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One of the goal of computational aesthetics is to understandvhat is special about

visual artworks. By analyzing image statistics, contempary methods in computer vision
enable researchers to identify properties that distinguis artworks from other (non-art)
types of images. Such knowledge will eventually allow infences with regard to the

possible neural mechanisms that underlie aesthetic percdn in the human visual
system. In the present study, we de ne measures that capturevariances of features of a
well-established Convolutional Neural Network (CNN), wthi was trained on millions of
images to recognize objects. Using an image dataset that regsents traditional Western,
Islamic and Chinese art, as well as various types of non-arniages, we show that we need

only two variance measures to distinguish between the artwixs and non-art images with

a high classi cation accuracy of 93.0%. Results for the rstvariance measure imply that,
in the artworks, the subregions of an image tend to be lled wth pictorial elements, to
which many diverse CNN features respondr{chness of feature responses). Results for
the second measure imply that this diversity is tied to a retavely largevariability of the

responses of individual CNN feature across the subregionsf@n image. We hypothesize
that this combination of richness and variability of CNN faare responses is one of
properties that makes traditional visual artworks speciaWe discuss the possible neural
underpinnings of this perceptual quality of artworks and mpose to study the same

quality also in other types of aesthetic stimuli, such as mus and literature.

Keywords: experimental aesthetics, visual art, statistica
responses, aesthetic perception

| image properties, self-similarity, richness, CNN feature

1. INTRODUCTION

In experimental aesthetics, researchers try to understdrel gerceptual basis of aesthetic
experience and its neural correlates in the human brain. Ga dhe hand, in neuroaesthetics,
modern brain imaging methods have been used to investigaiehabrain regions are involved
in the processing of aesthetic stimufi€arce et al., 20).60n the other hand, by analyzing image
statistics, contemporary methods in computer vision enabkearchers to identify properties in
images of artworks that distinguish them from other (nort)dypes of imagesgraham and Redies,
2010. Eventually, these two areas of experimental aesthetiidsave to be joined to reach a deeper
understanding of where and how the physical structure ofetithlly pleasing images is processed
in the human brain, and how such brain responses can be modeled
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In the present work, we focus on the second goal of More recently, we analyzed the layout of edge orientations
experimental aesthetics, which is to understand what i? images of diverse sets of artworks from various cultural
special about the structure of aesthetic stimuli. Computaio backgrounds by comparing pairwise the orientation of each
aesthetics, a sub eld of computer vision, has contributedotess ~ edge in an image with the orientations of all other edges in
tools and algorithms to tackle this question. For a long timethe same imageRedies et al., 20).7Results revealed that the
work in this eld was dominated by features that re ected artworks are characterized by a lack of correlations beatveekge
common a priori knowledge about aesthetic principles. Suclorientations across an image. A promising research question
hand-crafted features were used mainly to predict aesthetio computational aesthetics therefore seems to be how much
ratings of photographd{atta et al., 2006; Dong et al., 2015 variability there is in the pictorial elements of images in general

For examplePatta et al. (2006¢ollected 3,581 photographs and how this variability is distributed across images of arive.
together with their aesthetic ratings from the online commity A more intuitive insight into this question is that visualtarorks
Photo.net They de ned a set of multiple features, which weredisplay a harmonious arrangement of their pictorial elements,
then used with an SVM classi er to predict high vs. low ratingswhich has also been called “good Gestaitfnheim, 1954 or
for their set of photographs with an accuracy of 70.12% usimg a s“visual rightness”I(ocher et al., 1999We hypothesize that this
of 15 di erent features. The feature setincluded low-levatdees type of aesthetic quality can manifest itself in the distribatio
like color saturation and hue, as well as more abstract feafu of variability in colors, edges and other visual featuresss an
such as the adherence to the Rule of Thirds, which is populartwork. In the present work, we investigate this variapiliy
among photographers<e et al. (2006proposed a method to using features from Convolutional Neural Networks (CNNs).
distinguish high-quality images and low-quality snapshatsng Due to recent progress in object recognition, CNNs have
features like the spatial distribution of edges, contrast hoe, gained a huge popularityKfizhevsky et al., 2012; Simonyan
as well as blur. Following this idea, several researchers haand Zisserman, 2014; He et al., 2J)1&lthough the basic idea
proposed other measures in order to predict aesthetic qualitynderlying CNNs was already proposed more than thirty years
ratings (uo and Tang, 2008; Wong and Low, 2009; Nishiyamago Fukushima, 1980; LeCun and Bengio, 19%art of the
etal., 201 present success can be explained by advancements in computing

A di erent approach was taken bi/archesotti et al. (2011) technology and the availability of a huge amount of data for
who did not design features by hand, but adopted generitraining (LeCun et al., 20)5CNNSs learn a hierarchy of lters,
image descriptors to predict the quality of photographs. Thevhich are applied to an input image in order to recognize
authors used multiple SIFTLowe, 200} descriptors to encode image content. While lower-level features are very geremdl
gradient information, as well as a color descriptor for capigr resemble those found in human early visioiaosinski et al.,
color; their method outperformed their predecessors sigantly 2019, higher-level features learn rich semantic representation
(classi cation accuray of 89.90% compared to 75.85% with th€Donahue et al., 20)4 The training of a CNN is done in a
features proposed byatta et al., 2006and to 76.53% with the supervised manner using backpropagation, an algorithm that
features proposed bye et al., 2006 compares the current output of the model to a target output. This

Visual artworks, such as paintings and artistic drawingsprocedure allows propagating the calculated error back thinoug
have been studied to a lesser extefitrgham and Redies, the network and changing the parameters of each lter acauydi
2010Q. For exampleli and Chen (2009jpplied the idea of to its contribution.

extracting multiple features for quality assessment to pagst With the growing popularity of CNNs, these models have also
and proposed a set of 40 di erent features in order to capture arbeen applied to image rating task3dng et al., 2015; Lu et al.,
concepts like harmony and balance. 2015 and proved to be well-suited to predict aesthetic quality

There have also been various attempts to characterize viswad well. For example, CNNs were used to distinguish colored
artworks by focusing on single or very few image propertiespaintings of Western provenance from non-artistic images by
For example,Taylor (2002)investigated the drip paintings of using an SVM classi er enzler et al., 20)6 The downside
the American abstract painter Jackson Pollock and found thadf deploying deep models and end-to-end feature learning,
he painted fractals similar to those found in nature. Moregverhowever, is that a model's performance does not always allow
large subsets of visual artworks and natural scenes shamglars drawing conclusions on how the model's features bring about
scale-invariant power spectrurs(aham and Field, 2007; Rediesthis performance. In other words, while it is possible to predict
et al., 200). Redies et al. (2014hvestigated the distribution whether animage will be considered to be aesthetic or an akiwor
of luminance edges in artworks and found that it is ratherit is not easy to understand why this might be the case. In
uniform and about as self-similar as that of natural scenesanother line of studies, CNNs have been used to transfer the
Together, these studies indicated that large subsets aflvis visual characteristics of particular artistic styles to plypéphs
artworks share speci c statistical properties with naturadrses (Gatys et al., 20)5
(Graham and Redies, 201Because the human visual system Typically, CNNs are trained on datasets containing thousand
is adapted to process images of our natural habitat e ciently,of categories and millions of example images to recognizetshje
it has been suggestedafylor, 2002; Redies, 200that aesthetic or scenes. The learned features were shown to be suitable for
quality of visual stimuli relates to the adaptation of the haim generic recognition tasksDpnahue et al., 2014; Hertel et al.,
visual system to natural sceneSironcelli and Olshausen, 2015. Here, we exploit this property and apply the CNN features
200). to artworks and, for comparison, to other types of images.
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However, because CNNs are trained to recognize objects are combine these two approaches. By using multiple lower-
scenes, the training approach may not be feasible to study thevel CNN Iters, we study particular statistical measures,, i.
nature of artworks because artworks can depict almost anthe variability of the CNN features, to ask whether there is a
object or scene. We therefore decided to ask how artworks agarticular pattern of features that distinguishes coloredvarks
processed by CNN lters, rather than to use CNNs to detecfrom diverse types of real-world photographs.

speci ¢ image content in artworks. We focus our study on

features at lower levels of CNNs because that is where genep METHODS

(i.e., content-independent) responses are fourdsinski et al., .

2019. Moreover, higher levels may not be suitable becausd.l. Variance of CNN Features

the content displayed in artworks may be dierent from the In order to discriminate visual artworks from other image
images that the CNNs were trained on and therefore provid€ategories, we use the features of the well-establishedNglex
indi erent activations by these stimuli. Similar approachessng ~ model, whichwas rstintroduced ifrizhevsky etal. (201nd
low-level generic CNN features have recently been proposed fiss provided in the Ca eNet LibraryJia et al., 20)4A schematic
detection of the left/right symmetry in imageBiachmann and diagram of the model along with a visualization of the rstyler
Redies, 2016 for quality assessment of image reproductionslters is shown inFigure 1 The original input dimension of the
(Amirshahi et al., 2016 and for measuring self-similarity in network is 227 227 pixels, which proved to be su cient for
images Brachmann and Redies, in pr¢ss object recognition. However, much detail of the originaldge

With regards to the variability of visual features in artiey  is lost when it is scaled down to such low resolution. In order
there has been n@omprehensivand systematicanalysis by to preserve the amount of detail that may be required for a
the computational approach to date. Rather, as stated abowvigll aesthetic evaluation, we drop the fully-connectecklayand
individual aspects of image structure, such as color distiim, ~ rescale the input dimension to 512 512 pixels, while keeping
edge orientation and the spatial frequency spectrum, werthe lter sizes and parameters as de ned in the original model.
analyzed separately without assessing overall simikaiititheir A similar upscaling was carried out hiyatys et al. (2015yho
variance or distribution. The present study represents a rsshowed that information on image style and content is preserv
attempt to overcome this problem. after upscaling.

To carry out acomprehensivstudy, CNN features are ~ We measure variances of features as follows: For a given
particularly useful because they resemble the human visugpnvolutional layer, we divide each Iter response map into
system in how they encode input images. Notably, CNN featurgs N equally sized subregions and record the highest responses
from lower layers re ect several primordial neural mechamésof ~ for each subregion and every Iter on that layer, i. e., we qerf
human vision (Vurtz and Kandel, 20001n parallel, they process a max-pooling operation over the response maps. This provides
information on luminance gradients and their orientatiozplor ~ us with a max-pooling map, ,, which has three dimensions:
and spatial frequency, and thus allow us to link the CNNtwo positional parameters de ning the position of the regions,
features to several di erent processes underlying humanatisu over which the max-pooling is performed, and a third dimension

perception. for each lter, with k being the total number of lIters on the
To carry out asystematistudy, we calculate three types of respective laydr
variance (total variance, variance across features, andnea After a normalization of the histograms of each subregion,

across image patches) for a wide range of spatial scales. Reswtich assured that all Iter responses of every subregion setm
for artworks are compared to various other categories of manare equal to one, we measure three di erent variances:
made stimuli _and natural patterns and Scenes. Be_lsed on onﬁy The total variance ovetl entries ofall histograms:
two of the variance measures, we succeed in de ning a feature
space, in which colored artworks can be discriminated with

P ) . . Pa(M5) D var(Mi ) (1)
an accuracy of 93% from other types of colored images, in

particular photographs of man-made and natural patterns anc&_ The median variance of the histograms of then subregions
scenes. Our ndings hold for colored traditional artwork®in

of thegrid:
diverse provenances (Western, Islamic and East Asian @djur g
suggesting that the here-de ned features space can be applied M) D (var(M i 2 1K 21n 2
across cultures. Vg(Min) D (varMin(xy, it 2 1.Kjix,y 2 1.n) - (2)
In conclusion, there have been two seemingly divergent Pg(Min) D medianfg(Mi,n)) ©)

approaches in computational aesthetics. On the one hand, the . ) )

usage of multiple image features, including diverse CNNiies, > 1€ median over the variance of eddrer:

has allowed predicting the aesthetic quality of photograplts an . .

artworks with reasonable accuracy, but the interpretapitif Vi(Min) D (varMin(x,y,)ix,y 2 1.n)ji 2 1.K) -~ (4)

this success in terms of the underlying visual processesinsma pr (M n) D mediangs (M, ) (5)
limited. On the other hand, particular visual properties have

been identied in visual artworks and were related to theFor convenience, we will denof®/ (M;s) asPy(S for a given
visual processing of natural patterns and scenes; howewse th convolutional layei, so thatP,;(12) would stand forpa(M; 12).
properties are not unique to artworks. In the present studyWe calculate each of the above variance measures for di erent
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FIGURE 1 | (A) A schematic representation of the AlexNet CNN, which we useniour experiments. The layers that are output of a ltering opeation are shown in gray
(conv: convolutional layersfc: fully-connected layers). Filter operations between theyers are represented by dashed blue lines. The numbers at ¢hbottom indicate
the total number of different Iter maps at each layer. A hienzhic, consecutive ltering of the input image, which is decanposed into its red, green, and blue channel
(seedata layer), allows to extract features that are well suited to oegnize objects in an image and to assign a clasabel In our experiments, we dropped the
fully-connected layers above the last convolutional laygconv5) in order to be able to rescale the network to a higher resolign of the convolutional layers. The
normalization layers and pooling layers of the model are nshown. For a detailed description of the model, seeélrizhevsky et al. (2012)(B) A visualization of the 96
Iters on the rst convolutional layer, which detect orientedluminance edges at different frequencies as well as opponéreolor gradients.

= o]

numbers of subimages ranging from 2 to 30 in steps of 2. wikimedia.org). A particular e ort was made to select images
This provides us with 45 values in total, which describe thevith well-preserved colors and su ciently high resolutioA.list
overall variance of features of a given image. The choicbeof t of all images with the individual links to the Wikimedia datase
above variance measures was motivated by our aim to captucan be obtained from the authors.

abstract aesthetic concepts like “visual rightnessitlier et al., To compare results for artworks with images of other
1999 in terms of the distribution of colors and edges distribdite man-made scenes and objects, the non-artistic categories
across the image. With respect to the hypothesis formulated imclude photographs of buildings (511 images), urban scenes
the Introduction, we are interested in the question of which(219 images) and simple objects (207 images). Moreover,
subset of these values is the most discriminating for arkwor previous studies demonstrated that some statistical profgertie
compared to other categories of images. To answer this questi are shared between artworks and natural scenes and images, i
we test subsets of di erent sizes from the pool of variances foparticular with large-vista natural scenes (see SectiorA®)a
their discrimination power and used them as input features fomparticular challenge in the classi cation task, we therefoctude

a Support Vector Machine (SVM) with a Radial Basis Functiorphotographs of large-vista natural scenes (473 images), of pla
(RBF) kernel thatis trained to assign the lat@lsandnon-artfor ~ patterns (331 images) and of vegetation (458 images) in our
a given image. SVMs separate classes by maximizing the marginalysis. All non-art images were taken with a Canon EOS 500D
between a hyperplane and the nearest training examples, calledmera by one of the author&édies et al., 2012; Braun et al.,
the support vectors (for an introduction to SVMs, sBeshop, 2013. The photographs were taken and processed in RAW or
2009. To avoid over tting, we carry out 5-fold cross-validatio TIF format to avoid compression artifacts. Example images are
and take the mean of all ve test sets as our nal classi catio shown in Figure 2 In total, we thus use 4,289 images (2,090

value for a given feature set. images as examples for artworks and 2199 images of non-artisti
content). This distribution is roughly balanced and ergailbest-
2.2. Image Datasets guessing probability of 0.513 when always choosing the same

In our study, a total of nine dierent image categories areclass. We also report results from a set of photographs of lichen

compared. Three categories comprise artworks and six caesgorgrowth patterns (244 images), which are extremely self-amil

contain non-art images. One of the artwork categories, th&nd complexRedies etal., 20).Finally, to address the question

JenAesthetics dataset, consists of a total of 1629 images Véiether the analysis might possibly be biased by cameraastjfa

traditional oil paintings of Western provenanceiriirshahi ~ We also included the rst 2,090 images of the ImageNet teshse

et al., 2018 The images from this dataset cover dierent the analysisRussakovsky etal., 2015

art periods like Renaissance, Barogue, Romanticism, Realism,

Impressionism and Expressionism, ranging from the fteemtht 3. RESULTS

the twentieth century. Moreover, images are annotated atiogr

to subject matters (e. g., portrait, landscape, still life). We calculated the three variance measures proposed in
In order to expand our analysis to artworks from other Section 2 for all images in our datasEtgure 3 shows di erent

cultures, we also include a dataset of illustrations froaditional  variance plots calculated on convolutional lagenvl the rst

Islamic illuminated books and miniatures (251 images) andctonvolutional layer of the AlexNet model. All three measure

traditional colored brush paintings from China (210 imag@s) increase in value with more patches and therefore smalleihpatc

our study Redies et al., 20).7All images were downloaded sizes, as more and more detail of an image is taken into a¢coun

from the Wikimedia Commons database (https://commons.For dierent image categories, di erent slopes are observed.
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FIGURE 2 | Example images of the datasets used in present study.

Table 2 for values ofP;(12) andPa(22) for each image.

(A) Examples of artworks (from left to right: Islamic art, Chinesart, and Western art from
the JenAesthetics dataset).(B) Examples of non-art images from the categories Buildings, than Scenes, Objects, Large Vistas, Plant Patterns and Vegation. See

~— Plant Patterns
3} ~— Large Vistas _
— Vegetation

differ from those of the other image categories (smaller sybols).
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FIGURE 3 | Plots of median variances Pa (A), Pg (B), and P (C) for each category on convolutional layer 1. Values for artwks (larger symbols) are similar, but
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Objects, for example, show a much steeper slope than most of For comparison, we provide two di erent baselines. First, we
the other categories for all three values. The categorigigtong  tested the classi cation of a linear SVM on the raw red, green
art, namely images from the JenAesthetics dataset (Westgrn aand blue pixel values of a downscaled version (2227 pixels,
as well as Islamic art and Chinese art, show similar slopesalffor as the input of the unmodi ed AlexNet model) of the images
measures. FdPy, the curves for art are similar to those for Plantin our experiment. This downscaling was necessary because of
Patterns and Vegetation, whereasRprthey are similar to Large computing power limitations and reduced the input dimensions
Vistas for smaller patch sizes, while values for Plant Ragtand  of the resulting features space to a total of 272 D 154,587
Vegetation are lower. dimensions. Here, we obtained a mean classi cation perforcean
In order to test whether the di erent variance measures can bef 0.722 0.014SD(see black line ifrigure 4). Second, we tested
used to discriminate art images vs. non-art images, wedcham  the classi cation performances of a linear SVM on the rawrlte
SVM classi er, as described in Section 2. We apply 5-fold erossnaps that were obtained from processing it with the AlexNet
validation and de ne the average accuracy on the test sampl@sodel. Here, dimensions are even higher: For example on the
of all ve models as the classi cation accuracy of the respect rst convolutional layer, the input dimension amounts to atéb
subset. The higher this accuracy is, the more speci ¢ theamos of 290,400 (96 Iters at a resolution of 555 pixels). Results for
feature set is for artworks. We test sets that contain oneifea the baselines are shownkigure 4.
two features or three features in combination. Each set ds a Figure 5 visualizes the space de ned by the two features
space, in which image categories form clusters. and makes intuitively accessible why the classi cation can b
Figure 4 shows the maximum classication performance done with such high accuraciigure 6 shows extreme cases of
when discriminating traditional art vs. non-art images forimages embedded in this space. The variance values for each
dierent set sizes and on dierent layers. As expected, themage are listed ifable 2 In this feature space, di erent image
classi cation performance decreases with less featuresseta categories form clusters, which overlap to some extent, but
and correspondingly lower dimensions of the feature space. Ttoverall, artimages are separated from non-artimages. To [t th
best classi cation performances are obtained with threéuies  separation into perspective and rule out a possible artifadtiaal
on the rst convolutional layer, yielding a maximum accuyac in our dataset of photographs, we also calculated classi cation
of 0.938 0.007SD, compared to a correct guessing probabilityperformances for comparing art with the equivalent amount of
of 0.513. Notably, the second best performance is obtaingd wiimages from the ImageNeRUussakovsky et al., 20Q1test set
a features set containing only two features: Combininguiest  of photographs. Here, featurd% (10) and P4(16) result in a
P:(12) and P4(22), an SVM classier is able to discriminate top classi cation accuracy of 0.861 when combined. With & se
art from non-art images with an accuracy 0.9300.009SD.  of three featuresR;(10), Ps(18), andP¢(30)), we reach a top
In the remainder of this article, we will focus our analysisclassi cation accuracy of 0.871 for the rst convolutiorayer.
on features obtained on the rst convolutional layer. Foligh Figure 4shows that, from the rst to the second convolutional
analysis, classi cation results are listedable 1for the di erent  layer, the maximum accuracy of classi cation drops for alesiz

categories of artimages. of feature sets, but rises again for the third convolutiolagler.
1.00
— 1d feature set
0.95 . — 2d feature set
— 3d feature set
§0.90 raw CNN responses
o .
— raw image data
50.85 g
©
§0.80
S
S
Zors N\ S
%]
a T
£0.70 \\f SN
o
0
o 0.65
0.60
0.55
convl conv2 conv3 conv4 conv5
FIGURE 4 | Best classi cation performances for different layers , using sets of features that de ne spaces of different dimensio ns (1d-3d feature sets;
blue, green and red, respectively). As expected, a higher dimensionality yields a better classition accuracy. Interestingly, on the rst convolutional lyer (convl)
of the AlexNet model, a two-dimensional set of features peofms almost as well as a three-dimensional one. The values peesent means and the error barsSDs from
a 5-fold cross-validation experiment. Two baselines as pnaded for comparison. First, a linear SVM on the raw CNN respwses of each respective layerdyan), and
second, a linear SVM on the raw image datalack).
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TABLE 1 | Mean classi cation scores ( SD) for art images vs. non-art considered a success in terms of distilling relevant inforamat
images, according to different categories of artworks. from this high-dimensional stream of data. Furthermore, we
gain interpretability, which is nearly impossible in the high
dimensional case.

Category Accuracy Precision Recall

Western art (n D 1629) 0.939 0.008 0.931 0.005 0.926 0.017
Chinese art (n D 210) 0.851 0.012 0.354 0.018 0.852 0.038 . .
Islamic art (n D 251) 0.957 0.015 0.726  0.083 0.964 0.008 41 Interpretatlon Of the Varlances Pa
All combined D 2,090)  0.930 0.004 0.942 0.009 0.913 0.010 and P

: : : — The feature sePy(22) and P%(12) is the two-dimensional set
Wh|le for Westc_ern art (JenAesthetics _dataset) and Islamic art, theasi§|'cat|9n score that is best suited for classi cation of traditional art v®n-art
is above 90%, it drops to 85% for Chinese art. Here, the mean precisiors ilow, due . . - . .
to an overall lower richness (i.e., higher values of J22)). Results are from a 5-fold |ma_ges in (_)urstudy, '_t er|dS anoverall classi <_:at|on raft®.830.
cross-validation experiment. m, number of images in the dataset. While the interpretation of responses from higher-layer teat
remains problematic and is a matter of ongoing reseavthilér
. . . o and Fergus, 2014; Yosinski et al., 201ist-layer features, such
This means that, while variances of features are distiadtvart g : 0 Y ;

as those analyzed in the present work, are more accessible to

nthe rstand the thir nvolutional layer, th rel i ; . . ; '
on the rstand the third convolu onatlayer, they are 'lepesi ¢ %paly&s and interpretation. By interpreting what these fesgu
for artworks compared to other image categories on the secon - . >
measure, we can distill two main characteristics of artwork
and fourth layer. First, the mean overall variance of all lter responses in all
Figure 7 shows values foP,(22) and P;(12) for artworks ' P

. atches, as measured by featBgeis signi cantly lower for the
grouped by genre and subject matter, compared to non-artwork - : .

T ... artworks than for Buildings, Large Vistas, Objects and Urban
For P,, artworks show similar mean values and distributions

independent of subject matter or art genigigure 7 top). This Scenes, but comparable to that of Plant Patterns and Vegetatio

o : (Figure 7). We interpret P; as a measure for the degree of
similarity holds true also forimages of other cultural proaaces . . . T
. . L sparseness lter responses in an image and of their distribution
(Islamic and Chinese artworks). Featirg12), which is plotted . b A .
- . A —__inall image subregions. The value is high if, for any givercipat
in Figure 7bottom, shows more variable distributions for subject S .
. . “only one or a few of Iters respond, that is, if the histogram
matter and art genres. Neoclassicism, for example, shovghig . - .
) . of the patch contains only one or a few bins that reach high
values than other genres. Nevertheless, this feature iborgs . .
. o2 . values, while most other bins show low values. Hijhvalues
to the high classi cation accuracy because all genres abjésts

have higher values than the non-art categories Plant Rettend iirc;bsig:;edfc:? ér:;r?]efethiit ii:g heosnlﬁgfgﬁgtvs ;nlgr:agybﬁ}‘;hseklr
Vegetation, which are similar to art with regard to featuPg 9 ’ pie, 9 9 y

(Figure 7top). or Ia_rge objects with uniformly colored surfaces (for example
seeFigure 6B). Conversely, low values, as observed for artworks,
Plant Patterns, Vegetation and lichen growth patterns, ¢atg
4. DISCUSSION that a large number of Iters respond to a similar degree in each
patch. As a consequence, the variance between lter responses
The aim of the present study was to identify characteristicslecreases. Theoretically; approaches zero if all lters in all
of traditional artworks by focusing on the variances of CNNpatches are activated to the same degree. We therefore iaterpr
features. In the present study, we restrict our analysis torcol low P, values as an indication of thichnes®f Iter responses
images because the lters that we use were trained on col@cross an image.
images and, as a result, developed features for color pragessi  Second, our interpretation ¢% is that it measures the inverse
We chose to analyze variances (for a de nition, see Sectjon ?f self-similarityin an image because it represents the median
because we speculated that such measures could help usvariance of the responses of each Iter across all subregities
capture the distribution of color and luminance edges acauss here call this propertyariability. When speci ¢ features in an
image, which seems to be an important characteristic of alk&o image are very similar across all subregions, self-sirtyilesrhigh
(see Introduction). Our results show that features derifteain -~ and the median variance (or variability) is low. A |ldw thus
di erent layers are suitable to discriminate art from nontar indicates that a low number of subregions have lter respense
images (seEigure 4for a comparison), with lower-layer features that diverge from the other subregions. To con rm this retat,
having the highest discriminatory power. we also calculated self-similarity with the method proposgd b
We compared our classi cation performances to two di erent Brachmann and Redies (in presfor all images used in our
baselines. First, we nd that, for the rst convolutionaper, sets experiment. In this alternative method, self-similarity rsaees
of one, two, or three features are higher than for a classiote.  the degree to which features repeat themselves over thesentir
done on the raw pixel channelgldta in Figure 1). Second, image. Speci cally, image features are measured by perfgrmin
we determined the classi cation performances on the raw Itera max-pooling operation over the entire image, which we refer
responses on di erent layers of the AlexNet model and foundo as theground level Then, a feature vector is build that
that the performance is always above 9®ig(re 4). Keeping holds the maximum responses of all features. Subsequestly, a
in mind that, in these experiments, the dimensionality isersl described for the present method, the image is split into 64
of magnitudes higher than in our original experiment (29@40 equally sized subregions, for which the max-pooling operatio
dimensions vs. 1, 2, or 3 dimensions), our results can bis carried out as well. The resulting feature vectors aren the
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FIGURE 5 | The gure visualizes the space de ned by the two feat ures Pa(22) and P;(12), which were calculated on the rst convolutional layer . All four
panels show art categories (blue, yellow, and cyan), whiclofm a distinct cluster. On the top row, art categories are corpared to categories that show man-made
scenes, and on the bottom row, art is compared to natural scees and patterns. The left-hand side of the gure shows the ente space, while the right-hand side
magni es the central region of interest of the space. Categdes overlap only partly, which is re ected in the high classi ation accuracy that we obtain in our
experiment. The example images shown ifrigure 6 are marked by uppercase letters A, B, C, and D, the respectivealues are given iriTable 2.

compared to the ground-level responses in order to measure thabjects, buildings and urban scenes also result in high viditiab
similarity between the entire image and its parts. Comparingf Iter responses (highP;(12)), but their Iter responses are
featurePs (12) and the alternative self-similarity value for the rst more sparse overall (highy(22) values).

layer, we found a Spearman’s correlation coe cient 00.81, In conclusion, CNN Iter responses are relatively rich and
which corroborates the notion thd¥ (12) represents the inverse variable across the images of artworks. We speculate that the
of self-similarity (i.e., variability). richness of lter responses across visual artworks correspomd

Interestingly, images of artworks, plant patterns, vegetati the subjective impression that most artworks contain a viealt
and lichen growth patterns share similarly loM(22) values of pictorial structure. In other words, artists tend to Il mbs
(Figure 7), but they di er in their P;(12) values. Plant patterns, parts (here de ned by the grid we use for the calculation of the
vegetation and lichen growth patterns are both rich in Iter histograms) of their artworks with structure, such as luaite
responses (low,(22)) and show low variability (low’ (12); i.e., edges or di erent colors. Indeed, most of the artworks stddie
high self-similarity). Perceptually, this lack of varidtyiresults here display relatively few areas that are large, homogermous
in the subjective impression that similar pictorial elemefgg., blank (i.e., areas of higRy; for an exception, seEigure 8B).
blossoms, leaves or branches) are rather evenly distdlagess This nding distinguishes artworks from all of the other
the image (seé&igure 6A). Although artworks show a similar categories in our experiment, except for photographs of plant
richness of lter responses (lo#® (12)), their lter responses are patterns, vegetation and lichen growth patterfsgire 7). We
much more variable across the image (higRgf12)). Images of also found that the structural variability is high in artwkar
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TABLE 2 | Values of features Pa(22) and P (12) for the images shown in
Figures 2, 6, 8, 9.
Figures  Image Pa(22) (1e 4) P¢(12) (le 5)
2A Islamic art by Bashdan Qara 1.05 1.48
2A Chinese art by Yun Shouping 2.40 2.21
2A Western painting by J. DeArellano 0.93 1.26
2B Buildings 2.04 1.28
2B Urban scene 7.03 2.42
2B Objects 3.78 5.03
2B Large vista scene 2.98 1.87
2B Plant pattern 1.33 1.06
2B Vegetation 0.94 0.57
6A Plant pattern ( owers) 1.38 0.23
6B Large vista scene (lake) 9.73 0.24
6C Western painting by A. Mengs 1.42 3.35
6D Western painting by C. Monet 0.57 0.66
] ) 8A Plant pattern 1.24 1.35
e g e e P | e 36 12
(A,B) show non-art images, while(C,D) show artworks. The image of the plant 8C Large vista scene 1.02 1.02
pattern in (A) is rich in structure (lowP4(22)) but is highly self-similar with little 8D Western painting by P. Cezanne 0.98 0.75
variability across the image (lowP;(12)). The large vista scene iB) represents 9A Plant pattern (moss) 1.02 1.07
a highly homogeneogs ?ma'ge that lacks structure Iik'e edge'smd?ﬁerentlcolors 9A Plant pattern ( owers) 124 135
(highPa(22)). The painting if(C) (A. R. Mengs, 1769) is atypical in that it
contains large, relatively homogeneous regions (highs(12)), similar to objects. 9A Large vista scene (waterfall) 1.08 116
The painting in(D) (Monet, 1891) has a very rich structure (IoPa(22)) but it is 9A Large vista scene 1.41 1.78
not as self-similar (highePs(12)) as most images of plant patterns, vegetation 9A Vegetation (poppy owers) 0.99 1.10
or lichen growth patterns. SeeTable 2 for values ofP;(12) andPa(22). oA Vegetation (pond) 1.03 1.20
9A Vegetation (forest) 0.94 1.21
9A Large vista scene (river) 1.05 1.39
so that their structure does not become monotonous (as if* Large vista scene (rocks) 0.93 121
most plant patterns and vegetation). Possibly, this varigbii 8 Chinese art by Lang Shining 247 131
in combination with the richness of Iter responses—might 98 Western painting by H. Avercamp 255 133
contribute to what has been called “good Gestalt’ and “Visue?® Chinese art by Xu Yang 0.98 0.54
rightness” of artworks (see Introduction). Moreover, vaildy 98 Western painting by E. Manet 0.98 052
might sustain the observer's attention to the various dstai 98 Western painting by C. Monet 137 0.74
distributed over an artwork. Here, we call this model the®8 Western painting by H. LeSidaner 1.45 0.78
richness/variabi"ty model 9B Western painting by C. Monet 0.90 0.46
For an even better understanding of our mod€igure 8 9B Western painting by C. Hassam 122 0.64
shows examples of misclassied images. The variance valu&s Western painting by E. Boudin 1.93 0.98

for each image are listed iable 2 The left columns depicts

non-art images classi ed as art, and the right column shows

artworks misclassi ed as non-art images. While the images oin the artworks Redies et al., 20).7Both ndings imply that

the left side are easily recognized as regular photographks, tthe orientations of luminance gradients tend to be distribdit

images on the right side are easily recognized as paintifigssel’  uniformly across orientations in large subsets of artworksis

examples indicate that the classication is not simply basedesultis compatible with the present nding that Iter respoes,

on the recognition of painting technique, for example brush-which include features that respond to luminance edges of

stroke patterns. Rather, the distinction between artworkd a various orientations, are rich in images of artworks. Selcon

non-art images relates to image features, such as the warisin by comparing edge orientations pairwise across artworks, we

colors and edges over subregions of the image (see the leged@monstrated that edge orientations tend to be independént o

to Figure 8for further details). The most strongly misclassi ed each other across artwork®¢dies et al., 20).7At least for

images are shown iRigure 9. the CNN features that respond to luminance edges, we would
The present results can be compared to ndings from twotherefore predict that the Iter responses are not only valéab

previous studies, which focused on the distribution of luemice  but also distributed randomly across the artworks.

edge orientations in large subsets of traditional artworkisst, It should be stressed that the above ndings are restricted

anisotropy of luminance gradient orientations is lowRgdies to the sets of color images analyzed in the present study.

et al.,, 201pand rst-order entropy of edge orientations is high For monochrome artworks, the color components of the CNN
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FIGURE 7 | The plots show the two features

grouped according to subject matter (left section) and art gnre (middle section). FoP4(22), all subsets of artworks show a similar distributionegardless of genre
and subject matter, which are similar to the non-art categaes Plant Patterns, Vegetation and Lichen. The distributis for featureP¢(12) among categories of art are

more diverse compared toPa(22), but nevertheless distinctly different from Plant Pegrns, Vegetation and Lichen. The numbers in parenthesesdicate the number of

images in each dataset.
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but also to aesthetic stimuli of other sensory and cognitive
modalities, extending from the visual arts to music and even
mathematicslghizu and Zeki, 2011, 2013; Zeki et al., 2014

On the one hand, it has been argued that such brain responses
provide a universal neural basis for aesthetic experiereéi(
2013. Indeed, a multiregional representation of aesthetic
experience is suggested by the three pillars on which mosentirr
models of aesthetic experience are based: cognition, perneptio
and emotion (eder et al., 2004; Chatterjee and Vartanian, 2014
Moreover, there is a signi cant overlap between brain region
that are involved in aesthetic experience and neural meachnani
of reward (shizu and Zeki, 200)] moral judgementZaidel and
Nadal, 201).and introspection {essel et al., 20},3ll of which
are mediated by speci ¢ networks in the human brain.

On the other hand, the present and previous results suggest
that the physical structure of large subsets of visual att&aray
follow relatively basic physical principles (see Introducjidhis
therefore possible that basic mechanisms of aesthetic pescepti
FIGURE 8 | Examples of non-art images misclassi ed as art (A,C)  and may already be implemented in lower cortical visual areas.
artimages misclassi ed as non-art(B,D). Both the photographs of owers However, most of the statistical image properties that hawenbe
EA)_a“d the large vista scene(C) have Va”a:gefSchtLer:;lf’fss S:Tgicejna”gi:t‘:rof) associated with aesthetic stimuli to date re ect globalistiaal
V)\//’.);\(;Iélcfr?;saeng))rizsﬁr;rtsgi:glaf%? a';tl\rnf;r-:—(?suii its homogeneit{l of the skF))/ and th !mage PrOpe.rtleS that are !Ikely to be based on lpng-dIStance
ground. The artwork “The Bathers” painted by P. CezanngD) is untypically interactions in the human visual system. For the primary aisu
self-similar for an artwork. SeeTable 2 for values ofP;(12) andP(22) for each cortex, very long-range interactions that extend beyoneé th
image. surround of the classical receptive eld (“association "eldield
et al., 199Bare not well established. We therefore speculated
(Redies, 2015; Redies et al., Jthat aesthetic perception may
lters will not be as responsive and the model may requirebe mediated at visual cortical areas beyond the primary Visua
modi cations. Moreover, the richness/variability modelrcae  cortex, where contextual processing becomes more prominent,
expected to fail for many (post-)modern and contemporaryfor example, in scene-sensitive brain regions.
artworks. For example, the monochrome paintings by Yves Klein  Fundamental to visual aesthetics is that artworks can be
(e.g.,Untitled Blue MonochromfKB 82], 1959) or the simple created in many dierent styles and in almost any visual
geometrical artworks by Kasimir Malevich (e.Black Square modality. Therefore, the various types of visual artworke ar
1915) are neither rich nor variable in their visual struauin likely to stimulate visual channels di erentially. Example ar
future studies, it will be of interest to investigate the diedces monochrome graphic artworks (presumably addressing the
between traditional art styles, which were analyzed in theg@mée  luminance channel), Impressionist paintings (color channet),
study, and (post-)modern artworks in more detail. artistic videos (movement channel). It is therefore comable

Last but not least, the richness/variability model is gaher that aesthetic experience is based on a neural mechanism that
enough to be applied to aesthetic stimuli in other sensory ofs implemented in most, if not all, visual channelRedies,
cognitive modalities, such as musiBr@ttico et al., 200)7or 2019, rather than by a mechanism that is found in only
literature. Prerequisite for such an application would be & seone of a few higher cortical brain regions. The detection of
of physiologically plausible lters that can be used to extracrichness and variability of sensory information, which isth
perceptually meaningful structural information from therstili,  focus of the present work, might be such a general neural
and computer-based algorithms to calculate (i) the overalinechanism. The same (or a similar) mechanism might be
variance of all Iter responses across the subparts of thewitim implemented also in other sensory systems, the motor system or
(similar to P, in Equation 1), and (ii) the mean variance of eachin cognitive neural circuits (see above). Consequentlgegms
Iter response across the subparts (similaRoin Equation 5). reasonable to postulate the existence of a general mechanism

. . of aesthetic processing that is present in multiple sensory
4.2. Possible Underlying Neural and cognitive channels, as proposed previously for the visual
Mechanisms domain (“beauty-responsive mechanisn¥edies, 2005If this
Converging evidence from neuroimaging studies suggests thmechanism is activated, it may then interact with neurataits
multiple brain regions are involved in aesthetic experiencethat process more speci ¢ emotional and cognitive aspects of
Examples are the orbitofrontal cortex, the cingulate cartee  aesthetic experience, including cultural, contextual afividual
insula, the nucleus accumbens and the caudate nucusv  factors, which all contribute to aesthetic experiendeder
et al.,, 2011; Cela-Conde et al., 2011; Vartanian and Ska¥).20 et al., 2004; Zeki, 2013; Chatterjee and Vartanian, 2014e&ed
Some of these brain regions respond not only to visual arteork2015.
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FIGURE 9 | The most strongly misclassi ed images, based on their distance to the decision boundary of the SVM classi er. The top half of the gure
shows non-art images misclassi ed as artworks, the bottom hdf shows artworks misclassi ed as non-art images. ThePa(22) andP;(12) values of each image are
listed inTable 2.
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5. CONCLUSION aesthetic quality of artworks may be re ected in simple statigt
properties. Many current e orts in computational aesthetics,
Motivated by a search to nd statistical image properties thaparticularly those that use large sets of image featuresfes in
are special for artworks, we present a relatively simple dlgori  gesthetic ratingsL(U et al., 2015; Kao et al., 2Q]1dack this
that allows distinguishing artworks from other categories interpretability. While mimicking aesthetic judgment byatning
images. In order to capture loosely de ned concepts, such ag deep network might provide useful insights, we here model
visual rightness and good composition, we focused on vaeginCthe structure of artworks based solely on the activationoof-|

of CNN features in our analysis. We chose to focus on ltergeve| features, which are known to work well for a variety
that were obtained by training CNNs on millions of imagesof inputs. This approach might help to understand activation

because these features are good models of human vision fgtterns and their relation to aesthetic perception and itsraéu
two reasons. First, the low-level CNN Iters encode an imagnderpinnings.

by using oriented luminance edges and color in form of

opponent-color contrasts, similar to the human visual systema JTHOR CONTRIBUTIONS

Second, higher CNN layers capture more abstract image conten

by combining low-layer features. Using a simple classi@ati AB and CR designed the study. AB wrote the code, carried out
scheme, we identi ed two main properties in our analysis thatihe experiments and analyzed the data. AB and CR wrote the

in combination, make artworks special. First, artworks tendnanuscript. EB contributed to the conception of the study and
to be lled with structure over the entire imagérichness) helped draft the manuscript.

which separates them from almost all image categories in our

analysis, except for some natural patterns. Second, artworRsUNDING

show morevariability of the features across the image than

the natural patterns, such as plant patterns and vegetatiofhis work was supported by institutional funds provided by the

Finding these systematic variances helps us to understand hdnstitute of Anatomy, University of Jena School of Medicine.
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