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Abstract

Visual complexity identifies the level of intricacy and de-
tails in an image or the level of difficulty to describe the
image. It is an important concept in a variety of areas
such as cognitive psychology, computer vision and visu-
alization, and advertisement. Yet, efforts to create large,
downloadable image datasets with diverse content and un-
biased groundtruthing are lacking. In this work, we in-
troduce SAVOIAS a visual complexity dataset that compro-
mises of more than 1,400 images from seven image cate-
gories relevant to the above research areas, namely Scenes,
Advertisements, Visualization and infographics, Objects,
Interior design, Art, and Suprematism. The images in each
category portray diverse characteristics including various
low-level and high-level features, objects, backgrounds, tex-
tures and patterns, text, and graphics. The ground truth for
SAVOIAS is obtained by crowdsourcing more than 37,000
pairwise comparisons of images using the forced-choice
methodology and with more than 1,600 contributors. The
resulting relative scores are then converted to absolute vi-
sual complexity scores using the Bradley-Terry method and
matrix completion. When applying five state-of-the-art al-
gorithms to analyze the visual complexity of the images in
the SAVOIAS dataset, we found that the scores obtained
from these baseline tools only correlate well with crowd-
sourced labels for abstract patterns in the Suprematism cat-
egory (Pearson correlation r=0.84). For the other cate-
gories, in particular, the objects and advertisement cate-
gories, low correlation coefficients were revealed (r=0.3
and 0.56, respectively). These findings suggest that (1)
state-of-the-art approaches are mostly insufficient and (2)
SAVOIAS enables category-specific method development,
which is likely to improve the impact of visual complexity
analysis on specific application areas, including computer
vision.

Figure 1: Sample images of the Art category of SAVOIAS
(styles Suprematism, Socialist Realism, Biedermeier, and Cubo-
futurism [47]) shown in increasing order of ground-truth visual
complexity scores (10, 55, 71, and 83 out of 100).

1. Introduction

Visual complexity is a broad concept with decades of ba-
sic and applied research in a variety of areas such as psy-
chophysics and cognitive psychology, product design, mar-
keting, and computing. Various definitions can be found in
the literature. One definition relates visual complexity to
the level of intricacy and details in an image or the level of
difficulty to describe an image [24] [45], which can be mea-
sured by extracting features from the image [8]. Another
definition of visual complexity is based on the level of vi-
sual clutter and the amount of information conveyed in the
image, which makes the study of visual complexity related
to image compression and information theory [43].

Analysis of visual complexity facilitates assessment of
how a human observer may perceive the image, for exam-
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ple, its aesthetic appeal, and how the observer may inter-
act with it. It has applications in a variety of research and
technology fields. Computer vision, graphics, art, interior
design, Web design, marketing and advertising are a few
examples of the fields that can benefit from the analysis
and computation of visual complexity. Visual complexity
is connected to a variety of problems in the computer vi-
sion field. Visually complex images would need more so-
phisticated algorithms to perform visual search in the im-
age or create a caption for it [32]. It is more challenging
to detect or segment objects in an occluded scene where
the object might be partially masked. Moreover, a visual
question answering algorithm could benefit from analysis
of the complexity of image regions — a visually complex re-
gion is likely to need more algorithm-generated questions
and answers. In addition to computer vision problems, un-
derstanding visual complexity of images is beneficial in the
context of computer graphics. For example, the more com-
plex a 3D scene is, the more time would take for an algo-
rithm to render it [41].

Visual complexity is a dominant factor in determining
the pleasingness of a stimulus and is known to be related
to aesthetic preference for artistic works [19]. In “optimal
arousal theory,” it is shown that the relation between visual
complexity and preference follows an inverted U-curve in
which images with intermediate level of visual complexity
are most appealing [2]. In addition, it has been studied that
the perception of appeal from a Web design has connection
with the visual complexity of the Website [42]], and thus un-
derstanding visual complexity can lead to a better subjective
experience for users [31]]. Furthermore, advertisement is the
first step in eventually persuading consumers to adopt the
brand; therefore, advertisers are always looking for ways
to motivate consumer engagement with their work. Visual
complexity, as one of the forms of complexity in an adver-
tisement can increase arousal by increasing the cognitive
demands in the customer [23]).

For quantifying the visual complexity, various factors
should be taken into account. The number of objects, color-
fulness, edge density, luminance, patterns, and mirror sym-
metry are some of the examples. However, depending on
the type of image, e.g., abstract patterns versus real-world
scenes, the contribution of these factors are different. Due
to the wide range of applications for the analysis of visual
complexity, the study of visual complexity requires ade-
quate amount of data for different types of images. In addi-
tion, the visual complexity ground truth for the data should
be obtained in consistent set of experiments to facilitate the
development of new objective algorithms for the analysis of
visual complexity.

Studies of visual complexity has a long history in the

literature [2, 3| 10l [16] and in the past few years, vari-
ous datasets have been developed [10, [14, 21} 36]]. These

datasets, however, are insufficient for the applications men-
tioned above. They are either very small or lack diversity
(both number and type of categories, as well as diversity of
image content and appearance within each category). In ad-
dition, the methodology to obtain the ground truth for these
datasets is not consistent.

In this paper, we make three contributions to the study of
visual complexity in images:

1. We introduce SAVOIAS, a dataset for the analysis of
visual complexity. SAVOIAS covers a variety of top-
ics and provides a sufficient number of images per
topic, therefore improving diversity and scale of pub-
licly available datasets. Specifically, SAVOIAS consists
of seven diverse categories and a total of 1,420 images.
SAVOIAS is an acronym for Scenes, Advertisement,
Visualization and infographics, Objects, Interior de-
sign, Art, and Suprematism (a category of art).

2. In order to minimize the potential bias from individual
ground-truth contributors and limited rating scales, we
obtained the ground-truth labels using a forced-choice
crowdsourcing methodology on a [0,100] rating scale.
Labels were obtained from 1,687 contributors on more
than 37,000 pairs of images. The pairwise scores were
then converted to absolute scores using the Bradley-
Terry algorithm and matrix completion.

3. We explore the applicability of five state-of-the-art
algorithms on the different categories of our dataset
and report the gap between their performance and the
ground truth. Our results highlight the need for the de-
velopment of new, potentially category-specific tech-
niques.

2. Related Work

Visual complexity has been previously studied exten-
sively in the literature of psychophysics, cognitive science,
and more recently in computer vision. While the temporal
dimension of complexity is also an interesting topic of re-
search [7, 133} [38]]; in this work, we focus on the spatial di-
mension of visual complexity and algorithmic approaches
to quantify it.

Applications of Visual Complexity. Existence of a lin-
ear relation between visual complexity and aesthetic beauty
has been previously stated in the literature |16} 42]. Jacob-
sen and Hofel [28] argued that symmetry and visual com-
plexity are two predictors for aesthetic judgment of beauty.
Birkhoff came up with the formula M = O=C, where M
refers to aesthetic measurement, O refers to aesthetic order,
and C refers to complexity. Based on his formula, beauty
decreases with increase in complexity [3].

Furthermore, studies show that in hedonic shopping ex-
periences, the higher perceived complexity of mall inte-
riors yields a higher satisfaction score while in utilitarian



Ground-truth Vis. Comp.| Open
Reference # Images Application Category Process scale Source
Gartuset al. [20] 912| Black and white8 8 abstract patterns 1-step 5-point Shared
Nadalet al. [36] 120| Abstract & representational (artistic & non-artistic)-step 3-point No
Olivia et al. [37] 100| Indoor scenes 3-step 8-point No
Miniukovich et al.[35] 140| Webpage 1-step 5-point No
Fanet al. [17] 40| Chinese ink painting (abstract and representatigriabtep 7-point No
Schnuret al. [44] 9| Web maps 1-step 5-point No
Corchet al.[14] 98| Real-world scenes 1-step [0-100] Yes
Corchet al.[14] 122| Textures 1-step [0-100] Shared
ours 1,420 Scepes, ad_vertisement, visua}lizations, objects, Pairwism_a [0-100] Yes
interior design, art, Suprematism comparison

Table 1:The datasets previously used in visual complexity studies, as well as our proposed dataset. A “1-step” groundtruthing process
means that the users were asked to directly rate the visual complexity of a single image; “Shared” means the dataset may be shared with
other researchers upon request.

shopping experiences, people prefer lower visual complex-objects, clutter, openness, symmetry, organization, and va-
ity [23]. For online shopping, the perceived visual com- riety of colors [37]. In addition, ve factors encapsulat-
plexity has been shown to negatively in uence individuals ing visual complexity for web design and GUI applica-
satisfaction[[45]. tions are proposed [35]. Similarly, Faat al. expanded

Visual impression of advertisement images plays a cru- this approach to Chinese ink paintings by introducing three
cial role in engaging visitors. These rstimpressions further New features, namely color richness, stroke thickness, and
affect the mid- and long-term human behavior. Pietdrs White spaces [17]. Furthermore, in a more recent study, lin-
al. [39] have considered two different types of complex- €ar combination of multiple features such as edge density,
ity for ads: feature complexity (depends on the visual fea- COmpression ratio, and number of objects was proposed.
tures), and design complexity (depends on the creative de-The images used in their experiments consists of real-world
sign) both of which indicate perceptual complexity. They Sceneimages and textures. They obtained ground truth on a
argued that feature complexity hurts attention to the brand,scale in the range of 0 to 100.
whereas design complexity can improve the consumer's at-  Visual complexity can also be approximated using
tention. algorithmic information theory and compression algo-

Algorithms. In one of the early works on visual com- rithms [43]. In this case, the visual complexity is de ned as
plexity, Chipmanet al. explained the importance of two the resulting le size when a compression algorithm such
factors in the analysis of visual complexity, specically, as JPEG or ZIP is applied on the given image. The stim-
quantitative factor (related to amount of elements) which uli used in these experiments were geographical maps and
has positive correlation with visual complexity and struc- Synthetic images of objects in sparse arrangements. In an-
tural element ( determined by different forms of structural other study, visual complexity of three different online map
organization, but mostly by symmetry) which has negative providers (Google Maps, Bing Maps, and OpenStreetMaps)
correlation with visual complexity [10, 11]. In a similar ap- Was explored with the objective of better understanding de-
proach, a more recent study explored the impact of thesesign decisions for Web maps. Their results implied that clut-
two factors on the visual complexity of more complex ab- ter, measured by feature congestion [43], is more important
stract patterns [20, 21]. in perceived complexity than diversity of symbology [44].

The applicability of this method was further demon- The characteristics of the datasets mentioned in this
strated by Nadagt al. on four categories: abstract artistic, section are summarized in Table 1. It shows differ-
abstract non-artistic, representational artistic, and represenences in scales and image collection methods, as well as
tational non-artistic. The images used in their experiment groundtruthing methodologies, and reveals that the diver-
contained 120 stimuli equally divided into three complexity sity and number of samples in these datasets are inadequate
levels: low, intermediate, and high [36]. for extensive analysis of visual complexity. It is also worth

Oliva et al. studied the impact of task constraint on rep- noti_ng that not all the datasets mentioned above are publicly
resentation of visual complexity by creating a visual com- available or shared among researchers.
plexity dataset of 100 indoor images. They argued that al- SAvoOIAS, is introduced to address the lack of an appro-
though the contribution of the perceptual dimensions are priate dataset. It is a new dataset consisting of seven diverse
affected by task constraints, visual complexity can still be categories and more than 1,400 sample images. In order
represented by perceptual dimensions such as quantity ofo obtain ground truth for our dataset, instead of asking the



participants to rate the visual complexity of an image on bathroom. Interior designers may want to understand how
a continuous scale, we incorporated a pairwise comparisorto design appealing interior spaces.
between images to avoid any bias in the rating scale. The Visualization and Infographics: 200 images from the
pairwise methodology also provides a more ne-grained MASSVIS dataset [4]. Visualization and infographics con-
range of scores compared to the common 3, 5, or 7-scalesists of charts, graphs, texts, and tables. Understanding the
ratings used in the aforementioned datasets. impact of each of these elements as well as their composi-
tion, thus, understanding the cognitive and perceptual pro-
cessing of a visualization, can greatly in uence the memo-
Our dataset is the largest and most diverse open-sourcéability, recognition, and comprehension of these designs.
visual complexity dataset with 1,420 images in seven cate- Art: 420 Artistic images from the PeopleArt
gories. In this section, we will rstexplain the image collec- dataset [47]. This category consists of 10 images from each
tion process and the different categories that we have use®f the 42 categories of art styles and movements including
in our dataset. Next, we will discuss the data annotation Naturalism, Cubism, Socialist Realism, Impressionism,

3. Dataset Description

using the Figure-Eight, a crowdsourcing platform. and Suprematism. Since the aesthetic beauty of an artistic
_ image is directly inuenced by the level of its visual
3.1. Image Collection complexity [16, 42], understanding the visual complexity

In our dataset, we have used images from seven diverseOf an artlsth image can de nitely help the artists to create
ore engaging artworks.

categories. Examples from each category in the increasingfn Suprematism 100 images from the Suprematism cate-

order of visual complexity are shown in Figure 2. Despite . ; .
the connection between the problem of visual complexity gory in the PeopleArt dataset for the analysis of geometric
abstract art. The Suprematism category conveys various ge-

and other problems in computer vision, there exists a gap tric sh d obiects in abstract f This cat
between these topics. To overcome this gap, we have col-OMElrNc shapes and objects in abstract form. 1his category

lected images from commonly-used datasets with the fol- enables studying the impact of various shapes, geometric
lowing categories: objects, and composition on the perception of visual com-

Advertisement 200 images from the Advertisement plexity.
data;et [26]: Visual impression of .advertisement' plays a3 2 Dataset Groundtruthing
crucial role in economical competitions [40]. This cate-
gory is selected in order to give ad designers insight into 3.2.1 Pairwise Comparison Algorithm
what factors impact the perceived complexity of an adver- In order to obtain absolute ranking scores for an attribute
tisement. Examples of factors that contribute to visual com- of an image, in our case, visual complexity, one approach
plexity of an ad are amount of text, size of text, importance would be to ask users to assign a score to each image, where
of brand logo, and number and composition of various el- the score represents the ranking of the image relative to all
ements. The images in this category include both adver-other images. However, it has been shown that most peo-
tisements for products, and ads that campaign for/againsple can only evaluate 5 to 9 options at a time. In addition,
something, e.g. for preserving the environment. bias in the rating scale is a common problem in this type of

Objects: 200 images from the MSCOCO dataset [32]. groundtruthing [34].

The purpose of this category is to understand how human The use of pairwise comparison and conversion of the
perceives visual complexity of various objects and combi- pairwise ranking to global ranking is a better alterna-
nation of objects. The number of objects is one of the lead- tive [1, 15, 29]. Pairwise comparison is a relative measure
ing factors contributing to the visual complexity of an im- that helps reduce bias from the rating scale. It is also invari-
age. This category can help researchers study the impact oant under monotone transformation of the rating values and
characteristics of objects as well as the number of objectsdepends only on the degree of relative difference between
and their interaction with each other on visual complexity. one option over the other in the pair [22].

Scene 200 images from the Places 2 dataset [48]. The Note that, for example, for a set aof =200 images, in-
purpose of this category is to understand how humans per<luding all of the pairs would result ir{; =19;900com-
ceive visual complexity of various scenes. It may facilitate parisons.
the study of the roles of the image foreground and back- However, it is shown that for the pairwise comparisons,
ground in visual complexity analysis. not all of the pairs are required in order to get the nal global

Interior Design: We have collected 100 interior de- ranking, and information about a percentage of the pairs,
sign images from the IKEA website [27]. This category 5>, is adequate [9].
is speci cally selected to provide insight into how humans In many practical applications with partially observed
perceive the visual complexity of indoor spaces at home measurements or budget constraints (e.g. PIB-PET scan for
such as bedroom, living room, dining room, kitchen, and Alzheimer's disease detection), it is possible to use ma-



Visualization Advertisement Scenes

Objects

Interior Design

Art

Suprematism

Table 2:Sample images of theASoiAs dataset with increased visual complexity from left to right in each row.
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