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Abstract—Generative AI is a platform which produces many 
types of content. It enables users to develop images via description 
of them in words. Also it is a fact that most of our communication 
is through speech as opposed to writing. In this study we 
present what we have named the Audio to Image Generator. We 
have put together a system that links speech to image creation 
through a technology that is diffusion. The system has two main 
components. The first is a feature which we have incorporated 
from Whisper. Whisper’s job is to turn speech into text that 
includes various accents, languages and also does well with 
background noise. The second component we have included is 
Stable Diffusion which is a model for image production. Also it 
has been made to do this in an accurate and quick way. These 
elements we put together to what we have which is a bridge 
between speech and image generation. We tested how well it 
does by comparing this system to text based methods. We used 
speech as input for the test. What we found is that it did very 
well at producing images which matched the intent of the input 
and also the images that it produced looked very real. Handled 
unclear prompts better than older techniques.This approach can 
help with speech-based interactions.It can also help teaching tools 
to visualize concepts or support projects.This method combines 
speech recognition with a type of generative modeling.It offers 
a way to improve AI systems that can handle multiple types of 
input.It also shows how people and computers can work together 
to create something focusing on making things accessible. 

Index Terms—Generative AI, Audio-, to-Image Generation, 
Whisper, Automatic Speech Recognition (ASR) Stable Diffusion, 
Multimodal AI, CUDA, Semantic Image Generation. 

 
I. INTRODUCTION 

Basically, artificial intelligence algorithms generate images 
from texts, which have grown remarkably in the last few 

years, especially from 2020 to 2022. If you input a descriptive 
word such as beautiful into GANS, diffusion models, and 
an attention-mechanism-based generative engine, a detailed 
image of anything and anywhere comes alive in a matter of 
seconds on your computer. Such innovations have changed the 
game in design, education, and accessibility, in which visual- 
ization of some abstract ideas finally becomes conceivable. 

Although these systems are quite good they mostly work 
with text. We talk to each other all the time and speaking 
is a big part of how we communicate. Spoken commands are 
easy to understand and do not need typing, which makes them 
easier and more accessible to people.This can also help people 
who have trouble reading or have limitations communicate 
better. However research on turning audio into images is not 
as advanced as text-to-image technology. 

This paper looks at what Generative AI does in the field of 
turning spoken words into images. We look at which methods 
work best for this transition also we identify what issues come 
up when using voice as input and we put forth solutions to 
improve how AI’s interface with us. We aim to make AI’s 
interaction with human more natural and smooth. We want AI 
to interpret speech commands and present us with appropriate 
images which in turn will improve the communication between 
people and AI. 

II. LITERATURE SURVEY 
In the field of AI image generation we have seen great 

improvements which left in the dust the past technologies 
that had been put forth for Generative Adversarial Networks 
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(GANs) and instead we have a focus on very advanced 
diffusion models.The majority of the focus has shifted over 
time towards improving user-friendliness, reaching a higher 
bar of realism, and being able to accommodate a number of 
different input types. 

 
A. GAN-Based Methods 

GANs were among the first used to convert text into images. 
They showed it was possible to link text descriptions with 
representations. However challenges like instability during 
training and lack of diversity in generated images often limited 
their use [1]. GANs helped us understand the connection 
between language and images. 

 
B. Frameworks Improved With Attention 

Early GANs had trouble understanding text meaning. This 
led to adding attention mechanisms to fix the problem. Models 
like GACNet combined attention with learning. This improved 
the connection between text and visual counterparts [2]. It 
made image creation more accurate. 

 
C. Diffusion-Based Methods 

Diffusion models have come a long way. They refinement 
of latent variables to present very detailed images. Models 
such as DALL.E, Stable Diffusion and Imagen report superior 
semantic precision and life like results than the old GAN based 
methods. Also they do very well with abstract prompts. They 
require a great deal of computing power. 

 
D. Realism And Human Perception 

Studies report that what we as a society think of AI 
generated images plays great role in our trust and acceptance 
of them. The more realistic the images the greater the trust and 
acceptance. We see that many of these AI generated images are 
very much in realistic range. Also we note that small defects 
or biases in them cause people to question their validity. This 
also presents that for future research to do we should aim for 
excellence and to research how different cultures and people 
perceive reality in this context. 

 
E. Applications And Creative Implementations 

AI systems can generate content with visuals for accessibil- 
ity.We need to keep checking for biases in datasets and ensure 
generated content is used ethically. 

 
F. Detection And Verification 

The realism of AI-generated images led to research on 
detection mechanisms. A system called Gated Expert CNNs 
can tell images from synthetic ones. These technologies are 
necessary for fighting misinformation and ensuring trans- 
parency in AI. 

G. Prompt Engineering And Multimodality 
Researchers focus on engineering and automated ap- 

proaches for effective prompts. Tools like image-to-text gen- 
erators can help create prompts for image synthesis models. 
These tools produce prompts and results making them ac- 
cessible to non-experts like anime or webtoon artists.Current 
evaluation metrics do not accurately reflect human preferences 
[8]. 

H. Research Gap And Motivation 
The study of text-driven image generation shows improve- 

ments. Researchers emphasize realism assess outputs and 
simplify tools for non-experts. However most studies focus on 
typed text prompts. Speech, a form of human communication 
is unexplored in audio-, to-image generation. Exploring this 
area could improve AI and make it more accessible. 

III. PROBLEM STATEMENT 
We have made progress with Artificial Intelligence that can 

create things especially turning text into pictures but it is still 
pretty difficult to build systems that can turn audio into pictures 
well.Reliance on Text Inputs: People must type descriptions 
into tools like DALL·E or Stable Diffusion to make images. 
This can be tricky for those who find speaking directions easier 
than writing them. 

Challenges with Accessibility: Some individuals face dif- 
ficulties typing prompts to disabilities trouble reading or 
situations where their hands are unavailable. Many people 
feel left out since these tools often do not offer voice-enabled 
options. 

Limitations of Voice Commands: Voice input tools often 
rely on speech recognition systems. These tools are not 
designed to handle the creative instructions that Artificial 
Intelligence users might give. These technologies often fail to 
catch what Artificial Intelligence users mean when they give 
instructions. What this did was that often many images were 
not as per the Artificial Intelligence users expectation. 

Limited Control: The issue is with what we may term as 
physical tools which in fact only produce surface level changes 
in image style, definition, resolution and dimensions. What 
we see is that when people try to tailor generated images to 
fit their particular needs they run into issues. Also we see 
that what we have is what we get with AI which in the case 
of: Education we can’t transform abstract ideas into visual 
elements that support learning. Accessibility we can’t put out 
material that reaches all users. Creativity we see a break in 
the flow from idea to quick visual draft. 

IV. PROPOSED METHODOLOGY 
This approach we put forth is that of developing and0which 

in turn we use a very detailed setup which produces images 
from audio inputs. We use generative AI in this. What we 
do is different from usual text to image systems in that we 
put forward speech based human communication at the fore. 
This focus makes the method easy to use, works with many 
input types, and improves access. We combine Speech to Text 
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system with a diffusion based image generator. Also we have 
a simple REST API for scale and user interaction. 

A. System Architecture Overview 
The design is a whole which is made up of parts that do. We 

have implemented Audio to Text which uses the ASR System 
that we powered by Whisper. That which we do is take in 
spoken audio and turn it into text based prompts. Whisper 
from OpenAI is our ASR model. It does a great job with 
languages, accents and in tough sound conditions. 

1) Steps to Improve the Prompt 
• The system looks at the transcribed text. It adjusts 

it to create an clearer prompt. 
• If the transcription seems brief or unclear it adds 

default phrases like ”quality digital painting ultra- 
realistic 4k cinematic lighting.” 

• This does the job of giving the generative model 
more detail which in turn produces better images. 

2) Creating Images Using Stable Diffusion 
• Here is the paraphrased text: We input the text 

prompt to a diffusion based generative model which 
is of Stable Diffusion 1.5 version. 

• What we do is take noise and turn that into clear 
images based on the information provided in the 
prompt. 

• Also we use CUDA GPUs for speed up of the 
process if they are available. If not we fall back 
to the CPU. 

3) Ways to Improve Performance 
• We see that Mixed Precision reduces power use at 

the same time it produces quality results. 
• Attention Slicing which we have introduced divides 

attention layers into parts which in turn reduces 
VRAM use also gets regular GPUs to do the work 
of image creation. 

4) Finishing and Sharing Images 
• Pillow we use to save the created image as a PNG 

file. 
• We take the image which is created and encode it 

in Base64 for transfer over HTTP 
• This encoded string gets sent through the REST API 

toward the client-side interface like a webpage end. 

B. Backend Development With FastAPI 
Our ASGI implementation which in turn is what makes it 

very fast. We have support for building out endpoints. Also 
we see great results with Uvicorn for deployment. The core 
of our backend is a single endpoint which we put in charge of 
handling JSON payloads of the transcribed text prompts. We 
use the pipeline method for that. Then we generate the image 
and send back the output as a Base64 string. This architecture 
also is very adaptive. It easy to add new features. Down the 
road we can include things like image editing, style transfers 
or combining text and audio inputs. 

C. Workflow Overview 
The suggested flow moves through a series of steps: 
1) User Input: Members upload and record audio of them 

talking about the image they want. 
2) ASR Conversion: Whisper changes the file to text. 

Example: a cat which is sitting by a tree. 
3) Prompt Refinement:The system tweaks this input into 

something like: A cat under a tree art ultra realistic 4k 
cinematic lighting. 

4) Image Creation: Stable Diffusion uses the prompt to 
create a consistent image. 

5) Result Delivery: The system shrinks the image. Sends 
it back to the user in a format suitable for the Web. 

D. Choice Of Generative Model 
1) Whisper: Whisper works well with languages and han- 

dles noisy backgrounds better than older ASR systems. 
Training on an varied dataset has made Whisper more 
reliable and effective, in everyday use. 

2) Stable Diffusion: Stable Diffusion v1.5 strikes a good 
mix between fast output and excellent image quality. 
People tend to choose diffusion models instead of GANs 
because diffusion models stay more consistent when 
training and creating images. They also generate outputs 
that better match what users want. 

E. Algorithm 
1) audio ← Capture Audio() 
2) text ← Whisper.transcribe(audio) 
3) prompt ← Enhance(text) 
4) image ← StableDiffusion.generate( prompt = prompt, 

negative prompt = NEGATIVE PROMPT ) 
5) Display(image) 
6) Allow user to edit / download the image 
7) End 

V. SYSTEM IMPLEMENTATION 
The system combines AI image creation and speech-to-text 

functions into one platform using FastAPI. Users can create 
images from text, whether spoken or typed. 

A. Hardware And Setup 
This setup works on devices with GPU support using 

CUDA, but can also switch to CPUs if needed. GPU use 
speeds up the diffusion model process. The ./models directory 
stores files to skip repetitive downloads. The system can 
operate through Google Colab personal computers, or cloud 
servers using ngrok to provide access without direct internet. 

B. Speech-To-Text Component 
The system relies on the Whisper model (base version) to 

process audio input. This model delivers accurate text conver- 
sion even when dealing with various accents or background 
noise. The text generated from this step is then used to move 
forward with the next part of the process. 
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Fig. 1. Flow Diagram 
 
 

C. Image Generation Through Diffusion 
The Stable Diffusion method creates images using the 

Realistic Vision V5.1 noVAE model. Key aspects includes: 
1) Precision handling: We see that we use float16 for GPU 

and float32 for other processing units in this system. 
2) Memory optimization: We have a method we use 

which is attention slicing that which in turn reduces 
memory use which in turn makes the system suitable 
for use in a variety of resource environments. 

3) Inference settings: For inference we use 40 steps of 
noise cleaning. Also we have a guidance scale at 8.5 
which is a balance we have found between creative 
output and accuracy. 

4) Negative prompts: Negative prompts are used to avoid 
issues like Blurry edges, Odd distortions, Extra fingers, 
Random text and Graphic which looks out of place. 

D. Plan To Make Prompts Stronger 
Picture of a cat, 8k resolution which has that film like 

lighting which brings out the sharp detail in the raw color 
tones, HDR quality and precise focus. We’ve got a system 
which does this from basic inputs. 

E. API Service Layer 
The platform we use is FastAPI which we have set up to 

allow access from any origin. The main endpoint /generate 
which we use to process JSON requests. It improves on the 
user’s query to create the image and send it back. 

F. Image Encoding And Delivery 
We also have a feature which turns created images into 

PNG format which we then encode as base64 strings. These 
we include in the API response. This we did to away with 
dependence on the file system which in turn makes for easier 
integration with client apps. Also we were able to improve the 
overall performance. 

G. Deployment, Accessibility, Performance And Security 
Methods which use mixed precision computation improve 

performance. For issue of memory we implemented prompt 
fine tuning and attention splitting. Security we addressed with 
TLS encrypted ngrok tunnels which give us access to API end 
points. We do not store user data. 

VI. EXPERIMENTAL RESULTS AND ANALYSIS 
What we did was test the system out to see if it could 

take signals and turn them into images which people would 
be able to interpret or analyze. We looked at number based 
and observational methods which are typical in intelligence 
research. 

A. Quantitative Metrics 
1) Frechet Inception Distance (FID): Researchers looked 

at FID score which they used to determine how well the 
AI generated images matched real ones. What we found 
was that for a smaller less complex model the FID score 
of 18.7 out of 100 on the test prompts was very good. 
That’s a result which the team was very pleased with. 

FID =  µr − µg  2 + Tr
 

Σr + Σg − 2(ΣrΣg)1/2
 

(1) 

where: 
• µr, Σr are the mean and covariance of image fea- 

tures. 
• µg, Σg are the mean and which of generated image 

features. 
Result: The model hit a FID of 18.7 which at the same 
time showed that it does well even with a small scale 
setup. 

2) Inception Score (IS): Inception Score (IS) which we 
used to measure image variation and realism. We got an 
average IS of 7.9 which means the model does a great 
job at producing many different looking images from 
any given prompt. 

IS = exp (Ex∼G [DKL (p(y|x)  p(y))]) (2) 

where: 
• p(y|x) is the class probability the model puts out 

for a generated image x. 
• p(y) is the class distribution across all generated 

images. 
Result: We saw that the model achieved an IS of 7.9 
which in turn shows that it does a great job at producing 
relevant content. 
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3) Precision and Recall:Precision measured how well the 
images did what the users asked for. Recall looked at 
how well the system did in terms of capturing the input’s 
meaning. We saw that precision was 0.87 and recall 0.81 
which is to say the model did very well in terms of user 
input. Sometimes it did not get the full meaning in more 
complex prompts. Precision and Recall were used thus: 
Precision and Recall were used like this: 

 

Precision = Relevant Generated Images 
Total Generated Images 

 

Recall = Relevant Generated Images 
Total Relevant Images 

 
(3) 

 

 
(4) 

Result: Precision at 0.87. Recall at 0.81. We saw 
that which which we aligned well with user prompts 
although some info was lost in complex inputs. 

 

B. Performance Analysis 

Latency and memory use was measured in two environ- 
ments: 

 
TABLE I 

PERFORMANCE COMPARISON ACROSS DIFFERENT ENVIRONMENTS 
 

Environment Avg. Latency per Prompt Peak VRAM Usage Success Rate 
CPU (Intel i5, 8 GB RAM) 5–10 min 3.5 GB 96% 

GPU (NVIDIA Tesla T4, 16 GB) 10–20 sec 5.2 GB 99% 
 
 

GPU acceleration made my program run 8 times faster, than 
using the CPU. This outperformed what we had before. We 
also did attention slicing which made it so that my model 
performed well even when I didn’t have large amounts of 
memory. 

 
C. Qualitative Evaluation 

1) Human Evaluation: In a small scale study we had 15 
people take part. They looked at the pictures we had and 
gave them a score out of five. The score was based on 
how real the picture looked, how well it portrayed what 
it was supposed to and how nice it appeared.The system 
received a score of 4.3 for how real the images were 
and 4.1 for how well they represented what they were 
meant to be which means it is putting out good quality 
images. 

2) Case Studies: 
These examples demonstrate that the system can manage 
simple as well as more detailed prompts. 

 
D. Comparing Results 

This system made pictures with fewer mistakes than other 
methods.Other methods did not get updates on what to cre- 
ate.Our system is better because it uses voice and text.People 
can. Type to get the pictures they want. 

 
Fig. 2. A Golden Retriever sitting in a chair 

 

 
Fig. 3. An ambulance moving quickly through heavy city traffic while cars 
make way with flashing lights 

 
 

E. Limitations 
The system is not perfect.Here are some problems: 
1) It slows down if the computer does not have a chip. 
2) If the voice is noisy it hears it wrong. Makes a bad 

picture. 
3) Hard prompts, like dreamlike ideas do not turn out well. 

VII. CONCLUSION 
Generative Artificial Intelligence has become a cool tech- 

nology for making all sorts of content like high quality pictures 
from what people write. Most people are working on making 
pictures from text. We talk to each other all the time so speech 
is a more natural way for people to communicate.We made 
something called the Audio-to-Image Generator, which’s a 
framework that uses Artificial Intelligence to turn what people 
say into pictures. It uses something called Automatic Speech 
Recognition to figure out what people are saying. Then it 
makes pictures based on that. This framework does two things: 
it takes speech and turns it into text even if the person has an 
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accent or is speaking in a noisy place and it makes pictures 
from that text. We used something called Whisper to make 
sure the speech-to-text part works well and something called 
Stable Diffusion to make the pictures. We have put together 
these two elements to create a system which takes in what 
people are saying and turns it into images. We put it to the 
test with many of the things which people said and we also 
used it against other systems which only use text. The Audio- 
to-Image Generator creates images which are more like what 
people are describing and which look very real. Also it does 
a great job at interpreting what is meant by what people say 
which may not be clear. This could be very useful for things 
like tools that help people who can’t type or for teachers which 
they can use to present things to their students or for artists 
which they can use to produce interesting work. 
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