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Abstract 

 

Generative Artificial Intelligence (AI) model is a revolutionary type of AI capable of producing high 

quality images based on textual inputs. These models utilize natural language processing (NLP) techniques 

and computer vision to understand and interpret the textual descriptions and then generate images that 

align with the given descriptions. This study evaluates four prominent text-to-image generative models- 

DALL-E, Google Imagen, Stable Diffusion, and GROK AI emphasizing on the text-to-image diffusion 

models. Using a comprehensive evaluation approach, we employ three mathematical formulas the Fréchet 

Inception Distance (FID), Structural Similarity Index (SSIM), and Peak Signal-to-Noise Ratio (PSNR) to 

assess image quality and realism across datasets collected from these AI platforms. Additionally, human 

evaluations are conducted to compare the perceptual impact of AI-generated images with mathematical 

metrics. Our findings highlight the varying degrees of perceived realism among different image generative 

With AI models, DALL-E and Imagen generally being perceived as more realistic than Stable Diffusion 

and GROK. As examined, human evaluation is the current gold standard in text-to-image evaluation; 

however, mathematical based metrics also have promise and value. Our findings contribute to the 

advancement of text-to-image synthesis and our results provide support for FID as the gold standard 

evaluation method as it most closely represented human evaluation. 

 

Keywords: generative AI, diffusion model, text-to-image generative model, OpenAI DALL-E, Google 

Imagen, GROK AI, Stable Diffusion  

 

Introduction 

 
The emergence of generative AI frameworks has transformed the landscape of the creation of digital image 

creation, marking a new era of AI to generate diverse and realistic images from text prompts. Text to image 

generative models are AI models that leverage Natural Language Processing (NLP) techniques while 

interpreting the textual inputs to visual representation (Oppenlaender, 2023). Such generative models 

enable users to articulate ideas and visual concepts thorough natural language, offering numerous 

opportunities for various applications, i.e., entertainment, art, design, and visual communication. Some 

renowned text-to-image generation models include DALLE, Google Imagen, GROK, and Stable Diffusion, 

while recent advancements in text-to-image generative models have unlocked new opportunities in creative 

fashion and practical applications. However, despite the remarkable potentials of AI-generated images, 

challenges and considerations still exist regarding their quality, realism, and societal impact. 
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Text-to-image synthesis is the process of generating images from textual prompts and offers both promises 

and complexities. For example, this technology holds potential across various domains such as design, art, 

entertainment, and visual storytelling. Yet there are significant concerns and challenges ensuring the 

accuracy, coherence, and ethical implications of AI-generated images. The reliance on textual prompts 

introduces complexities in accurately conveying desired visual concepts, leading to potential discrepancies 

between the intended and generated images. Furthermore, other concerns such as misinformation, bias, and 

manipulation highlight the significance of rigorous evaluation techniques and safeguards in developing and 

deploying text-to-image synthesis systems.  

While mathematical methods can provide quantitative assessments of text-to-image synthesis, metrics such 

as the Fréchet Inception Distance (FID), Structural Similarity Index (SSIM), and Peak Signal-to-Noise 

Ratio (PSNR) offer objective benchmarks for evaluating image fidelity and similarity to real-world 

counterparts. These metrics employ computational algorithms to assess various aspects of image quality, 

including perceptual similarity, structural integrity, and noise levels. By quantifying these attributes, 

mathematical metrics offer valuable insights into the technical performance of AI-generated images and 

enable comparisons across different models and datasets. 

However, despite their utility, mathematical metrics have inherent limitations. Mathematical algorithms 

may not fully capture the subjective nature of human perception. Human observers possess the ability to 

discern subtle details, interpret contextual cues, and make qualitative judgments that extend beyond 

numerical measurements. Thus, human evaluation remains indispensable in the assessment of image 

realism and perceptual fidelity based on certain criteria such as contextual coherence, emotional resonance, 

and aesthetic appeal. By incorporating human evaluation alongside mathematical metrics, researchers can 

validate the technical accuracy of AI-generated images while contextualizing their perceptual impact within 

real-world contexts. In essence, the integration of mathematical metrics and human evaluation represents a 

synergistic approach to assessing the quality and realism of text-to-image synthesis.  

This study evaluates four popular AI tools, including DALL-E, Google Imagen, Stable Diffusion, and 

GROK AI, focusing on their text-to-image diffusion models. Ten real images were collected from diverse 

sources to serve as benchmarks for evaluation. Our research addresses the challenges and opportunities 

inherent in text-to-image synthesis through a robust evaluation approach. We explored three mathematical 

formulas- FID, SSIM, and PSNR metrics across the image datasets, collected from four AI platforms to 

measure image quality and realism. Additionally, we conducted human evaluations in which participants 

assessed the realism and quality of AI-generated images, enabling a comparative analysis between 

mathematical metrics and human perception.  

In this work, a two-fold gap in the current state of the art was identified. To address this, modern diffusion 

models were first compared based on their performance in generating realistic text-to-image outputs. 

Secondly, mathematical evaluation metrics were contrasted with human assessments, which remain the 

gold standard. A mathematical comparison of the evaluation metrics was conducted, and a human survey 

was carried out to understand the performance variations of the AI tools. Through this interdisciplinary 

approach, we aim to contribute to understanding and advancing text-to-image synthesis while promoting 

responsible and ethical AI development.   

 

Literature Review  

 
The research landscape in text-to-image generation is still relatively nascent, with a limited number of 

works exploring this emerging field. While interest in text-to-image synthesis has been growing, 
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particularly in recent years, the volume of literature remains relatively modest compared to more established 

areas of machine learning and computer vision. In the context of image tuning, et al. Xu et al. (2023) 

introduced UniTune, an innovative approach to image editing that accepts any image along with a textual 

description of the desired edit. It is capable of executing the modification while preserving the original 

image's quality. Unlike other methods, UniTune doesn't rely on additional inputs like masks or sketches 

and can handle multiple edits without retraining. In evaluations against another similar potential model, 

SDEdit, UniTune demonstrated a clear advantage, with a 72% preference over SDEdit's 28%. These results 

indicate that while both methods excel when edits are minor, UniTune outperforms significantly in 

scenarios requiring substantial pixel alterations, such as object duplication, movement, or resizing.  

Xu et al. (2023) extended the original single-flow diffusion pipeline into a versatile multi-task multimodal 

network called Versatile Diffusion (VD), capable of handling various tasks such as text-to-image and 

image-to-text conversions within a single unified model. VD comprises three key components: a diffuser 

that operates within a multi-flow multimodal framework, variational autoencoders (VAEs) for converting 

data samples into latent representations, and context encoders for embedding contextual information. In 

comparison to existing models like CogView, LAFITE, GLIDE, and Make-a-Scene, VD demonstrates 

superior FID performance, with a score of 11.21 ±0.03 compared to 11.10 ±0.09. 

Elarabawy et al. (2022) developed a method for featuring multiple easily adjustable hyperparameters for 

enabling a diverse array of real image edits. This method, termed as optimization-free and zero fine-tuning, 

relies on text-based semantic instructions for flexible editing. Unlike approaches generating numerous 

outputs and relying on additional mechanisms for filtering, this method allows for systematic modulation 

of target edits.  

Moreover, Ruiz et al. (2023) introduced a method called Dream Booth, which synthesizes new renditions 

of a subject using a small set of subject images and a text prompt as guidance. This framework is developed 

by fine-tuning a text-to-image model with the input images and text prompts containing a unique identifier 

followed by the class name of the subject. Two metrics, CLIP-I and DINO were used to evaluate the 

performance. Dream Booth (based on the Imagen model) achieves higher scores for both subject and 

prompt fidelity compared to Dream Booth (based on Stable Diffusion), nearing the upper limit of subject 

fidelity achievable with real images. 

For image synthesis, several research have been carried on blended diffusion models which combine ideas 

from diffusion models and autoregressive models to achieve high-quality image generation (Avrahami et 

al., 2023; Avrahami et al., 2022). A latent diffusion model (LDM) was designed by (Avrahami et al., 2023; 

Avrahami et al., 2022) to accelerate the diffusion process by functioning within a lower-dimensional latent 

space. This design eliminates the necessity for resource-intensive CLIP gradient computations at each 

diffusion step, thereby enhancing efficiency without compromising on the quality of image synthesis.  

Numerous researchers have directed their attention toward transformer-based applications to achieve rapid 

and high-resolution image synthesis (Esser et al., 2021; Gafni et al., 2022; Gal et al., 2022). Ding et al. 

(2022) designed a solution leveraging hierarchical transformers and local parallel autoregressive 

generation. They pretrained a 6-billion-parameter transformer using a straightforward and adaptable self-

supervised task, namely a cross-modal general language model called CogLM, and further refined it for 

swift super-resolution tasks. Their novel text-to-image system, CogView2, exhibits highly competitive 

generation capabilities when compared to contemporary state-of-the-art models like DALL-E-2, while also 

inherently supporting interactive text-guided editing of images.  
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There is another potential technique from NLP, called transformer-based model, a revolutionary 

advancement in natural language processing, has significantly enhanced the capabilities of language 

understanding and generation. Using transformer-based models, text-to-image generation has seen 

remarkable progress, enabling the creation of vivid and realistic visual content from textual descriptions 

(Ding et al., 2021; Naveen et al., 2021). Transformer-based models hold immense promise across diverse 

fields, revolutionizing natural language processing, image generation, and beyond (Jamal & Wimmer, 

2023; Saifullah et al., 2024). 

Wu et al. (2022) worked on object-guided joint decoder type transformer to generate images from natural 

language commands. Another two-stage model has been developed by Ramesh et al. (2022) where the first 

stage generates a CLIP image embedding from a provided text caption, and the second stage consists of a 

decoder that generates an image conditioned on this embedding. Moreover, Latent diffusion models offer 

significant advantages for tasks such as image inpainting, class-conditional image synthesis, as well as 

competitive performance across various other tasks like unconditional image generation, text-to-image 

synthesis, and super-resolution. In one such study, Rombach et al. (2022) analyzed the behavior of their 

latent diffusion models (LDMs) across different down sampling factors. These models are denoted as LDM-

f, where LDM-1 corresponds to pixel-based diffusion models. This LDM (Latent Diffusion Model) has 

achieved new state-of-the-art scores for tasks such as image inpainting and class-conditional image 

synthesis. Moreover, it demonstrates highly competitive performance across a range of tasks, including 

unconditional image generation, text-to-image synthesis, and super-resolution. 

Despite the growing interest and advancements in text-to-image generation, the research landscape in this 

domain remains in the early stage, with several areas requiring further exploration. Current literature 

highlights significant progress in the development of various models and techniques for text-to-image 

synthesis, including UniTune for image editing, Versatile Diffusion (VD) for multi-modal tasks, and Dream 

Booth for subject-specific renditions. Additionally, methods such as blended diffusion models and 

transformer-based applications have shown promising results in achieving high-quality image generation. 

However, a notable gap exists in comprehensive comparative evaluations of these models using both 

mathematical and human-centered approaches. To address this gap, our study presents novel contributions 

in conducting comprehensive comparison of text-to-image generative diffusion models while providing a 

holistic understanding of their weaknesses and strengths. While previous research predominantly focused 

on mathematical metrics, we incorporated human evaluations to assess the perceptual quality and realism 

of AI-generated images. Participants in our study evaluated the images based on contextual coherence, 

emotional resonance, and aesthetic appeal, providing a comprehensive understanding of the performance 

variations of different AI tools. This comprehensive evaluation not only addresses the identified research 

gaps but also sets a new standard for future research in the field.  

 

Methods  

 
This study explores text-to-image diffusion models, focusing on four prominent text-to-image generation 

models: DALL-E, Google Imagen, Stable Diffusion, and GROK AI. Ten real images were collected from 

diverse sources to serve as benchmarks for evaluation. Utilizing identical text prompts, ten sets of images 

were generated using each of the four platforms. The null hypothesis suggests that there is no significant 

distinction between the generated images and real images. To investigate this, another alternative research 

hypotheses has been initially formulated. That suggests that DALLE and Google Imagen produce more 

realistic images than the other platforms. Two techniques were employed to evaluate the generated images: 

computer evaluation and human evaluation via a survey. For computer evaluation, metrics such as FID 
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score, PSNR, and SSIM were computed for each set of generated images in comparison to the real ones. 

The results were analyzed and further validated through a survey involving thirty participants. The overall 

methodology is presented in figure 5.1. 

Figure 1: Overall Method Flow Diagram 

 

Text to image diffusion models  

 

The diffusion process in image generation refers to a method where noise is gradually added to an initial 

image through multiple steps. The noise is smoothed or diffused at each step, resulting in a new image that 

becomes increasingly distorted or randomized (Yang et al., 2023). This process is typically guided by a 

diffusion model, which defines how the noise is applied and how it evolves over time. An ideal text-to-

image diffusion model follows the below general steps:  

Step 1: Text Embeddings: 

• At first the text descriptions are converted into a dense vector representation, which is known as text 

embedding, using techniques such as pre-trained language models (i.e., BERT, RoBERTA) or word 

embeddings. 

Step 2: Diffusion Process: 

• The diffusion process involves iteratively applying noise to the input text embeddings to generate 

intermediate noisy embeddings (Ho et al., 2022). 

• These noisy embeddings are then passed through a diffusion model, which gradually improves the image 

features to generate more realistic images. 

Step 3: Image Generation: 

• The final refined embeddings are passed through a decoder network to generate images which correspond 

to the original textual description. 
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• Theis decoder network may consist of convolutional neural networks (CNNs), or other architectures 

tailored for particular image generation (Zhu et al., 2023). 

Step 4: Training: 

• During this training process, the model learns to minimize the difference between the generated and ground 

truth images corresponding to the input text descriptions. 

• The diffusion model and decoder network parameters are optimized using techniques like maximum 

likelihood estimation or adversarial training. 

Step 5: Evaluation: 

• The quality of the generated images is evaluated using metrics such as FID score, SSIM, or human 

perceptual studies to assess realism and coherence with the input text descriptions. 

 

DALL-E  

 

DALL-E, stands for "Distribute Aggregate Linear Latent Encoder," is a groundbreaking text-to-image 

generation model developed by OpenAI. DALL-E is built upon the transformer-based architecture, which 

is similar to the one used in the GPT series of models, to encode the textual description into a dense vector 

representation (Marcus et al., 2022). This text embedding serves as conditioning information for any image 

generation process. Unlike traditional image generation models that rely on continuous latent spaces, 

DALL-E introduces a discrete latent space via a Vector Quantized Variational Autoencoder (VQ-VAE-2) 

model. Such discrete latent space allows for the representation of diverse image features in a compact and 

interpretable manner. One of the key strengths of DALL-E is producing highly diverse and semantically 

meaningful images based on a wide range of textual prompts. By leveraging the rich semantic 

representations encoded in the text embeddings, DALL-E can capture intricate details and nuances in the 

generated images, ranging from simple objects to complex scenes and abstract concepts. Additionally, the 

discrete latent space introduced by the VQ-VAE-2 model allows for fine-grained control over the generated 

images, enabling users to manipulate various visual attributes such as style, color, and compositions.  

Google Imagen  

 

Google Imagen is a text-to-image generation platform developed by Google, which leverages advanced 

machine-learning techniques for image synthesis from textual descriptions (Wang et al., 2023). While 

specific details of the architecture are not publicly disclosed, Google Imagen likely employs transformer-

based models similar to those used in DALL-E or GPT for text encoding and generation. The platform may 

incorporate additional components for image synthesis, such as attention mechanisms or generative 

adversarial networks (GANs), to enhance the realism and diversity of generated images.  

Stable Diffusion   

 

Stable Diffusion, introduced in 2022, stands as a prominent deep learning model within the ongoing surge 

of AI advancements. Utilizing diffusion techniques, it primarily functions as a text-to-image model, capable 

of generating intricate visuals based on textual inputs. Beyond image generation, Stable Diffusion 

demonstrates versatility across tasks such as inpainting, outpainting, and facilitating image-to-image 

translations guided by text prompts. Additionally, it offers an "img2img" sampling script, which takes a 

text prompt, an existing image path, and a strength value ranging from 0.0 to 1.0. This script outputs a new 

image derived from the original one, integrating elements specified in the text prompt. The strength 

parameter controls the level of noise injected into the output image, influencing the degree of variation. 

Higher strength values yield more diverse images but may stray from semantic coherence with the provided 

prompt.  
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GROK AI  

 

GROK AI is another prominent text-to-image generation platform that utilizes deep learning techniques 

based on textual descriptions for image synthesis. GROK AI employs transformer-based models or similar 

architectures for text encoding and image generation. The platform incorporates custom components or 

optimizations tailored to the text-to-image generation task to enhance the quality and fidelity of generated 

images. GROK AI aims to provide users with a seamless experience for creating realistic images from 

textual prompts, leveraging state-of-the-art machine learning algorithms for efficient and effective image 

synthesis.  

Experiment  

 

We collected real images from 10 subjects. Then, using a specific similar text prompt, similar images were 

generated using AI-based image generation tools: DALL-E, Imagen, Stable Diffusion, and GROK. 

Consequently, for each subject, a set of five images was compiled, comprising the original real image 

alongside four AI-generated images. For instance, Figure 2a and 2b shown below diplays a real image 

featuring a cat swimming, accompanied by four additional images generated by AI tools. This process was 

repeated across all subjects, resulting in a comprehensive collection of images for evaluation and analysis.  

 
Figure 2a: Input Image of a Cat Swimming 

 
Figure 3b: Input Image of a Cat Swimming 

Evaluation  

 

Two distinct evaluation methods were employed to assess the realism of the generated images. Method A 

involved mathematical evaluation, where metrics such as Fréchet Inception Distance (FID) score, Structural 

Similarity Index (SSIM), and Peak Signal-to-Noise Ratio (PSNR) ratios were calculated using Python 

frameworks and libraries. Method B consisted of a human study conducted via a survey, with data gathered 
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from 28 subjects. Statistical evaluation was performed on the collected data, including ANOVA tests and 

Tukey post hoc analysis, to determine the significance of each group. These two evaluation methods will 

be elaborated upon in the following sections.  

 

Method A: Mathematical Evaluation  

 

The Fréchet Inception Distance (FID) score is a metric commonly used to evaluate the quality of generated 

images in generative adversarial networks (GANs) and other image generation models. It measures the 

similarity between the distributions of real and generated images in a feature space learned by an Inception-

v3 neural network (Obukhov & Krasnyanskiy, 2020). The FID score is computed based on the mean and 

covariance of feature representations of real and generated images. Given two sets of feature representations 

𝜇𝑟 and 𝜇𝑔  (mean); ∑ 𝑟 and ∑ 𝑔 (covariance) for real and generated images respectively, the FID score is 

calculated using the following formula:  

𝐹𝐼𝐷 = |𝜇𝑟 − 𝜇𝑔 |
2

2
+ 𝑇𝑖 (∑ 𝑟 + ∑ 𝑔 − 2 ((∑ 𝑟 ∑ 𝑔)

1

2)) 

Where: 

• |𝜇𝑟 − 𝜇𝑔 |
2

2
 presents the squared Euclidean distance between the mean feature vectors. 

• 𝑇𝑖  represents the trace of matrix. 

• ∑ 𝑟 and ∑ 𝑔 are the covariance matrices of real and generated feature representations, respectively. 

The Structural Similarity Index (SSIM)  

 

It is a metric used to quantify the similarity between two images, considering their luminance, contrast, and 

structure. It measures the perceptual difference between the original and processed images (Ponomarenko 

et al., 2018). SSIM is calculated using three components: luminance comparison, contrast comparison, and 

structure comparison. The overall SSIM score is the product of these three components. 

The formula for SSIM is as follows: 

𝑆𝑆𝐼𝑀(𝑥, 𝑦) =  
𝑙(𝑥, 𝑦) 𝑐(𝑥, 𝑦)

𝑀1 𝑀2
 

Here, 𝑙(𝑥, 𝑦) =  
2 𝜇𝑥 𝜇𝑦+𝐶1

 𝜇𝑥
2+ 𝜇𝑦

2+𝐶1 
 

𝐶(𝑥, 𝑦) =  
2 𝜎𝑥 𝜎𝑦 + 𝐶2

 𝜎𝑥
2 +  𝜎𝑦

2 + 𝐶2 
 

𝐶1 and 𝐶2 are constants here and the values are chosen to avoid zero instability.   

𝑥 and 𝑦 are the two images that are being compared.  

A code snippet of this calculation using Python programming is attached in Figure 3.  

Peak Signal-to-Noise Ratio (PSNR)  

  

This metric is commonly used to evaluate the quality of reconstructed or compressed images. It measures 
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the difference between the original image and its approximation, considering the difference's magnitude 

and the image's maximum possible range. The PSNR is calculated based on the Mean Squared Error (MSE) 

between the original image I and the reconstructed 𝐼′ in decibels (dB). When the maximum possible pixel 

value is MAX, i and j are image dimensions, the formula for PSNR is as follows: 

𝑃𝑆𝑁𝑅 = 10. 𝑙𝑜𝑔10 (
𝑀𝐴𝑋2

𝑀𝑆𝐸
) 

Here, 𝑀𝑆𝐸 =
1

𝑖𝑗
∑ ∑ [𝐼(𝑘, 𝑛)𝑛=−1

𝑙=0
𝑖=−1
𝑘=0 − 𝐼′ (𝑘, 𝑛)]2 

 
Figure 4: Code snippet of FID Score Calculation 

Necessary libraries are imported, including numpy for numerical computations, skimage.metrics for SSIM 

calculation, and tensorflow for PSNR calculation. A function called calculate_metrics is defined for 

calculating the metrics, which takes the real image and generated image as input. Inside the function, the 

FID score is first calculated using a function called calculate_fid. This function, assumed to be defined 

elsewhere, takes real and generated images along with an inception model as input. The SSIM score is then 

obtained using the SSIM function from skimage.metrics. This function computes the structural similarity 

between two images. Finally, the PSNR score is evaluated using the tf.image.psnr function from 

TensorFlow. PSNR measures the quality of an image in terms of signal-to-noise ratio. These scores are 

provided as quantitative assessments of the realism and quality of the generated images, complementing 

the human evaluation conducted in the study. The average FID, SSIM and PSNR scores are noted in table 

1 below. 

Table 1: Mathematical Evaluation Metrics 
AI Tool\ Metrics FID SSIM PSNR 

DALLE 9.00% 1.35% 9.88 

IMAGEN 10.43% 0.86% 10.20 

GROK 10.69% 1.50% 10.51 

Stable Diffusion 15.95% 0.95% 9.21 
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These three values have been illustrated in the graph Figure 4 to get the comparison results among three AI 

tools. As the lower percentages of FID indicate better similarity between real and generated images, 

implying higher quality and realism, DALL-E has the lowest FID score (9.0%) indicating better similarity 

with real images. On the other hand, the FID score is higher in Stable Diffusion (15.95%) than the other 

three. Moreover, the higher SSIM and PSNR score mean the better similarity with the real image. In this 

case, DALL-E has the highest value compared to other three suggesting its generated images have better 

quality and realism . 

 

 
Figure 5: Comparison of Mathematical Metrics 

Method B: Human Evaluation  

 

In this study, as a part of human evaluation, a survey was developed and administered using the Qualtrics 

online survey platform to gather subjective evaluations of the images generated by human participants. The 

participants were asked to provide ratings for image realism on a scale of 1 to 7. The survey consisted of 

10 sets of questions, with each set containing five sets of images. Participants were asked to rate the realism 

of the images, with 1 indicating less realistic and 7 indicating more realistic. The responses collected from 

the survey were structured and grouped based on five categories, including real images and images 

generated by DALL-E, Imagen, Stable Diffusion, and GROK AI. Each category represented a different 

image generation model. 

Survey Result and Statistical Analysis 

 

A total of 28 subjects responded during the survey comprising adults aged 18 to 44, with a gender 

distribution of 17 males and 11 females, all of whom were citizens of the United States of America. Each 

participant was randomly allocated four out of ten sets of questions, providing a diverse perspective on 

image realism assessment across different age groups and genders. Statistical analyses were conducted 

using ANOVA tests and Tukey's Honest Significant Difference (HSD) test to determine the significance of 

differences among the groups. Figure 5 presents a snapshot of survey question. 
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Figure 5: Survey Questions Snapshot 

Table 2 summarizes the one-way ANOVA test result, including each group's average and variance.  

Table 2: Group Summary 
Groups Count Sum Avg Var 

DALL-E 112 639 5.71 4.03 

Stable Diffusion 112 535 4.78 4.90 

Imagen 112 642 5.73 3.68 

GROK 112 458 4.09 4.95 

Real Image 112 650 5.80 4.11 

 

The difference between groups from ANOVA test is tabulated in table 3. A significance value less than the 

chosen alpha level (e.g., 0.05) indicates that the differences between group means are statistically 

significant. In this case, F= 14.856, with a significance value of 0.000, suggests that the differences between 

group means are statistically significant. Therefore, we can reject the null hypothesis and conclude that 

there are significant differences in image realism ratings among the different image generation models. 

Table 3: Group Differences 

 Sum of Squares df Mean Square F Sig. 

Between Groups 257.619 4 64.405 14.856 0.000 

Within Groups 2401.755 554 4.335 
  

Total 2659.374 558 
   

 

For further understanding the variance among groups, Tukey's Honest Significant Difference (HSD) Test 

have been conducted. The results are noted in table 4. Each pair of groups is compared in this test, and the 

mean difference, standard error, significance level, and confidence interval are provided. 
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Table 4. Tukey HSD Result 

Multiple Comparisons 

Tukey HSD 

(I) 1.000000 Mean Difference (I-J) Std. Error Sig. 

95% Confidence Interval 

Lower Bound Upper Bound 

1 

DALL-E 

2 
.917* 0.279 0.009 

0.15 1.68 

3 
-0.038 0.279 1.000 

-0.80 0.72 

4 
1.604* 0.279 0.000 

0.84 2.37 

5 -0.110 0.279 0.995 -0.87 0.65 

  

Mean Difference (I-J) Std. Error Sig. 

95% Confidence Interval 

Lower Bound Upper Bound 

2 

Stable Diffusion 

1 -.917* 0.279 0.009 -1.68 -0.15 

3 -.955* 0.278 0.006 -1.72 -0.19 

4 0.688 0.278 0.099 -0.07 1.45 

5 -1.027* 0.278 0.002 -1.79 -0.27 

3 

Imagen 

1 0.038 0.279 1.000 -0.72 0.80 

2 .955* 0.278 0.006 0.19 1.72 

4 1.643* 0.278 0.000 0.88 2.40 

5 -0.071 0.278 0.999 -0.83 0.69 

4 

GROK 

1 
-1.604* 0.279 0.000 

-2.37 -0.84 

2 -0.688 0.278 0.099 -1.45 0.07 

3 -1.643* 0.278 0.000 -2.40 -0.88 

5 -1.714* 0.278 0.000 -2.48 -0.95 

5 

Real Image 

1 0.110 0.279 0.995 -0.65 0.87 

2 1.027* 0.278 0.002 0.27 1.79 

3 0.071 0.278 0.999 -0.69 0.83 

4 1.714* 0.278 0.000 0.95 2.48 

* The mean difference is significant at the 0.05 level. 
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The highlighted values are less than 0.05, indicating that the group difference is significant in these cases 

and are illustrated as comparative graphs in figures 5.6 and 5.7. 

  

Figure 6: Groups with Significant Difference Figure 7: Groups with No Significant Difference 

Discussion 

 
Our study presents a thorough analysis of the performance of different text-to-image generative AI models, 

positioning these valuable findings within the existing research context. In terms of mathematical 

evaluation, lower FID scores and higher SSIM and PSNR values generally indicate better image quality 

and similarity to real images. Referring to table 1, DALL-E exhibited the most promising performance, 

with the lowest FID score (9.0%) and highest SSIM (1.35%) and PSNR values (9.88), suggesting its 

capability to produce images that closely resemble real images.  

Conversely, Stable Diffusion demonstrated the highest FID score (15.95%) and lowest PSNR (9.21%) 

value, indicating potential limitations in generating realistic images compared to other models. These results 

provide valuable insights into the relative performance of these AI models in generating high-quality 

images.  

Furthermore, the statistical analysis of the human perception survey data using Tukey's HSD test revealed 

significant differences in perceived realism between certain pairs of image-generative AI models. Like the 

mathematical evaluation, DALL-E showed significant differences in perceived realism compared to Stable 

Diffusion (p = 0.009), GROK (p = 0), and Real Image (p = 0.002), indicating that images generated by 

DALL-E were perceived as more realistic than those generated by these models. Similarly, Imagen did not 

exhibit significant differences in perceived realism compared to Real Image (p = 0.999), indicating that the 

perceived realism of images generated by Imagen was comparable to those generated by Real Image.  

In summary, according to the participants' perceptions, the findings highlight the varying degrees of 

perceived realism among different image generative AI models, with DALL-E and Imagen generally being 

perceived as more realistic than Stable Diffusion and GROK. As examined, human evaluation is the current 

gold standard in text-to-image evaluation; however, mathematical based metrics also have promise and 

value. FID is growing as the standard evaluation method, and our results illustrate it most closely 

represented human evaluation. However, this underscores the importance of considering both objective 

metrics and subjective human perception in evaluating the performance of image generative AI models. 

The implications of these findings for future research are substantial. First, there is a clear need for further 

studies that integrate both mathematical and human evaluations to provide a holistic assessment of AI 

models' performance. Future research should continue exploring how these evaluation methods can be 
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combined to offer a more comprehensive understanding of model capabilities. Additionally, the 

performance gap identified between models such as DALL-E and Stable Diffusion highlights the 

importance of ongoing model refinement and innovation. 

For practical applications, these results underscore the value of using models like DALL-E and Imagen for 

tasks that require high levels of realism, such as digital art, entertainment, and design. Practitioners should 

consider the strengths and weaknesses of different models based on both objective metrics and subjective 

human evaluations to select the most appropriate tool for their specific needs.  

Future studies should aim to include larger and more diverse participant groups to enhance the robustness 

of the results. Secondly, while we employed well-established mathematical metrics, these do not capture 

all aspects of image quality and may overlook subtleties that humans can perceive. Finally, the study 

focused on a limited set of AI models; expanding the range of models evaluated could provide a more 

comprehensive understanding of the current state of text-to-image generation technologies. 

Conclusion 

 
The demand for AI-generated images continues to rise across various domains, understanding the 

capabilities and limitations of these models is crucial. By combining mathematical evaluation with human 

perception studies, we have comprehensively understood the relative performance of prominent text-to-

image generative AI models. The mathematical evaluation of the image generative AI models indicates that 

lower FID scores and higher SSIM and PSNR values generally correspond to better image quality and 

similarity to real images. FID has emerged as a robust metric, often aligning closely with human perception 

as observed in our survey data.  

Therefore, FID could be considered a superior metric for mathematical evaluation compared to SSIM and 

PSNR. Additionally, the statistical analysis of the human perception survey data using Tukey's HSD test 

unveiled significant differences in perceived realism between certain pairs of image-generative AI models. 

DALL-E showed significant differences in perceived realism compared to Stable Diffusion (p = 0.009), 

GROK (p = 0), and Real Image (p = 0.002), suggesting that images generated by DALL-E were perceived 

as more realistic. Conversely, Imagen did not exhibit significant differences in perceived realism compared 

to Real Image (p = 0.999), indicating comparable perceived realism between images generated by Imagen 

and Real Image.  

The findings highlight varying degrees of perceived realism among different image-generative AI models, 

with DALL-E and Imagen generally perceived as more realistic than Stable Diffusion and GROK. This 

underscores the importance of considering both objective metrics and subjective human perception in 

evaluating the performance of image-generative AI models. 
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