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ABSTRACT

In the last decade, there has been an increasing interest in the employment of machine learning
methods in computer vision applications. The most popular applications range across several
different areas from object classi�cation to biomedical imaging. Among all areas, the quality
assessment area has attracted some attention due to its applications in digital image editing, search
engine, and network optimization. Several works have highlighted the potentials of employing no-
reference image quality assessment methods, but most of them only consider the image attributes
and often ignore their aesthetic quality. The aesthetic quality of an image is an important factor
that drives the observers interests and plays a key role in visual communication. In this work,
we analyze previous studies that tried to quantify aesthetic quality by using hand-designed image
descriptors and machine-learning methods, more speci�cally the deep learning method. We also
discuss the dif�culties and most important factors when developing aesthetic assessment systems.
Later on, we propose a method that takes into account the image content to choose the most suited
deep learning architecture. We discuss the implications and results of this novel approach and how
they can be further improved. Finally, we present some ideas that can help other researchers make
sense of the features learned by convolutional networks.

Keywords: Digital Image Processing, Convolutional Neural Network, Aesthetic Quality Assess-
ment, Content-based Methods, Computer Vision, Machine Learning, Deep Learning



RESUMO

Na última década, a propagação de métodos de aprendizado de máquina despertou o interesse de
pesquisadoras em investigar suas aplicações no campo de visão computacional. As implemen-
tações mais populares abrangem diversas áreas de estudo, de classi�cação de objetos até imagens
biomédicas. Dentro destas áreas o estudo de qualidade de imagens atraiu muita atenção devido
as suas aplicações em edição digital de imagens, otimização de motores de busca e otimização
de redes de computadores. Diversos trabalhos destacaram o potencial de sistemas classi�cadores
de imagens sem referência, contudo a maioria destes trabalhos se concentraram nos atributos
de qualidade da imagem e descosideraram a sua estética. A estética é um atributo importante
que provoca o interesse de uma observadora e tem um papel importante na comunicação visual.
Neste trabalho, nós analisamos diversos estudos que desenvolveram métodos para quanti�car a
qualidade estética de uma imagem, tais métodos abrangem desde descritores desenvolvidos à
mão quanto descritores desenvolvidos utilizando aprendizado de máquina, mais especi�camente
aprendizado profundo. Nós discutimos também as di�culdades e os fatores mais importantes
que devem ser levados em conta no desenvolvimento de sistemas de classi�cação estética. Em
seguida, nós apresentamos um método que leva em consideração o conteúdo de uma imagem
na escolha de uma arquitetura de rede. Nós discutimos as implicações e resultados deste novo
método e como é possível aprimorar ainda mais estes resultados. Por �m, nós apresentamos al-
gumas idéias que podem lançar uma luz sobre os atributos que redes convolucionais aprendem
durante o processo de treinamento.

Palavras-Chave:Processamento Digital de Imagens, Redes Neurais Convolucionais, Avaliação
Estética, Conteúdo de Imagem, Visão computacional, Apredizado de Máquina, Aprendizado Pro-
fundo
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1 INTRODUCTION

1.1 THE STUDY OF BEAUTY

For millennia, philosophers, researchers and artists have debated about the concepts of beauty
and where it emerges from. From architecture to painting some concepts have been shared among
many distinct areas, but with common goals of provoking reactions on viewers. Common ques-
tions about aesthetics are: “Beauty is in the person or in the object?” and “Does the aesthetic
response varies over time and across people?”

The study of aesthetic allows researchers to solve problems on visual ugliness and make design
choices more appealing. This is important because the aesthetic of places, objects, and images are
often correlated with the user's overall evaluation of such places, objects and images. In order to
achieve these aesthetic goals, common techniques are employed throughout the different �elds,
such as rule of thirds, symmetry, and the golden ratio. In architecture, we can see these rules
being applied in the design of buildings and places, to create more pleasing spaces like the ones
depicted in Figure 1.1.

In image, and more speci�cally photography, there are some common aesthetic rules that are
similar to the rules used in other �elds, but in photography some rules are more relevant than
others. In photography, concepts like break of symmetry, leading lines, and rule of thirds are well
known compositional elements that are known to attract the observer's attention and make the
image more pleasing and interesting. Figure 1.2 [1] depicts how the elements in a picture can be
positioned in order to highlight elements of interest. These elements are far from being the only
important aesthetic rules. It has been observed that, for different types of photographic styles and
different image content, some rules are more relevant than others. For example, in portraits it is
common to use a low depth-of-�eld or contrasting colors to highlight natural elements and make
the image more appealing.

This difference between the effect of contents in the perception of beauty will be further

Figure 1.1: From left to right, we can observe classical examples of aesthetic rules in the shapes of buildings. Such
choices are common but not necessarily strict.

1



Figure 1.2: Some common techniques among professional and amateur photographers are compositional, such as the
use of shapes, rule of thirds, leading lines and break of symmetry. [1]

explored in this work, along with other concepts that might in�uence how images are evaluated
and how we can use computer vision techniques to assess the aesthetic quality of an image.

1.2 IMAGE QUALITY AESTHETIC ASSESSMENT

The evaluation of the aesthetic quality of an image is a problem that puzzles researchers of many
areas. Aesthetic can be broadly de�ned as the branch of philosophy that deals with beauty. It
can be analyzed in many different knowledge areas, such as painting, writing, music, and so
forth. The present work analyzes the aesthetic in photos, more precisely, it will examine how a
computer might be able to perceive the aesthetic value of an image.

The assessment of an image aesthetic quality value is affected by different elements. Certain
well established photographic rules are known to in�uence the perception of an image, like for
example the rule of thirds, the golden ration, the image composition, the lighting, the contrast, the
color harmony, and the depth of �eld [3, 4]. Such photographic rules are actively employed by
professionals as ground rules that help to improve the appraisal of their work. However, the in�u-
ence of these rules photographic rules onto the image perception is not entirely comprehended.

Many studies have tried to understand the psychological impact of visual aesthetics on human
observers [5–16]. In one hand, the signals produced by the light hitting the cornea are processed
in a similar way by the observer's brain, despite their cultural background. On the other hand, a

2
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