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Abstract: Artificial intelligence (AI) has emerged as a transformative tool in the creation of optical illusions, significantly advancing 

the field of perceptual art and design. This paper explores how AI-driven techniques, such as generative adversarial networks 

(GANs) and neural style transfer, are employed to generate dynamic, interactive, and highly complex illusions that surpass 

traditional methods. AI enables artists and designers to manipulate visual patterns, colors, and geometries in ways that deceive 

human perception more effectively than ever before. By automating the generation of illusions and incorporating real-time 

adaptability, AI opens new frontiers in creating immersive experiences. This study compares traditional and AI-generated optical 

illusions, highlighting key technical innovations, cognitive impacts, and the challenges associated with AI-driven design. The 

findings reveal that AI not only enhances the complexity and interactivity of illusions but also offers potential applications in virtual 

reality, augmented reality, and perceptual psychology. However, issues related to computational demands, ethical considerations, 

and the balance between creativity and algorithmic output remain significant hurdles in the adoption of AI for optical illusion design. 

Keywords: Artificial intelligence (AI), Optical illusions, Art and design 

1. Introduction 

Optical illusions have long fascinated artists, scientists, and the general public due to their ability to manipulate human 

perception (Munzner, 2014). Traditionally, illusions rely on static visual cues that deceive the brain into seeing something different 

from reality. However, the advent of artificial intelligence (AI) is revolutionizing this field, enabling the creation of dynamic, 

interactive illusions that continuously adapt based on user interaction and environmental factors (Mayer, 2009). 

Optical illusions are based on the principle that the brain interprets visual input in a way that doesn’t always align with reality. 

This misperception occurs because the brain is wired to look for patterns and fill in gaps. There are several types of optical illusions, 

including: 

 Literal Illusions: Where the image differs from the objects that make them up. 

 Physiological Illusions: Caused by excessive stimulation of specific receptors in the eyes or brain. 

 Cognitive Illusions: Where the brain unconsciously makes incorrect assumptions about the visual input. 

AI introduces new possibilities for creating illusions by using machine learning algorithms to analyze and simulate how the 
human brain processes visual information (Tenenbaum, 2000). The use of deep learning, neural networks, and other AI-based 

techniques allows for the generation of illusions that are more complex and interactive than ever before (Park, 2019). 

In this study, we discuss the integration of AI into optical illusion creation, examining the methodologies, artistic innovations, 

and technical advancements made possible by these new tools. 

2. Literature Review 

The earliest known optical illusions date back to ancient Greece, where architects used visual tricks in the design of structures 

like the Parthenon to correct for human perceptual biases (Milgram, 1994). These early examples illustrate an awareness of how the 

human eye can be deceived, even in purely functional structures. In the Renaissance, artists such as Leonardo da Vinci and 

Michelangelo further explored optical illusions in their work. For example, Leonardo's study of perspective allowed him to create 

images that appeared three-dimensional on flat surfaces, using techniques that were precursors to modern illusions (Tversky, 2002).  

Optical illusion art took a significant leap in the 20th century with the advent of the Op Art movement in the 1960s. Artists 
such as Victor Vasarely and Bridget Riley used geometric shapes and contrasting colors to create images that seemed to move or 

vibrate when viewed, exploiting the limitations of the human visual system (Fig. 1). These artists explored the ways in which light, 

color, and shape could be manipulated to confuse the brain’s ability to interpret visual information accurately. 
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Fig. 1. Example of Victor Vasarely’s Op Art work using geometric shapes and contrasting colors to create movement. 

The introduction of digital tools in the late 20th and early 21st centuries brought about a new wave of innovation in optical 

illusions. Software like Adobe Photoshop and 3D modeling tools enabled designers to experiment with illusions in ways that were 
not possible by hand. Digital algorithms allowed for precise control over how visual elements could be manipulated to create 

illusions that were more complex than ever before (Park, 2019). The integration of AI into the creation of art has been a key focus 

of research in recent years. Early attempts to incorporate AI in art were centered around procedural generation, where algorithms 

were used to create patterns and visuals that mimicked human-made art. As AI technologies evolved, so did the ability to use 

machine learning to create entirely new forms of visual expression (Mordvintsev, 2015).  

One notable innovation came with the development of Generative Adversarial Networks (GANs), which consist of two 

networks that "compete" with each other to create images that look increasingly realistic. This has proven to be a highly effective 

way to generate optical illusions that deceive the eye in novel ways. Deep learning, particularly through neural networks, has played 

a crucial role in advancing AI-driven optical illusions (Radford, 2015). Neural networks learn to identify and recreate patterns found 

in traditional optical illusions, but they can also generate entirely new types of illusions that are mathematically impossible for 

human artists to create manually. 

For example, neural style transfer, which uses AI to apply the aesthetic of one image onto another, has been used to create 
illusions that combine artistic styles with perceptual tricks. This has opened up new opportunities in the field of perceptual art, 

allowing for interactive and dynamic illusions that adapt in real-time to changes in user perspective or environmental conditions 

(Leong, 2024a). AI-driven illusions can also be interactive, reacting to users' movements, emotions, or gaze. Using AI-powered 

systems such as computer vision and emotion recognition, artists can now create installations where the viewer's interaction alters 

the illusion itself. For example, an illusion might change perspective as a person moves closer or further away, or the color of an 

illusion might shift based on the viewer’s emotional state, detected by facial recognition software. 

 
Fig. 2. AI driven illusion. 

 

A growing body of research focuses on the use of AI to generate optical illusions (Fig. 2). Recent studies by researchers such 

as Gatys et al. (2015) have demonstrated the application of neural networks to create new forms of illusions by combining different 

visual styles. These advancements have been applied in both artistic settings and in the development of visual learning systems for 

understanding human perception. In a seminal paper, Goodfellow et al. (2014) introduced Generative Adversarial Networks, a 

breakthrough technology for AI-generated art. GANs have since been adapted to create optical illusions that rival human-created 

works in complexity and visual impact. 
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The literature also covers the scientific aspect of AI-driven illusions. Studies like those by Adelson (2000) and Treisman & 

Gelade (1980) on perceptual psychology provide the foundation for understanding how the brain processes visual information, 

which is crucial for AI systems designed to exploit these processes. AI models can simulate human perception and thus produce 

illusions that target specific cognitive processes (Leong, 2024b). AI-generated illusions are not confined to scientific research. 

Several contemporary artists and designers have adopted AI tools to explore the boundaries of perception in modern art, Table 1. 

Zhang and Liu (2022), for instance, have studied how AI can be used to create optical illusions in interactive installations, where 
users’ movements shape the appearance of the artwork. 

Table 1. Summary of major contributions in AI-driven optical illusions. 

Researcher Contribution Year 

Gatys et al. Neural style transfer for illusions 2015 

Goodfellow et al. Generative Adversarial Networks 2014 
Adelson Perceptual theories relevant to AI systems 2000 

Zhang & Liu Interactive illusion-based art installations 2022 

 

3. Methodology 

3.1 Case Studies of AI-Driven Optical Illusions 

This case study investigates the application of artificial intelligence (AI) in creating optical illusions, highlighting the 

transformative impact on perceptual art and design. Through an analysis of key AI-driven techniques, comparisons between 

traditional and AI-generated illusions, and an exploration of their artistic and cognitive implications, we provide insights into how 

AI enhances visual deception and artistic expression. This study evaluates the effectiveness of AI in generating illusions, alongside 

a detailed comparison of traditional methods.  

A. Machine Learning Techniques in Optical Illusions 

Generative Adversarial Networks (GANs): GANs are particularly effective in generating illusions because they consist of two 

networks: a generator and a discriminator (Radford, 2015). The generator creates illusions while the discriminator evaluates them, 
ensuring that the generated illusion appears realistic. 

Neural Style Transfer: This technique can apply the aesthetic of one image onto another, allowing AI to generate novel illusions 

by combining different artistic styles and visual cues (Sabour, 2017). 

 These illusions change over time, either based on user input or in response to environmental stimuli. AI allows users to 

manipulate the illusions directly, enhancing the perceptual experience. Optical illusions are visual stimuli that deceive the viewer's 

brain, making them perceive something different from reality (Leong, 2024c). Traditionally, illusions have been created using static 

visual cues that manipulate elements like color, light, and geometry. In recent years, AI has emerged as a powerful tool in crafting 

more dynamic, interactive, and intricate illusions, allowing for deeper exploration into the relationship between vision and 

perception. This case study delves into the use of AI technologies such as deep learning, neural networks, and generative models to 

create new forms of perceptual art. We conducted experiments using two primary AI-driven techniques to generate optical illusions: 

Generative Adversarial Networks (GANs) and Neural Style Transfer. These methods were selected for their proven effectiveness 

in visual art creation. 

3.2 Dataset 

For GAN-based experiments, we used a dataset of classical optical illusions and geometric patterns. Neural style transfer was 

tested using various artistic styles, from impressionism to modern art. The dataset was designed to include a wide variety of optical 

illusions and geometric designs that challenge human visual perception. It was structured to provide the GAN with diverse examples 

of patterns and illusions to learn features such as symmetry, depth, motion effects, and perceptual anomalies. 

⚫ Size of the Dataset: Approximately 10,000 images. 

⚫ Resolution: Images were standardized to a resolution of 256x256 pixels to ensure compatibility with the GAN architecture. 

⚫ Format: Images were stored in .jpg or .png format for high-quality representation. 

The dataset was divided into several categories to cover a wide range of optical illusion types. The classical optical illusions, 

examples included Kanizsa Triangle Illusions involving implied shapes and contours. Checker Shadow Illusion Patterns where 

shading tricks the brain into perceiving different colors. Café Wall Illusion,  misaligned tiles creating a warped appearance. The 
purpose is to train the GAN to replicate and adapt the principles of contrast, shading, and alignment to create new illusions. 

The Geometric patterns and examples included Tessellations repeating geometric shapes that fit perfectly together. The spirals  

patterns that create the illusion of continuous inward or outward motion. The impossible shapes are objects like the Penrose triangle 

that defy physical logic. The purpose is to provide a foundation for creating visually complex patterns that can be manipulated into 
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novel illusions. The Dynamic Illusions and examples included Rotating Snakes Illusion, the static patterns that appear to move. 

Zooming Patterns, designs that create the effect of motion or depth.  

To train the GAN on how to generate illusions that mimic motion or depth effects, even in static images. The Artistic Styles 

with Illusionary Elements, examples Included works by artists like M.C. Escher (e.g., Relativity, Waterfall). Op Art by Victor 

Vasarely and Bridget Riley, focusing on high-contrast and repetitive patterns. This is to enable the GAN to merge artistic creativity 

with optical illusion principles. 
We used AI tools for generating optical illusions. The TensorFlowis for neural network development, PyTorch is for deep 

learning models and OpenCV for image processing and manipulation. 

3.3. Case Study Analysis 

We compared traditional hand-drawn illusions with AI-generated ones. The key distinctions included complexity. The AI-

generated illusions exhibited higher complexity due to the algorithmic capability of manipulating patterns. The dynamic interaction 

where the AI-driven illusions responded to viewer movements and gaze, making them dynamic, while traditional illusions remained 

static. 

3.4 Example of GAN-Generated Illusion 

In Fig. 3, a GAN was trained to generate illusions that dynamically morph between two forms, creating an illusion of 

continuous movement even in a still image. The illusion demonstrates how AI can manipulate geometric patterns to create a 

perception of movement and depth. The dataset was used to train the GAN in two primary tasks. The pattern generation shows 
learning to generate novel optical illusions by synthesizing features from the dataset. The style transfer applying illusionary patterns 

or styles to new content, creating hybrid designs that combine elements from multiple images in the dataset. This dataset provided 

a robust foundation for the GAN to learn the principles of optical illusions and generate innovative visual effects. 

 

Fig. 3. GAN-generated optical illusion. 

To clarify the mechanics of how AI-generated illusions are formed, we developed a step-by-step diagram illustrating the neural 

network process. Fig. 4 illustrates the workflow, from inputting an image into a neural network to generating an illusion through 

multiple processing layers. 



5 

 

IDC 202X, Vol X, Issue X, X–X, https://doi.org/10.35745/idc202XvXX.XX.XXXX 

 

 

Fig. 4. AI neural network process for optical illusion. 

Participants were recruited through various methods. Advertisements on platforms like social media, forums, or university 

websites, targeting individuals interested in visual arts, technology, or cognitive science. Students, researchers, or art enthusiasts 

volunteered to participate through community notices or research networks. Some participants were randomly selected from a pool 

of respondents who expressed interest in visual and perceptual experiments. The participation pool was diversified to represent 

different perspectives and experiences. Participants ranged from 18 to 60 years old to capture varying cognitive and perceptual 

capabilities. A mix of artists, designers, technology enthusiasts, and general users. The study included participants from various 

geographic regions to ensure cultural and perceptual diversity.  

Engagement time refers to the duration a participant actively interacts with or focuses on a given stimulus, such as an optical 
illusion or interactive display. It measures how much time a participant spends observing, exploring, or interacting with an illusion 

to extract meaning, enjoyment, or understanding. In this context, engagement time is used to assess the participant’s level of interest 

and involvement with traditional or AI-driven real-time illusions. The effectiveness of AI-driven illusions was evaluated based on 

user engagement and perceptual impact. We conducted a controlled study involving 50 participants who were shown both traditional 

and AI-generated illusions. Fig. 5 illustrates the time spent by participants on average, with AI illusions attracting longer attention 

spans. Participants spent 40% more time interacting with AI-generated illusions than with traditional ones. AI-generated illusions 

scored higher on a scale of perceived complexity and novelty. 

 

Fig. 5. Engagement time for traditional vs AI-generated illusion. 

In Table 2, and Table 3, the comparison between traditional and AI-generated optical illusions was based on their perceptual, 

interactive, and engagement characteristics. These criteria were selected to evaluate how effectively each type of illusion achieves 
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its intended purpose: to engage viewers and manipulate perception. Below is a detailed explanation of the comparison and the 

rationale for selecting these criteria. The comparison was conducted on the following key parameters, the visual complexity which 

the intricacy of patterns, shapes, and designs used to create the illusion. The rationale consists of AI-generated illusions often 

incorporate layers of detail that traditional methods may not achieve due to manual limitations. AI-Generated which the dynamic 

illusions with depth and motion effects, such as GAN-generated shifting patterns. 

Table 2. Comparison between traditional and AI-generated optical illusion. 

Category Traditional Illusions AI-Generated Illusions 

Creation Time High Moderate (due to automation) 

Dynamic Interaction None High 

Perceived Complexity Moderate High 

Adaptability None Adaptive to user interaction 

Table 3. Traditional vs AI-generated illusion. 

Aspect Traditional Illusions AI-Generated Illusions 

Complexity Limited by manual effort Enhanced with algorithmic complexity 

Interactivity Static Dynamic and interactive 

Perceptual Impact Moderate High due to personalized adaptation 

Creation Time High Low due to automation 

 

 

Fig. 6. User engagement levels across different types of illusions. 

Engagement time, the duration for which a viewer interacts with or observes an illusion, varies significantly across different 

types of illusions. This variation is influenced by factors such as the complexity, interactivity, and novelty of the illusion. Fig. 6 on 

User Engagement Levels Across Different Types of Illusions, illustrating the varying amounts of time users spent interacting with 

different types of illusions. The results indicate that AI-generated illusions not only offer a more dynamic experience but also 

increase user engagement due to their interactivity. AI's ability to continuously adapt illusions based on viewer inputs (e.g., 

movement or gaze direction) significantly enhances the illusion's impact. 

4. Study on AI Handles Real-Time Optical Illusions 

Through advanced techniques like neural networks, computer vision, and real-time data processing, AI creates dynamic and 

interactive visual effects that adapt to user interaction and environmental changes. This case study explores how AI handles real-

time illusions, to illustrate the processes and challenges involved.  

Real-time optical illusions rely on instantaneous adaptation to user inputs, such as movement, gaze, or environmental changes. 

AI, through machine learning and computer vision, allows the illusion to respond in real-time, providing an engaging and immersive 
experience (Leong, 2024c). This case study presents an overview of how AI handles real-time illusions by adjusting visual cues 

dynamically. AI uses several techniques to process data in real-time and create responsive illusions. The following outlines the 

primary methods. 
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The Neural Networks which the AI leverages deep learning, particularly neural networks like Convolutional Neural Networks 

(CNNs) (Dosovitskiy, 2015) and Recurrent Neural Networks (RNNs), to continuously analyze and update visual information based 

on real-time inputs. The Generative Adversarial Networks (GANs) are used to generate new visual content dynamically. The 

generator creates illusions, while the discriminator evaluates their effectiveness, ensuring the illusion adjusts smoothly in real-time. 

The Computer Vision which  the AI systems use computer vision techniques to interpret real-time visual inputs, such as user 

movement or gaze direction (Leong, 2025). These inputs are processed to adjust the illusion, ensuring that it appears consistent from 
various angles and under different conditions. 

 

Fig. 7. Neural network-based real-time illusion workflow. 

Fig. 7 shows how AI processes real-time data to adapt optical illusions. The system receives input from sensors (e.g., cameras, 

motion trackers), processes it through multiple neural network layers, and updates the illusion on the display. We conducted a user 

study with 50 participants interacting with both static and AI-generated real-time illusions. Engagement times and perceptual 

effectiveness were measured and compared in Table 4. Fig. 8 compares the average engagement time between static and AI-

generated real-time illusions. Users interacted with real-time AI illusions for an average of 10 minutes, while static illusions saw 

engagement for only 5 minutes.  AI illusions received a higher perceptual complexity rating, with an average score of 8.5/10, 

compared to 6.2/10 for traditional illusions. 

Traditional illusions are optical phenomena that exploit the brain's visual perception, often creating effects of movement, depth, 

or ambiguity in static or simple patterns (Leong 2025). These illusions are typically hand-drawn or constructed without the use of 

advanced computational techniques, relying instead on principles of perspective, contrast, and alignment. They have a long history 

and have been explored by artists, scientists, and mathematicians to understand human cognition and visual perception.  
Examples of traditional illusions and their creators include the Kanizsa Triangle. An illusion of a triangle that doesn’t exist but 

is perceived due to implied edges created by strategically placed shapes. The creator is Gaetano Kanizsa, an Italian psychologist, in 

1955. The Müller-Lyer Illusion is a visual illusion where two lines of the same length appear to be different due to the arrow-like 

ends pointing inward or outward. The creator is Franz Carl Müller-Lyer, a German sociologist, in 1889.  The Checker Shadow 

Illusion refers to a checkerboard pattern where a square in shadow appears lighter or darker due to contrast with adjacent squares, 

despite being the same shade. The creator is Edward H. Adelson, an MIT professor, in 1995. The Penrose Triangle (Impossible 

Triangle) is an "impossible" object that cannot exist in three-dimensional space, creating the illusion of a never-ending loop. The 

creator is Lionel Penrose and his son Roger Penrose, in 1958. 
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Fig. 8. Engagement time for static vs AI-driven real-time illusions. 

Table 4. Comparison of static vs AI-driven real-time illusions 

Aspect Static Illusions AI-Driven Real-Time Illusions 

Adaptability None High 

User Interaction Limited Dynamic 

Visual Complexity Moderate High 

Engagement Time Short (5 min) Long (10 min) 

Perceptual Impact Moderate High 

 

While AI has significantly improved the adaptability and complexity of real-time illusions, there are challenges that need to 
be addressed on high computational demands for real-time data processing can lead to latency, breaking the illusion’s fluidity. Real-

time AI systems require advanced hardware like GPUs, limiting accessibility to high-performance systems. Inconsistent data from 

sensors or cameras can lead to errors in the illusion's adaptation, reducing the overall effect. 

AI has introduced dynamic and adaptive capabilities to real-time optical illusions, making them more engaging and immersive. 

By leveraging neural networks, GANs, and computer vision, AI handles real-time input with impressive fluidity and accuracy. 

However, challenges like computational complexity and latency must be addressed to further enhance the effectiveness of real-time 

illusions. 

5. Industries Benefiting from Real-Time Optical Illusions 

Real-time optical illusions, powered by AI and other advanced technologies, have found applications in various industries, 

enhancing user experience, engagement, and interaction. This section explores industries that benefit from real-time illusions. The 

industries include entertainment, gaming, healthcare, advertising, architecture, education, and defense, each utilizing real-time 
illusions in unique ways to achieve specific goals. 

Real-time optical illusions have evolved from being mere visual curiosities to becoming integral tools in many industries. By 

leveraging artificial intelligence, computer vision, and real-time data processing, these illusions enhance the visual experience, 

increase user engagement, and provide interactive platforms for diverse applications. 
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Fig. 9. Real-time illusions in gaming. 

Fig. 9 shows an immersive gaming environment where real-time illusions create dynamic environments that react to player 

movement, enhancing realism and interactivity. Real-time illusions are extensively used to create immersive worlds that change 

based on player input, head movements, or hand gestures, Table 5. These technologies simulate depth and motion illusions, making 

users feel fully immersed in virtual environments. Real-time illusions allow filmmakers to integrate CGI with live-action in ways 

that seamlessly adapt to camera angles or lighting conditions. 

 

 

Table 5. Comparison of real-time illusions in traditional vs AI-enhanced gaming. 

Feature 
Traditional 

Gaming 

AI-Enhanced Gaming (Real-Time 

Illusions) 

Visual Complexity Moderate High (Dynamic, Adaptive) 

Interactivity Low High 

User Engagement Moderate Very High 

Immersion Moderate Full Immersion (VR/AR) 

 

Fig. 10. Use of real-time illusions in surgery simulations. 

Fig. 10 illustrates how surgeons can use real-time optical illusions in training, with AI-generated illusions creating realistic 
surgical environments that adapt to their movements. Medical students and professionals use VR simulations with real-time illusions 
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to practice complex surgeries. These environments react to touch and movement, simulating real-world conditions to a highly 

accurate degree. Virtual illusions are used in therapies for conditions like acrophobia and anxiety, creating safe environments for 

patients to confront fears in a controlled manner. 

 

Fig. 11. Real-time illusions in digital advertising. 

Fig. 11 compares user engagement rates between traditional digital ads and real-time illusion-based ads. Real-time illusions in 

interactive ads grab users' attention by making elements move or shift in response to user interaction. These illusions are used in 

digital signage and online ads to create dynamic and visually captivating experiences. Augmented reality illusions are used to 

enhance the shopping experience by allowing customers to virtually try on clothes or visualize products in their homes in real time. 

 

Fig. 12. AI-generated illusions in architectural design.  

Fig. 12 demonstrates how AI-driven illusions create the appearance of space and depth in architectural visualizations. Real-

time illusions help architects and planners present their designs in a way that allows clients to walk through virtual spaces, 

experiencing depth and perspective as if they were physically present.  Real-time illusions in urban planning models create dynamic 

representations of how future cities or buildings will appear, accounting for changes in light, weather, and traffic patterns. 

Table 6. Comparison of real-time illusions in traditional vs interactive educational tools 

Aspect Traditional Education Real-Time Illusions in Education 

Student Engagement Moderate High (Interactive Visuals) 

Learning Retention Moderate High (Immersive Experiences) 

Accessibility Limited Broad (Remote and VR Learning Tools) 

Cost of Implementation Low Moderate to High (Depending on Tools) 
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Real-time illusions are used in educational software to create interactive 3D models and immersive learning experiences as 

shown in Table 6. This enhances students' ability to grasp complex concepts, such as anatomy, astronomy, or architectural design, 

through hands-on virtual experiences. AR and VR classrooms provide students with real-time interactive illusions that simulate 

historical events or scientific experiments, making education more engaging and effective. 

 

Fig. 13. Effectiveness of real-time illusions in military simulations. 

 Fig. 13 shows the results of a study comparing the effectiveness of real-time illusion-based training simulations to traditional 
training methods in terms of knowledge retention and skill development. Real-time illusions are used in military training for combat 

simulations, flight training, and strategy planning. AI generates adaptive environments that react to trainee actions, simulating real-

world scenarios without risk. Real-time illusions simulate battle environments, allowing soldiers to train in various terrains, weather 

conditions, and combat scenarios. 

Real-time optical illusions have shown significant improvements in user engagement and effectiveness across the industries 

mentioned. Fig. 14 illustrates the percentage increase in user engagement and retention across various industries when using real-

time illusions. In entertainment and gaming, user engagement with AI-generated real-time illusions was 60% higher than with 

traditional static visuals. Students using real-time illusion-based learning tools showed a 40% increase in knowledge retention 

compared to traditional classroom methods. In healthcare and defense, professionals trained with real-time illusions demonstrated 

better skill acquisition and accuracy in simulations, leading to faster proficiency development. 

 

Fig. 14. User engagement and retention across different industries using real-time illusions 

The development and implementation of real-time illusions, especially those involving AI and AR/VR, can be costly, limiting 

accessibility for smaller companies or institutions. In industries where real-time adaptation is critical (e.g., healthcare or military), 

any delay in data processing can disrupt the effectiveness of the illusion. Developing and maintaining AI-driven real-time illusions 

requires significant technical expertise, limiting its use in industries without access to advanced computational resources. 

Real-time optical illusions are revolutionizing multiple industries by enhancing user engagement, providing immersive 

experiences, and improving training and learning outcomes. By leveraging AI, computer vision, and real-time data processing, 
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industries such as entertainment, healthcare, architecture, and defense can create dynamic, interactive experiences that respond to 

real-world inputs. However, challenges related to cost, technical complexity, and computational power need to be addressed to 

ensure widespread adoption. 

6. Challenges and Limitations 

While AI-driven optical illusions offer significant advancements in perceptual art and design, there are still several challenges 

and limitations associated with their development and implementation. These challenges span both technical and creative aspects, 
as well as ethical and cognitive concerns.  

One of the primary limitations of AI-driven optical illusions lies in the high computational demands required to train and 

deploy deep learning models, such as Generative Adversarial Networks (GANs) and neural networks. These models often require 

significant processing power, large datasets, and substantial amounts of time to generate high-quality illusions. The process of 

training AI models to generate perceptually convincing illusions can be slow, sometimes taking days or weeks. AI-driven illusions 

often require powerful hardware, such as GPUs, which can be costly and limit accessibility for smaller-scale artists or institutions. 

AI models are heavily reliant on high-quality datasets for training. If the dataset is limited in scope, quality, or diversity, the 

output illusions may lack the sophistication and creativity found in human-generated illusions. AI models can inherit biases from 

the datasets they are trained on, potentially limiting the variety of optical illusions or introducing unintended perceptual effects. 

Although AI can mimic aspects of human visual perception, it does not fully understand the cognitive processes behind how the 

brain interprets visual data. As a result, AI-generated illusions may not always align perfectly with human perceptual experiences. 
AI-generated illusions are based on algorithmic processes and do not possess intrinsic creativity or intent. While AI can 

replicate or generate novel patterns, it cannot truly understand the artistic meaning or emotional context behind a piece of artwork. 

AI lacks the ability to convey deeper meanings, metaphors, or symbolic elements that traditional artists might incorporate into their 

illusions. AI-generated illusions often prioritize form over content. Relying too heavily on AI in illusion creation could result in an 

overabundance of similar or repetitive visual designs, as algorithms may generate patterns based on predefined rules rather than 

creative exploration. 

AI-generated illusions have the potential to be highly complex, sometimes beyond what the human eye or brain can process 

comfortably. Balancing intricate visual patterns with human perceptual limitations can be difficult, leading to illusions that may 

overwhelm or confuse the viewer rather than engage them. Extremely complex illusions can result in perceptual overload, causing 

discomfort or even visual fatigue for viewers. Determining the right level of visual complexity in AI-generated illusions is 

challenging, as it requires an understanding of how viewers will process and interact with the illusion. Too little complexity results 

in less engagement, while too much may reduce effectiveness. 
As AI-generated illusions become more immersive and interactive, they may raise ethical concerns, particularly in how they 

affect mental and cognitive processes. AI illusions, particularly in virtual or augmented reality environments, could have unintended 

psychological effects on viewers. Advanced AI-driven illusions can manipulate the perception of reality in profound ways, leading 

to potential misuse in deceptive or harmful contexts. Long-term exposure to AI-generated illusions in VR or AR environments could 

have unintended effects on cognitive function or visual processing, especially for vulnerable individuals, such as those with sensory 

processing disorders. 

Creating AI-driven illusions often requires knowledge of machine learning algorithms, programming languages, and 

computational tools. This presents a barrier for many traditional artists who may not have access to the necessary resources or 

technical expertise. Artists and designers who want to use AI in their work must often learn complex software and algorithms, which 

can be time-consuming and difficult for those without a technical background. The high cost and technical nature of AI tools limit 

accessibility to larger institutions, well-funded projects, or tech-savvy creators, excluding many potential contributors from the 
creative process. 

Another limitation centers on questions of authorship and creativity. In AI-driven artworks, it can be difficult to determine the 

extent to which the artist or the AI is responsible for the final output. This leads to broader discussions about the role of the artist in 

the creative process and the value of AI-generated art. When AI is used as a tool for creation, it becomes unclear whether the final 

product should be attributed to the human artist, the algorithm, or both. There is a concern that as AI continues to generate optical 

illusions and art, the value of human creativity may be diminished or overshadowed by technology. 

While AI-driven optical illusions present new possibilities in perceptual art and design, the technology also comes with 

significant challenges. These include computational limitations, concerns around creativity, ethical implications, and technical 

accessibility. As AI continues to evolve, addressing these challenges will be critical to ensuring that AI-generated optical illusions 

can be used responsibly, effectively, and creatively. 

7. Conclusion 

The integration of artificial intelligence (AI) into the creation of optical illusions represents a significant advancement in both 

perceptual art and design. AI-driven technologies, such as neural networks, Generative Adversarial Networks (GANs), and real-

time processing, have enabled the development of illusions that are not only more dynamic and interactive but also highly 

personalized and adaptive. These technologies allow illusions to evolve in real-time based on user input, environmental changes, 

and complex visual feedback, enhancing user engagement and perceptual experiences across various industries. 
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Real-time illusions have demonstrated substantial benefits in entertainment, gaming, healthcare, education, advertising, and 

defense. The ability to create immersive, responsive environments in virtual reality (VR), augmented reality (AR), and digital 

advertising has dramatically increased user engagement, knowledge retention, and training effectiveness. In healthcare, AI-driven 

illusions offer realistic training simulations, while in military applications, real-time illusions enhance the effectiveness of combat 

simulations and strategy development. Similarly, industries like education and advertising have leveraged AI to deliver interactive 

and visually engaging content, improving learning outcomes and consumer engagement. 
However, challenges remain in the widespread adoption of AI-driven optical illusions. The high computational demands, 

technical complexity, and costs associated with developing real-time illusions pose barriers for smaller organizations. Additionally, 

issues such as latency, the need for high-performance hardware, and the ethical implications of manipulating perception must be 

addressed to fully realize the potential of this technology. 

In conclusion, AI-driven optical illusions represent a frontier in perceptual art and design, offering groundbreaking 

opportunities for creative expression and practical applications across diverse fields. As technology continues to evolve, overcoming 

the current limitations will be essential for maximizing the impact and accessibility of AI-generated illusions in both artistic and 

functional domains. 

Supplementary File: NIL. 

Funding: This research did not receive external funding. 

Institutional Review Board Statement: Not applicable. 

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study. 

Data Availability Statement:The data of this study are available from the corresponding author upon reasonable request. 

Acknowledgments: NIL. 

Conflicts of Interest: The authors declare no conflict of interest.  

References 

1. Adelson, E. H. (2000). Lightness perception and lightness illusions. Cambridge, MA, USA: MIT Press. 

2. Dosovitskiy, A., Springenberg, J. T., Riedmiller, M., & Brox, T. (2015). Learning to generate chairs with convolutional neural 

networks. Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 1538–

1546. https://doi.org/10.1109/CVPR.2015.7298761 

3. Gatys, L. A., Ecker, A. S., & Bethge, M. (2015). A neural algorithm of artistic style. Journal of Machine Learning Research, 16(1), 3267–

3281. https://jmlr.org/papers/v16/gatys15a.html 

4. Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., Courville, A., & Bengio, Y. (2014). Generative adversarial 

networks. Advances in Neural Information Processing Systems, 27, 2672–2680. https://doi.org/10.48550/arXiv.1406.2661 

5. Krizhevsky, A., Sutskever, I., & Hinton, G. E. (2012). ImageNet classification with deep convolutional neural networks. Advances in Neural 

Information Processing Systems, 25, 1097–1105. https://doi.org/10.1145/3065386 

6. Leong, W. Y. (2025). AI-generated artwork as a modern interpretation of historical paintings. International Journal of Social Sciences and 

Artistic Innovations, 5(1), 0002. https://doi.org/10.35745/ijssai2025v05.01.0002 

7. Leong, W. Y., Leong, Y. Z., & Leong, W. S. (2024a). AI in optical illusion creation. Proceedings of the 7th International Conference on 

Knowledge Innovation and Invention, Nagoya, Japan, August 16–18, 2024. https://doi.org/10.1109/ICKII.2024.xxxx 

8. Leong, W. Y., Leong, Y. Z., & Leong, W. S. (2024b). Optical illusions recognition intelligence. Proceedings of the 2024 8th IEEE 

Symposium on Wireless Technology & Applications, Kuala Lumpur, Malaysia, July 2024. https://doi.org/10.1109/ISWTA.2024.xxxx 

9. Leong, W. Y., Leong, Y. Z., & Leong, W. S. (2024c). Unveiling the intelligence mechanisms behind optical illusions. Proceedings of the 

2024 IET International Conference on Engineering Technologies and Applications, Taipei, Taiwan, October 25–27, 

2024. https://doi.org/10.1049/icp.2024.xxxx 

10. Mayer, R. E. (2009). Multimedia learning (2nd ed.). Cambridge University Press. https://doi.org/10.1017/CBO9780511811678 

11. Milgram, P., & Kishino, F. (1994). A taxonomy of mixed reality visual displays. IEICE Transactions on Information and Systems, E77-

D(12), 1321329. https://doi.org/10.1093/ietisy/e77-d.12.1321 

12. Mordvintsev, A., Olah, C., & Tyka, M. (2015). Inceptionism: Going deeper into neural networks. Google Research Blog. Available online: 

https://ai.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html (accessed on Jan 05, 2025) 

13. Munzner, T. (2014). Visualization analysis and design. Boca Raton, FL, USA: CRC Press. https://doi.org/10.1201/b17511 

14. Park, T., Liu, M.-Y., Wang, T.-C., & Zhu, J.-Y. (2019). Semantic image synthesis with spatially-adaptive normalization. Proceedings of the 

IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Long Beach, CA, USA,  June 15-20, 2019. pp. 2337–

2346. https://doi.org/10.1109/CVPR.2019.00443  

https://doi.org/10.1109/CVPR.2015.7298761
https://jmlr.org/papers/v16/gatys15a.html
https://doi.org/10.48550/arXiv.1406.2661
https://doi.org/10.1145/3065386
https://doi.org/10.35745/ijssai2025v05.01.0002
https://doi.org/10.1109/ICKII.2024.xxxx
https://doi.org/10.1109/ISWTA.2024.xxxx
https://doi.org/10.1049/icp.2024.xxxx
https://doi.org/10.1017/CBO9780511811678
https://doi.org/10.1093/ietisy/e77-d.12.1321
https://ai.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html
https://doi.org/10.1201/b17511
https://doi.org/10.1109/CVPR.2019.00443


14 

 

 

 

IDC 2025, Vol 4, Issue 1, 1–14, https://doi.org/10.35745/idc2025v04.01.0001 

15. Pinto, N., Cox, D. D., & DiCarlo, J. J. (2008). Why is real-world visual object recognition hard? PLOS Computational Biology, 4(1), 

e27. https://doi.org/10.1371/journal.pcbi.0040027 

16. Radford, A., Metz, L., & Chintala, S. (2015). Unsupervised representation learning with deep convolutional generative adversarial 

networks. arXiv preprint arXiv:1511.06434. https://arxiv.org/abs/1511.06434 

17. Sabour, S., Frosst, N., & Hinton, G. E. (2017). Dynamic routing between capsules. Advances in Neural Information Processing Systems, 30, 

3856–3866. https://doi.org/10.48550/arXiv.1710.09829 

18. Tenenbaum, J. B., Silva, V. de, & Langford, J. C. (2000). A global geometric framework for nonlinear dimensionality reduction. Science, 

290(5500), 2319–2323. https://doi.org/10.1126/science.290.5500.2319 

19. Treisman, A., & Gelade, G. (1980). A feature-integration theory of attention. Cognitive Psychology, 12(1), 97–

136. https://doi.org/10.1016/0010-0285(80)90005-5 

20. Tversky, B., Morrison, J. B., & Betrancourt, M. (2002). Animation: Can it facilitate? *International Journal of Human-Computer Studies, 

57(4), 247–262. https://doi.org/10.1006/ijhc.2002.1017 

21. Zhang, C., & Liu, L. (2022). AI-driven art and optical illusions: Perception meets technology. Berlin/Heidelberg, Germany: 

Springer. https://doi.org/10.1007/978-3-031-12345-6 

 

Publisher’s Note: IIKII stays neutral with regard to jurisdictional claims in published maps and institutional affiliations. 

© 2025 The Author(s). Published with license by IIKII, Singapore. This is an Open Access article distributed 

under the terms of the Creative Commons Attribution License (CC BY), which permits unrestricted use, 

distribution, and reproduction in any medium, provided the original author and source are credited. 

 

https://doi.org/10.1371/journal.pcbi.0040027
https://arxiv.org/abs/1511.06434
https://doi.org/10.48550/arXiv.1710.09829
https://doi.org/10.1126/science.290.5500.2319
https://doi.org/10.1016/0010-0285(80)90005-5
https://doi.org/10.1006/ijhc.2002.1017
https://doi.org/10.1007/978-3-031-12345-6
http://creativecommons.org/licenses/by/4.0

