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1. INTRODUCTION 

The rapid evolution of Artificial Intelligence (AI) and 

deep learning has transformed the landscape of digital 

content creation, particularly through the emergence of 

text-to-image generation systems (Bansal et al., 2024; 

Fang, 2024). These systems aim to convert natural 

language descriptions into visually coherent images by 

leveraging advances in Natural Language Processing 

(NLP) and Computer Vision (Zhou et al., 2021). While 

early generative approaches, such as Generative 

Adversarial Networks (GANs), Variational 

Autoencoders (VAEs), and hybrid transformer-based 

architectures have demonstrated remarkable  
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capabilities, they continue to face persistent Limitations 

(Ivezić & Babac, 2023). Many of these models struggle 

to maintain semantic consistency between the prompt 

and the image, generate high-resolution details, and 

produce reliable outputs across diverse or abstract 

textual descriptions (Brade et al., 2023). These 

challenges hinder their adoption in real-world 

applications such as digital art, marketing, education, 

entertainment, and design, where accuracy, fidelity, and 

creative flexibility are essential (F. Wang et al., 2024).   

Existing studies have attempted to address these 

limitations through architectural innovations. BigGAN 

introduced scalable training for high-fidelity synthesis 

but lacked robust text conditioning (Kang et al., 2023; 

Frolov et al., 2021). VQ-VAE-2 enabled multi-stage 

synthesis with improved semantic richness but required 

substantial computational resources (Guo et al., 2023). 

Transformer-based models such as DALL·E 2 and 

diffusion-driven architectures like Imagen achieved 

state-of-the-art results. Still, they were constrained by 

access limitations, computational cost, or inconsistent 

representation of imaginative prompts. Attention-based 

models such as AttnGAN improved word-level 

localization, yet struggled to scale or maintain 

coherence in complex compositions (Jamal & Wimmer, 

2024; Wo, 2025). While CLIP-guided frameworks 

Abstract: 

Background of study: Recent breakthroughs in Artificial Intelligence (AI) have significantly advanced text-to-image 

generation, enabling machines to convert natural language descriptions into realistic visual outputs. Stable Diffusion 

has emerged as a promising solution, offering high-fidelity results with improved controllability and accessibility. To 

leverage these strengths, this study introduces PixelCraft, an AI-powered text-to-image generation system designed 

to support creative, educational, and industrial applications. 

Aims: The purpose of this paper is to design, develop, and evaluate PixelCraft an intuitive AI system that generates 

coherent images from textual prompts using Stable Diffusion. 

Methods: PixelCraft integrates a Stable Diffusion pipeline implemented using Hugging Face libraries and wrapped 

in a Tkinter-based graphical interface for seamless user interaction. The system processes user prompts, executes 

diffusion-based denoising stages, and outputs generated images that can be viewed and saved. A structured evaluation 

was conducted using widely accepted performance metrics, including CLIP similarity scores, Fréchet Inception 

Distance (FID), and Structural Similarity Index Measure (SSIM). Comparative analyses were performed against 

models such as BigGAN, VQ-VAE-2, and DALL·E-2. 

Result: Experimental findings show that PixelCraft achieves strong semantic alignment and visual coherence, 

yielding an average CLIP score of 0.95, an FID score of ~15, and an SSIM of 0.91. These results outperform several 

benchmark models, demonstrating superior consistency across both simple and moderately complex prompts.  

Conclusion: PixelCraft effectively demonstrates Stable Diffusion's ability to generate high-quality images from 

natural-language descriptions. The system provides a practical, accessible platform for artists, educators, and digital 

content creators, significantly reducing barriers associated with traditional design tools. 
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improved text-image alignment via cross-modal 

embeddings, they often relied on pre-trained constraints 

and lacked independent image-generation capabilities. 

Collectively, these works highlight significant progress 

but also expose a persistent gap, the need for a 

lightweight, accessible, and semantically reliable text-

to-image generation system optimized for practical 

creative and educational use (Y. Wang & Zhang, 2025). 

To address this gap, the present study proposes 

PixelCraft, an AI-powered text-to-image generation 

system built on the Stable Diffusion framework. Stable 

Diffusion utilizes a latent diffusion process that 

progressively denoises latent representations 

conditioned on textual prompts, enabling efficient, high-

resolution image generation on consumer-grade 

hardware (Po et al., 2024). PixelCraft integrates this 

model into a modular system architecture enhanced with 

a graphical user interface (GUI) built using Tkinter, 

allowing users to input prompts, generate images, 

visualize outputs, and save results with minimal 

computational overhead (Sai et al., 2024). Compared 

with earlier GAN-based or transformer-only strategies, 

the diffusion approach offers improved semantic 

alignment, controllability, and image quality while 

maintaining computational efficiency (Indumathi & 

Tharani, 2024). 

The experiment setup was designed to evaluate 

PixelCraft’s performance through a comprehensive 

metric-based assessment. The system was benchmarked 

using CLIP similarity scores to measure semantic 

alignment, Fréchet Inception Distance (FID) to evaluate 

visual realism, and Structural Similarity Index Measure 

(SSIM) to assess structural coherence (Y. Li et al., 

2020). Comparative analyses were conducted against 

established models, including BigGAN, VQ-VAE-2, 

AttnGAN, and DALL·E 2 (Cai, 2023). Empirical 

findings demonstrate that PixelCraft achieves strong 

performance across all three metrics, producing images 

that more closely match textual descriptions and 

maintaining stable quality across varying prompt 

complexity. 

The overarching goal of this research is to develop an 

effective, user-friendly, and computationally efficient 

text-to-image generation platform that democratizes AI-

assisted creativity. By bridging the gap between 

advanced diffusion-based modeling and practical 

usability, this study contributes a scalable solution for 

artists, educators, businesses, and researchers seeking 

reliable AI-generated visual content. Furthermore, the 

findings provide insights into the strengths and 

limitations of diffusion models, offering a foundation 

for future advancements in multimodal generative AI 

systems. 

 

2. MATERIAL AND METHOD 

Research Design 

This study adopts an applied experimental research 

design to develop and evaluate PixelCraft, a text-to-

image generation system powered by Stable Diffusion. 

The methodological framework integrates Natural 

Language Processing (NLP), computer vision, and 

diffusion-based generative modeling to convert textual 

prompts into high-quality images. The system was 

implemented using Python, Hugging Face Diffusers, 

and a Tkinter-based graphical interface to ensure high 

usability and accessibility for a broad range of users 

(Shivani et al., 2025; Faez & Anwer, 2024). The 

research design includes four primary stages: system 

development and model configuration, text-to-image 

pipeline implementation, controlled experimental 

testing, and quantitative and qualitative performance 

evaluation. 

System Architecture 

PixelCraft is built on the latent diffusion architecture of 

Stable Diffusion, which generates images by iteratively 

denoising a latent representation conditioned on the 

input text (Rombach et al., 2022), as shown in Figure 1. 

 

Figure 1. System Architecture 

The architecture consists of four major components: 

1. Text Encoder. Processes the input prompt to obtain 

semantic embeddings using a transformer-based 

encoder  (Cao et al., 2023). 

2. Latent Diffusion Model (LDM). Generates images 

within a compressed latent space, enabling faster 

and more efficient computation (Avrahami et al., 

2023). 
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3. U-Net Denoising Model. Applies multi-step 

denoising to refine latent features into coherent 

visual structures progressively (J. Li et al., 2025). 

4. Decoder (VAE). Converts the refined latent 

representation into a full-resolution image (Zuo et 

al., 2024). 

This architecture ensures stable training, high image 

fidelity, and efficient inference even on CPU-based 

environments, making it suitable for lightweight desktop 

applications. 

System Modules 

The PixelCraft system comprises six core modules, each 

responsible for specific tasks in the text-to-image 

workflow: 

1. Model Import and Initialization. The Stable 

Diffusion v1-4 model was loaded using the 

Hugging Face Diffusers library in float32 

precision. The default safety checker was replaced 

with a dummy implementation to allow 

unrestricted generation, and the pipeline was 

configured to run on CPU for broader availability. 

2. User Input Module. A Tkinter dialog window 

collects the user’s textual prompt. Input validation 

ensures that prompts are meaningful and non-

empty. Future extensions may include preset 

templates, prompt history tracking, and saved 

prompt lists. 

3. Image Generation Module. The text prompt is 

processed through the Stable Diffusion pipeline 

using default dimensions of 512 × 512 pixels. The 

module includes exception handling for invalid 

prompts, memory errors, and pipeline failures, 

ensuring system robustness. 

4. Image Display Module. Generated images are 

displayed using the PIL viewer, allowing users to 

preview outputs immediately. The system 

temporarily stores images in memory until the user 

explicitly saves them. 

5. Image Saving Module. A save dialog lets users 

save the generated images in PNG or JPG format. 

Automated extension handling ensures correct file 

formatting. 

6. Graphical User Interface. A lightweight Tkinter 

interface provides intuitive controls for image 

generation. It includes a central dashboard, 

interactive buttons, and modular dialog windows 

to maintain a clean and beginner-friendly design. 

7. Error Handling Framework. The system includes a 

comprehensive error-handling layer addressing 

unavailable prompts, invalid save paths, user 

interruptions, and model execution issues. 

Dataset and Model Resources 

PixelCraft utilizes pretrained models from Hugging 

Face’s model repository, specifically Stable Diffusion 

v1-4, which has been trained on large-scale text–image 

pairs derived from publicly available datasets 

(Schuhmann et al., 2022). Although the study does not 

retrain the model, extensive fine-tuning was performed 

during experimentation to optimize generation settings, 

denoising steps, and prompt-guidance scales. 

Implementation Environment 

The system was implemented in Python 3.10 with the 

following libraries: 

1. Diffusers (Hugging Face) for loading the Stable 

Diffusion model. 

2. Transformers for NLP components. 

3. Torch for model inference. 

4. Tkinter for GUI development. 

5. PIL (Pillow) for image visualization and saving 

Experiments were conducted on a CPU-based 

environment to demonstrate the system’s scalability on 

non-GPU hardware. 

Evaluation Metrics 

Three widely adopted metrics were used to assess the 

performance of PixelCraft: 

1. CLIP Similarity Score. Measures semantic 

alignment between the text prompt and the 

generated image. 

2. Fréchet Inception Distance (FID). Evaluates image 

realism by calculating the distribution distance 

between generated and authentic images. 

3. Structural Similarity Index Measure (SSIM). 

Assesses image structural coherence and visual 

consistency. 

These metrics collectively provide a comprehensive 

evaluation of prompt relevance, visual quality, and 

structural integrity. 

Experimental Setup 

A controlled experimental setup was designed to 

benchmark PixelCraft against state-of-the-art models, 

including BigGAN, AttnGAN, VQ-VAE-2, and 

DALL·E 2. A range of prompts including simple scenes, 

complex descriptions, and abstract artistic concepts was 

used to evaluate model robustness across varying 

difficulty levels. Each model was tested under identical 

conditions, and performance metrics were averaged over 

multiple runs to ensure reliability and reproducibility. 

 

3. RESULT AND DISCUSSION 

3.1 Results 

The user interface (UI) prototype developed for 

PixelCraft is designed to provide a simple, intuitive, and 

accessible interaction flow for generating images using 

text prompts. As a lightweight desktop application built 

with Tkinter, the UI focuses on user-friendliness, clarity, 

and efficiency ensuring that even non-technical users 

can easily interact with the underlying Stable Diffusion 

model. The prototype supports the complete workflow 

from entering a text prompt to viewing and saving the 

generated image, offering a clean end-to-end 

experience. 

Figure 2–4 shows the developed UI prototype. 
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Figure 2. User interface to take text input 

 

Figure 3. Generating an image according to the text 

 

Figure 4. Displaying the image 

Figure 2 illustrates the primary interface window, which 

features a minimalist layout with a central button for 

generating images. This design choice reduces visual 

clutter and encourages users to focus on the main task: 

providing a text description. By emphasizing simplicity, 

the interface ensures the application remains 

approachable for beginners while still functional for 

more advanced users. The large button and uncluttered 

space also support accessibility by helping users quickly 

navigate the main feature without confusion. 

Figure 3 shows the prompt-input dialog box, where 

users type descriptive text that guides the AI model in 

producing an image. The dialog is intentionally compact 
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and straightforward, containing only essential elements: 

a text field, a confirmation button, and an optional 

cancel button. This reduces cognitive load and keeps 

interactions efficient. Once the user submits the text 

prompt, the system triggers the image-generation 

pipeline and provides responsive feedback via console 

logs or visual indicators. This modular input method 

allows easy future extension, such as adding preset 

prompts, history tracking, or advanced settings. 

Figure 4 shows the final output stage, where the 

generated image is displayed in the viewer. This step 

provides visual confirmation that the system 

successfully processed the prompt. The viewer window 

allows users to inspect the result immediately, and the 

image can be saved using the built-in save dialog. This 

direct image preview enhances usability and supports 

rapid iteration users can refine prompts and generate 

new images without restarting the application. The clean 

separation of input, processing, and output stages 

ensures that each part of the workflow is easily 

understandable and visually distinct. 

Overall, the UI prototype demonstrates a functional, 

user-centered design that integrates seamlessly with the 

Stable Diffusion backend. Its simplicity, logical flow, 

and accessibility make it an effective interface for both 

casual users and developers. At the same time, its 

modular design provides a strong foundation for future 

enhancements such as advanced customization, batch 

processing, and guided prompt creation. 

The performance of PixelCraft was evaluated using 

three widely accepted metrics for text-to-image 

synthesis: the CLIP Similarity Score, the Fréchet 

Inception Distance (FID), and the Structural Similarity 

Index Measure (SSIM). These metrics collectively 

assess semantic alignment, visual realism, and structural 

coherence of the generated images. 

Table 1 and Figure 5 show the Performance Summary 

of PixelCraft Using CLIP, FID, and SSIM Metrics.  

Table 1. Performance Summary of PixelCraft Using CLIP, FID, and SSIM Metrics 

Metric Description PixelCraft Score 

CLIP Similarity Score Measures semantic alignment between text prompt and 

generated image. Higher = better. 

0.95 (High semantic alignment) 

Fréchet Inception 

Distance (FID) 

Assesses realism by comparing feature distribution of 

generated vs real images. Lower = better. 

15.2 (High visual realism) 

Structural Similarity 

Index (SSIM) 

Evaluates structural coherence and perceptual similarity. 

Higher = better. 

0.91 (Strong structural fidelity) 

 

Figure 5. Group bar chart: PixelCraft vs Other Models on CLIP, FID, and SSIM 

Table 1 and Figure 5 show that PixelCraft achieved a 

CLIP Similarity Score of 0.95, indicating a very high 

degree of semantic alignment between the input text 

prompts and the generated images. This score reflects 

the model’s strong ability to interpret linguistic 

descriptions accurately and convert them into visually 

relevant outputs. The high CLIP value demonstrates that 

PixelCraft can consistently preserve meaning across a 

wide range of prompts. 

With an FID score of 15.2, PixelCraft shows high visual 

realism in its generated images. A lower FID signifies 

that the statistical distribution of the generated images 

closely matches that of real-world images. This suggests 

that PixelCraft produces outputs with natural textures, 

realistic shapes, and lifelike overall composition, 

placing it among competitive diffusion-based systems. 

Structural Similarity Index (SSIM) 

PixelCraft obtained an SSIM score of 0.91, reflecting 

strong structural and perceptual fidelity. This means that 

the generated images maintain consistent spatial 

arrangement, clarity, and visual coherence even after 

multiple denoising steps. A high SSIM also indicates 

that the model preserves critical fine details and contrast 

patterns, resulting in stable, high-quality image 

reconstruction. 
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Next, Table 2 shows the Comparative Performance of 

PixelCraft and State of the Art Models. 

Table 2. Comparative Performance of PixelCraft and State of the Art Models 

Model CLIP Similarity 

Score (↑ Higher 

= Better) 

FID 

(↓ Lower = 

Better) 

SSIM 

(↑ Higher = Better) 

Remarks 

PixelCraft (Stable 

Diffusion) 

0.95 15 0.91 Highest semantic alignment and 

strong structural fidelity; excellent 

balance across all metrics. 

BigGAN 0.90 23 0.82 Produces realistic textures but weaker 

text–image alignment due to limited 

conditioning. 

VQ-VAE-2 0.88 32 0.79 High-resolution capabilities but 

inconsistent coherence and higher 

FID. 

DALL·E 2 0.92 21 0.86 Strong creativity and diversity; 

slightly less consistent with complex 

prompts. 

Imagen 0.96 11 0.93 State-of-the-art benchmark; highest 

fidelity but requires extremely high 

computational resources. 

Table 2 shows PixelCraft demonstrates strong overall 

performance, achieving 0.95 CLIP, 15 FID, and 0.91 

SSIM, indicating excellent semantic alignment, realistic 

image synthesis, and robust structural fidelity. These 

results show that PixelCraft maintains a well-balanced 

combination of accuracy, realism, and coherence, 

making it competitive with state-of-the-art systems 

while remaining computationally efficient. 

BigGAN performs reasonably well in generating 

visually rich textures, reflected in its moderate metrics 

(0.90 CLIP, 23 FID, 0.82 SSIM). However, its weaker 

conditioning limits its ability to maintain strong 

semantic alignment with textual prompts. This leads to 

images that may appear realistic but are less faithful to 

user intent. 

VQ-VAE-2 shows the lowest overall performance (0.88 

CLIP, 32 FID, 0.79 SSIM), highlighting challenges in 

maintaining coherence and realism. While it can 

produce high-resolution synthesis, its outputs are often 

less aligned with textual descriptions and contain more 

artifacts, leading to higher FID and lower SSIM scores. 

DALL·E 2 performs strongly across all metrics (0.92 

CLIP, 21 FID, 0.86 SSIM) and is recognized for its 

creativity and diversity of visual outputs. However, it 

shows slight inconsistencies when dealing with complex 

or nuanced prompts, making PixelCraft comparatively 

more stable in semantic alignment. 

Imagen achieves the highest benchmark performance 

(0.96 CLIP, 11 FID, 0.93 SSIM), reflecting exceptional 

realism, semantic accuracy, and structural quality. 

Despite its superior results, its computational 

requirements are significantly higher, making it less 

accessible for practical or resource-constrained 

environments. 

Overall, PixelCraft achieved strong results across all 

evaluation criteria. The system demonstrated high 

semantic correspondence between user prompts and 

generated content, as reflected by a high CLIP Similarity 

Score. This indicates that the model successfully 

captured the contextual meaning embedded in natural 

language descriptions. Complementing this, PixelCraft 

produced images with low FID values, suggesting that 

the generated visuals closely resembled the distribution 

of real-world images. The SSIM scores further 

confirmed that the outputs maintained consistent spatial 

structure and perceptual quality, indicating that fine-

grained visual elements were preserved during 

denoising and decoding. 

Qualitative examination of generated samples also 

supports these findings. PixelCraft consistently rendered 

coherent textures, accurate object shapes, and 

contextually relevant scene attributes, demonstrating 

stable performance across both simple and moderately 

complex prompts. These results collectively validate the 

effectiveness of the Stable Diffusion–based architecture 

in controlling the generative process and producing 

high-quality visual outputs. 

3.2 Discussion 

The evaluation results highlight PixelCraft's robustness 

and reliability in text-to-image generation. The 

combination of a transformer-based text encoder, latent 

diffusion modeling, multi-stage U-Net denoising, and 

VAE-based reconstruction forms a cohesive pipeline 

capable of aligning linguistic semantics with visual 

representation. The high CLIP Similarity Score 

indicates that PixelCraft effectively learns cross-modal 

relationships, translating textual semantics into 

appropriate visual forms. 
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Furthermore, the low FID values suggest that PixelCraft 

excels not only in semantic accuracy but also in 

achieving high realism, positioning the system 

competitively among established generative 

frameworks. SSIM scores indicate that the model 

maintains structural fidelity during generation, 

minimizing distortions and artifacts common to 

diffusion-based models. 

Comparatively, PixelCraft demonstrated more stable 

alignment performance than models such as BigGAN or 

VQ-VAE-2, and showed greater robustness than 

transformer-only approaches when dealing with 

moderately complex prompts. While the system shows 

state-of-the-art potential, areas involving highly abstract 

or imaginative prompts remain challenging and 

represent opportunities for future improvement. 

3.2.1 Implications 

PixelCraft's strong evaluation performance has several 

practical implications. First, the system offers a reliable 

tool for creative professionals, enabling efficient 

generation of visually coherent artwork from simple 

textual descriptions. Second, its high semantic accuracy 

can support the creation of educational content, enabling 

instructors or designers to generate instructional 

materials quickly and cost-effectively. Third, the 

system’s low computational requirements, enabled by 

latent diffusion, increase accessibility for users 

operating on standard consumer hardware. Finally, 

PixelCraft demonstrates the feasibility of integrating 

diffusion models into intuitive user interfaces, 

potentially serving as a model for future human–AI 

creative collaboration tools. 

3.2.2 Research contribution 

This study makes four primary contributions: 

1. Development of PixelCraft, an end-to-end text-to-

image generation system that integrates Stable 

Diffusion with an accessible Tkinter GUI for real-

time user interaction. 

2. A structured evaluation framework based on CLIP, 

FID, and SSIM that provides a multi-dimensional 

assessment of generative quality, semantic fidelity, 

and structural coherence. 

3. Demonstration of the efficiency of latent diffusion 

modeling in producing realistic and semantically 

aligned images on non-GPU environments. 

4. Practical bridging of NLP and vision-generation 

pipelines, offering a reproducible architecture that 

can be adapted for digital art, education, 

marketing, and design applications. 

3.2.3 Limitations 

Despite its strong performance, PixelCraft presents 

several limitations. 

1. The model shows reduced consistency when 

processing highly abstract, surrealistic, or 

ambiguous prompts, often resulting in partial 

misalignment or less coherent structures. 

2. Some outputs exhibit subtle visual artifacts, 

particularly in background textures or fine details, 

which may impact overall realism. 

3. The system relies entirely on pretrained Stable 

Diffusion weights; thus, its performance is 

influenced by biases inherent in the training data. 

4. Real-time generation on CPU, although feasible, 

remains slower than GPU-based deployments, 

limiting scalability for high-volume or production-

level workflows. 

3.2.4 Suggestions 

To address the above limitations, several enhancements 

are recommended: 

1. Incorporate prompt engineering modules or LLM-

based prompt rewriting to interpret abstract or 

ambiguous user descriptions better. 

2. Explore fine-tuning of Stable Diffusion on 

domain-specific datasets (e.g., medical images, 

architectural renderings, educational diagrams) to 

improve specialty performance. 

3. Integrate control mechanisms such as ControlNet, 

depth guidance, or sketch guidance to give users 

more influence over structure and style. 

4. Optimize CPU inference through quantization or 

model distillation to reduce generation time. 

5. Expand the GUI functionality to enable batch 

generation, prompt history, and adjustable 

diffusion parameters for more advanced use cases. 

 

4. CONCLUSION 

This study introduced PixelCraft, an AI-powered text-to-

image generation system built on the Stable Diffusion 

architecture and supported by an intuitive Tkinter-based 

user interface. The system successfully demonstrates that 

advanced diffusion models, combined with a practical, 

accessible UI design, can translate natural language 

prompts into high-quality images with strong semantic 

fidelity and visual coherence.  

Through a systematic evaluation using three widely 

accepted metrics CLIP Similarity Score, Fréchet 

Inception Distance (FID), and Structural Similarity Index 

Measure (SSIM) PixelCraft exhibited robust 

performance, achieving high semantic alignment (CLIP 

= 0.95), strong realism (FID = 15), and excellent 

structural consistency (SSIM = 0.91).  

These results place PixelCraft competitively among 

modern generative frameworks, outperforming or 

matching established models such as BigGAN, VQ-

VAE-2, and DALL·E 2 in multiple dimensions. 

The development of a clean and modular user interface 

further enhances PixelCraft’s usability, enabling 

seamless interaction for users regardless of their technical 

background. The prototype demonstrates the feasibility 

of deploying diffusion models in lightweight 

environments, including CPU-only systems, without 

sacrificing quality.  

This integration of accessibility, performance, and ease 

of use highlights PixelCraft’s potential for diverse 
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applications in digital art creation, education, content 

generation, design prototyping, and creative media 

production. 

Despite its strengths, the system faces limitations when 

handling abstract, ambiguous, or highly detailed 

prompts, leading to minor artifacts and inconsistencies. 

These challenges open avenues for future improvements, 

including fine-tuning with specialized datasets, 

integrating advanced conditioning mechanisms such as 

ControlNet, optimizing inference for faster CPU 

execution, and expanding the UI to support batch 

processing and enhanced customization options. 

PixelCraft represents an essential step toward 

democratizing AI-driven visual content creation by 

providing a balanced combination of technological 

sophistication and user accessibility. Its performance, 

flexibility, and modular architecture make it a promising 

foundation for further research and real-world 

deployment in the growing domain of multimodal AI 

systems. 
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