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ABSTRACT

We conducted an experiment to explore the effect on aesthetic judgments influenced by the
presence and awareness of the title of the abstract paintings produced by Artificial Intelligence. Fifty-
two participants (52 students from the Faculty of Fine Arts) were randomly signed into control and
experimental groups. Participants of the control group were asked to rate five abstract paintings created
by various artists, while the experimental group also rated the same paintings only differing in the names
of the author that they were made by Artificial Intelligence. Consequently, in our research, we adopted
Berlyne's psychobiological theory, which focuses on the role of arousal as one of the primary
determinants of aesthetic preference. The results suggest that the name of Al on title can function as a
novelty and surprising reference to denote performance for our visual arts perception despite the fact
that it is not created by Al. However, “complexity,” “interestingness,” and “ambiguity” variables
didn’t show any statistic significant. These findings extend past research by demonstrating that title
presentation affects the perception of abstract art by the participants.

Key words: Artificial Intelligence, Cognitive Science, Aesthetic preference, Art Appreciation,
Abstract Art.
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1. INTRODUCTION

We are currently faced with the rise of Artificial Intelligence (Al), which is the core part
of The Fourth Industrial Revolution that mostly predictable to be driven by data analysis and
Al (Schwab, 2017). This implies absolutely enormous changes in the ways of our living and
working style. However, no one can say for sure that what exactly Al will reshape and take in
the coming years. At present, we are on the verge of an automated transformation which is
going to influence both our ordinary practices and perceptions enormously. Slowly, Al-running
programs take over tasks previously performed by humans, and many tasks involving basic
repetitive motions have already been fully automated. Today we have become a time of
computing where systems of Al challenge the way we think (Pan, 2016). One of the biggest
challenges which Al faces is the creation of the artworks that could be called as an art.

Over the past few decades, machine-generated art has enhanced its methods and
expanded its toolkit to learn and rewrite algorithms capable of generating unique works of art
(Chamberlain et al., 2018), most notably in the literature and film industry (Kakoudaki, 2014).
Now we can see the new level of connection between Al and art through the advancement of
the latest technologies. The field of computational creativity is centred around, enabling the
machine to create human-level contents such as music, poems, paintings, movie or news scripts,
jokes along with creative problem-solving (Elgammal & Saleh, 2015). However, when it comes
to abstract and creative activities, people continue to be dominant. As artificial intelligence
software is gradually becoming a part of daily life, it is important to understand how creative
activities that are considered special to human beings can be appreciated when created by a
compulter.

In our research, we focused on how we perceive the value of Al-generated art in our
perception, in terms of our ability to evaluate aesthetics defining whether certain works of
Abstract Paintings were created by the artist or Al-generated art.

2. RELATED WORKS
2.1. Al-generated paintings

Different algorithms have been suggested within the computational creativity literature
to explore diverse and productive ways of discovering the creative space. If we look at the 60s,
we could see Al-generated picture by Michael Noll's (member of the research staff at Bell
Telephone Laboratories) research (Noll, 1966). Noll became interested in computer art
accidentally when his microfilm plotter went wrong and created an odd linear model. In 1964,
Michael Noll took the famous work of Mondrian (“Composition With Lines” from 1917) and
wrote a computer algorithm to generate it (Appendix 1).

Moreover, today, speed and technology progress has enabled us to create tens of Al-
generated art software. The museum in Oxford held its first solo exhibition of eight paintings
by “Ai-Da”, a humanoid robot with artificial intelligence (Stock, 2019). Nevertheless, one of
the latest researches showed that creative machines could determine not only their creativity
but also the creative results of other agents (Shamir et al., 2016).

One of the sophisticated software for painting is "The Painting Fool" (Colton, 2012;
Colton et al., 2015) which is described as a computer program that simulates a human painter's
behavioural and cognitive components that all systems are autonomous, and technology has the
ability to make decisions. One of this program’s unique features is that the machine can mimic
various artistic media and act as a device with brush, ink, sketch and canvas. Another example
is a research team in Tiibingen (Germany), which created a Convolutional Neural Network
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(CNN) capable of recreating an object in the style of famous artists such as Kandinsky and van
Gogh (Gatys et al., 2016).

Alternative Al software related to paintings was generated by Creative Adversarial
Networks (CAN) (Elgammal et al., 2017), as this is a visual style that seems familiar, but not
the same as what we know (and probably due to the neural network's coevolutionary
representations) (Hertzmann, 2018). Creative Adversarial Networks are designed to generate
images that do not match the known artistic styles; thus, according to the paper, are “
maximizing deviation from existing models and minimizing deviation from art distribution”
(Elgammal et al., 2017). They designed structures using sketches from the WikiArt database
that was in the public domain, which includes an extensive collection from the 15th to the 20th
century, using 81,449 paintings by 1119 artists. In fact, it is reasonable to assume that these
works are digital creative machines that do not require direct contact, regulator, and monitoring
while generating paintings.

One of these inquiries, however, went further and made a big buzz about Al in the
media. The first Al-generated painting was sold at the Christie's Auctions in New York on
October 25, 2018, for 432,500 US dollars -; it was expected to be sold for 10,000 USD dollars
(Cohn, 2018). Thus, the portrait was generated by the Goodfellow’s algorithm known as the
Generative Adversarial Networks (Goodfellow et al., 2014) and trained by the “Obvious Art”
group (ObviousArt, 2018). Generative Adversarial Network (GAN) is a class of machine
learning systems developed in 2014 by lan Goodfellow and his colleagues (Goodfellow et al.,
2014). The generative network produces candidates while the discriminatory network evaluates
them.

Following this media hype, we could initiate to understand how individuals judged this
Al-generated art that was sold at a specific price. In this way, discussions and researches are
still ongoing (Coeckelbergh, 2016; Steinert, 2016; Fossa, 2017; Israfilzade & Pileliené, 2018;
Hertzmann, 2018; Nunez 2019) and related to the main question “Can machine create art?”.

Regardless of the quick advances in and more wide-ranging accessibility of machine-
generated art, there is not much psychological research concerning its effect on our perception.
The current studies attempted to examine how audiences react to visual artworks created either
by humans or machines.

2.2. Art and Title

The question of what individuals like and how they judge quality in art is a part of the
wider question of how people judge valence-based objects in the absence of objective metrics
(Eisner, 2002). Visual art is always presented within a context (Mullennix & Robinet, 2018).

Economist William Grampp (1989) suggests in his iconoclastic book on art that an
esthetic object consists of a painting, an artist, and a title. Reproductions of visual art are often
accompanied by titles in print media, digital media and social networks. A famous
Shakespearean quotation from Romeo and Juliet was used by art philosopher Jerrold Levinson
(1985) to begin his paper: “What’s in a name? That which we call a rose, by any other name
Would smell as sweet.” and assumed that the flower's name was "rose". He also argued that:

“Titled artwork has a significant effect on the aesthetic face that it shows and on the
characteristics that we identify in it correctly. A painting of a rose might very well smell
differently, aesthetically speaking, by a name other than the one it has (p. 29).”

In addition, Cognitive Psychology Professor Cleeremans and his colleagues (2016)
conducted research on the effect on esthetic decisions of an artist's name by also naming their
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paper “What’s in a name? ”. 1t is argued that a name could alter the art work's ease of processing
(Gerger & Leder, 2015) or provide further insights into the nature of the artwork. As argued by
Fisher (1984):

“While titles are names, they are a good deal more than just names. They are not
necessarily descriptions, although they can contain descriptive elements. They are names for a
purpose, but not merely for the purpose of identification and designation... The unique purpose
of titling is hermeneutical: titles are names which function as guides to interpretation (p. 288).”

Regarding the link between titles and visual art objects, several researches have shown
that the presence of visual art titles influences the affection of the observer for the artwork
(Belke et al., 2010; Gerger & Leder, 2015) and perception of the artwork itself (Leder et al.,
2004; 2006; Mullennix & Robinet, 2018). Another exciting research in this domain carried out
in Croatia (Bubic¢ et al., 2016) using eye-movement analysis showed that knowledge of the title
enhanced the liking of the presented abstract paintings by the participants. On the other hand,
while short descriptive titles may increase the importance of the artworks observed, it has been
suggested that titles do not positively affect the hedonic assessment of the paintings displayed
(Russell & Milne, 1997).

Art knowledge of the person also plays a crucial role in consumption and appreciating
art. The average comprehension levels of art experts were much higher than beginners (Leder
et al., 2004; Mullennix & Robinet, 2018). It shows that intellectual value behind the titled
artworks was better understood by experts than did the novices, which is likely linked to art
knowledge.

Most of the researches carried out results using abstract paintings (Alvarez et al., 2015;
Nissel et al., 2015; Shamir et al., 2016; Bubi¢ et al., 2016; Mullennix & Robinet, 2018).
Sometimes abstract paintings may be confusing to understand at first quick look, but if done
correctly, they also have a profound appeal to them. Abstract Expressionism is an art school
defined by non-representational paintings in which sentiment is displayed by colour,
composition and brush strokes. The public also misunderstood such works as not needing any
abilities and as pictures that even a child could have produced. Abstract expressionist images
are completely non-representational, and recognizing abstract expressionism involves
awareness according to what the authors are attempting to achieve (Varnedoe, 2006). Those
who are not educated in visual art see more than they know when they look at abstract paintings
of expressionism and for this reason, Hawley-Dolan and Winner (2011) concludes the research
article with the expression “People see the mind behind the art.”

Recent studies should help to argue that abstract expressionist paintings are identifiable
from pre-school paintings for unprofessional adults (Hawley-Dolan & Winner, 2011; Alvarez
etal., 2015; Nissel et al., 2015). Observers who are unfamiliar with abstract art can differentiate
paintings by the artist from paintings by children and animals that are highly similar (Nissel et
al., 2015). Correspondingly, chimpanzee drawings were mistaken for "good" art (Hussain,
1965). Therefore, differences could be identified not only by adults without any knowledge of
art history but also by computers. One of the latest studies (Shamir et al., 2016), the researcher
tried to find out if machine perception could distinguish differences between human, child, and
animal abstract paintings. They show that the computer algorithm can discriminate between
abstract paintings and children's and animal's work in 68 per cent of cases. It should be
remembered that in most situations, machine vision is poorer than human vision.
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2.3. Development of hypotheses

Aesthetic perceptions are highly complicated phenomena to study because of a variety
of underlying causes. Thus, it is not unexpected that the study of empirical aesthetics has created
competing views as to why people show interests for particular objects over others or why they
find particular objects to be more attractive (Palmer et al., 2013; Pelowski et al. 2016).
Therefore, we adopted Berlyne's psychobiological theory (Berlyne, 1960; 1971) in our research,
which focuses on the role of arousal as one of the primary determining factors of aesthetic
preference. The psychobiological theory of Berlyne consists of variables; (a) psychophysical
variables, (b) ecological variables, and (c) collative variables, respectively. Psychophysical
variables relate to noticeable variations in the characteristics of a stimulus such as intensity or
loudness (e.g. stimulus intensity, stimulus quality), while ecological variables relate to prior
associations and interpretations such as nostalgic memory caused by a specific stimulus. At the
other hand, Berlyne (1967, 1971) was unable to make a compelling argument that ecological
variables are related to preference. Consequently, there is also less convincing evidence that
preference is linked to psychophysical variables (Martindale & Moore, 1989). Collative
variables include complexity, novelty/familiarity, change, conflict, surprisingness, uncertainty,
interestingness and ambiguity (Berlyne, 1960, 1971; Chmiel & Schubert, 2017) that he
developed the term collative variables to refer to these properties collectively.

Berlyne suggested that all three types of variables would lead to aesthetic preference,
and collative variables are considered to be the most significant indicators of exploratory
behaviour (Berlyne, 1971, 1974). Therefore, the research of Berlyne and much of his
corresponding research (Berlyne & Ogilvie, 1974; Cupchik, 1974; Lévy, 2006) was focused in
whole or part on the position of “collative variables” in aesthetic preference (Chmiel &
Schubert, 2017).

Berlyne's contribution to art psychology, called "new experimental aesthetics” (Berlyne,
1974), was an evolution of his previous concepts of curiosity and exploration (Berlyne, 1960,
1967). The concept of collative variables is an important contribution of Berlyne to the
morphological study of aesthetic stimulation. Berlyne used two types of concepts; collative
variables and an arousal system of reward to make assumptions about aesthetic responses to
art. He believed that the collative variables were expressed in the structural characteristics of
art. Such collative variables are an implicit by-product of the viewer's assessment of similarities
and distinctions between stimulus elements (e.g. complexity), and also between stimulus
elements and the viewer's prior knowledge (e.g. novelty) or perceptions (e.g. surprise)
(Cupchik, 1986). Various art products (e.g. paintings, music, movies etc.) could be represented
as differed in complexity, creativity, ambiguity, and conflict, especially when perceived as
reflecting the abstract quality of knowledge. Collative variables have therefore been chosen as
one of the primary determinants of aesthetic preference in our research to test the hypothesis.

Michael Noll's research “human or machine: a subjective comparison of Piet
Mondrian's “composition with lines’’ (1917) and a computer-generated picture” was one of the
ground-breaking and extraordinary works of his period, which was published in 1966. They
asked to rate a random computer-generated picture with Mondrian's untitled painting, and
respondents preferred the computer-generated picture more than Mondrian's work. However,
when they asked to identify Mondrian's painting, respondents selected the computer image
more frequently.

Interestingly, when art was branded as being from a prestigious gallery in recent
research (Kirk et al., 2009), individuals found the identical image more aesthetically appealing
than when it was branded as being generated by a machine.
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Furthermore, we hypothesized that:

H: Paintings with the Artificial Intelligence labelled as an author would have a
significant impact on the participants’ aesthetic preference; (a) complexity, (b) novelty, (c)
surprisingness, (d) interestingness, and (e) ambiguity.

3. METHOD

To test the hypotheses, the experimental design was chosen. All participants were
students from the Thilisi State Academy of Arts (Georgia) who were majoring from the Faculty
of Fine Arts in areas related to various visual arts. Participant randomly was signed into two
groups, experimental and control group. The average age of participants in the experimental
group (n=28) was 20.17 years (sd=1.86) and in the control group (n=24) was 20.42 years
(sd=1.89) with age range from 17 to 25. Distribution of the gender was accordingly in the
experimental group female (n)=21 and male (n)=7; the control group female (n)=19 and male
(n)=5. Consequently, participants were predominantly female in both groups.

In addition to three participant profile questions, the questionnaire consisted of 25
questions that were formulated based on the related literature and divided into five groups of
evaluation questions of abstract paintings.

All Abstract paintings have been chosen randomly from the public domain of the
Wikimedia Commons, and none of the copyrights has been breached since only certain
paintings that were approved under the license Creative Commons (CC BY-SA 4.0) have been
selected (Table 1), and in the appendix (Appendix 2), we present all the links of the original
works.

Table 1. List of abstract paintings

1. "Houses of the Holy VI" Painting by
Stella Michaels;

2. "1 Think of the Open Sea" Painting by
Jon Schueler Estate;

3."Creating Mischief" Painting by Todd
Williamson;

4. Painting by Henny van Setten;

5. "Red Sea IV" Painting by Stella
Michaels.
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The questions were based on the theory of Berlyne's (1960; 1971) collative variables
(Table 2). Participant in the experimental group received a false title that authors of all five
paintings were Atrtificial Intelligence (e.g. "Houses of the Holy VI" Painting by Artificial
Intelligence). Control group provided original painting details by the actual authors’ names with
titles (e.g. "Houses of the Holy VI" Painting by Stella Michaels). Each digitized colour abstract
paintings were accompanied by the title. The seven-point Likert scale question was chosen to
gather more comprehensive responses. Seven-point Likert scales are sufficiently sensitive to
obtain a more accurate assessment of respondents and are more suitable for the distribution of
physical paper survey (Finstad, 2010).

Each of the questions was answered on a seven-point Likert scale from Strongly Agree
to Strongly disagree (Strongly Agree, Agree, Somehow Agree, Neutral, Somehow Disagree,
Disagree, and Strongly Disagree) or rating scale. Participants completed a paper and pencil
version of the survey questionnaire evaluating the paintings’ aesthetics. For data analysis and
testing hypotheses, the SPSS statistical program was chosen. None of the participants showed
familiarity with viewed abstract paintings.

3.1. Experiment

For the questionnaire, measurement scales are developed from Berlyne's (1960; 1971)
research on the respectively collative variables; complexity, novelty, surprisingness,
interestingness, and ambiguity. The second table shows the measure used to assess each
collative variable in order to determine how Artificial Intelligence labelled would have a
significant impact on the participants’ aesthetic preference.

Table 2. Constructs, scale items and source

Construct Item coding Measurement Adapted from 149
(a) complexity* Q_COM Rate the complexity of the painting Berlyne (1971
(b) novelty* Q_NOoVv Rate the novelty of the painting
(c) surprisingness* Q_SUP | find the painting surprising
(d) interestingness* | Q_INT | find the painting interesting
(e) ambiguity™* Q_AMB Rate the ambiguity of the painting

Notes: *seven-point Likert scale

First questions of each digitized colour abstract paintings designed to evaluate how
complex is painting in the aesthetic preference. The novelty rate of the painting is the second
question in the list, which followed by the next question about how the abstract painting
surprises participants. Therefore, participants would follow the next question by referring to
how they are interested in abstract painting. The final question purpose was to collect data for
the ambiguity rate of the painting.

It was also decided to test accuracy for the validity of the collected data. It was tested
by calculating the alpha of Cronbach and result was (a=0.79) higher than the standard 0.65
indexes (Steenkamp & Geyskens, 2006). There was a positive correlation between the sections
of each measure.



Table 3. Normality and multicollinearity tests.

Item Skewness Kurtosis VIF
Q _CoM -0.19 -0.25 1.23
Q_Nov -1.21 0.83 1.77
Q _SUP -0.18 -0.88 2.21
Q_INT 0.34 -0.85 1.58
Q_AMB 0.69 0.66 2.11

Note: VIF = Variance inflation factor

However, as shown in the table 3, we checked for distribution normality and the absence
of multicollinearity concerns. The objects in each parameter pose skewness and kurtosis values
of £2, which have been assumed appropriate distribution normality indicators (Garson, 2012).
Also, according to Hair et al. (1998), the variance inflation factor was below the recognised
limit of 10 for each element (Table 2).

4. RESULTS

We first performed a comparison of the means between groups. As predicted, in
response to complexity, interestingness and ambiguity questions, means of the control group is
slightly higher (Fig. 1). However, ratings of novelty (x=4.31) and surprisingness (¥=3.92) were
significantly higher for works by Al than for works by the artist.

Figure 1. Descriptive statistics of the Experimental and Control Group
(by comparison of the means)

Control Group  EExperimental group

4.28

B —— T

1348

interestingness
= i R Y e e v R T

S S ) e S e — 302

novelty

L 3.81
SIS R -

It was chosen to use ANOVA (analysis of variance) method to consider all the different
conditions, to evaluate the impact on each dependent variable: complexity, novelty,
surprisingness, interestingness, and ambiguity as you can see in Table 4.

To test H(a) complexity, which proposes that paintings with the Artificial Intelligence
labelled as an author have a significant impact on the participants’ aesthetic preference
regarding the complexity rate of the abstract painting. According to the result of the analyses
of between-group shows not significant statistic results, (F (1, 50) = 0.59, p>0.45).

150



However, ANOVA analysis of the second hypothesis H(b) indicates that there is a
significant impact (F (1, 50) = 6.16, p<0.02) on the participants’ aesthetic preference regarding
the novelty rate of the abstract painting. We carried out that participant in the experimental
group found paintings more novel (x=4.31, sd=0.55) than the control group (¥=3.80, sd=0.91).
A further ANOVA analysis was performed to test H(c) surprisingness, and the results indicate
that paintings labelled with Artificial Intelligence as an author were more surprising than
original authors labelled as an artist. Consequently, H(c) is supported by (F (1, 50) = 5.46,
p<0.03) and experimental group mean result is 3.92 (sd=0.89) while it is 3.36 (sd=0.86) in the
control group (Fig. 1.)

Table 4. Results of the hypotheses testing

ANOVA
Hypotheses Results
F (1, 50) p-value

H(a) complexity 0.59 0.45 Not Supported
H(b) novelty 6.16 0.02 Supported
H(c) surprisingness 5.46 0.03 Supported
H(d) interestingness 0.20 0.66 Not Supported
H(e) ambiguity 0.81 0.37 Not Supported

Contrary to our expectations regarding H(d) interestingness, we observe that there is no
significant impact (F (1, 50) = 0.20, p>0.66) on the participants’ aesthetic preference while
painting labelled Artificial Intelligence as an author in the title.

In terms of H(e) ambiguity, there are no statistical differences between experimental
and control group that data do not support the last hypothesis (F (1, 50) = 0.81, p>0.37).

5. CONCLUSION AND FUTURE WORK

We experimented with examining the effect on aesthetic judgments affected by the
presence and awareness of the title of abstract paintings produced by Artificial Intelligence. We
concentrated on how we view the quality of Al-generated art in our perception in terms of our
ability to evaluate aesthetics, whether particular works of Abstract Painting have been created
by artists or by Artificial Intelligence. Therefore, in our study, we followed Berlyne's
psychobiological theory, which focuses on the role of arousal (complexity, novelty,
surprisingness, interestingness, and ambiguity) as one of the primary factors of aesthetic
preference.

The results of the study suggest that Artificial Intelligence as a title can have an impact
on aesthetic judgments. Consequently, participants found abstract paintings more novel and
surprising when Atrtificial Intelligence accompanied the title.

However, when participants were asked to evaluate the complexity, interestingness and
ambiguity arousals of the paintings, the results did not show any statistic significant between
the control and experimental group. Therefore, we assume that when “Artificial Intelligence”
accompanied the title does not have any impact on our aesthetic preference regarding the
complexity, interestingness and ambiguity.

Lastly, such results extend past studies by showing that the interpretation of the title
influences the perception of the art by the participants.
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We could conclude that in terms of novelty and surprisingness arousals, the value of Al-
generated art in our perception shows significant differences from the same human-made art.
Mostly, individuals find Al-generated art more surprising and newer, which could also impact
their aesthetic preferences and judgment.

5.1. Limitations and future works

Regardless of the research's novelty, it has limitations that might be the motivation for
future research. One of the main limitations was the number of participants and gender
disbalance, which should be taken into account for more accurate results for future research. To
take part in the experiment, it was not possible to reach more participants due to various course
schedules at the university. Besides the quantity of the participants, participants’ cultural and
knowledge factors also could affect decision making while assessing the paintings.

Although in the field of psychology and arts the psychobiological model of Berlyn was
beneficial, it also gave rise to criticisms, primarily because the connection between the
collective variables and the hedonic value cannot always be implemented (Silvia, 2005;
Jacobsen, 2006). Although, the collative model of Berlyne is not the only important theory of
emotional responses to art. The most significant alternative of the collative theory is currently
the model of prototypic aesthetic preferences (Martindale et al., 1990).

It will be exciting and relevant to replicate the research with various samples and
painting styles, to find out whether there are obviously many differences that affect our aesthetic
preferences and judgment.
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APPENDIX
Appendix 1. Computer-generated picture research by A. MICHAEL NOLL’ (1966)
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Left picture - “Computer Composition With Lines” (1964) by the author in association
with an IBM 7094 digital computer and a General, Dynamics SC-4020 microfilm plotter. (OA.

Michael Noll 1965).

Right picture - “Composition With Lines” (1917) by Piet Mondrian. (Reproduced with
permission of Rijkmuseum Kroller-M idler, Otterlo, The Netherlands, © Rijkmuseum Kroller-

Miiller.)

Appendix 2. List of abstract paintings used in the experiments:

Painting 1. "Houses of the Holy VI" Painting by STELLA MICHAELS / Wikimedia

Commons/ (CC BY-SA 4.0)

Link:
https://commons.wikimedia.org/wiki/File:%22Houses_of the Holy VI%22 Painting_by_Stel
la_Michaels.jpg

Painting 2. " | Think of the Open Sea" Painting by JON SCHUELER Estate/ Wikimedia

Commons/ (CC BY-SA 4.0)
Link:

https://commons.wikimedia.org/wiki/File:SchuelerEstate-
|_think_of the_Open_Sea.jpg
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Painting 3. "Creating Mischief" Painting by TODD WILLIAMSON/ Wikimedia
Commons/ (CC BY-SA 4.0)

Link:
https://commons.wikimedia.org/wiki/File:Todd_WILLIAMSON,_Creating_Mischief (60x60in
),_Oil_on_canvas_(2016).jpg

Painting 4. Painting by HENNY VAN SETTEN/Wikimedia Commons/ (CC BY-
SA 4.0)

Link: https://commons.wikimedia.org/wiki/File:HvanSetten_C12.jpg

Painting 5. "Red Sea IV" Painting by STELLA MICHAELS/ Wikimedia Commons/
(CCBY-SA 4.0)

Link:
https://commons.wikimedia.org/wiki/File:%22Red_Sea V%22 _Painting_by Stella_Michael
s.jpg
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