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Statistical Image Properties in Large
Subsets of Traditional Art, Bad Art,
and Abstract Art

Christoph Redies * and Anselm Brachmann

Experimental Aesthetics Group, Institute of Anatomy I, Jenariversity Hospital, University of Jena School of Medicingena,
Germany

Several statistical image properties have been associatedith large subsets of traditional
visual artworks. Here, we investigate some of these propeds in three categories of
art that differ in artistic claim and prestige: (1) Traditial art of different cultural origin
from established museums and art collections (oil paintirsgand graphic art of Western
provenance, Islamic book illustration and Chinese paintgs), (2) Bad Art from two
museums that collect contemporary artworks of lesser impdance © Museum Of Bad
Art [MOBA], Somerville, and Of cial Bad Art Museum of Art [OBMA], Seattle), and (3)
twentieth century abstract art of Western provenance fromwo prestigious museums
(Tate Gallery and Kunstsammlung Nordrhein-Westfalen). Wimeasured the following
four statistical image properties: the fractal dimensiora(measure relating to subjective
complexity); self-similarity (a measure of how much the séions of an image resemble the
image as a whole), 1st-order entropy of edge orientations (emeasure of how uniformly
different orientations are represented in an image); and 2Rorder entropy of edge
orientations (a measure of how independent edge orientatits are across an image).
As shown previously, traditional artworks of different stgs share similar values for these
measures. The values foBad Art and twentieth century abstract art show a considerable
overlap with those of traditional art, but we also identi ednumerous examples ofBad
Art and abstract art that deviate from traditional art. By measting statistical image
properties, we quantify such differences in image composibn for the rst time.

Keywords: experimental aesthetics, statistical image prope
orientations

rties, self-similarity, fractal dimension, entropy of edge

INTRODUCTION

In experimental aesthetics, the search forimage featuegstaracterize visual artworks has a long
tradition. Already at the inception of this eld of researchs founder, Gustav Theodor Fechner
(1801-1887), pursued the idea that the golden section playdeainr the aesthetic perception
of visual stimuli Fechner, 1876 Many art critics, philosophers and artists have since posdlat
that there are universal features in visual artworks thakenthem beautiful and thus contribute
to aesthetic experienc&éndinsky, 1912; Malevich, 1927; Greenberg, 1955; Don2idty. For
example, Clive Bell (1881-1964) claimed that artworks possésgni cant form,” which can
be universally recognized by humans and persists over timesgective of cultural context and
depicted contenttell, 191%.

Frontiers in Neuroscience | www.frontiersin.org 1

October 2017 | Volume 11 | Article 593


https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://doi.org/10.3389/fnins.2017.00593
http://crossmark.crossref.org/dialog/?doi=10.3389/fnins.2017.00593&domain=pdf&date_stamp=2017-10-25
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroscience#articles
https://creativecommons.org/licenses/by/4.0/
mailto:christoph.redies@med.uni-jena.de
https://doi.org/10.3389/fnins.2017.00593
https://www.frontiersin.org/articles/10.3389/fnins.2017.00593/full
http://loop.frontiersin.org/people/29241/overview
http://loop.frontiersin.org/people/429911/overview

Redies and Brachmann Statistical Image Properties of Artworks

Diametrically opposed to this view, more recent accountsuminance gradients in a painting are relatively evenly sgrea
of aesthetic experience postulate that artworks are de ned bgcross the full spectrum of orientation&édies et al., 20),7
contextual factors, such as the historical and social oistances con rming results obtained earlier with another method¢ch
of their creation, the intentions of the artist and the modé o etal., 201p
presentation Goodman, 1968; Dickie, 1974; Danto, 1981; Bullot (4) 2nd-order entropy of edge orientations. By pairwise
and Reber, 2013; Zeki, 201 this view, which has dominated comparison of edge pairs across larger distances in an image,
most of the last century, the status of an object as an artwsrk we found that the orientations of distant edges tend to be
determined by its ever-changing cultural context and fumein  independent from each other in traditional artworks. Artvksr
society. share this property with many natural growth patterns but not

The search for image properties that characterize visualith several categories of photographs of man-made scenes and
artworks has gained new momentum during the last decade, inbjects Redies et al., 20).7
parallel to technological advances in computer vision andgena  Image properties have been investigated in images of artworks
analysis Graham and Redies, 2010; Galanter, 20Mbreover, that represented di erent styles of traditional, various istit
the focus of vision research has shifted from local imagéchniques and diverse cultural provenancéaylor, 2002;
features, such as luminance contrast or edge orientatiolms, Graham and Field, 2007, 2008; Redies et al., 2007, 2017; Taylor
more global image features and their neural underpinningbén et al., 2011; Braun et al., 2013; Melmer et al., 2013; Mather,
human visual system. Examples are long-distance interatio 2014; Brachmann et al., 2017; Hayn-Leichsenring et al7)21
beyond the receptive eld or the sparse (e cient) coding of remained unclear, however, how universal these properties ar
visual input (/inje and Gallant, 2002; Simoncelli, 2003n  across art styles and periods of visual art. We approached the
contrast to local features, global processing can be relatethove question by studying two special types of artworks, hame
in a more straightforward way to the perception of visualBad Artand abstract art.
beauty in artworks Redies, 2015; Renoult et al., 2p1®We Bad Artis used as an acronym for a set of artworks from
de ne visual beauty as a sensual property of artworks (notwo museums that have specialized in collecting artworks of
of the objects or persons depicted in the artwork&xdies, lesser importance and, presumably, also of dierent artistic
2015. Formalist aesthetic models claim that visual beautyuality (244 artworks from the Museum Of Bad Art © [MOBA]
results from a particular spatial arrangement of the pictorialand 44 artworks from the O cial Bad Art Museum of Art
elements in artworks (see above). This arrangement mg@BAMA]). According to its webpagésthe MOBA, founded in
relate to what vision scientists have called “good Gestalt” 1993 in Boston, MA, is “dedicated to the collection, preseovat
“visual rightness” of artworksArnheim, 1954; Locher et al., exhibition and celebration of bad art in all its forms. [..The
1999. pieces in the MOBA collection range from the work of talented

A number of global statistical image properties have beeartists that have gone awry to works of exuberant, although
studied in artworks. The following properties, which we fooms  crude, execution by artists barely in control of the brushtie
in the present work, may serve to illustrate this point. Measuremotto of the museum is: “Art too bad to be ignored.” Images
for these properties are described in more detail in the Methoddom the MOBA have already been used before in psychological
section. studies Yartanian et al., 2005; Nordgren and Dijksterhuis, 2008;

(1) Complexity-related properties. Several statistical enagBhargave and Montgomery, 2013; Dyck and Johnson,20he
properties relate to the perceived complexity of images, foDBAMA, founded in 2008 by Marlow Harris and Jo David at Café
example, the fractal dimension, the slope of the log-log Fasuri Racer in Seattle, WA, is less explicit about the type of art they
spectral plots, the GIF compression rate, edge density, and tleellecg, although their artworks seem to be of a type similar to
strength of luminance gradients. Berlyne found that humanghe MOBA artworks.
prefer visual patterns with an intermediate degree of compjexit In the present study, we refer to the images from the two
(Berlyne, 197¢ This nding has been conrmed by other museums asBad Art images to allude to their origin in the
researchersHorsythe et al., 2011; Taylor et al., 2pdlso for two museums. By doing so, we do not intend to insinuate any
paintings of Western provenanc8i@aun et al., 203 However, judgmentwith regard to the artistic quality of individualtarorks
recent studies revealed a considerable inter-individaahbility  in the collections. Nevertheless, on average, we spectiate t
in the preference for complexity(es et al., 2016; Gucluturk et al., if artworks are characterized by speci c image propertiesnthe
20149. artworks that di er in artistic quality or aesthetic claim dier

(2) Self-similarity. An image can be considered self-g@imil also in some of the image properties. A major obstacle for
if its parts have a structure similar to the image as a wholeomparing artworks of di erent artistic quality is the lack of
(Amirshahi et al., 2012 Typically, paintings of Western an accepted and uniform de nition of this term. Indeed, such
provenance show an intermediate to high degree of selfa de nition seems unreachable in practice because aesthetic
similarity. However, self-similarity is not as high in advks in  experience depends not only on formal statistical properties of
general as in some natural growth patterizdgun et al., 2013; an artwork, but also on the content displayed in the artworks,
Brachmann et al., 20).7 their cultural context and the cognitive state of the obserisee

(3) 1st-order entropy of edge orientations. In a large set
of artworks from dierent cultural backgrounds (Western, ihtp:/mww.museumotbadart.org, accessed on February 10, 2017
Islamic and Chinese), we recently found that the orientagi@f  2http://o cialbadartmuseumofart.com, accessed on February 10, 2017
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above). Despite this obstacle, it seems generally accepted tRAETHODS

some artworks are more important or outstanding than others

also with respect to their artistic quality. Although thereayn Image Datasets_ .

be notable exceptions, the general public would probably agréi€ used four previously published and two novel datasets
f images in our analysis. For an overview of the datasets,

that, on average, artworks on display in prestigious museum§I . > d ¢ I .
tend to have a higher aesthetic value than unknown artwork_l_aetllre ](?rlgms, and a reference to exemplary images, see

by laypersons, who lack artistic talent, training and experti he following f h lish iouslv:
We speculate that such dierences in artistic quality may be The following four dataset have been published previously:

associated, in a subset of worksBHd Art with a lower level () The Jenaesthetics datasetn(irshahi et al., 2015; Hayn-

of visual beauty, which might show up in some of the stattic -€ichsenring et al., 20) €ontains 1,629 high-quality images of

image propertiesedies, 2015 oil paintings of Western provenance that were made availaple b
Abstract art from the twentieth century was chosen as afi't museums onthe Wikimedia Commons webpages (Google Art

example of (post)modern and contemporary art of Westerrfroject; set no. 1 iﬁ_’able 1. The dataset comprises traditional
provenance. In this genre, some artists have deliberatelyeha works fr_om_ art periods that extend from the Renaissance to
from traditional art styles by abandoning the concept of wisu EXPréssionism, but no (post-)modern or contemporary art. The
beauty as a criterion for artistic qualiydckie, 1974; Danto, paintings depict various subject matters (for example, urban
1987. However, not all (post-)modern artists have disposed ofC€Nes, landscapes, seascapes, architecture, portraitiyestill
visual beauty in their creationsRedies, 20794 We therefore and nudes). (i) A similarly diverse dataset of 185 graphic
speculated that, on the one hand, there is a large overlap @tworks (monochrome works on paper; set no. 2). This dataset
image properties between abstract art and traditional afesty corresponds to a previously published dataset of 200 graphic
but that, on the other hand, a substantial subset of twehtiet@rtworks of Western provenanceR¢dies et al., 2007 but

century abstract art deviates from traditional art gennestie ~ Without the 15 examples of (post-)modern and contemporary
image properties. art that were contained in the original dataset. To extend ou

In summary, we compare traditional artworks from study to traditional artworks from other cultural backgrods,
prestigious museums and art collections (1) to artworks® dataset of (iii) 238 images of Islamic book illustrations
that are considered of a di erent (or possibly lower) aesthetidset no. 3) and (iv) a dataset of 215 images of traditional
quality on averageBad Arf), and (2) to twentieth century Chinese color paintings (set no. 4), both from di erent cerias,
abstract works of Western provenance, which includes woyks bvere downloaded from the Wikimedia Commons webpages
artists who did not intend to endow their creations with vidu and included in the analysisRedies et al., 20).7Note that
beauty. Previous studies have succeeded in classifyitigareal  the four datasets of traditional artworks represent a large
art styles (e.g., Renaissance, Realism or Impressionism) aviriety of artistic techniques (oil paintings, prints, drags,
artists based on image properties (for examléinsel et al., watercolors etc.).

2005; Siddiquie et al., 2009; Wallraven et al., 2009; Tamh,et a The Bad Art dataset (set no. 5) contained 244 digitized
2016. To our knowledge, this study is rst to apply objective reproductions from the MOBA collection, kindly provided by
statistical image properties to compare artworks of di erentits curator, Mr. Michael Frank. In addition, we downloaded
artistic claim and intentions. 44 images of artworks from the o cial web collection of the

TABLE 1 | Datasets of images used in the present study.

No. Dataset n References/source Example images
1 Western oil paintings (sixteenth to nineteenth century 1,629 (Amirshahi et al., 2015 Figures 5A,B,FJ,K
Western art; Jenaesthetics dataset)
2 Western graphic art 185 (Redies et al., 2007 Figures 5C,G,L
3 Islamic book illustrations 238 Set no. 16 from Redies et al. (2017) Figures 5D,H,M
4 Chinese color paintings 215 Set no. 17 from Redies et al. (2017) Figures 5E,I,N
5 Bad Art 288 Museum Of Bad Art© (MOBA), Of cial Bad Art Museum of Figure 6
Art (OBAMA)
6 Twentieth century abstract art of Western provenance 474 Tate Gallery (online collection)
(Tate)
7 Twentieth century abstract art of Western provenance 98 Kunstsammlung Nordrhein-Westfalen (54 images Figure 7
(NRW) downloaded from the online collection and 44 photographs;
Redies and Gross, 2013
8 Traditional art 740 185 images randomly selected from each of the datasets
no. 1-4

No., dataset number; n, number of images in the dataset.
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OBAMA?Z. Only high-resolution images that did not show First-Order and 2nd-Order Entropy of Edge

obvious artifacts (blurring, JPEG artifacts, re ectionts,. pwere  Orientations

included in the analysis. If present, frames around the irsageThe spatial distribution of the edge orientations acrossheac
were removed. image was studied by determining the Shannon entropy of 1st-

From the website of the Tate Galléry474 images of order and 2nd-order edge orientation histograms (for a deth

twentieth century abstract art of Western provenance weréescription, se®edies et al., 20).7After scaling down the high-
downloaded between October 22 and November 13, 2016 (sefsolution input images to a maximum size of 120,000 pixels,
no. 6). Images of similar abstract art were also obtainedhfro colorimages were converted to grayscale using an algoritiatn t
the Kunstsammlung Nordrhein-Westfalen (set no. 7). Fifty-weights color channels according to their perceived lumityosi
four images were downloaded from the collection's weBsite(ITU-R-601-2 luma transform). Then, edges were extracted by
between November 6 and December 21, 2016, and another 4#plying a bank of 24 oriented Gabor lters, which covered one
images were photographed by one of the authors previouslyll rotation when combined. Because computational linitas
(Redies and Gross, 201%e used only high-resolution images ruled out the comparison of all edges with all other edges in an
and restricted the number of artworks by individual artists  image, only the 10,000 highest edge responses were anabyzed f
avoid overrepresentation of particular types of abstract Art. each image.

preliminary analysis showed that the datasets of abstract ar As a measure of how uniformly the edge orientations were
images from the two museums did not di er in the statistical distributed across the full spectrum of orientations, weuklted
values calculated in the present study. We therefore metged tthe Shannon entropy of the histograms that summed up the
images of abstract art into a single dataset of 572 images fetrength of all edge orientations across the entire image¢rder
further analysis. entropyof edge orientations).

As a measure of how independent edge orientations are
across an image, we calculated twed-order entropyf edge
orientations. The orientation of each edge was related pséw

%o the orientation of all other edgessgisler et al., 2001; Redies
et al., 201). Close-by edge pairs (distance less than 20 pixels)
were excluded from the analysis to avoid local regularisesh
as collinearity Geisler et al., 2001; Sigman et al., 2001; Redies
et al., 201h Histograms of the orientation di erences were then
Fractal Dimension obtained for all distances between the edge pairs in an image.
In the present work, the fractal dimension was determinechwit Second-order Shannon entropy in these histograms is maximal

the box-counting method Taylor et al., 1999after applying a if all orientation di erences occurred at equal strength inet
canny-edge lter to each image to obtain binary (edge) insage histograms. In this case, the orientation of a given edges ot

In 2d space, curves or patterns have a fractal dimension batwegjlow predicting the orientation of other edges in the imaige,

1 (low complexity) and 2 (high complexity). For a detailededge orientations are independent of each other across agema
description of the method, séeedies et al. (2015)

Image Analysis

We determined four statistical image properties by followin
previously published proceduresifirshahi et al., 2012; Braun
et al., 2013; Redies et al., 2N1Briey, the properties were
calculated as follows:

Statistical Analysis
Self-Similarity of Gradient Orientations Non-parametric tests were used throughout the analysis tserau
Self-similarity was calculated with a method that was detiv the values for most measures were not normally distributed.
from the Pyramid Histogram of Oriented Gradients (PHOG) Means for di erent image categories were compared by a one-
(Bosch et al., 2007as described beforé(irshahi et al., 2012  way ANOVA (Kruskal-Wallis test, followed by Dunn's post-fest
In brief, each color image was transformed into the Lab coloA level ofp < 0.05 was considered signi cant. E ect sizég)
space and reduced by isotropic scaling and bicubic interpiati of di erences between pairs of image categories were catwlilat
to a size of 100,000 pixels. We then generated histograms loy the Wilcoxon rank-sum test. In the box plots, the whiskers
oriented luminance gradients (HOG featuréalal and Triggs, bracket 5-95% of the data.
2005 for each image at consecutive levels of an image pyramid up
to level 3 of the pyramid. A measure of self-similarity waswest RESULTS
from a comparison of the histograms at di erent levels of the
pyramid with the ground level histogram. Self-similarity igher ~We measured four global statistical image properties (see
(closer to 1) if the histograms at di erent levels of the pyrami Introduction) in artworks and compared traditional art of din
are more similar to the histogram at the ground level. A vadfie artistic claim to artworks of lesser importandggd Arf), and to
0 indicates minimal self-similarity. A detailed descriptiof the  abstract art Table 1).
method can be found in the Appendix ®raun et al. (2013)
Differences in Image Properties

- Figure 1 shows box plots for the four image properties for all
ihttp:/lo cialbadartmuseumofart.com. datasets of artworks. Mean values and standard deviatioms ar
http://www.tate.org.uk/search?q=abstract$+$art&type=arkw ’ ’ ’ N )
Shttp://www.kunstsammlung.de/entdecken/sammlung/emuseum-sammiung listed in Table 2 We observed signi cant di erences between
html the six image categories (Kruskal-Wallis test) for the tihc
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FIGURE 1 | Box plots of the fractal dimension(A), self-similarity(B), 1st-order edge entropy (C) and 2nd-order edge entropy (D) for the different image categories
analyzed. The effect sizes and signi cance levels of the difences between the median values are listed iflables 2, 3.

TABLE 2 | Meanvalues S.D. for the statistical properties of all datasets of art images, number of images.

Image dataset No. in Table 1 Fractal dimension Self-similarity 1 st-order entropy 2nd-order entropy
Western oil paintings it D 1,629) 1 156 0.13 0.72 0.09 4380 0.214 4.474 0.100
Western graphic art o D 185) 2 1.69 0.11 0.76 0.10 4391 0.189 4.489 0.079
Islamic book illustrationsif D 238) 3 158 0.10 0.79 0.06 4.416 0.180 4.506 0.085
Chinese color paintings it D 215) 4 163 0.15 0.71 0.09 4.437 0.122 4519 0.055
Bad Art (n D 288) 5 1.47 0.15 0.65 0.13 4371 0.234 4.408 0.177
Twentieth century abstract art ( D 572) 6C7 145 0.22 0.65 0.13 3.945 0.722 4.093 0.672

TABLE 3 | Effect size (2) and signi cance levels (Wilcoxon rank-sum test) for diffences between the categories of artworks in the fractal dimesion (upper right side of
table) and self-similarity (lower left side).

Category of artworks Western oil Western Islamic book Chinese color Bad Art Twentieth century
paintings graphic art illustrations paintings abstract art
Western oil paintings _ 0.084%**x* n.s. 0.028*+** 0.043*+** 0.055%**+*
Western graphic art 0.023%*** _ 0.254*+** 0.037*** 0.404** 0.244%%*
Islamic book illustrations 0.081x+** 0.014* _ 0.058**** 048**+** 0.086*+**
Chinese color paintings n.s. 0.082%*** 0.210%*** _ 0.223* 0.146%+**
Bad Art 0.078**** 0.292%*** 0.494**x 0.118%+** _ n.s.
Twentieth century abstract art 0.052%*** 0.142%+** 0.273** 0.040%*** n.s. _

Signi cance levels*p < 0.05, ***p < 0.001, **p < 0.0001 (Kruskal-Wallis test with Dunn's post-test).

dimension @ D 423,df D 5, p < 0.0001), self-similarity{ D  between the traditional art styles (Kruskal-Wallis td¢$tD 195,

471,df D 5,p < 0.0001), 1st-order entropyH(D 278,df D 5, df D 3,p < 0.0001). The highest median value is observed for

p < 0.0001) and 2nd-order entropy of edge orientatioRs[@  graphic art.Bad Art does not di er from abstract art in this

544 df D 5,p< 0.0001). E ectsize$ & Wilcoxon rank-sumtest) measure.

for the di erences between the individual image categoeste Self-similarity Figure 1Band Table 3 is also lower foiBad

fractal dimension and self-similarity are listedTable 3 and for ~ Art and abstract art than for the traditional art categorieseTh

1st-order and 2nd-order edge entropy Trable 4.In Figures2  traditional art styles di er from each otheH{ D 186,df D 3,p<

3, the values for 185 randomly selected images from eachatata®.0001), except for Western oil paintings and Chinese paisting

are plotted in 2d scatter diagrams. Self-similarity values are highest for the graphic artworkd ghe
The median values of the fractal dimensidridure 1A and  Islamic artworks.

Table 3 for Bad Art and abstract art are lower than for all  For 1st-order and 2nd-order entropy of edge orientations

of the four traditional art styles. Di erences are observdsba (Figures 1C,Dand Table 4, values of abstract art are widely
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TABLE 4 | Effect size (2) and signi cance levels (Wilcoxon rank-sum test) for diffences between the categories of artworks in 1st-order entrpy (upper right side of

table) and 2nd-order en

tropy (lower left side).

Category of artworks Western oil Western Islamic book Chinese color Bad Art Twentieth century
paintings graphic art illustrations paintings abstract art
Western oil paintings _ n.s. 0.009**** 0.007*** n.s. 0.096**
Western graphic art 0.004** _ 0.018** 0.016* n.s. 0.097*+*+*
Islamic book illustrations 0.048%**+** 0.073%+** _ n.s. 0.024* 0.153%***
Chinese color paintings 0.059%*** 0.099%*** n.s. _ 0.022%* 0.157%***
Bad Art 0.034*+** 0.116%+** 0.250%*** 0.300%+** _ 0.104%**
Twentieth century abstract art 0.118**** 0.147**** 0.252%** 0.274%*** 0.044** _
Signi cance levels*p < 0.05, **p < 0.01, ***p < 0.001, **p < 0.0001 (Kruskal-Wallis test with Dunn's post-test).
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FIGURE 2 | (A—F)Scatter plots of fractal dimension and self-similarity fathe different image categories analyzed. Each dot represés one of the 185 images that
were randomly selected from each category(G) Overlay of results for traditional art (Western oil paingis, Western graphic art, Islamic art, and Chinese art) and
(H) for Western oil paintings,Bad Art and abstract art. The color coding is indicated to the righthand side of (F).
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scattered, ranging from very low to near maximal values. Mean The scatter diagrams visualize these ndings in more detail
values of 1st-order edge entropy fBad Art are slightly lower For traditional artworks, data for the fractal dimensioncaself-
than those for the Islamic and Chinese art but similar tosimilarity are concentrated toward the upper right corner gt
the mean values for the oil paintings and graphic artworksplots (Figures 2A-D); values are high for both measures and the
Mean values of 2nd-order edge entropy are higherBad Art  data points overlap extensiveligure 2G). Bad Artand abstract
than for abstract art but lower than the mean values for allrt (Figures 2E,F H also overlap with traditional art, but a larger
categories of traditional art. Some of the traditional aategories proportion of data points scatters toward the lower left cornér
also di er from each other (1st-order entropyy D 28,df D  the plots, i.e., they show lower values for both measures.

3, p < 0.0001; 2nd-order entropyti D 182,df D 3, p < Similar observations can be made for the scatter plots of 1st-
order and 2nd-order edge entrop¥igure 3). Close to maximal

0.0001).
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FIGURE 3 | (A—F)Scatter plots of 1st-order entropy and 2nd-order entropy ofedge orientations for the different image categories anatgd. Each dot represents one
of the 185 images that were randomly selected from each categry. (G) Overlay of results for traditional art (Western oil paings, Western graphic art, Islamic art, and
Chinese art).(H) Overlay of results for Western oil painting€Bad Art and abstract art. Note that(G,H) are higher magni cations of the upper right corners of the plts
shown in (A—F). The color-coding is indicated to the right-hand side of F).
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entropy values are found for all four categories of tradiibn box plotinFigure 4). On average, distances are largerBad Art
art (Figures 3A-D,Q. For 1st-order edge entropy, the dataand, in particular, for the abstract artworks than the distesof
points of Bad Art (Figures 3E,H overlap with the traditional images in the traditional artwork dataset to itself. Mean dists
art categories, especially with Western oil paintings angigi@ for all possible pairwise comparisons between the six original
art. For 2nd-order edge entropy, there is also a considerablatasets are summarizedTable 5
overlap, but a larger proportion ddad Art data points are low As a measure of the dispersion of the distances, we calculated
compared to the other art styleEigures 3E,H. For abstract art the median absolute deviation of each distance to the median
(Figures 3F,H, we again observe some overlap, but even mordistance of the reference dataset for each comparison. Results
data points are found at lower values for both 1st-order epyro Table 5con rm that the deviations are larger for the comparisons
and 2nd-order entropyKigures 3F,H.

In conclusion, there is a considerable overlap betweenxall si
art categories. HoweveBad Art and, even more so, abstract iR
art di er in the measured average image properties from most
of the traditional art styles. Moreover, the dataset of adudtr
artworks contains images that scatter widely in their valfmr
1st-order entropy and 2nd-order entropy of edge orientations
(Figures 1C,D see als&.D.values inTable 2.
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Mahalanobis Distance

To quantify the overall di erences between the artworks of th
di erent categories, we calculated their Mahalanobis dises to
reference datasets in the 4d space that is spanned by the image
properties studied in the present experiment. Speci cally, w
calculate the distances of each image in a given categohgeto {
median of one of the other categories (here calledrdgference
datase} by a pairwise comparison between image categories.
Note that we can calculate the Mahalanobis distance, as|a
baseline, also between images of one category and the medjan
of that same category. Because the values for none of theeimag
categories passed the D'Agostino and Person omnibus nogmalit
test, we calculated median values and median absolutetibega
(M.A.D.9 for the Mahalanobis distance$gble 5.

Figure 4shows box plots of the results. For the left-hand part
of the gure, the reference dataset are the Western oil pagti
Distances of all four traditional art datasets to the Weasteil FIGURE 4 | Box plots of the Mahalanobis distances. Thdeft-hand side shows
paintings are shown. Western graphic art has distances |argepis_tahces of thg individual traditional artworks (1629 inges of We_stern oil
than the median distance of ol paintings to themselves, whsr palnt|ngs, 185 images of Western graphlc art, 238 }magehf. of |8mI.C art, 215

images of Chinese art) to the median value of all oil paintisgThe right-hand
the distances of Islamic and Chinese art to the Western oil side shows distances of the traditional artworksred; 185 randomly selected
paintings are of similar magnitude. For the right-hand part of| images each of oil paintings, graphic art, Islamic art, and Ghese art),Bad Art
theFigure 4, a dataset of 185 images that were randomly selected?88 images) and abstract artworks (572 images) to the medfavalue of the
from each of the four traditional art categories (740 images Ezcﬂzlfgf\'/\f‘;ﬁﬁott;j&i”&i?gi‘éf';gt; 0.0, *p < 0.0001
total; dataset no. 8 ifiable 1) served as the reference dataset|( '

-_—

1%}
0o

Mahalanobis distance

)
N

Oil paintings -
Graphic art
Islamic art -
Chinese art -
Traditional art -
Bad Art -
Abstract art 4

TABLE 5 | Median Mahalanobis distances between the categories of aitnages ( median absolute deviation).

Western oil Western graphic Islamic book Chinese color Bad Art Twentieth century
paintings art illustrations paintings abstract art
Western oil paintings 155 0.72 2.02  0.97%* 247  1.29%* 2.00 1.01%** 1.69 0.77* 1.19  0.41%*
Western graphic art 1.84 0.61%+* 152 071 2.54  1.04%x* 1.97  0.65**** 2.25  0.70%** 154 0.34
Islamic book illustrations 146 0.47 1.65 0.60 1.37 0.64 1.87 0.62** 2.02  0.49%r+* 1.32  0.30**
Chinese color paintings 1.65 0.65 1.65 0.62 2,73 1.23%x* 159 0.55 1.82 0.79* 1.33 0.43*
Bad Art 1.98  1.01%+** 2.81  1.36*** 3.59 1.70%** 2.53  1.32%*x 154 0.70 1.11  0.36****
Twentieth century abstract art 2.88 2.25%*** 3.80 3.32%%x 4.43  3.13%*** 416  3.76%** 2.55 1.64%rxx 1.44 0.68

The artwork categories listed on the top of the columns represent the ference datasets for the calculation of the distances. Signi cance leve “p < 0.05; “p < 0.01; "p < 0.001;
™p < 0.0001 (Kruskal-Wallis test with Dunn's post-test).
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of Bad Artand abstract art to the traditional artwork categories,are also many abstract artworks with values well within the
respectively, than for the comparisons between the tradiion traditional art categoryKigures 71-M), including works by Joan
artworks Figure 4). Miré (Figure 7J, Paul Klee Figure 7K), and Wassily Kandinsky

In conclusion, as described previouslyedies et al., 20),7 (Figure 7). Interestingly, the drip paintings by Jackson Pollock
we nd that, to some extent, artworks of Western, Islamic(Figure 7H) resemble traditional paintings, except for a fractal
and Chinese origin share a speci ¢ pattern of statistical imagdimension and self-similarity that are higher than for masgher
properties. The image properties 8ad Art and abstract art abstract and traditional artworks.
considerably overlap with this pattern. At the same time,rgéa
number of Bad Art and abstract artworks deviate considerably
from the traditional art categories; these deviations areren DISCUSSION

pronounced for abstract art than fd@ad Art By analyzing four statistical image properties (fractal disien,

self-similarity, and 1st order entropy and 2nd-order entropy

Example Images of edge orientations), we obtained similar values for sets
To get a better visual grasp of some of the di erences destribe 9 ’

. - - of traditional artworks from dierent cultural backgrounds
above, example images are shown for traditional aftigure 5 (Western, Islamic and Chinese). Corresponding values fer th
for Bad Art in Figure 6, and for abstract art inFigure 7. ' ’ P 9

. - datasets dBad Artand abstract art images scattered more widely,
Proceeding from the upper left part to the lower right part of the . . o
. o but overlapped considerably with the values of the traditional
gures, images are shown for Mahalanobis distances to thiece
" - artworks. However, we also found many exampleBad Artand
of traditional artworks fed in Figure 4) above 5, then around

5. to around 2 and 1, which is close 1o the median distance Oz%bstract art that deviated from the values of traditiondl ar

traditional artwork to themselves. L
Of the most deviant traditional artworks, the Manet painting 1raditional Artworks Share Image
(Figure 5A), shows a prominent railing in the background with Properties across Cultures
bars that are oriented in parallel and result in low entropyThe present work conrms previous results that large sets of
values. The Degas paintingigure 5B) and the Chinese portrait traditional artworks share specic statistical image propesti
painting (Figure 5 display large homogeneous areas that aren average. Examples for common properties are the Fourier
delineated by long and relatively straight edges, reqiltiralow  spectral slope Graham and Field, 2007, 2008; Redies et al.,
fractal dimension and low 2nd-order edge entropy, respeltive 2007; Melmer et al., 2013; Mather, 2)1self-similarity Hayn-
In the van Gogh drawingRigure 50), lines are predominantly Leichsenring et al., 20),%dge orientation entropyHedies et al.,
oriented in parallel (low 2nd-order edge entropy). In the mia 2017 and variance of Iter response®(achmann et al., 20).7
book illustration Figure 5D), cardinal orientations prevail (low Similarities have been found both across cultures (Western
entropy values). These characteristics set the images apart f Islamic and Chinese)Graham and Field, 2008; Melmer et al.,
the traditional artworks with more typical valueBigures 5F-N.  2013; Redies et al., 2Q1for di erent genres of Western Art
Images ofBad Art (Figure 6) can dier from traditional and for di erent content depicted in artworksRedies et al.,
artworks with respect to several statistical properties. For007, 2017; Hayn-Leichsenring et al., 201X comparison
example, a low fractal dimension, which corresponds to thef traditional artworks with various non-art images (naair
impression of low image complexity, is observed in theor articial objects, patterns and scenes) conrmed that the
images shown inFigures 6A,D,E,G In some other images, image properties are characteristic for traditional artwsarkhese
the prominence of particular orientations manifests itseif i ndings are in line with the general suggestion that visual
low values for edge entropyFigures 6A,B,F,G. Examples of artworks represent stimuli with speci c perceptual properties
artworks with values similar to traditional artworks arecstn  that are neither arbitrary nor randomHFHechner, 1876; Bell,
in Figures 61-O 1914; Dowling, 2014; Redies, 2015; Renoult et al.,)2Thése
For some examples of twentieth century abstract art oproperties might contribute to the “signi cant form” that has
Western provenance={gure 7), deviating values can be directly been postulated bysell (1914) However, there are varying
related to their style and visual appearance. For example, tliegrees of overlap with the properties of natural patterns and
painting by Kenneth NolandRigure 7A) shows close to maximal scenes (see Introduction). Such similarities provided thsid
1st-order entropy of edge orientations because all oriégomiat of ideas on how the perception of artworks is linked to the
are present at equal strength due to the strictly circulauctire  processing of natural scenes and objects, to which the visual
of the painting. At the same time, 2nd-order edge entropy iyversystem is adapted in evolution and developmentiéns, 1986;
low because of its high co-circularitysigman et al., 2001In  Hodgson, 2006; Redies, 2007; Graham and Meng, 2011; Taylor
the paintings depicted ifrigures 7B—E both 1st-order entropy etal., 201). These ideas should be viewed as complementary, not
and 2nd-order entropy are low because the range of oriematio as contradictoryllodgson and Verpooten, 2015; Redies, 2@45
is rather restricted. This deviation from traditional arwks is  concepts that view visual art as a cultural phenomenon wherein
particularly evident in the works by Piet Mondriafrigure 7C)  contextual and conceptual factors play a central rabéckie,
and Josef AlbersHgure 7D), which consists of horizontal and 1974; Danto, 1991 Despite these overall similarities across
vertical orientations only. Self-similarity is low in paings cultures and art genres, there is a considerable inter-idda
that exhibit large homogeneous arekglures 7A-C,E,lr. There variability in the preference for statistical image propertighin
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FIGURE 5 | Results for examples of traditional art image$A,B,FJ,K, Western oil paintings;C,G,L, Western graphic art;D,H,M, Islamic book illustrations;E,I,N,
Chinese color paintings). Above each image, its Mahalanabiistance to the median value of traditional artworksréd in Figure 4 ; 185 randomly selected images
each of oil paintings, graphic art, Islamic art, and Chineserg respectively) is shown. Below each image, its values fdhe fractal dimension (F), self-similarity (S),
1st-order entropy (1) and 2nd-order entropy (2) are displad. Orangeindicates values that lie outside the 5-95% data interval @hred indicates values that lie outside
the 1-99% data interval. The following artworks are showr(A) Edouard Manet, Le Chemin de Fer, 1873(B) Edgar Degas, The Convalescent, 1872—1887(C)
Vincent van Gogh, Wheat Field With Rising Sun, 1889P) Muhammadi, Portrait of Russian Ambassador, 1580s(E) portrait painting by Zhao Ji (1082—1135)(F) Paul
Signac, Les Gazomeétres. Clichy, 1886(G) Somine Cantarini, Rest on the Flight to Egypt, 1640(H) Unknown artist (Mughal Style), Vamana, 161Qj) Xu Yang,
Prosperous Suzhou, 1759 (detail of scroll}J) Camille Corot, Orphée Ramenant Eurydice des Enfers, 1861K) Friedrich Overbeck, Easter Monday, 1818(L) Lucas
van Leyden, Samson and Delilah, 1508(M) Unknown Turkish artist, Surrender of Becskerek, sixteentbentury; and (N) Zhao Chang (959-1016), Yellow Roses and
Bees, Pink Roses and Wasps (detail of scroll). All images sha in this gure are in the public domain.

groups of people of similar cultural background, both for ardan Comparison of Traditional Artto  Bad Art

non-art stimuli (for example, segacobsen, 2004; Mallon et al.,gnd Abstract Art

2014; Bies et al., 2016; Gucllturk et al., 2016; Lyssenkb, et Fhe present results conrm our initial expectation that (1)
2019. there is a large overlap between all six art genres investgat
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FIGURE 6 | Results for examples oBad Artimages from the© Museum Of Bad Art, Somerville, MA. Above each image, the Maft@nobis distance to the median
value of traditional artworksed in Figure 4 ; 185 randomly selected images each of oil paintings, graphiart, Islamic art, and Chinese art, respectively) is shown.
Below each image, values for the fractal dimension (F), selfimilarity (S), 1st-order entropy (1) and 2nd-order entpy (2) are displayed Orangeindicates values that lie
outside the 5-95% data interval andred indicates values that lie outside the 1-99% data interval.He following artworks are shown:(A) Anonymous, Study in Blue
Gray and White;(B) Anonymous, Birch Shadow;(C) Anonymous, Hollywood Lips;(D) Anonymous, Flap;(E) Anonymous, You Like Me | Like You(F) Elisabeth
Angelozzi, No Visible Means of Support{G) Anonymous, Still Life With Juicer(H) Anonymous, Still Life With Jade(l) Anonymous, Mujeres Y Puros Hermosos(J) M.
Starbuck, Yikes!;(K) Anonymous, Ashen Woman Rising(L) Anonymous, Portrait of the Artist as a Blue Man{M) Anonymous, Chicken Crossing the Road(N) Mark
Geuwiss, To Life, 1993; and(O) Anonymous, Think Again. The images are reproduced with kindermission from© Museum Of Bad Art, Somerville, MA.

in the present study, and (2) many images B&d Art and image properties. In this space, the distances fromBhd Art

(post-)modern abstract art of Western provenance dier inand abstract art images to the traditional artworks are darg
their statistical properties from traditional art from pregibus
museums. As a quantitative corroboration of these ndingsthemselvesKigure 4). Moreover, the scatter of the values &ad

on average than the distances of the traditional artworks to

we calculated the Mahalanobis distances between the dworArt and abstract art is large compared to that for traditional art

in the multidimensional space that is spanned by the fourTable 5.
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FIGURE 7 | Results for examples of twentieth centuryabstract art of Western provenance from the Kunstsammlung Nordrhein-Watfalen. Above each image, the
Mahalanobis distance to the median value of traditional asorks (red in Figure 4 ; 185 randomly selected images each of oil paintings, graphiart, Islamic art and
Chinese art, respectively) is shown. Below each image, thealues for the fractal dimension (F), self-similarity (Sytlorder entropy (1) and 2nd-order entropy (2) are
displayed. Orangeindicates values that lie outside the 5-95% data interval ahred indicates values that lie outside the 1-99% data interval.he following artworks are
shown: (A) Kenneth Noland, Bloom, 1960;(B) Morris Louis, Gamma Gamma, 1959-1960;(C) Piet Mondrian, Composition in Yellow, 1930(D) Josef Albers, Homage
to the Square: Red Va, 1967;(E) Olle Baertling, Ayaru, 1972{F) El Lissitzky, Proun G 7, 1923(G) Paul Klee, Kamel (in rhythm). Baumlandschaft, 1920/1943H)
Jackson Pollock, Number 32, 1950;(l) Jean Bazaine, Lune et Oiseau de nuit, 1947(J) Joan Mird, Femmes et Oiseaux dans la Nuit, 1945(K) Paul Klee, Erinnerung
an einen Garten, 1914/1917;(L) Wassily Kandinsky, In the Blue, 1925; andM) Ernst Wilhelm Nay, Schliisselzeichen, 1962. The images shown (A,B,D,E,H,I,J,M)
are reproduced with kind permission from® VG Bild-Kunst, Bonn 2017. These and the other image¢C,F,G,K,L) were kindly reproduced with permission from the
Kunstsammlung Nordrhein-Westfalen.

Inthe case oBad Art, the deviating exampleFigures 6A-H  (resulting in low edge orientation entropy), large homogeuns
show several stylistic peculiarities not found in most ttemfial areas (low self-similarity) and low complexity (low fractal
artworks, such as a predominance of particular orientationslimension).
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For some images of twentieth century abstract art, similamodern times Redies, 2004 Whether this pattern is necessary
deviations were observed-igures 7A—Q. For example, the or su cient to elicit the perception of visual beauty - or any
strictly circular painting by Kenneth Noland{gure 7A) exhibits  particular aspects of visual aesthetics, such as liking, traym
a high degree of co-circularity, which is a regularity thatinterest, aesthetic appeal, “good Gestalt” or “visual righgt+—
diminishes the 2nd-order entropy of the edge orientationsremains to be studied by experimental means.

(Geisler, 2008 The paintings by Piet MondrianHigure 70 The present results are important because they provide,
and Josef AlbersHgure 7D) are deviant because they containto our knowledge for the rst time, an objective basis for
horizontal and vertical lines exclusively (low edge oréinin  a scientic comparison of traditional artworks that dier in
entropy) as well as large homogeneous areas (low complexity atiteir aesthetic claim, and for a study of the formal simii@s
self-similarity). and dierences between the various types of traditional art

We speculate that the deviations in sorBad Art images and abstract art. Formal image analyses may complement and
might possibly arise because the artists lack training antal inform philosophical and art-historical analyses, whichifeon
in traditional art styles. As a consequence, the artists fiafly contextual and cultural aspects of artworks (see Introchgti
to (or do not intend to) accomplish an image structure that isFormal image properties, such as 2nd-order edge entropy, are
similar to that of prestigious traditional artworks. For @zt dicult to grasp and hard to describe in every-day terms.
art, the deviating values in some images correspond to stylis We propose that their investigation can provide access to
peculiarities (for example, see paintingsFigures 7A,C-F. We  an intuitive artistic knowledge that is based on perceptual
thus suggest that some (post-)modern artists transgredsed tmechanism and is largely inaccessible to cognitive introspe.
boundaries of traditional artworks, as de ned in the presentTo date, this hidden knowledge may have escaped the intedlect
work by the four statistical image properties. This conclasio dissection of di erent art genres by contemporary art histons
is in agreement with common art-historical and philosophicaland art critics. Evidently, more research is needed to eelat
interpretations of (post-)modern art (for example, sBeckie, formal image statistics to art-historical knowledge, esgbcfor
1974; Danto, 1981but it supports this notion with objective and (post-)modern and contemporary art.
quantitative evidence from a computer-based analysis ofgelar
set of artworks. AUTHOR CONTRIBUTIONS

However, not all stylistic specializations in abstract ault
in deviations from the statistics of traditional artworlsxamples  CR conceived and designed the experiment, assembled thé nove
are the drip paintings by Jackson Pollock who created paistingmage datasets, analyzed the data and wrote the manuscript.
with a highly complex, fractal (self-similar) structur@af/lor, AB carried out the calculations and contributed to writinget
2002; Taylor et al., 20).1Although the resulting values for self- manuscript.
similarity and fractal dimension are higher than for tradial
artworks, the other values for his painting remain within the EUNDING
range of traditional artworks. Importantly, the Mahalanebi
distance to traditional artworks is relatively lovirigure 7H).  The authors and their institution received no nancial suppor
Other artworks that, despite their distinctive abstraciesyhave from a third party for any aspect of the submitted work.

a spectrum of values similar to traditional artworks include

paintings by Joan Mir6 Kigure 7J, Paul Klee Figure 7K), ACKNOWLEDGMENTS
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from the image properties measured in the present study, ndDdf Bad Art, Somerville, MA, to Dr. Anette Kruszynski,
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