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ARTICLE INFO ABSTRACT

Article history The use of artificial intelligence image dgenerators in creating

Received digital illustration is experiencing rapid development as an
Revised alternative to support the work of designers in various_ fields,
P especially visual communication design. Despite its sophistication,
we must consider some aspects of the human side in order to

maximize the design aesthetic value. This research aims to find

Keywords out what applications are used in the Al image generator, as well
Al lmage Generator as to identify the results of digital illustrations using the Al image

I v o mation Design generator. The results of this research show that the image
generatlon diffusion model with various techniques and variations
eveIoPed can produce excellent and unique text-based quality and
control. However, humans are still the best pilots for determining
text-lbased commands that can produce and function the greatest
result.

This is an open access article under the CC-BY-SA license.

1. Introduction

Creativity today has gone beyond traditional ways of working when using artificial intelligence
(Al), thus it influences the aesthetics and technicalities of exploring art in creative practice [1].
Moreover, the creative practice of artists with Al in the field of human-computer interaction can
enhance creativity, optimize production processes and engage audiences through interactive
installations [2]. Especially with the presence of humanoid robot artists on Ai-Da's Instagram [3], it
can make humans and robots increasingly competitive in terms of creative processes. However, as
technology develops, we as humans always try to learn along with the latest advances.

One of the fields that we can study in terms of creativity is Visual Communication Design. Visual
Communication Design studies how to convey messages or information visually using design
elements, such as images, typography, color, and layout. Visual Communication Design uses visual
elements to convey information effectively, increase audience engagement and understanding. This is
one of the design elements of images with digitization advances with its beauty and uniqueness [4].
Image elements are used to support promotions, visual identity, and convey information effectively
[5], [6]. Images in graphic design help designers to convey visual communication in a more attractive
display [7].

In the era of artificial intelligence, image elements with digitalization can be facilitated with
Artificial Intelligence Image Generator. By having Al Image generators, it facilitates the designers in
the designing process with attractive results, realistic adjusted to text input. Not only image elements,
the overall content of the Visual Communication design can be generated effectively to promote the
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business. Al Image Generator can provide new forms of high-quality visual alternatives that can help
the creative process of designers [8].

Al image generators can make it easier for users to create digital illustrations by simply typing a
text description and letting the technology produce images based on the text description given. Text
to image technology is also developing with its advantages in producing realistic images. The purpose
of the research is to find out what applications are used in Al image generators, as well as to identify
the results of digital illustrations using Al image generators. In accordance with this, researchers have
been interested in conducting research on Al image generators for the past 5 years in order to
determine how capable Al image generators are in creating digital illustrations.

2. Method

This study uses a secondary literature review method from the results of research conducted by
previous researchers. The literature method in the form of a Systematic Literature Review (SLR) aims
to collect existing evidence. Articles are compiled through a systematic review of the Google Scholar
database, some are also assisted by Harzing's Publish or Perish software. Initial data collection
amounted to 211 articles using the keywords Al, education, text to image, text to picture, Al Image
Generation, Bing Image Creator, from research results spanning the period 2020 to 2024. The
procedure used in the research is PRISMA (link). The final articles consisted of 25 articles for review
by the authors.

3. Results and Discussion

3.1. Results

Articles found based on literature search using PRISMA. The relevant selection results are shown
in Table 1.

Table 1.  Relevant Paper Findings

Number Year Ref Summary

GLIDE (Guided Language to Image Diffusion for Generation and Editing)
2021 [9] uses a text-guided diffusion model to generate more photorealistic images. The
model is equipped with editing capabilities to match the given description.

CLIPstyler is able to perform image style transfer using only a text description
2022 [10] of the desired style, without requiring a style image reference by utilizing a
pre-trained CLIP text image embedding model.

The quality of the images generated from the prompt should focus on the
subject and style keywords; 2) It is recommended to generate 3-9 images with
different seeds so that the results are more representative; 3) The number of
literacy between 100-500 is enough to produce good images; 4) The Al
generator can capture various painting styles well; 5) Real subjects produce
better images.

2022 [11]

CLIP (Contrastive Language-Image Pre-training) uses a two-stage approach
consisting of a prior and a decoder model. The prior generates CLIP image
embeddings from text captions, while the decoder generates images from those
embeddings. The decoder uses a diffusion model technique to generate images
in stages, CLIP as an image generator is capable of performing zero-shots that
generate images for new concepts.

2022 [12]

The Pathways Autoregressive Text-to-Image (Parti) model effectively

2022 [13] generates high-quality photorealistic images from complex text descriptions.

The 4 P Model, namely: 1) Product: The Digital Image; 2) Person: The
Practitioner; 3) Process: Iterative Prompt Engineering and Image Curation; 4)
Press: The Emerging Text-to-Image Ecosystem. Rhodes' 4 P Model (product,
person, process, and environment) to explore human creativity in text-based

image generation, with iterative practices (refining, improving the product) and

2022 [14]
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Number

Year

Ref

Summary

interactions of prompt engineering, as well as online communities that support
creative practices.

2022

[15]

A text-to-image diffusion model that combines the power of language models
with diffusion models to produce images with a better degree of photorealism.

2023

[16]

DreamBooth is capable of synthesizing images of subjects in various poses,
and lighting conditions that are not present in the reference images, generating
realistic images of subjects in new scenes, modifying the subject's properties
from color or shape and generating artistic renderings.

2023

[17]

Improved Al capabilities in generating images based on text according to the
concept of objects, styles, characters with a variety of styles and poses and
according to user desires.

2023

(18]

A framework that does not require re-tuning, but leverages an internal
representation of a text-guided diffusion model capable of translating sketches,
rough drawings, and animations into realistic images, capable of modifying
lighting and color quality.

2023

[19]

ControlNet successfully adds conditional control to the text-to-image diffusion

model efficiently, and can control Stable Diffusion with various inputs with or

without text prompts. The results show that the ControlNet architecture can be

applied to a wide range of conditions and facilitates relevant applications, more

detailed control in image generation from text, which was previously difficult
to achieve with conventional text-to-image diffusion models.

2023

[20]

The workshop involving 15 participants revealed that the creative process
inspired by Al encouraged educators to reflect on the unique nature of craft, Al
to assist in ideation and visualization of text prompts that could enhance ideas.

2023

[21]

Text from a word cloud containing artists, brands, or names used as inspiration
in 72,980 Stable Diffusion prompts. Legal clarity on using Stable Diffusion
training materials is critical for ethics in the Education environment, potential
copyright infringement due to AI’s ability to reproduce artists’ work especially
when users include the name of the artist’s work in the prompt.

2023

[22]

Three Al Image Generators from Microsoft Bing Image Creator, Stable
Diffusion, and Craiyon V3) have not been able to produce standard accuracy of
human anatomy, namely skull or heart, and human brain images. The results
still require a training dataset with more correct anatomical images for medical
education and practice.

2023

[23]

Exploration of 10 high school students with Al text-to-image generative
models using Midjourney can enhance creativity and interaction between
students and Al that emerge from dynamic relationships and in accordance
with sociomaterial perspectives. Sociomaterial perspectives can be understood
as dynamic learning and teaching processes of human and non-human groups.

2023

[24]

Al-based image creation consists of three steps, namely: first, conceptual
design is defined together with a set of keywords; second, the application of Al
in image creation by designers efficiently explores the design and its
visualization; third, utilizing image processing into a real project. The potential
is applied to a historic urban center in Apulia, Southern Italy.

2023

[25]

The capabilities of diffusion-based generative models, especially Stable
Diffusion from Diffusion Explainers that converts text commands into high-
resolution images. Diffusion Explainers is available online with video
demonstrations to help users.

2024

[26]

Building on existing finetuning-based personalization techniques, such as
DreamBooth and Textuallnversion, InstantBooth is not only adept at aligning
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Number Year Ref Summary

language with images, preserving image quality, and maintaining image
identity, but also increases the speed of image generation by 100x.

HyperDreamBooth is a hypernetwork capable of generating a small set of
personalized weights from a single image of a person. The weights are used to
control how the model converts text to images. HyperDreamBooth uses
2024 [27] HyperNetwork to predict personalized weights from a single image, which are
then used in a diffusion model to generate the corresponding image while
preserving the details of the subject's identity, with high-quality results and a
variety of styles.

T2l-Adapter achieves better control without requiring retraining of the base
model, maintains high image quality, is able to adapt to diverse input
2024 [28] conditions without sacrificing output quality, and can provide precise control
over specific image attributes such as greater precision and flexibility to the
user.

Students in the PPT group created more text and were interested in using Bing
Chat to expand the text of the PPT slides. Al image descriptions from
2024 [29] ChatGPT were used as prompts that effectively generated Al images from
Bing Image Creator, students used prompts suggested by Bing Chat to refine
the Al images.

Al-generated images show gender bias with underrepresentation of Black
women in certain professions. Al-generated images associate certain
occupations and genders with male or female dominance with generative Al
models, such as DALL-E and Bing Image Creator.

2024 [30]

Empathy in understanding the narratives of the experiences of individuals
affected by crisis situations can facilitate Al algorithms in visualizing post-
conflict urban landscapes using text to image models with DALL.E 2 and Bing
Image Creator.

2024 [31]

Bing Image Creator uses the DALL-E 2 model to depict a temperature change
disaster expected to occur in the Tangier-Tetouan-Al Hoceima (TTA) region in
2099. The resulting image can be evaluated based on the social, economic, and
natural characteristics of the region. Bing Image Creator can provide an
alarming view and understand the impacts of economic and environmental
losses due to rising temperatures in the region.

2024 [32]

Al-generated images based on textual cues can be systematically analyzed
2024 [33] using a social semiotic perspective and the notion of systemic functional
linguistics adopting Kress and Van Leeuwen's grammar of visual design.

3.2. Discussion

Stable Diffusion is a modeling approach in fields such as: neurotechnology (technology designed
to interact with the brain), text-to-image maker, and health image production (medical imaging).
Stable Diffusion, specifically the Stable Diffusion XL (SDXL) base model, is advanced in generating
high-quality images from textual descriptions by leveraging the principles of diffusion models and
transformer architecture [34]. The Stable Diffusion method is enhanced with latent diffusion model
(Latent Diffusion Model-LDM) for text-to-image synthesis. Image advancement with text-to-image
improves the quality and control of the resulting image using composition inversion method of two
modules, namely semantic inversion and spatial inversion [35]. Textual description with semantic
inversion and spatial inversion, in this case, semantic inversion is concerned with understanding the
changes in the meaning of words in processing natural language, while spatial inversion is used to
preserve certain details in the resulting image.

GLIDE (Guided Language to Image Diffusion for Generation and Editing) is a diffusion model
that can generate images from text descriptions based on the given text prompts, inpainting images
from the process of editing images in certain parts and filling text prompts to fill deleted areas
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according to the surrounding style and lighting. GLIDE can use CLIP guidance to direct the diffusion
process to ensure that the generated image matches the given text description [9].

CLIPstyler can make image style transfer with single text conditions with realistic texture in
situations without image style reference [10]. The prompt technique in finding sentences from
language models can produce the desired output from artists and other users in creating images from
text. The success and failure modes of generating images from text prompts provide design guidelines
to help users get better results from text to image generative [11].

CLIP (Contrastive Language-Image Pre-training) was developed by OpenAl to represent the
combination of text and images by “zero-shot” generating images for new concepts [12]. Pathways
Autoregressive Text-to-Image (Parti) model has several advantages compared to other text-to-image
models such as DALL-E, CogView, diffusion-based models such as GLIDE and Imagen, namely Parti
introduces a new holistic benchmark called PartiPrompts. Parti Prompts consists of more than 1600
English prompts to measure the model's ability in various categories and provide a more complete
evaluation [13].

Creative expression of text-to-image art requires insight into the instructions used, the iterative
process of rapid engineering, and the role of community resources. Thus, a holistic approach is needed
in assessing creativity, which includes not only the final product but also the process and environment
that create the art [14].

DrawBench, a benchmark for evaluating text-to-image models, shows that Image is preferred over
other methods, such as VQ-GAN+CLIP, Latent Diffusion Models, GLIDE and DALL-E 2. Human
raters prefer Imagen in terms of sample quality and image-text alignment and alignment [15].

DreamBooth is a text-to-image diffusion model that generates subject images using only a few
reference images (usually 3-5) of a given subject, and produces results with a high degree of accuracy
and specificity in a variety of contexts [16]. Custom Diffusion compared with DreamBooth and
Textual Inversion methods with various datasets, adjusting single concepts, adjusting multiple
concepts, text-image alignment and better visual similarity, although still difficult in complex
compositions and inserting concepts simultaneously [17].

A new framework that leverages a pre-trained text-to-image diffusion model for text-guided text-
to-image translation tasks. The results retain the meaningful layout of the input image while changing
its appearance based on textual commands [18]. ControlNet is a neural network architecture that adds
spatial conditioning control (the spatial aspect of an object) to text-to-image diffusion models,
including pre-trained instruction-based image editing, thereby improving performance [19].

Al visualization of crafts only helps with ideas, as it is important to maintain the manual way of
making crafts to provide a sensory and emotional experience, as well as ensuring future teachers are
prepared to leverage Al while protecting the core value of craft education skills [20].

Text-to-image artificial intelligence has made a major breakthrough with the release of DALL-E
and its open-source partner, Stable Diffusion, which can create visual artworks simply by providing a
natural language description (prompt). Text-to-image Al has the potential to revolutionize the way art
is taught, saving time and money on expression. But there are concerns about the ownership of works
of art by artists [21].

Al Image Generator, although superior in speed, but the results for medical anatomy illustrations
are less accurate. Therefore, the expertise of a human medical illustrator is needed to represent the
nuances of anatomy [22]. Collaboration and critical reflection between teacher and student dialogue
that creates an interactive space that encourages students to talk, explore, and help students understand
the Al Image Generator [23].

Conceptual design defines the project vision and keywords, followed by Midjourney which
produces design variations with an iterative process until the desired result is achieved. The final step
is to transform the Al-generated images into CAD files of the 3D CAD design, then used to create a
physical object through digital manufacturing techniques with 3D printing in the form of a cube
pavilion for a city center in Apulia, Southern Italy that successfully integrates Al with a traditional
architectural context [24].
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Diffusion Explainer is a web-based interactive visualization tool that can explain how Stable
Diffusion generates high-resolution images from prompt text. Users can discover the impact of prompt
text on the image generation process with modern generative Al techniques [25]. InstantBooth can
create high-quality personalized images, more consistently preserving subject identity, using learning
techniques to extract identity features from reference images, producing faster and better images than
other methods [26].

Writing weights into a diffusion model, coupled with fast refinement, HyperDreamBooth can
generate a person's face in a variety of contexts and styles, while preserving high subject detail [27].
T2I-Adapter functions as an additional component that enriches the capabilities of the main text-to-
image model, such as Stable Diffusion to be able to produce images [28].

Learning using generative Al, such as ChatGPT, Bing Chat to generate text, Bing Image Creator
to generate images. Learning that can be applied from generative Al includes summarizing, creating
concept maps, drawing, and asking questions. By learning generative, students can improve cognitive
processes such as the ability to remember, understand, apply, analyze, evaluate, and create. In
addition, it has been proven to improve cognitive, affective, and psychomotor aspects [29].

The image results in terms of dominant professions are shown as male gender, and there is a slight
improvement in terms of showing sexualized female gender, as well as gender roles since childhood.
DALL-E in the representation of Women in several professions such as doctors and CEOs. Bing
Image Creator representation of Women in the professions of teachers, architects, engineers, and
journalists who are depicted as younger, more attractive, and in more passive poses than men. Bing
Image Creator of the representation of boys is associated with trucks or technical toys, while Women
are associated with activities related to beauty and social norms [30].

Al-generated images can also bring images to life and help understand landscape transformation.
Landscape narratives can preserve images and histories of cities among communities and in refugee
camps affected by conflict [31]. Bing Image Creator uses OpenAI’s DALL-E 2 model trained on a
dataset of images and text descriptions to generate images. DALL-E 2 consists of a Prior component
that converts text to image representations, and a Decoder that converts the representations to realistic
photos. DALL-E 2 uses CLIP’s to-image integration that generates the most appropriate captions for
a given image [32]. The role of semiotics in the Al era to model the process of translating meaning
between visual representations that are organized and aligned with textual descriptions [33].

3.3. A Digital Ilustration an Al Image Generator

Diffusion-based methods in artificial intelligence are generative techniques used to create new,
realistic data by gradually adding and removing noise. Diffusion-based methods work with a forward
process, namely the original image is gradually added with noise until it becomes completely random
data, aiming to gradually destroy the original data structure. Diffusion-based methods work with a
backward process, namely the model is trained to gradually remove noise from the data that has been
randomized, then return it to its original form or produce new, realistic data. This process involves
learning parameters that make the model reverse the process of adding noise.

Image generation diffusion models with various techniques and variations developed to improve
text-based quality and control have unique advantages and approaches. For example, GLIDE and
Imagen focus on high image quality, while ControlNet and T2I-Adapter offer better control over the
generation process. DreamBooth and Textuallnversion create greater personalization, while CLIP
provides a strong semantic understanding between text and images.

Diffusion-based methods have been used in image generation applications of DALL-E, Stable
Diffusion, Midjourney, Adobe Firefly, Craiyon V3, and Bing Image Creator models that generate
images from user-provided text descriptions, restore images by filling in missing or damaged parts of
the image, enhance image resolution by adding previously missing details.

Al image generator uses artificial neural networks and deep learning techniques to understand and
translate text input into corresponding visuals based on text descriptions. The quality of the generated
images also depends heavily on the quality of the prompt or text description provided by the user.

Digital illustrations produced by Al image generators have excellent quality and realism and can
be used for creative processes. The visual styles produced are very diverse, ranging from illustrations,
portraits, cartoons by choosing the style that best suits the user's needs.
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4. Conclusion

Artificial intelligence in digital illustration creates a very broad use of data and has the potential to
misuse technology. As the impact, it can create misleading or harmful content to the society. Images
generated by artificial intelligence sometimes use data from existing artwork without having
permission, consequently, it can lead to copyright issues. Inconsistent images from artificial
intelligence sometimes have errors and look strange when viewed up close which need further
revisement. Therefore, it is very important to integrate Artificial Intelligence in digital illustration with
the abilities of human artists so that they can be maximized into better digital illustration works. The
projects should be combined between humans and artificial intelligence in order to produce a semiotic
meaning of the real value of beauty.
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