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Abstract— Dyslexia in children can significantly affect 

their reading, writing, and spelling abilities, presenting 

unique challenges in their educational journey. To 

address these challenges, this study proposes a multi-

modal approach that aims to enhance the learning 

process for children with dyslexia. It aims to capitalize on 

the strengths of individuals with dyslexia, such as their 

visual processing skills, while addressing their 

difficulties with reading and decoding text. The 

methodology employed in this study involves designing 

a tool to convert speech into visual representations and 

vice versa. This paper is intended to provide supportive 

assistance to dyslexic children, offering them innovative 

and creative ways to learn and understand various 

concepts. By utilizing visual representations, the study 

aims to make learning more accessible and engaging for 

children with dyslexia, helping them overcome some of 

the traditional barriers they may face in education. 
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I. INTRODUCTION 

 

Individuals with dyslexia often encounter difficulties 

in language-related activities, including reading, 

writing, and interpreting words. These challenges can 

hinder the learning progress of affected children. This 

project aims to enhance learning outcomes for 

dyslexic children by converting audio input into 

realistic images. By providing visual representations of 

educational concepts, it offers an alternative means of 

accessing information, aiding young learners in 

understanding and retaining information more 

effectively. This approach also provides a creative 

learning environment for children to develop their own 

ideas. Overall, it presents an innovative method for 

learning and comprehension, utilizing realistic 

generated images. 

The process initiates with the collection of input 

through a microphone, capturing the spoken voice. 

Subsequently, a speech recognition tool is employed 

to generate precise textual transcriptions of the spoken 

words. The generated text undergoes text embedding 

techniques to extract the meaning of the text. Using 

this extracted text, the project produces a visually 

alluring representation. In the end, the processed 

visuals are presented to the user. 

To enhance the learning reinforcement, the 

application includes additional feature to convert 

images uploaded by the user into corresponding text. 

Then the application transforms the extracted text to 

generate speech that describes the content of the 

image. 

This project combines speech-to-image and image-to- 

speech technologies. This framework simplifies the 

translation of concepts, enabling the application to 

automatically generate visuals from spoken content 

and vice versa. The use of AI here represents an 

innovative approach to enhancing education. 

 

II. RELATED WORKS 

 

In this section, we examine related research. There 

are paper on "Direct Speech-to-Image Translation," 

which focuses on translating speech directly into 

text, presents broad applications. This approach 

offers additional features, particularly in scenarios 

where writing systems are not available. However, 

a comprehensive investigation into the process and 

accuracy of direct conversion has yet to be 

conducted. 

As machine learning progresses, image generation 

has emerged as a promising field. "Text-to-Image 

Synthesis for Improved Image Captioning" 

employs Generative Adversarial Networks (GANs) 

for this purpose. GANs have garnered significant 

interest due to their capability to create high-

dimensional data. They consist of two components: 
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a generator, which produces the image, and a 

discriminator, which evaluates the authenticity of 

the image. 

Another important component is the speech 

recognition library, a crucial resource for recording 

and transcribing spoken language, as utilized in 

"Speech to Image Conversion" journals. This library 

plays a significant role in recognizing speech patterns 

and converting them into a textual format. 

Optical Character Recognition (OCR) is a 

technology used to recognize text within a digital 

image. It is commonly employed to recognize text in 

scanned documents and images. OCR software can 

convert physical paper documents or images into 

accessible electronic versions with text. 

 

III. METHODS 

A. Speech Recogntion 

Speech recognition, also known as automatic speech 

recognition (ASR) is the process of converting 

spoken language into text. It involves capturing 

spoken words and converting them into a format that 

can be understood by computers, typically in the 

form of text. Speech recognition systems use 

algorithms and machine learning techniques to 

recognize and interpret spoken language, enabling 

users to interact with devices using their voice. 

 

A. Text Embedding 

Word2Vec is a technique used to create word 

embeddings, which are dense vector representations of 

words in a high-dimensional space. The main idea 

behind Word2Vec is to capture the semantic and 

syntactic similarity between words based on their 

context in a large corpus of text. 

 

B. GAN 

Generative Adversarial Network is a class of machine 

learning frameworks designed to generate new data 

that resembles a given dataset. The framework 

consists of two neural networks: the generator and the 

discriminator. 1)Generator: The generator takes 

random noise as input and generates new data 

samples. For example, in image generation, the 

generator takes random noise and outputs an image. 

2)Discriminator: The discriminator receives both real 

data samples from the dataset and fake data samples 

generated by the generator. Its job is to distinguish 

between real and fake samples. 

 

C. OCR 

Optical Character Recognition is a technology that 

enables the conversion of different types of 

documents, such as scanned paper documents, PDF 

files, or images captured by a digital camera, into 

editable and searchable data. OCR software 

recognizes the text within these documents and 

converts it into machine-readable text. OCR 

technology has evolved over the years, with 

advancements in machine learning and artificial 

intelligence improving its accuracy and efficiency. 

Modern OCR systems can recognize various 

languages, fonts, and writing styles, making them 

versatile tools for handling a wide range of document 

types. 
 

D. Denoising 

Denoising refers to the process of removing noise 

from a signal. In the context of images, denoising 

typically involves removing unwanted artifacts or 

imperfections (noise) from the image to improve its 

quality and clarity. Noise in images can come from 

various sources, such as electronic interference in 

digital images or imperfections in the capturing 

process. Denoising is an important preprocessing step 

in various image processing tasks, such as image 

restoration, image enhancement, and feature 

extraction, as it helps improve the quality and 

reliability of subsequent processing steps. 

 

E. Open AI 

Whisper.AI specializes in conversational analytics 

and voice-based solutions. It is an AI-driven 

technologies to analyze and improve customer 

interactions through voice, speech, and natural 

language processing. Its solutions are used in various 

industries, including customer service, sales, and 

support, to enhance customer experience and 

operational efficiency. 

 

IV. MODELS 

A. Speech-to-Image Conversion 

The speech-to-image model begins by capturing and 

processing the user's speech input, aiming to reduce 

external noise and enhance clarity. This processed 

speech is then passed through a Speech Recognition 
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system (Fig 1), which converts the audio signal into 

textual form. The resulting text undergoes text 

embedding, a process that converts the text into 

numerical vectors. These vectors represent the 

semantic meaning of the text, enabling the model to 

understand the content. 

The embedded text serves as the input to a 

Generative Adversarial Network (GAN) algorithm, 

which comprises two components: the Generator 

and the Discriminator. The Generator utilizes the 

text embedding vector to produce images that 

closely resemble real images. Meanwhile, the 

Discriminator distinguishes between real images 

from a dataset and the generated images from the 

Generator. It is trained to correctly classify the 

origin of the images, further refining the Generator's 

output. 

The generated images undergo post-processing, 

which includes tasks such as noise reduction, clarity 

enhancement, and overall visual quality 

improvement. Finally, the processed image is 

displayed to the user, completing the speech-to-

image conversion process. 

 

B. Image-to-Speech Conversion 

To further elaborate on the process, after acquiring 

an image (Fig 2), typically in formats like JPEG or 

PNG, the next step is to preprocess it to optimize its 

quality and then send it for Optical Character 

Recognition (OCR). This preprocessing stage often 

involves several operations such as noise removal, 

enhancing the image, and resizing it if necessary. 

These steps are crucial to ensure that the image is 

clear and suitable for accurate OCR results. 

Once the image is preprocessed, it is passed through 

an OCR system to extract text from it. The OCR system 

analyzes the image and converts the text it detects into 

a readable format. This extracted text can then be 

used to generate a textual description of the object or 

scene depicted in the image. Finally, the extracted 

text is converted into speech using technologies like 

OpenAI's Whisper AI. This synthesized speech can 

then be presented to the user, providing them with a 

spoken description of the content of the image. This 

entire process enables the transformation of visual 

information into accessible and understandable 

spoken content. This speech-to-image can be 

beneficial for understanding complex concepts or 

instructions, as some dyslexic individuals may find it 

easier to comprehend information visually. This can 

be particularly helpful for learning complex concepts 

or following instructions. 

 
Fig. 1. Speech-to-Image Conversion 

 
Fig. 2. Image-to-Speech Conversion 
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Also image-to-text can help with reading difficulties, 

allowing individuals to listen to text instead of 

struggling to read it themselves which, can help 

improve reading fluency and comprehension, as well 

as reduce the cognitive load associated with decoding 

written text. Overall, these technologies can enhance 

the learning experience for people with dyslexia by 

providing alternative and more accessible ways to 

consume and interact with information. 

 

V. RESULT AND DISCUSSION 

 

By integrating, the accuracy of translating spoken 

words into text is significantly improved. This 

improvement is particularly evident in the resulting 

images, which are not only relevant but also adept at 

capturing the essence of the spoken word. With the 

assistance of OpenAI's advanced algorithms, 

sophisticated, high-quality images are generated 

effectively encapsulating the meaning and context of 

the spoken content. This enhancement in accuracy and 

relevance contributes greatly to enhance the overall 

user experience. 

Moreover, the integration of these technologies 

enables the application to offer a more inclusive 

learning experience, catering to individuals with 

diverse learning styles. By leveraging AI, the 

application not only improves the accuracy of 

translation but also allows for the customization of 

learning materials based on individual preferences and 

needs. This customization plays a crucial role in 

enhancing the effectiveness of the learning process, as 

it ensures that the content is tailored to suit the unique 

requirements of each learner. 

Furthermore, this fusion of technologies represents a 

significant advancement in educational tools, offering 

innovative ways to improve learning outcomes. The 

ability to accurately translate spoken words into text 

and generate relevant images greatly enhances the 

educational experience, making it more engaging and 

interactive. This, in turn, leads to improved 

comprehension and retention of information, 

ultimately resulting in better learning outcomes for 

users. Overall, the integration of these technologies has 

the potential to revolutionize the field of education, 

offering new possibilities for enhancing the learning 

process and making it more accessible to a wider 

audience. 

In the end, the integration of text embedding process, 

computer vision, and AI technologies has led to 

significant advancements in educational tools. These 

advancements have not only improved the accuracy of 

translating spoken words into text and generating 

relevant images but also offer a more inclusive learning 

experience. By catering to diverse learning styles and 

preferences, these technologies have the potential to 

revolutionize the field of education, offering 

innovative ways to enhance learning outcomes and 

make education more accessible to all. 

There are some outputs generated by the model by 

giving input as speech to the system for lion going to 

school (Fig. 3), boy carrying apples (Fig. 4) and man 

interacting with robot (Fig 5). Here the speech is given 

as input and the corresponding output is generated 

respectively as an image. Similarly, the image taken by 

the model will also generate its speech description. 

converting spoken words into visual representations, 

the tool offers a unique way to access and understand 

information, catering to the specific needs of dyslexic 

learners. Furthermore, the ability to convert images 

back into speech provides a comprehensive learning 

experience, enabling children to engage with and 

comprehend content in a manner that suits their 

learning style. Overall, this project has the potential to 

greatly enhance the educational experience for 

dyslexic children, offering new avenues for learning 

and understanding. 

 
Fig. 3. Image generated for a lion going to school 
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Fig. 4. Image generated for a boy carrying bag of apples 

 
Fig. 5. Man interacting with Robot 

 

VI. CONCLUSION 

 

In conclusion, the development of a visual learning aid 

for dyslexic children through a speech-to-image 

generator represents a significant step forward in 

educational technology. This innovative approach 

leverages advanced technologies such as AI to create 

a more inclusive and effective learning environment 

for children with dyslexia.  
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