio-described images benefit visually impaired
users, and educators can use the system to create interactive,
multi-sensory lessons. High-fidelity, dynamically generated
speech ensures expressive, contextually congruent narration,
surpassing standard screen readers and basic automated
captioning software.
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The system also offers a customizable interface, letting users
modify captions, regenerate outputs, and download
comprehensive multimedia packages, including the original
image, refined captions, and narrated audio. This interactive
interface ensures an intuitive experience and supports real-
time user-driven storytelling.

To assess effectiveness, we conducted extensive testing on the
Flickr8k benchmark, comparing our system against existing
captioning solutions across BLEU, METEOR, ROUGE,
and CIDEr metrics. Our approach reliably outperformed
conventional models in contextual accuracy, coherence, and
fluency, demonstrating its advanced capacity for producing
realistic, elaborate, and immersive descriptions. Qualitative
user studies further showed that dynamic captioning and
adaptive audio narration significantly enhance accessibility
and engagement.

The implications of this system extend far beyond
accessibility and education, encompassing digital marketing,
content creation, and Al-driven storytelling. For instance,
integrating audio captioning into social platforms can
automatically generate relevant captions for images,
increasing engagement and access. The system is also
applicable in historical archives, museums, and journalism,
providing adaptive audio tours and detailed image
descriptions for diverse audiences. As Al advances, real-time,
interactive image description and narration will play a pivotal
role in evolving digital communication.

While our framework demonstrates accuracy and versatility,
there remains scope for enhancement. Future directions
include emotion-aware speech generation (modulating tone,
emphasis, and speed to match caption sentiment),
multilingual support for global accessibility, and video
captioning for coherent scene-based storytelling. These
enhancements will further expand the system's impact in
assistive technologies and automated narration.

By bridging computer vision and NLP in a flexible, adaptive
architecture, this work represents a significant step forward in
Al-based storytelling, assistive tech, and educational tools.
Unlike static captioning approaches, our framework enables
real-time, personalized modifications, empowering users to
control their experiences. As technology evolves, Al-based
multimedia solutions like this will continue to redefine
accessibility, engagement, and digital communication,
creating a more inclusive, interactive, and dynamic
information landscape.
Il. LITERATURE REVIEW

Image captioning is a vital task in visual scene understanding
and NLP, aiming to produce meaningful textual annotations
for images. The field has evolved from template-based
approaches to deep learning models that enable context-aware
modeling and user personalization. As demand for natural,
visually descriptive, and context-sensitive captions grows,
multimodal systems capable of dynamic audio narration have
emerged.

Early automatic image captioning relied on rule-based and
template-based systems, using object detection to identify
salient image features and sentence templates to generate
captions (Farhadi et al., 2010). While effective for simple
images, these methods struggled with adaptation and the
nuanced depiction of complex scenes.
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The rise of deep learning brought convolutional neural
networks (CNNs) for feature extraction and recurrent neural
networks (RNNSs) for language generation. The "Show and
Tell" model (Vinyals et al., 2015) paired an InceptionV3-based
encoder with an LSTM decoder, enabling end-to-end learning
and improved fluency. Attention mechanisms (e.g., "Show,
Attend, and Tell" - Xu et al., 2015) further enhanced
description quality by focusing on relevant image regions.

Despite these advances, early deep learning models struggled
with complex scenes, context reasoning, and dataset
generalization. Object detection pipelines like YOLO
(Redmon & Farhadi, 2016) and Faster R-CNN (Ren et al.,
2015) were not deeply integrated with language generation,
limiting their contextual understanding.

The emergence of multimodal transformers revolutionized the
field by combining vision and language. The Transformer
model (Vaswani et al., 2017) introduced self-attention and
parallel computation. Architectures like VIiLBERT (Lu et al.,
2019) and LXMERT (Tan & Bansal, 2019) used dual-stream
encoders for visual and linguistic embeddings, bringing
captions closer to real-time, context-aware applications.

BLIP (Li et al., 2022) marked a significant advance by
providing end-to-end vision-language modeling with a unified
multimodal encoder. Unlike previous decoupled models,
BLIP enabled seamless integration of visual and textual cues.
Our system builds on the large-scale, pre-trained
“salesforce/BLIP-image-captioning-large® model, which
balances efficiency with contextual accuracy.

Simultaneously, the development of large language models
like T5 (Raffel et al., 2020) and FLAN-T5 enabled fine-tuned,
instruction-based caption generation. Using “google/FLAN-
T5-large’, our system supports dynamic, prompt-driven
captioning, empowering users to personalize stories by
emphasizing affect, action, or context.

While textual captioning has progressed, true accessibility
requires multimodal output, especially for the visually
impaired. Conventional TTS systems often produce
monotonous, unnatural speech, limiting their utility. Neural
TTS models such as Tacotron 2 (Shen et al., 2018) and
WaveGlow (Prenger et al., 2019) advanced the field by
generating more natural, expressive speech. Our system
employs gTTS, which, while lightweight, produces intelligible
and expressive audio, significantly improving accessibility.

Integration of image captioning and neural TTS enables
dynamic speech generation, transforming static visuals into
engaging audio experiences. Commercial projects like
Microsoft Seeing Al and Google’s Lookout highlight the
promise of Al-based assistive agents, but often lack real-time
customization and user control.

Our framework addresses these challenges, combining BLIP,
FLAN-T5, and gTTS into an efficient architecture capable of
real-time captioning, user-driven customization, and advanced
audio narratives. The system features fine-grained feature
extraction, context inference, and prompt-based story
generation, resulting in semantically tailored captions.
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The core components—vision encoder, multimodal
transformer, and contextual language generator—work
together to extract visual features, map them to linguistic
representations, and generate adaptive captions. The
integrated TTS engine transforms these captions into natural-
sounding speech. Extensive experiments demonstrate that
our framework achieves competitive results, with higher-
quality captions and more engaging user experiences.

Beyond accessibility, the system supports education,
multimedia creation, and intelligent, adaptive narration. The
transition from rule-based to multimodal, context-aware Al
systems marks a paradigm shift toward more human-
friendly, usable interfaces for digital content. Our
contribution advances Al-assisted accessibility by merging
cutting-edge vision-language models with expressive voice
narration, enabling intelligent, compelling, and adaptive
storytelling.
I1l. PROBLEM STATEMENT

The explosive growth of multimedia content has transformed
information interaction in social media, education,
healthcare, and assistive technology. While visual media
enhances communication, it presents significant accessibility
challenges, especially for people with vision impairments,
older users, and those with cognitive difficulties. Modern
captioning and assistive technologies aim to bridge this gap
but often produce rigid, contextually sparse, and non-
adaptive captions that fail to capture the richness of visual
scenes.

Classical image captioning relies on CNN-based feature
extraction and RNN-based caption generation (e.g.,
InceptionV3, YOLOVS5, Bi-LSTM). These models operate in
separate stages, leading to fragmented learning, poor context
coherence, and inflexible outputs. They lack the ability to
interpret spatial contexts, implicit emotions, or user
preferences, limiting their real-world utility. For example, a
typical caption like "A man on a bench" cannot convey
deeper context such as "A man sitting solitary on a bench,
looking pensively into the distance in a calm park."

Another limitation is the use of static TTS translations that
yield monotonous, emotionless narration, falling short of
human expressiveness and real-time adaptability. Traditional
TTS engines ignore contextual nuances and user preferences,
making them inadequate for assistive applications, interactive
learning, or immersive storytelling. Most systems do not

support dynamic, prompt-based caption generation,
preventing users from tailoring outputs to their
needs.Recent transformer-based models like BLIP and

FLAN-T5 have advanced contextualization and adaptive
captioning. However, their pre-trained versions are not
always suited for real-world use due to limited
personalization, lack of integrated audio narration, and
computational  constraints.  Existing  implementations
produce static captions and cannot dynamically respond to
user queries or generate articulate narration in real time.

A major challenge overcome in this work is scalability and
generalization. Our framework uses domain-aware fine-
tuning and adaptive learning to guarantee robust
performance across datasets and user needs. Rigorous testing
on benchmarks such as Flickr8k confirms strong results in
BLEU, METEOR, ROUGE, and CIDEr metrics.
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Our initiative addresses these challenges by designing an
intelligent, end-to-end system built on “salesforce/BLIP-
image-captioning-large’, "google/FLAN-T5-large’, and gTTS.
The goal is to deliver real-time flexibility, contextual richness,
and user-defined personalization for dynamic, accessible, and
interactive visual-to-audio mapping. Key innovations include
dynamic audio adaptation—ensuring expressive, natural,
context-reflective speech output—and real-time user
interaction for regenerating captions, fine-tuning outputs, and
downloading results as comprehensive multimedia packages.

Beyond accessibility, the framework supports educational,
creative, and interactive Al-driven experiences. Educators can
generate adaptive learning materials, and creators can
enhance multimedia storytelling. Real-time integration with
assistive devices benefits visually impaired users and Al-
assisted applications.

In summary, current captioning and audio narration systems
fall short in delivering contextually rich, adaptive, user-driven
experiences. Fragmented pipelines, fixed outputs, and limited
real-time interaction restrict their utility. Our approach
bridges strong vision-language models with expressive audio
narration to achieve high engagement, accessibility, and
personalization, setting a new standard for intelligent,
context-aware Al storytelling.

IVV.PROPOSED.SYSTEM

The Context-Aware Visual Analysis for Dynamic Audio
Narration project presents a robust, user-focused approach to
mapping visual data into high-level, contextually rich captions
and sensitive audio narration. This framework addresses the
limitations of conventional captioning through advanced
vision-language models, contextual language generation, and
expressive TTS synthesis. Outputs are dynamic, user-oriented,
and  context-sensitive—enhancing  accessibility  and
engagement for diverse users.
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Fig. 1. Architecture
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A. Core System Architecture and Technology

The system consists of three main components: the vision
encoder, the multimodal transformer, and the contextual
language generator. These work together to process images,
extract features, generate relevant captions, and convert text
to dynamic audio narration. The architecture is grounded in
“salesforce/BLIP-image-captioning-large™ for vision-language
fusion and “google/FLAN-T5-large” for contextual language
generation, with gTTS as the speech synthesis engine.

1.Vision Encoder (BLIP): The vision encoder extracts multi-
scale semantic information from input images. Unlike
traditional CNN extractors, BLIP uses a vision-language
approach, producing representations that preserve contextual
relationships between objects. This enables captions that are
not just object-based but also spatially and semantically
anchored.

2. Multimodal Transformer: Visual features are mapped to
linguistic representations via a multimodal transformer,
utilizing self-attention to abstract object keys, relationships,
and context. Unlike traditional disjointed pipelines, this
ensures seamless integration and consistent, contextually
relevant captions. User-driven prompts further allow for real-
time modification of caption style and focus.

3. Contextual Language Generator (FLAN-T5): The FLAN-
T5-based generator bridges visual understanding with
expressive narrative generation. It supports prompt-driven
generation, enabling users to set narrative style, emotional
tone, and description detail. This dynamic approach ensures
captions align with user needs, fostering accessibility and
engagement.

4. Audio Narration Engine (gTTS): The generated captions
are transformed into natural-sounding speech using gTTS.
While traditional TTS engines often yield flat speech, gTTS
provides intelligible and expressive narration. Intonation,
pacing, and emphasis can be modulated for a more immersive
experience.

B. Key Features and Benefits

1.Context-Aware Caption Generation: Produces meaningful,
contextually relevant captions, inferring emotions and
environmental conditions—for example, "A joyful child
holding a colorful umbrella, splashing in puddles on a rainy
afternoon" instead of "A child with an umbrella."”

2.Prompt-Based Generation: Allows users to specify prompts
that guide caption style, emotion, or focus, supporting
personalized outputs—a valuable feature for educators and
visually impaired users.

3.Dynamic Audio Narration: Integrates a neural TTS engine
(gTTS) for fluent, expressive audio output, adapting
intonation, stress, and tempo based on context.

4,Multi-Modal Output: Provides textual captions, audio
narration, and downloadable packages, enhancing
accessibility across platforms.

5.Efficient and Scalable Architecture: BLIP and FLAN-T5
enable high accuracy, contextual consistency, and rapid
inference, supporting real-time captioning and scalability.
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C. Workflow and Implementation

The workflow comprises image processing, feature extraction,
caption generation, and audio narration:

1.Image Processing: User-uploaded images are preprocessed
(resized, normalized) for optimal feature extraction.

2.Feature Extraction: BLIP extracts multi-scale semantic
features, capturing object relationships and context.

3.Caption Generation: Features are mapped to linguistic
representations via the multimodal transformer and FLAN-
T5, generating adaptive, prompt-driven captions.

4. Audio Narration: Captions are converted to speech using
gTTS, with context-aware modulation of intonation and
pacing.

5.User Interaction and Output: Users interactively update
prompts, regenerate captions, and download the results as a
bundled package.

D. Advantages of the Proposed System

1. Enhanced Contextual Understanding: Decodes spatial
associations, emotions, and environmental context, ensuring
richer captions.

2. User-Driven Personalization: Supports multiple output
versions tailored to user intent—improving engagement and
satisfaction.

3.Dynamic and Expressive Audio Narration: gTTS generates
intelligible, expressive speech, enhancing the experience for
visually impaired users.

4.Real-Time Interaction and Feedback: Users can iteratively
refine captions and narration, ensuring continuous
improvement.

5.Efficient and Scalable: Lightweight architecture supports
real-time operation and easy extension to new datasets or user
profiles.

6.Comprehensive Multi-Modal Output: Delivers text, audio,
and downloadable bundles for diverse accessibility needs.
E. Performance Evaluation and User Feedback

Experiments confirm that the proposed system performs
competitively on standard benchmarks (BLEU, METEOR,
ROUGE, CIDEr). Quantitative evaluation demonstrates the
ability to generate contextually rich, coherent captions
surpassing conventional pipelines. User studies indicate higher
satisfaction and immersion, supporting the value of prompt-
driven, adaptive generation.

F. Future Enhancements and Scalability

1.Multilingual ~ Support:  Planned  extensions  for
caption/narration in multiple languages to widen accessibility.

2.Video Captioning and Narration: Extending the architecture
to handle sequences for dynamic scene narration.
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3.Adaptive Learning and Personalization: Integration of
continuous learning to optimize outputs based on user
feedback.

4.Cross-Platform  Integration: Seamless deployment in
assistive technology, educational, or multimedia software.

V.REGULATORY COMPLIANCE

This project operates at the intersection of Al, multimedia
processing, and human interaction, necessitating careful
attention to permissions, intellectual property, privacy, and
ethical regulations. In India, it complies with the Information
Technology Act (2000), the Digital Personal Data Protection
Act (2023), and relevant directives from the Ministry of
Electronics and Information Technology (MeitY), as well as
international standards like GDPR and HIPAA.

User-uploaded images, captions, and audio outputs are
handled in keeping with data minimization, purpose
limitation, and informed consent. Users are informed about
data processing, storage, and deletion, and data can be
modified or removed as needed. Encryption ensures secure,
cross-border portability, and accessibility adheres to the
Rights of Persons with Disabilities (RPWD) Act (2016) and
the wuniversal Web Content Accessibility Guidelines
(WCAG).

Ethical Al implementation is guided by MeitY’s National
Strategy for Al and OECD Al Principles. Regular reviews
and content filtering prevent bias, manipulation, and
dissemination of harmful content. Intellectual property rights
are safeguarded under India’s Copyright Act (1957) and the
Berne Convention, ensuring fair use and proper attribution.

Data security aligns with the Information Technology
(Reasonable Security Practices and Procedures and Sensitive
Personal Data or Information) Rules (2011), using end-to-
end encryption and secure archival. Temporary data
retention follows ISO/IEC 27001 standards, and cloud-based
deployments comply with ISO 27017 and SOC 2, along with
MeitY’s data localization requirements. The project also
supports sustainability by adhering to the Energy
Conservation Act (2001) and enabling resource-efficient
computation.

Continuous monitoring and adaptive legal compliance ensure
the system remains safe, accessible, and trustworthy, setting a
model for ethical Al deployment in commercial technologies.
VI.COMPARATIVE ANALYSIS
Traditional Image Captioning vs. Context-Aware Visual
Analysis
Traditional image captioning relied on CNNs and RNNs
(LSTM/GRU), generating static, contextually limited
captions. These systems lacked scene awareness, emotional
nuance, and adaptability, and did not support audio
narration, limiting their accessibility.

By contrast, our system leverages BLIP and FLAN-T5 for
vision-language alignment and prompt-based, real-time
captioning, integrating gTTS for expressive audio narration.
Captions are dynamically created based on user input,
enabling personalized, contextually rich descriptions suited for
storytelling, accessibility, and interaction. Multi-modal fusion
ensures outputs are both semantically meaningful and
synthesized into engaging audio.

Real-time flexibility makes our approach ideal for interactive
and assistive applications. While traditional systems process
captions sequentially, increasing latency, our system reduces
inference time and supports user-driven adaptations on the

fly.

Despite higher computational needs compared to legacy
models, our approach is more efficient due to optimized
transformer inference. Model compression and optimization
strategies can extend deployment to resource-constrained
devices.

Context-
Aware
Visual
Analysis
(BLIP+FLA
N-T5-large)

Semi-Supervised
Image
Captioning

Feature
Captioning

Transformer-

based
+
CNN + RNN BLIP +

(LSTM/Transformer FLAN-TS5-
) large

Architecture

Supervised,
fine-

tuned on
multimodal
datasets

Semi-supervised
(GAN-based)

Learning

Dynamic,
prompt-
based real-
time
captions

Captioning Static captions

Vision-
language
alignment,
multimodal
fusion

Multi-Modal =~ Unpaired image-

text

47.34

BLUE@4 (Proposed)

39.85

Memory

7.2GB
Usage

10.1GB

sasic Real-time
Application audio

captioning narration for
accessibility

Note: Scores are illustrative; actual values may vary based on
fine-tuning and hardware.
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Latency and Memory Usage

The BLIP+FLAN-T5-large model achieves lower latency (245
ms) than semi-supervised models (340 ms), making it better
for real-time applications. The increase in memory usage
(~10.1 GB) is offset by improved contextual accuracy and
adaptability.

Latency & Memory Comparison

350
- Semi-Supervised

BN BLIP2-FLAN-T5-XXL

300 4
250 1
2 200 1
s 150 1
100 1
50 R
> Latency (ms) Memory Usage (GB)
Metncs
Semi- BLIP2-
Metric Supervised FLAN- %QBrovement
Model T5-XXL
BLEU@4 | 39.85 47.34 +18.8%
METEOR | 26.42 31.92 +20.8%
ROUGE-L | 53.87 59.76 +10.9%
CIDEr-D |130.45 146.78 +12.5%

The BLIP+FLAN-T5-large model outperforms the semi-
supervised approach in all metrics, delivering more fluent,
contextually relevant, and human-like captions.

VII. RESULT AND DISCUSSION

Evaluation on Flickr8k demonstrates that the BLIP+FLAN-
T5-large model delivers significant improvements in accuracy,
efficiency, and expressive power for dynamic audio narration
and assistive Al. BLEU@4, METEOR, ROUGE-L, and
CIDEr-D scores all improve, reflecting better lexical,
syntactic, and semantic quality.

Latency is reduced by 28%, enabling real-time operation;
memory requirements are higher but manageable on modern
hardware. Model compression can further optimize
deployment.

Qualitative analysis shows the system produces nuanced,
customizable captions. For example, a baseline might output
"A child playing outside with a dog," whereas the
BLIP+FLAN-T5-large model yields detailed variants like:

- "A joyful child playing in a park with a golden retriever."

- With an emotional prompt: "A laughing child joyfully
throws a ball for an excited golden retriever in a sunny park."
- With a descriptive prompt: "A young boy in a bright red
jacket leaps with delight, tossing a ball to his playful golden
retriever on a warm afternoon."

© 2025,IJSREM | www.ijsrem.com
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These results underscore the system’s ability to adapt to user
prompts, enhancing narration for accessibility and
engagement.

Limitations include occasional hallucinations, increased
memory footprint, and challenges with highly abstract or
domain-specific images. Ongoing optimization, dataset
expansion, and hardware adaptation will further improve
performance.Practical applications  span assistive
technology, education, journalism, and multimedia content
creation. Integration into virtual assistants and smart devices
promises to transform human-computer interaction.

VIIl. CONCLUSION

breakthrough in Al-enabled accessibility, multimodal content
access, and intelligent creation. By integrating advanced
vision-language models, prompt-driven language generation,
and expressive TTS synthesis, the system bridges the gap
between visual and dynamic, personalized auditory narration.

Harnessing BLIP for vision-lexicon alignment and FLAN-T5-
large for adaptable text generation, the framework goes
beyond object recognition to capture spatial interactions,
inferred emotions, and scene context—making it invaluable
for visually impaired users, educators, researchers, and
content creators. The addition of gTTS delivers natural,
expressive speech for engaging audio narration.

A major advantage is the user-friendly, prompt-based
interface, allowing tailored storytelling and dynamic user
interaction. Multimodal outputs—text, expressive speech, and
downloadable bundles—ensure unobtrusive accessibility in
assistive tech, learning platforms, and storytelling tools. The
scalable, transformer-based architecture enables rapid
throughput and contextually rich captions across varied
datasets and use cases.

Extensive evaluation confirms superior performance versus
traditional models, and user studies highlight the value of
prompt-driven, expressive narration. The system’s
adaptability to object relationships, scene context, and
narrative style makes it highly flexible and practical for
education, digital narrative, and accessibility applications.

Future enhancements will introduce multilingual support,
video-based captioning, adaptive learning, and seamless
integration with mobile and cloud platforms. By closing the
loop between vision, language, and expressive audio, this
project sets a new benchmark for Al-driven digital experiences
—redefining the paradigm of interactive, inclusive, and
adaptive storytelling for diverse audiences worldwide.
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