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I. INTRODUCTION  

In recent years, the application of artificial intelligence 
(AI) technology in the field of artistic creation has become 
increasingly common [1-2], and it is gradually becoming a 
popular means of creating digital art images [3-4]. Some 
scholars have explored the potential applications of AI art 
technology [5-7], the relationship between traditional paint-
ing and AI painting [8], whether AI possesses imagination 
[9], visual uncertainty in AI abstract art [10], and compari-
sons between human and AI painting [11]. Other scholars 
have also examined perceptions of AI art, the extent to 
which it is liked or appreciated, and its acceptability [12-
15]. Researchers have proposed a trend that AI will become 
increasingly proficient in understanding artists' intentions 
and generating more human-like artistic images [16]. This 
development is expected to revolutionize art design educa-
tion and the visual arts field [17-18]. However, creating ar-
tistic images with unique aesthetic taste and expression, 
similar to human-created images, remains highly challeng-
ing for AI [19]. Consequently, several critical questions 
have yet to be thoroughly investigated: 

  
RQ1: Can participants distinguish between images cre- 

ated by humans and those created by AI? 
RQ2: What strategies do people use to differentiate be-

tween human-created and AI-generated images? 
RQ3: What is the success rate of these strategies in dis-

tinguishing between human-created and AI-gen-
erated images? 

 
We aim to address these questions through the logic of 

the Turing test. The famous Turing test, initially proposed 
by Alan Turing in 1950 and known as the "imitation game" 
[20], is designed to test the indistinguishability between 
machines and humans. With the development of large lan-
guage models (LLMs) [21-22], these models have shown 
excellent performance in zero-shot and few-shot tasks [23]. 
Additionally, OpenAI's LLM, ChatGPT, is capable of gen-
erating human-level text across various domains [24-27]. 
It is becoming increasingly difficult for people to distin-
guish between human and machine outputs. Consequently, 
some researchers have begun studying these emerging AI 
tools from the perspective of the Turing test. For instance, 
some researchers have designed AI chatbot conversation 
games and surveys to investigate whether participants can 
identify if their conversation partner is a machine or a hu-
man [28 - 29]. Others have compared academic articles, 
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medical texts, and abstracts generated by ChatGPT with 
those written by human authors [23,30-31]. In the field of 
visual art evaluation, a study conducted by Chamberlain in-
dicates that individuals tend to attribute abstract art images 
to computers or AI, and representational art images to hu-
mans [6]. Gangadharbatla's research further corroborates 
Chamberlain and his colleagues' findings [32]. However, 
both studies have certain limitations. First, their research 
did not utilize the latest AI painting models, which may re-
sult in experimental outcomes not reflecting the true capa-
bilities of current AI technology. Second, Gangadharbatla's 
study did not establish a rigorous control group for the ex-
periment nor design experiments with specific art styles. Fi-
nally, in Chamberlain's experiments, the image materials 
used were lacking in aesthetic quality and information con-
tent. These factors might have led to biased experimental 
results. 

To address the limitations of the aforementioned studies, 
our experimental "Human or Algorithm?" has implemented 
several improvements. First, we utilized the most advanced 
AI painting models available, which are capable of gener-
ating high-quality artworks that reflect the latest technolog-
ical advancements. Second, the experiment employed a 
double-blind design, eliminating any potential bias from 
participants and analysts, thus ensuring the fairness and va-
lidity of data analysis. Finally, the study featured images of 
high aesthetic quality and diverse artistic styles, created by 
individuals with expertise in AI painting. These included 20 
images across various styles such as photography, oil paint-
ing, watercolor, and abstract art, providing a comprehensive 
evaluation of artistic styles. We invited participants from di-
verse backgrounds to identify and evaluate multiple sets of 
images created by both AI and humans. Our experimental 
results not only reveal the progress of AI in artistic creation 
but also offer new insights into understanding AI's potential 
in this field. 

 

II. EXPERIMENT DESIGN AND METHODS 

2.1. Participants 
The data collection for this study was conducted in two 

stages. The first stage involved an online questionnaire sur-
vey from May to June 2023, which yielded 218 valid re-
sponses. Upon completion of the first survey, we conducted 
in-depth interviews with a subset of respondents to obtain 
richer qualitative data and gain a deeper understanding of 
participants' perceptions and judgment criteria regarding 
AI-generated images. However, considering the insufficient 
sample size of experimental images used in the first survey, 
we increased the number of experimental images and con-
ducted a second questionnaire survey from May 22 to May 
27, 2024. Participants for the second survey were recruited 

through major universities and social media platforms, in-
cluding undergraduate and graduate students from China 
and South Korea, as well as individuals from various pro-
fessions and age groups. All participants voluntarily joined 
the study upon viewing the questionnaire, ensuring the di-
versity and representativeness of the sample. The survey 
questionnaire, titled "Try it out, can you tell which image is 
AI-generated?", was administered on the online survey 
platform "Wenjuanxing" in mainland China. Ultimately, we 
received 217 responses, and after eliminating invalid ques-
tionnaires, we obtained 197 valid responses (Table 1). 

The survey comprised two parts: the first part collected 
basic information from participants, and the second part in-
cluded 20 images, asking respondents whether these images 
were AI-generated. To validate the survey's effectiveness, a 
pretest was conducted with 28 participants to assess the sur-
vey content and provide feedback on whether the content 
reflected characteristics that were difficult to distinguish. 

   

2.2. Visual Turing Test Experiment Design 
Our visual turing test experiment faced a core challenge: 

ensuring that AI-generated images were not readily distin-
guishable from human-created images. To address this, we 
invited five "mentors" from the Midjourney community, an 
AI platform, to generate the AI images. These mentors had 
generated an average of 16,000 images on Midjourney and 
possess over a year of experience in AI image generation. 
Their extensive usage and high volume of generated images 
had equipped them with significant AI creation expertise 
and techniques. For this experiment, the mentors used the 
Midjourney V5.2 model to generate the images, ensuring 
that the experimental results reflected the current advanced 
level of AI technology. 

To ensure the fairness and validity of the experiment, we 
employed a double-blind design. This design eliminates any 
potential biases or preconceived notions during data analy- 

Table 1. Participant information (N=197). 

Demographic Frequency % Cumulative (%)

Gender
Male 113 57.36 57.36 

Female 84 42.64 100.00 

Age 
(years)

＜20 108 54.82 54.82 

20−30 71 36.04 90.86 
>30 18 9.14 100.00 

Education
level 

Undergraduate 126 63.96 63.96 
Master 46 23.35 87.31 
Doctor 25 12.69 100.00 

Country
China 152 68.02 68.02 

South Korea 45 31.98 100.00 

Total 197 100 
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sis and requires participants to rely solely on their observa-
tions and analyses to make judgments, without depending 
on any prior knowledge or expectations. To make the iden-
tification process more challenging, we selected ten groups 
of artistic images, including photography, oil painting, wa-
tercolor, abstract painting, sketching, board painting, digital 
sculpture, Chinese painting, pastel, and marker art. This di-
versity in artistic styles provided a more comprehensive 
understanding of the effects of AI-generated images. We 
also invited MJ mentors to create the relevant AI images. 
During communication with the mentors, we emphasized 
that the images generated for the experimental group should 
correspond in content to those in the control group, aiding 
in the accuracy of the evaluation. Additionally, we required 
MJ mentors to implement measures to simulate human art-
work in AI-generated images. For instance, we instructed 
the mentors to mimic the texture characteristics of human 
artworks in abstract paintings, watercolor, and oil painting 
during AI generation. This ensured that AI-generated con-
tent also possessed similar texture features. Furthermore, 
considering the impact of content differences within the 
same theme, we asked MJ mentors to maintain similarities 
in composition, color, and other characteristics between the 
experimental images and the control images, while ensur-
ing texture elements were present. This design aimed to rep-
licate the characteristics of genuine human artworks, as hu-
man artists' creations also include such elements. 

In addition, we employed in-depth interview research 
methods for qualitative analysis to gain a deeper under-
standing of the strategies participants used to differentiate 
between AI-generated and human-created images. The pur-
pose of this study was to explore the cognitive processes 
and the success rate of these strategies among participants 
in the visual Turing test. The qualitative part of the study 
involved participants selected based on their practical expe-
rience in AI art and interest in the experiment. A total of 15 
participants with various professional backgrounds and ed-
ucational levels were recruited. The design and implemen-
tation of this quantitative and qualitative study strictly ad-
hered to internationally recognized research ethics guide-
lines. These included, but were not limited to, respecting 
participants' autonomy, ensuring fairness, optimizing the 
benefit-risk ratio, and respecting participants' privacy and 
confidentiality. Participants provided written informed con-
sent (Datasheet) to participate in this study. 

  

Ⅲ. RESULTS AND ANALYSIS 

This study involved 197 participants, each tasked with 
distinguishing whether images were AI-generated (Fig. 1). 
During the experiment, we randomized the order of the im-
ages to prevent participants from detecting patterns. For 

clearer presentation in the analysis, we re-encoded the ma-
terial images. The experiment included 20 images, 10 of 
which were AI-generated (re-encoded as images 1, 3, 5, 7, 
9, 11, 13, 15, 17, and 19), and the other 10 were human-
created (re-encoded as images 2, 4, 6, 8, 10, 12, 14, 16, 18, 
and 20). The pairs of images 1 and 2, 3 and 4, 5 and 6, 7 
and 8, 9 and 10, 11 and 12, 13 and 14, 15 and 16, 17 and 18, 
and 19 and 20 correspond to the ten artistic styles we de-
signed (photography, oil painting, watercolor, abstract 
painting, sketching, digital painting, digital sculpture, Chi-
nese painting, pastel, and marker drawings). 

In our AI painting visual Turing test study, we noted im-
portant participant groups, including those proficient at 
identifying algorithm-generated images, those skilled at 
recognizing human-created images, those with a full grasp 
of patterns in AI and human creations, and those completely 
unable to identify AI-generated images. These groups and 
their intersections provided rich insights for our overall 
analysis. Through in-depth interviews with participants, we 
explored how people attempt to distinguish between AI and 
human creations. We observed that participants used a 
range of strategies, showcasing human thinking's flexibility 
and attention to detail. These strategies stemmed from indi-
viduals' accumulated experiences in artwork creation and 
AI image generation processes. 

 
3.1. Analysis of Experimental Results 

Through data analysis of the experimental results, we 
found that the average accuracy rate for participants in cor-
rectly identifying AI-generated images was 61.67% (Fig. 2). 
This indicates that approximately 38.33% of participants 
could not accurately distinguish AI-generated images from 
human-created images. This result is significantly higher 
than the original Turing test benchmark of 30%, suggesting 
that the realism of AI in the field of visual arts has reached 
a level that makes it difficult for humans to discern. For hu-
man-created images, participants' recognition accuracy was 
relatively high, reaching 70.71%, reflecting a stronger abil-
ity to identify traditional visual art works.  Specifically, 
among the AI-generated images, image 13 had the highest 
recognition accuracy at 77.66%, while image 7 had the low-
est at 46.70%. These fluctuations could be influenced by 
differences in image generation technology, the complexity 
of image styles, or the intuitiveness of image content. For 
human-created images, images 10 and 2 had the highest 
recognition success rates at 81.22% and 81.73%, respec-
tively, showing that participants could better identify the 
human artistic characteristics in these images. In contrast, 
image 14 had the lowest recognition success rate at 47.72%, 
possibly because its artistic style was similar to that of AI- 
generated images, increasing the difficulty of recognition. 

The results of the paired t-test analysis indicate that the 
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Fig. 1. Images used in the experiment (AI-generated images are 1, 3, 5, 7, 9, 11, 13, 15, 17, 19; Human-created images are 2, 4, 6, 8, 10, 
12, 14, 16, 18, 20). AI-generated images were created by invited experts and authorized for use. Human-created images: Image 2, 8, 10 
sourced from online searches; Image 4 sourced from Monet's "The Small Arm of the Seine at Argenteuil, 1872"; Image 6 created by Jian 
Zhongwei from Taiwan; Image 12 created by Wang Changsheng from China; Image 14 sourced from ArtStation by occultart; Image 16 
created by Huang Huanwu from China (1906–1985); Image 18 created by Jia Wei from China; Image 20 created by Bai Taotao from
China. 
 
 

 
Fig. 2. shows the recognition accuracy of AI-generated and human-created images in different art styles. 
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differences in recognition accuracy between AI-generated 
images and human-created images wer e statistically signif-
icant for most image pairs. For example, the mean recogni-
tion accuracy for Pair 1 and Pair 2 were 1.35 (SD=0.48) and 
1.80 (SD=0.40), respectively, with a difference of −0.45 
(t=−7.193, p<0.001), indicating a significant difference. 
Similarly, for Pair 3 and Pair 4, the mean recognition accu-
racies were 1.41 (SD=0.49) and 1.84 (SD=0.37), respec-
tively, with a difference of −0.43 (t=−7.081, p<0.001), in-
dicating a significant difference. These results suggest that, 
except for Pair 7 and Pair 8, the differences in recognition 
accuracy for the other pairs were statistically significant, re-
flecting a significant difference in participants' ability to 
recognize AI-generated images versus human-created im-
ages. Furthermore, the overall t-test results were as follows: 
t=−1.934, p=0.0690. Although the paired t-tests for individ-
ual image pairs showed significant differences in recogni-
tion accuracy for some pairs, the overall t-test results did 
not show statistical significance (Table 2).  
  
3.2. Strategies for Distinguishing Between Human-cre-

ated images and AI-Generated Images 
We found through in-depth interviews that participants 

employed a range of strategies to identify the source of im-
ages, and we recorded the frequency and success rate of 
these strategies. We calculated the usage frequency and ac-
curacy of recognition strategies and provided formulas and 
example results (Tables 3 and Table 4). Additionally, based 
on the results of the independent sample t-tests, we ana-
lyzed the differences in the success rates of identifying AI-
generated images and human-created images among the 
three recognition strategies (details and logic, aesthetic ex-
perience, Human-like characteristics and material proper-
ties). The differences between the "details and logic" strat-
egy and the "Human-like characteristics and material prop-
erties" strategy were significant (t=5.722, p<0.001), as were 
the differences between the "aesthetic experience" strategy 
and the "Human-like characteristics and material proper-
ties" strategy (t=4.267, p=0.013). However, the differences 
between the "details and logic" strategy and the "aesthetic 
experience" strategy were not significant (t=0.761, p= 
0.487). This indicates that the "details and logic" strategy 
and the "aesthetic experience" strategy have similar effec-
tiveness in recognizing AI-generated images versus human-
created images, both being significantly more effective than 
the "Human-like characteristics and material properties" 

Table 3. Formulas for calculating usage frequency and success rate of recognition strategies. 

Calculation item Formula 

Total number of recognitions Total number of recognitions = Usage frequency × Number of images judged per person 

Correct recognitions of  
AI-generated images 

Correct recognitions of AI-generated images = Usage frequency × Number of AI-generated images 
judged per person × Success rate for identifying AI-generated images 

Correct recognitions of 
human-created images 

Correct recognitions of human-created images = Usage frequency × Number of human-created 
images judged per person×Success rate for identifying human-created images 

Total correct recognitions Total correct recognitions =Correct recognitions of AI-generated images + Correct recognitions of 
human-created images 

Overall success rate Overall success rate = (Total correct recognitions / Total number of recognitions) × 100% 

Table 2. Results of paired t-test analysis. 

Pair 
name 

Paired (mean±S.D) Difference 
(Pair 1 - Pair 2) t p 

Pair 1 Pair 2 

1 Pair 2 1.35±0.48 1.80±0.40 −0.45 −7.193 0.000** 
3 Pair 4 1.41±0.49 1.84±0.37 −0.43 −7.081 0.000** 
5 Pair 6 1.49±0.50 1.77±0.42 −0.28 −3.858 0.000** 
7 Pair 8 1.63±0.49 1.68±0.47 −0.05 −0.761 0.449 
9 Pair 10 1.33±0.47 1.90±0.30 −0.57 −9.947 0.000** 
11 Pair 12 1.24±0.43 1.65±0.48 −0.41 −6.435 0.000** 
13 Pair 14 1.13±0.34 1.33±0.47 −0.20 −3.761 0.000** 
15 Pair 16 1.15±0.36 1.63±0.49 −0.48 −8.319 0.000** 
17 Pair 18 1.40±0.49 1.72±0.45 −0.32 −4.707 0.000** 
19 Pair 20 1.51±0.50 1.73±0.45 −0.22 −3.591 0.001** 

* p<0.05, ** p<0.01. 
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strategy. 
 

3.2.1. Details and Logic 
A total of 13 respondents used the "details and logic" 

strategy, with an accuracy rate of 71.1% for identifying AI-
generated images and 80.3% for identifying human-created 
images, resulting in an overall success rate of 75.7%. This 
indicates that the "details and logic" strategy is the most 
widely used and effective strategy. Participants judged the 
source of the images by examining details such as signa-
tures, text processing, facial features, and limbs. AI-gener-
ated images often have noticeable errors or simplifications 
in these details, making this strategy highly successful in 
distinguishing the source of the images. 

The first type of detail mentioned by interviewees was 
the signature and text processing in the image. Some par-
ticipants judged the source of the image by checking the 
signatures and text processing. This strategy was quite ef-
fective in identifying AI-generated images. Human creators 
typically sign their works or use text correctly, whereas AI-
generated images often contain errors in these details. A 
university student in art design from Beijing, Li (pseudo-
nym), noted, "AI-generated works cannot correctly sign 
and handle text, and careful observation reveals that the text 
is all wrong" (Female, 22 years old, Beijing, China). Con-
versely, a graduate student from Xiamen, Wu (pseudonym), 
expressed a different view: "In the Midjourney V4 version, 
many AI-generated works with signatures appeared, so sig-
natures cannot be used as a strategy to determine whether 
an image is AI-generated. However, AI still lacks the ability 
to handle text correctly" (Male, 25 years old, Xiamen, 
China). 

The second detail is the depiction of facial features and 
limbs. When it comes to images depicting people, partici-
pants paid special attention to the details of facial features 
and limbs. They noticed that AI-generated images often had 
obvious structural errors or were overly simplified in these 
parts, whereas human-created images paid more attention 
to the details and individuality of these parts. A university 
student from Hangzhou, Zhao (pseudonym), stated, "When 
observing AI-generated portraits, I found that it often has 
problems when generating facial features and hands and 
feet. For example, AI may generate overly refined and ho- 

mogenized facial features, ignoring the uniqueness of each 
person's appearance" (Female, 20 years old, Hangzhou, 
China). A university student from Nanjing, Li (pseudonym), 
emphasized, "I noticed that AI tends to be clumsy when 
dealing with hands and feet. For example, it might produce 
unnatural proportions or obvious structural errors when de-
picting fingers and palms. In human-created works, I can 
see the artist's careful consideration and meticulous han-
dling of these details" (Male, 22 years old, Nanjing, China). 

AI also tends to make mistakes in logical coherence. Par-
ticipants showed impressive insight when evaluating 
whether images conformed to physical and real-world prin-
ciples. For instance, they looked at whether the image cor-
rectly depicted lighting, shadows, and proportions of ob-
jects. Human-created images usually followed these princi-
ples better, while AI-generated images often displayed un-
natural aspects. A university student from Hangzhou, Wang 
(pseudonym), shared his observations: "I found that AI of-
ten handles light and shadow unnaturally. For example, 
sometimes it draws too much light in a shadowed area or 
produces unreasonable dark parts in bright areas. This 
makes me feel that AI does not understand how light exists 
in three-dimensional space" (Male, 21 years old, Hangzhou, 
China). Another undergraduate student from Xinjiang, Lin, 
remarked, "When distinguishing AI-generated images, I 
found that AI sometimes makes obvious logical errors. For 
example, in the experiment, the depiction of butter spread-
ing on a sandwich showed a physically impossible shape. 
This immediately led me to identify it as AI-generated. 
However, the experiment's images were very deceptive, and 
I also misidentified another human-created work as AI-gen-
erated" (Male, 21 years old, Xinjiang, China). 

  
3.2.2. Aesthetic Experience 

Some interviewees reported that they relied on aesthetic 
experience to identify whether an image was AI-generated. 
A total of 10 respondents used the aesthetic experience 
strategy, with an success rate of 69.3% for identifying AI-
generated images and 76.8% for identifying human-created 
images, resulting in an overall success rate of 73.05%. This 
indicates that participants have a relatively high success 
rate when distinguishing the source of images through their 
aesthetic judgment, though there is still a certain rate of 

Table 4. Usage frequency and success rate of recognition strategies. 

Recognition strategy Usage frequency (n) Accuracy for identifying 
AI-generated images (%)

Accuracy for identifying 
human-created images (%) 

Overall success rate 
(%) 

Detail and logic 13 71.1 80.3 75.7 
Aesthetic experience 10 69.3 76.8 73.05 

Human-like characteristics and 
material properties 8 61.2 67.8 64.5 
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misjudgment. 
A university student from Shanghai, Liu (pseudonym), 

shared his observations, "I found that human creators are 
thoughtful and interesting when dealing with the use of neg-
ative space and positive and negative shapes. In the sketch 
works from the experiment, I judged it to be a human-create
d images based on the relationship and composition be-
tween the faucet and the wire" (Male, 22 years old, Shang-
hai, China). Zhao (pseudonym), a graduate student in archi-
tectural design from Beijing, expressed a similar view, "For 
those familiar with painting, observing the use of negative 
space and positive and negative shapes can effectively iden-
tify the source of an image. AI tends to fill the image too 
much when drawing, as it lacks an understanding of overall 
compositional harmony" (Female, 25 years old, Beijing, 
China). Another identification strategy is the sense of unre-
ality. Some participants mentioned that through extensive 
artistic training, they rely on intuition to make judgments. 
AI-generated images often appear too realistic, creating a 
sense of artificiality. 

A Ph.D. student from Hangzhou, Zhao (pseudonym), 
stated, "I feel that AI-generated images, in dealing with the 
issue of unreality, tend to be too realistic; therefore, in the 
experiment, I judged both digital sculptures as AI-generated 
content. However, one of them was made by humans, mak-
ing me realize that relying solely on the presence of realism, 
though it can filter out AI content, also leads to misjudg-
ment of human digital works" (Male, 29, Hangzhou, China). 
A graduate student from Beijing, Zhang (pseudonym), also 
agreed with his view, "In my opinion, the finesse of AI-gen-
erated content is enough to confuse people now, almost in-
distinguishable from human digital sculptures or modeling 
works" (Female, 25, Beijing, China). 

 
3.2.3. Human-Like Features and Material Properties 

When distinguishing between AI-generated images and 
human-created images, some interviewees mentioned that 
closely observing the brushstrokes is an effective strategy. 
A total of 8 respondents used the human-like features and 
material properties strategy, with an success rate of 61.2% 
for identifying AI-generated images and 67.8% for identi-
fying human-created images, resulting in an overall success 
rate of 64.5%. This indicates that while this strategy de-
pends on observing human-like features and material prop-
erties in the images, the overall success rate is relatively low, 
possibly because AI-generated images are increasingly ap-
proaching the level of human creations in these details. 

Although AI-generated images exhibit brushstroke char- 
acteristics similar to those of humans, they differ signifi-
cantly from the irregular qualities of human brushstrokes, 
especially in thick-painting styles. This observation is sup-
ported by Han (pseudonym), a doctoral student in the oil 

painting department, who noted, "The brushstrokes in AI-
generated images usually appear stiff. For those of us who 
have been engaged in artistic creation for a long time, this 
is a very clear sign" (Female, 31 years old, Guangzhou, 
China). A student from Nanjing, Ding (pseudonym), agreed 
with this view and further stated, "Even beginners can dis-
tinguish works created by human artists by carefully ob-
serving the variations in digital painting brushstrokes" 
(Male, 19 years old, Nanjing, China). In the category of 
Chinese painting, we found that interviewees could distin-
guish AI and human creations by observing the brushstroke 
techniques specific to Chinese painting, known as "cunfa." 
They noticed that AI often lacks the liveliness and natural-
ness when simulating this complex technique, whereas hu-
man creators can use it more flexibly. An undergraduate stu-
dent from Changsha, Ding (pseudonym), shared his experi-
ence, "I found that in images using Chinese painting 
brushstroke techniques, AI-generated images do not pay 
much attention to the brushwork. From my learning expe-
rience, I understand that the brushstroke techniques in Chi-
nese painting are very subtle and full of charm" (Male, 20 
years old, Changsha, China). Conversely, a graduate stu-
dent from Beijing, Wang (pseudonym), expressed a differ-
ent view, "As someone without art training, I could hardly 
distinguish which Chinese paintings were AI-generated in 
this experiment. It mimicked the Chinese painting style 
very well" (Female, 24 years old, Beijing, China). 

  

Ⅳ. DISCUSSION 

This study aims to explore whether participants can dis-
tinguish between human and AI-generated images using the 
Turing test method. The results indicate that the realism of 
AI in the field of visual arts has reached a level where it is 
difficult to discern. Participants' accuracy in identifying AI-
generated images was 61.67%, although higher than the tra-
ditional Turing test benchmark of 30%, still, 38.33% of par-
ticipants could not accurately distinguish between AI-gen-
erated and human-created images. This result is consistent 
with the findings of Chamberlain and Gangadharbatla, who 
noted difficulties participants have in distinguishing be-
tween abstract and figurative art [6,32]. Additionally, the 
results of the paired t-test analysis indicate that the differ-
ences in recognition accuracy between AI-generated im-
ages and human-created images were statistically signifi-
cant for most image pairs. This suggests that participants 
showed a significant difference in their ability to recognize 
AI-generated versus human-created images, with people 
being better at recognizing human-created images. This 
also highlights that human-created images still hold an ad-
vantage, particularly those created by top human artists, 
which far exceed the quality of AI-generated images. How- 
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ever, despite the significant differences in recognition accu-
racy for some individual image pairs, the overall t-test re-
sults did not show statistical significance. Specifically, the 
t-statistic was −1.934 and the p-value was 0.0690, meaning 
that there is no significant difference in the overall recogni-
tion accuracy between AI-generated images and human-
created images. Especially in the abstract painting style, 
participants' accuracy in identifying AI-generated images 
was below 50%. This may reflect that with technological 
advancements, AI-generated images have approached the 
level of human-created images in terms of visual expres-
siveness and complexity. Particularly across different artis-
tic styles, AI can simulate works that closely resemble those 
of human artists. These findings reveal the immense poten-
tial of AI in the field of artistic creation and suggest that the 
boundaries between human and AI art are becoming in-
creasingly blurred. In the long term, the growing prevalence 
of AI-generated art may redefine the concept of artistic cre-
ation. The art community might need to reconsider the def-
initions of originality and creativity, as AI can simulate and 
even surpass the skills of certain human artists. This shift 
could lead to changes in art education, moving from tradi-
tional skills to a greater focus on fostering creativity and 
critical thinking. Moreover, the collaboration between AI 
and human artists holds significant promise. Artists can use 
AI as a tool to expand their creative possibilities, producing 
more complex and diverse works. AI can also help artists 
achieve new artistic styles and modes of expression, driving 
innovation and development in art forms. Collaborative 
creation with AI might become a major trend in future ar-
tistic practices [2]. 

Furthermore, this study delves into the strategies par-tici-
pants use to distinguish between human and AI-generated 
images. Interview results indicate that participants em-
ployed three main strategies: attention to detail and logic, 
aesthetic experience, and recognition of human-like char-
acteristics and material properties. These findings confirm 
previous research on Turing tests with ChatGPT, which 
mentioned strategies involving details and human-like 
characteristics (such as identifying grammatical errors and 
responses to emotional questions to determine if AI is in-
volved) [29]. The application of these strategies reveals the 
complex cognitive processes humans engage in when iden-
tifying AI-generated artworks and underscores the im-
portance of detailed observation [33], logical reasoning, 
and aesthetic experience. Despite AI's significant progress 
in simulating human artistic creation, humans still possess 
unique observational and judgment abilities. As AI technol- 
ogy continues to advance, these strategies may evolve and 
adapt to new challenges, potentially impacting artists [34]. 
However, this does not signify the "end of art," but rather 
reshapes the roles and practices of creators and alters the 
aesthetics of contemporary media [35]. 

Lastly, our study also revealed the frequency, success 
rate, and differences of the strategies participants used to 
distinguish between human and AI-generated images. The 
detail and logic strategy was the most frequently used and 
the most effective, showing significant differences com-
pared to the "human-like characteristics and material prop-
erties" strategy. Participants judged the origin of images by 
examining details such as signatures, text processing, facial 
features, hands and feet, as well as the logical consistency 
of lighting, shadows, and object proportions. The high suc-
cess rate of this strategy reflects human strengths in detailed 
observation and logical reasoning, further confirming pre-
vious literature on AI's lack of subtle details and depth 
found in human artworks [13]. The aesthetic experience 
strategy was also widely adopted and showed significant 
differences compared to the "human-like characteristics 
and material properties" strategy. This strategy relies on 
participants' art training and intuition to determine the 
origin of the images. The high success rate indicates the im-
portance of art training and aesthetic intuition in recogniz-
ing the authenticity and artistic quality of images. However, 
the success rate for identifying AI-generated images using 
this strategy was only 69.3%. This suggests that even 
trained artistic eyes face challenges when dealing with im-
ages generated by evolving AI painting tools. The success 
rate of the "human-like characteristics and material proper-
ties" strategy was relatively lower, with significant differ-
ences compared to the other two strategies. This indicates 
that AI has made significant progress in mimicking human 
artistic characteristics and material representations, gradu-
ally improving the realistic simulation of texture and 
brushstroke effects. Although AI-generated images still ap-
pear somewhat unnatural in the material representation of 
certain styles, they have achieved a high level of realism. 
Therefore, participants had a lower success rate when using 
this strategy to identify images. 

Moreover, our study uncovered some unexpected find-
ings. Specifically, images classified as figurative photog-
raphy (Image 1) had an success rate of 65.99%, while im-
ages classified as abstract painting (Image 7) had an success 
rate of 46.7%. This is contrary to the findings of Chamber-
lain and Gangadharbatla [6,32]. In our experiment, people 
did not attribute abstract art images to AI or figurative art 
images to humans. This may be due to advancements in AI 
painting models that have diminished the gap between fig-
urative and abstract images. However, our study has some 
limitations. Although it included ten groups of com- 
mon art image types, it may not have fully covered all ar- 
tistic styles that AI can generate. Additionally, participants' 
awareness of the experiment's purpose and environment 
might have influenced their identification strategies. This 
influence could lead to judgments that differ from those 
they would make in everyday contexts. Finally, due to the 
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two-stage data collection process, the participants in the in-
depth interviews and the second questionnaire survey were 
not the same group of people. This unique situation may 
have had a certain impact on the research results. 

 

Ⅴ. CONTRIBUTION  

This study makes three major contributions to the explo-
ration of the identification of AI-generated images versus 
human-created images. First, in the design of the AI visual 
Turing test method, we adopted an innovative double-blind 
experimental approach to avoid any potential biases from 
participants and analysts, ensuring the fairness and validity 
of data analysis. By using the latest AI painting model, 
Midjourney V5.2, to generate high-quality images in vari-
ous artistic styles, the experimental results are more repre-
sentative and broadly applicable, addressing the shortcom-
ings of previous research. Secondly, we proposed strategies 
for identifying AI-generated images and explored in depth 
the three main strategies participants use to distinguish be-
tween human and AI-generated images: detail and logic, 
aesthetic experience, and human-like characteristics and 
material properties. These strategies enhance our under-
standing of the cognitive processes humans engage in when 
encountering AI-generated artworks. Finally, our study an-
alyzed the frequency, success rate, and differences in the 
practical application of these strategies. The results indicate 
that the detail and logic strategy is the most frequently used 
and most effective, with participants successfully identify-
ing AI-generated images by examining details such as sig-
natures, text processing, facial features, and the logical con-
sistency of lighting and shadows. The aesthetic experience 
strategy, which relies on participants' art training and intui-
tion, also achieved significant success. The human-like 
characteristics and material properties strategy had the low-
est success rate, indicating that while AI has made signifi-
cant progress in mimicking human artistic characteristics, it 
still faces challenges. 

 

Ⅵ. CONCLUSION 

This study aims to address three key questions: Can par-
ticipants distinguish between images created by humans 
and those created by AI? What strategies do people use to 
differentiate between human-created and AI-generated im-
ages? What is the success rate of these strategies in distin- 
guishing between human-created and AI-generated images? 
Through visual Turing tests and in-depth interviews, we ex-
plore these questions comprehensively. 

Firstly, the study results show that participants' accuracy 
in identifying AI-generated images is 61.67%, slightly 

higher than the 30% benchmark of the traditional Turing 
test, yet 38.33% of participants still fail to accurately dis-
tinguish between AI-generated and human-created images. 
This indicates that AI has achieved a level of realism in the 
field of visual arts that makes differentiation challenging, 
highlighting the blurring boundaries between human and AI 
artistic creation. Secondly, interview results reveal that par-
ticipants primarily use three strategies to distinguish be-
tween human and AI-generated images: details and logic, 
aesthetic experience, and Human-like characteristics and 
material properties. Among these strategies, the detail and 
logic strategy is the most commonly used and effective, 
with a success rate of 75.7%. The success rate of the aes-
thetic experience strategy is 73.05%, while the Human-like 
characteristics and material properties strategy shows a suc-
cess rate of 64.5%. These results reflect the advantages hu-
mans have in detailed observation, logical reasoning, and 
perception of aesthetic and material properties. Lastly, this 
study makes significant contributions in several areas: In 
the design of AI visual Turing test methods, we adopted an 
innovative double-blind experimental design to ensure the 
fairness and validity of data analysis; we proposed specific 
strategies for identifying AI-generated images, enriching 
our understanding of human cognitive processes when en-
countering AI-generated artworks; We validated the success 
rates of these strategies, providing important empirical evi-
dence for research on AI artistic creation and recognition. 
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