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Abstract

Digital access is a vital issue for visually impaired people today, especially in a digital world
that is based on multimodal communication (text, voice, visual, infographics, statistics,
equations, and formatted documents). Existing devices including screen readers, text systems,
Optical Character Recognition, and rule-based Braille translation have enhanced ease of
reading from text, but these are few when it comes to complex visual and context-rich content.
For many high-level users of technology, this has resulted in a complete lack of tools to help
them understand text with visual and contextual information. Those constraints are especially
severe in science, technology, engineering and mathematics school education because
learning resources in these subjects often rely on visual and spatial representations. Recent
advancements in artificial intelligence, natural language processing, computer vision, large
language models and multimodal learning offer novel possibilities for intelligent accessibility
systems with semantic understanding, multimodal interpretation and personalized content
generation.

This paper examines and reviews the available literature on accessibility in the digital realm
and assistive digital technologies focusing on Al-based accessibility, multimodal Al, and
adaptive Braille generation. The review concludes that: Limited contextual awareness; Poor
multimodal processing; Poor personalization; Low adaptive Braille generation support. To
close this gap, this paper urges the design of a Multimodal Accessibility Engine , an Al-based
methodology to bridge the gap of non-intermezzo-language Braille awareness by harnessing
multimodes, including multimodal content comprehension, semantic reasoning, and user-
adapted Braille generation for inclusive digital participation by visually impaired users.

Keywords. Digital Accessibility; Assistive Technologies; Artificial Intelligence; Multimodal Al;
Braille Generation; Large Language Models; Natural Language Processing; Inclusive
Computing; STEM Accessibility; Multimodal Accessibility Engine.

1. Introduction.

Nonetheless, those who are visually impaired still face these challenges in the context of using
digital media to access information, especially when presented in a visual and various
modalities (World Health Organization, 2023; W3C, 2023). While screen readers, text-to-
speech systems, Optical Character Recognition tools, and Braille translators have made it
easier for individuals to read text, these devices may not be able to support understanding
visual images, diagrams, charts, mathematical formulas, tables and complex document
structures (Lazar et al., 2017; Harper & Yesilada, 2008). Digital accessibility is the ability to
access and use digital systems for people of all abilities. Accessibility of the digital world for
visually impaired users needs more than converting text into speech or Braille. Traditional
accessibility systems work well in linear text but fail in the case where text requires semantic
interpretation, spatial reasoning, or multimodal comprehension (Bigham et al., 2010; Harper
& Yesilada, 2008). Making some text inaccessible decreases independent learning, adds up
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cognitive load, and reduces equal academic participation for visually impaired learners (Al-
Azawei et al., 2016; Brule et al., 2016).

Recent progress in Artificial Intelligence, Machine Learning, Deep Learning, Natural Language
Processing, Computer Vision, and Large Language Models have opened up new avenues for
Intelligent Accessibility Systems (LeCun et al., 2015; Goodfellow et al., 2016; Devlin et al.,
2019). Al systems can read text, speech, and images, extract semantic meaning, write
descriptions, and customize content to the users' needs (Baltru aitis et al., 2019; Brown et al.,
2020). Multimodal Al is especially important as it will allow systems to integrate information
from different modalities to create integrative representations of data (Lu et al., 2019; Antol
et al., 2015). This paper presents a literature review of digital accessibility, traditional assistive
technologies, Al-based accessibility systems, multimodal Al, language models and adaptive
Braille generation.

Objectives of the Paper:

The objectives of this paper include the review of the current state of Al-assisted accessibility
technologies for visually impaired users, specifically Multimodal Al, Large Language Model,
and adaptive Braille generation. This paper also highlights current research gaps and develops
a framework known as Multimodal Accessibility Engine (MADE) to facilitate intelligent and
personalized digital accessibility.

Organizations of the Paper:

This paper is structured in the following manner: the second section contains the review of
the literature, while the third section highlights the research gaps. The fourth section
describes the proposed MADE framework. The final section contains the conclusions drawn
from this research.

2. Literature Review.
2.1. Conventional Accessibility and Braille Systems.

Braille standards like Grade 1 Braille, contracted Braille, Unified English Braille, and Nemeth
Braille have evolved over the years to accommodate general language, contractions, and
mathematical notation (Miesenberger et al., 2014; Ryles, 1996). Traditional Braille translation
systems convert printed characters to Braille symbols in a system, which is designed according
to pre-defined linguistic and grammatical rules.

Tools like Duxbury Braille Translator and Liblouis have made it possible to change books,
documents and textbooks using Braille automatically (webAIM. 2023, Miesenberger et al.,
2014). However, rule-based Braille systems are inherently adapted for linear textual
conversion and are not capable of preserving semantic meaning in text, if the text in fact
consists of table, diagram, equation or structured layout information. Screen readers and text-
to-speech systems are also used frequently by visually impaired users. Text-to-speech systems
enable production of synthesized speech on digital text and enhance accessibility to
information through educational and work environments. Yet, screen readers frequently need
a dependable quality of document organization, alternative text, semantic markup, and
accessibility compliance (Lazar et al., 2017). The output from screen readers is vague or
incomprehensible, especially when websites, PDFs and applications are ill-structured. These
systems can convert text into speech or Braille, but they generally lack context knowledge.
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Consequently, there may be limited knowledge and broken data for the visually impaired users
rather than informative explanations of content.

2.2 Artificial Intelligence and Accessibility

Artificial Intelligence allows systems to identify patterns, decode language, process pictures,
comprehend speech, and produce adaptive results (LeCun et al., 2015; Goodfellow et al.,
2016). In the field of accessibility research, Al has been introduced to OCR, speech recognition,
image captioning, object detection, scene understanding, document summarization, and
adaptive Ul (Szegedy et al., 2015; Ren et al., 2015; Redmon et al., 2016). The performance of
accessibility systems has improved with Machine Learning and Deep Learning and learning
models which do not depend on manually established rules, are able to make sense of data
itself.

Convolutional Neural Networks for image recognition have been extensively applied, and
Transformer models and Recurrent Neural Networks have been widely applied in speech and
language processing (LeCun et al., 2015; He et al., 2016; Vaswani et al., 2017). These advances
are beneficial to blind users as they give systems the ability to learn visual content and
transform it into textual, auditory or tactile explanation. Through combining computer vision
and language rendering techniques, models can be used to automatically generate natural
language descriptions of images (Vinyals et al., 2015; Xu et al., 2015., Antol et al. 2015) extend
the support to visual question answering platforms to allow a user to ask questions about
visual content and get replies in language. These technologies have the potential to support
visually impaired users in the interpretation and synthesis of images, diagrams, and
educational illustrations. OCR systems can extract text from scanned documents, images, and
printed materials, while NLP systems have the ability to summarize, simplify, or restructure
content so that it is accessible (Graves et al., 2013; Honnibal & Montani, 2017). However, Al-
based systems for accessibility will need to address biases in their data, difficulties in
computation for computationally intensive tasks, and reliability when compared with live
applications (Goodfellow et al., 2016; Brown et al., 2020).

2.3 NLP, Large Language Models, and Semantic

Accessibility: All aspects are under study. The central issue in accessibility is the use of Natural
Language Processing since most assistive systems rely on language comprehension and
generation. NLP supports text summarization, question answering, speech interfaces,
machine translation, document simplification, and conversational assistance (Honnibal &
Montani, 2017; Raffel et al., 2020). While previous NLP systems were mainly rule-based or
statistical methods, recent Transformer-based methods provide large improvements
regarding the contextual understanding of language. Large Language Models like BERT, GPT
and T5 have proven good performance across language understanding, generation,
summarization and question answering (Devlin et al., 2019; Radford et al., 2019; Brown et al.,
2020; Raffel et al., 2020) Furthermore, these models do support accessibility by producing
cohesive, comprehensible explanations, generating short prose, boiling down longer materials
and generating accurate, context-aware scripts, particularly for speech or Braille output. In
turn, semantic accessibility demands that systems understand meaning as opposed to merely
converting symbols. For instance, one way to represent a mathematical expression, table or
chart is need that we preserve the relationship, hierarchy, and instructional sense. LLMs can
support semantic accessibility via the interpretation of the context and generation of
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structured descriptions (Devlin et al., 2019; Brown et al., 2020). Conversely, LLMs can generate
incorrect or unsupported outputs, therefore validating and adapting their work to the domain
are critical for accessibility apps.

2.4 Multimodal Al Approaches for Accessibility.

Multimodal Al means systems that process and integrate information from various modalities
like text, speech, images, video, and structured documents (Baltrusaitis et al., 2019; Lu et al.,
2019). Educational resources, websites, presentations and professional documents frequently
utilize written explanation accompanied by diagrams, charts, images, sound and interaction.
Multimodal learning allows Al systems to recognize relationships between textual and visual
content. An image captioning model, for example, may extract information of visual features
to generate a textual description, while a visual question answering model may merge image
understanding with language reasoning (Vinyals et al., 2015; Xu et al., 2015; Antol et al., 2015).
Multimodal Al can provide visual access by offering availability of diagrams, charts,
infographics, scanned documents, and educational videos for the visually impaired. Computer
Vision models can detect objects, extract text and layout structures, and interpret visual
relationships (Szegedy et al., 2015; He et al., 2016; Ren et al., 2015). NLP models have the
potential to convert these outputs into interpretations, summaries, or Braille-friendly models
(Devlin et al., 2019; Raffel et al., 2020). However, the implementation of multimodal
accessibility is technically challenging. Systems will need to maintain semantic consistency
between modalities, not produce misleading information, and return short and meaningful
outputs (Baltru aitis et al., 2019; Lu et al., 2019). This becomes more complex in STEM
domains, where diagrams and equations need to be rendered accurately and representatively.

2.5 Adaptive Braille Generation and STEM Accessibility

Adaptive Braille generation is Braille output production where context, content structure and
user needs are taken into consideration. Conventional Braille translation systems translate text
into Braille symbols, but adaptive systems work to save semantic content and create
customized translations dependent on user's ability, reading speed and cognitive habits (Brule
et al., 2016; Miesenberger et al., 2014). Personalization is crucial because impaired users have
various degrees of expertise in Braille systems. An inexperienced user might prefer the use of
uncontracted Braille and simplified explanation and a more advanced user might want
contracted Braille since it's a faster reading speed.

Adaptive systems modify the contraction, formatting, depth of description, and navigation
structure based on user needs. Special focus is needed in the accessibility area of STEM
content, where technical information often contains numerical notation, symbolic
expressions, spatial plans and representations in diagrams. While Nemeth Braille and Unified
English Braille can help with mathematical representation, they struggle with automatic
conversion of STEM content where equations, graphs, and diagrams appear embedded in a
convoluted layout (Ryles, 1996; Bigham et al., 2010). When providing structured explanations
of STEM content, Al-based systems are often helpful by integrating OCR, layout analysis,
understanding images, and providing language generation (Ren et al., 2015; Xu et al., 2015;
Devlin et al.,, 2019). So, to bridge multimodal Al to tactile accessibility, adaptive Braille
generation can be the solution. Thus, future systems can generate Braille outputs that are not
only technically correct, but also meaningful and readable via semantic understanding and
user-centered personalization.
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3. Research Gaps

First of all, most current technologies used for making content accessible only provide for
linear text processing. While screen readers and Braille translators can process text, they
cannot interpret images, diagrams, charts, equations, and layout (Harper & Yesilada, 2008;
Bigham et al., 2010; Lazar et al., 2017). Rule-based solutions allow for transforming content
into another form but do not provide any interpretation of relationships between visual,
textual, and structural content (Bigham et al., 2010; Baltru aitis et al., 2019). This is a
considerable limitation when it comes to educational or technical information where the
relationship between symbols, labels, and other elements is crucial. The issue with existing
technology is that they generate the same output for all the users regardless of their
proficiency level in Braille, reading speed, their preferred mode of thinking, and the context
of studying. Content needs different methods of processing and it is quite hard to combine
them into a semantic whole (Baltru aitis et al., 2019; Lu et al., 2019, Brule et al., 2016;
Miesenberger et al., 2014). Fifth, there are no multimodal Braille-aligned datasets. However,
datasets related to accessibility with regard to connecting images, semantics, and Braille are
scarce (Goodfellow et al., 2016; Brown et al., 2020; Chen et al., 2015; Antol et al., 2015;
Baltrusaitis et al., 2019). This impedes the construction of reliable Al systems that could work
with Braille in a meaningful way. It would be helpful to create systems that would combine all
four aspects mentioned above.

4. Proposed Multimodal Accessibility Engine Framework

Such gaps in research prompt the introduction of the Multimodal Accessibility Engine (MADE)
— a conceptual framework based on Al technologies and aimed at creating intelligent
semantically relevant and adaptive representations of multimodal digital content in Braille. In
contrast to traditional approaches focused on conversion of the text either into speech or
Braille, MADE uses Natural Language Processing (NLP), Computer Vision (CV), speech
processing, multimodal fusion, semantic reasoning, and adaptive Braille generation (Devlin et
al., 2019; Brown et al., 2020; Raffel et al., 2020). The first stage of this framework involves
multimodal input processing when information is extracted from text, images, scanned
documents, diagrams, tables, equations, and audio materials. Information extraction is
performed by Computer Vision technologies, such as OCR, document layout analysis, and
object detection, as well as by speech processing (Szegedy et al., 2015; Ren et al., 2015; He et
al., 2016). At the next stage of the framework, the extracted information is further analyzed
through the semantic understanding layer where NLP and Large Language Models determine
contextual relationships between the elements of the source content.
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PROPOSED MULTIMODAL ACCESSIBILITY ENGINE (MAE) FRAMEWORK
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Proposed Multimodal Accessibility Engine framework for inclusive digital accessibility

The third component is multimodal fusion (Baltrusaitis et al., 2019; Lu et al., 2019), which
combines information from multiple modalities through linking captions to images, equations
to explanations and diagrams to text around them. The fourth component is personalized
Braille generation (Ryles, 1996; Miesenberger et al., 2014; Brule et al., 2016), which produces
personalized Braille outputs based on document structure, semantic context and preferences
of users, e.g., their Braille proficiency and reading speed. Finally, the user feedback and
personalization component constantly improves generated output through learning from user
interaction and reading behavior. With the combination of multimodal Al and Braille-aware
semantic generation, the presented MADE system takes digital accessibility beyond just
format conversion to a new level of intelligent and personalized access to complex digital
documents

Conclusion

This paper is a review of the evolution of digital accessibility devices for visually-impaired
persons, concentrating on classic assistive technology. In addition, it also studies Al-driven
accessibility, multimodal Al, NLP, Large Language Models and adaptive Braille generation.
Existing tools such as screen readers, text-to-speech systems, OCR applications, and Braille
translators have increased access to text, but they are still poorly capable of dealing with
multimodal, structured and STEM-related materials (Lazar et al., 2017; Harper & Yesilada,
2008; Bigham et al., 2010). Al, Deep Learning, Computer Vision, NLP, and multimodal learning
provide robust frameworks for next-generation accessibility systems, as we see in the review
above (LeCun et al., 2015; Goodfellow et al., 2016; Baltrusaitis et al., 2019). Large Language
Models and Transformer-based architectures (Vaswani et al., 2017; Devlin et al., 2019; Brown
et al., 2020) that are able to leverage semantic reasoning, summarization, and context-aware
content generation. There are still large gaps in semantic preservation, multimodal
integration, personalization, dataset availability, and adaptive Braille generation. To overcome
these limitations, in this paper, the work has suggested the model of Multimodal Accessibility
Engine (MADE) that can incorporate multimodal content processing, semantic reasoning and
adaptive Braille generation. Such a framework has the potential to increase access to
challenging digital content by producing individualized, meaningful, and Braille-comparable
representations. Future studies should consider building multimodal Braille data, assessing
user experience for the visually impaired learners, improving STEM content representation,
and ethical, reliable, and inclusive deployment of Al-based accessibility systems.
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Future Scope: The future scope of research is directed towards the creation of large Braille
multimodal datasets, fine-tuning of Braille aware LLMs and the validation of our approach by
conducting user tests with visually challenged users. Furthermore, the framework could be
extended for multi-language Braille synthesis, advanced STEM materials and trustworthy Al.
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