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Abstract: Background: In recent years, computational aesthetics and neuroaesthetics have provided novel 

insights into understanding beauty. Building upon the findings of traditional aesthetics, this study aims to 

combine these two research methods to explore an interdisciplinary approach to studying aesthetics; Method: 

Abstract artworks were used as experimental materials. Based on traditional aesthetics and in combination, 

features of composition, tone, and texture were selected. Computational aesthetic methods were then 

employed to correspond these features to physical quantities: blank space, gray histogram, GLCM, LBP, and 

Gabor filters. An EEG experiment was carried out, in which participants conducted aesthetic evaluations of the 

experimental materials in different contexts (genuine, fake), and their EEG data was recorded to analyze the 

impact of various feature classes in the aesthetic evaluation process. Finally, a SVM was utilized to model the 

feature data, EEG data, context data, and subjective aesthetic evaluation data; Result: Behavioral data revealed 

that higher aesthetic ratings in the genuine context. EEG data indicated that genuine contexts elicited more 

negative deflections in the prefrontal lobes between 200-1000ms. Class II compositions demonstrated more 

positive deflections in the parietal lobes at 50-120ms, while Class I tones evoked more positive amplitudes in 

the occipital lobes at 200-300ms. Gabor features showed significant variations in the parieto-occipital area at an 

early stage. Class II LBP elicited a prefrontal negative wave with a larger amplitude. The results of the SVM 

models indicated that the model incorporating aesthetic subject and context data (ACC=0.76866) outperforms the 

model using only parameters of the aesthetic object (ACC=0.68657); Conclusion: A positive context tends to provide 

participants with a more positive aesthetic experience, but abstract artworks may not respond to this positivity. 

During aesthetic evaluation, the ERP data activated by different features show a trend from global to local. The SVM 

model based on multimodal data fusion effectively predicts aesthetics, further demonstrating the feasibility of the 

combined research approach of computational aesthetics and neuroaesthetics. 

Keywords: aesthetics; computational aesthetics; neuroaesthetics; EEG; ERP; support vector machine 

 

1. Introduction 

Since ancient times, human beings have been in pursuit of the essence of aesthetics. Alexander 

Gottlieb Baumgarten emphasized the subjectivity and individualization of the aesthetic experience, 

and he believed that the aesthetic feeling is the core of aesthetics, which refers to the direct experience 

and perception of beauty by human beings [1]. Aesthetics research encompasses a wide range of 

disciplines, including art, philosophy, and cultural studies. With the advancement of psychology, 

there has been a burgeoning interest in studying the brain's activities during the appreciation of art 

and the experience of beauty, with the goal of unraveling the neural mechanisms underlying aesthetic 

experience. Zeki first put forward the concept of neuroesthetics in the 1990s, with the aim of 

explaining and understanding the neural level of aesthetic experience through neural science [2]. 

Leder et al. [3,4] hold the belief that aesthetic experience is a dynamic process, encompassing the 

initial perceptual perception of sensory features such as color, shape, and texture, the understanding, 
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interpretation, and evaluation of artworks, and the interaction and dynamic changes of emotions 

throughout the aesthetic process.  

Research has indicated that there are certain commonalities in human visual cognitive 

mechanisms. For instance, stimulus symmetry may give rise to selective attention towards the overall 

characteristics of visual stimuli and facilitate higher-level cognitive processing in infants [5]. In the 

case of adults, a strong positive correlation is exhibited between symmetry judgment and aesthetic 

evaluation [6]. Certainly, it is not to imply that what is symmetrical is necessarily beautiful [7]. 

However, this inherent condition will, to a certain extent, affect people's aesthetic cognition. 

Additionally, acquired learning and the accumulation of experience will also have an impact on 

aesthetics. Untrained viewers tend to focus more on individual objects rather than the relationships 

between graphic elements in paintings. Trained viewers are capable of suppressing the natural 

inclination to concentrate on the subject and can detect patterns and relationships among 

compositional elements [8]. Zeki classified aesthetic experiences into two categories: biological 

beauty, which is determined by innate brain concepts that remain unchanged even with experience, 

and artificial beauty, which is determined by acquired concepts [9]. Aside from aesthetic experiences 

derived from sensory sources, factors like the environmental context of aesthetics can also have an 

impact on people's aesthetic perception. Research has indicated that the aesthetic scores assigned by 

subjects who viewed stimuli in a "gallery" setting were notably higher compared to those of subjects 

who viewed the stimuli in a "computer" environment [10]. Artworks displayed in museums tend to 

be more popular than those exhibited in laboratories [11].  

It is commonly accepted that beauty is subjective and there is no absolute standard. Nevertheless, 

previous research has demonstrated that when experiencing beautiful works, different observers 

tend to share certain similarities, and they show a preference for works with specific characteristics. 

George David Birkhoff put forth an attempt to quantify aesthetics: 𝑀 = 𝑂𝑟𝑑𝑒𝑟 𝐶𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦⁄ [12]. The 

two physical quantities of complexity, and order(entropy) can be linked to traditional beauty 

concepts in art history. Liu et al. [13] introduced the concept of "Engineering Aesthetics," which 

integrates the aesthetic dimension into ergonomics. The objective is to employ engineering and 

scientific approaches to investigate aesthetics and incorporate these methods into the aesthetic design 

and evaluation process. In such instances, methods of statistical physics and network science can be 

used to quantify and to better understand what it is that evokes that pleasant feeling [14]. In 2005, at 

the international academic conference on Computational Aesthetics in Graphics, Visualization, and 

Imaging of the Eurographics Association, Computational Aesthetics was initially put forward. 

Computational Aesthetics is the research of computational methods that can make applicable 

aesthetic decisions in a similar fashion as humans can） [15]. The advantage of Computational 

Aesthetics lies in its ability to quantify various abstract aesthetic features, such as style, texture 

features, and so on [16]. By investigating the connection between these features and beauty, 

researchers are able to undertake tasks such as classification learning through the utilization of 

modelling techniques like Convolutional Neural Networks (CNN), Support Vector Machines (SVM), 

and Back Propagation (BP) neural networks [17–19]. In addition to quantifying the aesthetic object, 

researchers have also started to incorporate more factors as the aesthetic subject. This includes 

combining visual and text data for quantification [20] , analyzing the emotions in paintings [21], and 

optimizing the model by integrating eye movement data , and optimizing the model by integrating 

eye movement data [22]. 

It can be observed that computational aesthetics excels at using mathematical methods to 

quantify the features of aesthetic objects. Subsequently, various mathematical techniques are 

employed to build models that simulate human aesthetic evaluations. Neuroaesthetics, on the other 

hand, primarily focuses on the study of the aesthetic subject. It employs psychological methods to 

investigate different aesthetic mechanisms and the impact of features, contexts, and other factors on 

aesthetics. This study proposes to integrate the research methods of computational aesthetics and 

neuroaesthetics to explore a comprehensive research approach. This approach involves delving into 

the internal relationships between features and aesthetics, as well as integrating and modeling the 

multimodal data of the aesthetic subject, aesthetic object, and aesthetic context. By leveraging the 
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strengths of computational aesthetics in feature extraction and the advantages of neuroaesthetics in 

cognitive research, we aim to develop a more holistic understanding of aesthetic evaluation. 

Representational paintings have been proved to have higher judgments on the perceptual 

dimensions of the semantic dimension of the Illusion of Reality [23]. Therefore, this study employed 

abstract artworks as experimental materials. The specific methods are as follows: 

First, based on traditional concepts in art history, computational aesthetics is used to analyze 

and quantify the physical quantities corresponding to different features. Previous research has 

indicated that in the process of human visual perception, global processing is completed before more 

local analysis, that is, the Global Precedence Hypothesis: People typically perceive global features 

first in the visual processing and then notice local details [24–27]. Love et al. [28] discovered via eye 

movement research that even when the local and global forms have equal conspicuity, there remains 

an advantage in the processing of the overall form. Of course, the global advantage also has 

individual differences. Expertise would affect saccade metrics, biasing them towards larger saccade 

amplitudes, artists adopted a more global scan path strategy when performing a task related to art 

expertise [29–31]. Global features encompass the arrangement and interrelationships of diverse visual 

elements within an artwork, and this overall relationship can be summarized as the composition of 

the picture [32,33]. Different compositions yield different visual effects. A good composition 

necessitates the rational allocation of subject space and negative space to achieve simplicity and 

balance. For instance, in traditional Chinese painting, a significant amount of blank space is 

frequently utilized to guide the viewer's attention, create dynamic visual balance, enhance the 

rhythm of the picture, and generate a simple and ethereal ambiance [34,35]. 

Within the realm of painting, photography, and other visual arts, tone is an additional crucial 

global feature. It indicates the lightness and darkness within the grayscale of an image. By 

manipulating the tone's lightness and darkness, contrast, and distribution, the overall style and 

emotional expression of the work can be influenced. Understanding and mastering the harmony of 

tone values and colors is of great significance for artists and photographers in capturing the beauty 

of nature. Furthermore, the tone value of an artwork can be influenced by the environment, and the 

same tone value work may also generate different aesthetic appraisals and viewing comforts under 

various lighting conditions [36–38]. 

Aside from the overall composition and tone, various detailed textures in artworks can also have 

an impact on aesthetics. While the texture in traditional art aesthetics and the texture in 

computational aesthetics both describe and analyze the structure and pattern of images, they differ 

significantly in terms of methods, applications, and evaluation criteria. The texture in traditional 

aesthetics places greater emphasis on subjective experience and artistic expression, whereas the 

texture in computational aesthetics emphasizes objective analysis and computational feature 

extraction. Computational aesthetics can correlate abstract artistic features with those that impact 

aesthetics in a quantitative manner, such as using the Gray Level Co-occurrence Matrix (GLCM) to 

identify the texture/surface quality in traditional aesthetics that reflects the visual and tactile 

sensations of the surface (smoothness, roughness, softness, hardness, etc.)[39], using the Local Binary 

Patterns (LBP) to quantify the details/intricacy in art works [40], and using Gabor filters to extract 

repetition and rhythm in the picture through frequency domain analysis[41], etc. 

This study adheres to the general principles of Global Precedence Hypothesis and quantifies the 

features of artworks from three aspects: composition, tone, and texture (both global and local). 

Second, based on the quantitative results, cluster analysis of the stimulus materials is performed, 

and the tagging method is used to classify the stimulus materials. 

Third, using the research method of neuroaesthetics, an electroencephalogram (EEG) 

experiment is conducted to analyze the influence of different classes of features in the process of 

aesthetic evaluation. 

Finally, by utilizing the research method of computational aesthetics, we fuse and model the 

multimodal data, incorporating the feature data of the stimulus materials (aesthetic object), the Event-

Related Potentials (ERP) data of the participants (aesthetic subject), and the aesthetic context data, to 

construct a machine learning model. By employing this interdisciplinary approach, we enhance our 
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understanding of the cognitive processes involved in the evaluation of different types of features and 

build machine learning models to simulate and predict human aesthetic preferences. 

2. Materials and Methods 

In this study, Visual Studio 2019 and the Open Source Computer Vision Library (OpenCV) are 

utilized to perform grayscale processing on artworks, followed by feature quantization. 

2.1. Features 

2.1.1. Composition 

In an artistic creation, a rational composition of the image can be attained by appropriately 

distributing the foreground, background, primary and secondary objects, etc. Some research has 

adopted the QuadTrees approach to quantify the blank space characteristics of images, and 

experiments have demonstrated that it is related to the complexity of the picture and will have an 

impact on the viewer's attention [42]. QuadTrees is a commonly used data structure for recursively 

subdividing a two-dimensional space into four quadrants or regions, thereby partitioning the two-

dimensional space. By dividing the region into four equal quadrants, sub-quadrants, and so on to 

represent the division of the two-dimensional space, each leaf node contains data corresponding to a 

specific sub-region [43]. Based on the characteristics of abstract artworks, this study quantifies the 

blank space composition features using QuadTrees. The specific process is as follows: (1) Employ the 

average gray level of the image as the binarization threshold for image binarization processing; (2) 

Calculate the proportion of the black and white areas in the binarized image. Considering that the 

visual weight of dark colors is relatively large, in this experiment, if the black area in the binarized 

image exceeds 45%, then black is used as the blank space, otherwise, white is used as the blank space; 

(3) Utilize the QuadTrees method to quantify the ratio of the blank area to the total area of the image, 

and obtain the blank area ratio. 

 

Figure 1. The calculation of blank space in Suprematist Composition: Airplane Flying (Images 

processed by authors as fair use from wikiart.org). 

2.1.2. Tone 

In this study, the tone is quantified through the utilization of the gray histogram. This histogram 

calculates the quantity of pixels at each gray level present in the image, and subsequently, the pixels 

in the image are tallied based on their respective gray levels and presented in the form of a histogram. 

By quantifying the characteristics of the gray histogram, the tone of the image can be reflected from 

multiple facets.  

Mean: The average of the gray levels in the histogram, which represents the overall brightness 

level of the image. 

𝑀𝑒𝑎𝑛 =  ∑ 𝑖 · 𝑝𝑖
𝑁−1
𝑖=0   (1) 

Variance: Describes the degree of dispersion of the histogram, that is, the extent to which the 

gray levels deviate from the mean of the histogram. 

𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =  ∑ (𝑖 − 𝑀𝑒𝑎𝑛)2 · 𝑝𝑖
𝑁−1
𝑖=0   (2) 
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Skewness: Describes the asymmetry of the histogram. A positive skewness indicates that the tone 

value in the image is higher; a negative skewness indicates that the tone value in the image is lower. 

𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =  
∑ (𝑖−𝑀𝑒𝑎𝑛)3·𝑝𝑖

𝑁−1
𝑖=0

𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒3/2   (3) 

Kurtosis: Describes the peakedness of the histogram. A positive kurtosis indicates that the gray 

values in the image are concentrated in certain specific gray levels. A kurtosis of 0 indicates that the 

peak of the data distribution is similar to that of the standard normal distribution. 

𝐾𝑢𝑟𝑡𝑜𝑠𝑖𝑠 =  
∑ (𝑖−𝑀𝑒𝑎𝑛)4·𝑝𝑖

𝑁−1
𝑖=0

𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒2 − 3  (4) 

Energy: The sum of the squares of the pixel counts at each gray level in the histogram, which 

reflects the uniformity of the gray level distribution in the image. A higher energy indicates that the 

gray level distribution in the image is more even. 

𝐸𝑛𝑒𝑟𝑔𝑦 =
1

𝑆
 ∑ 𝑝𝑖

2𝑁−1
𝑖=0   (5) 

𝑁 represents the number of gray levels, 𝑝𝑖  denotes the frequency of the 𝑖 gray level, and 𝑆 

indicates the size of the picture (total number of pixels). 

2.1.3. Global texture features 

A large number of local features, through rational distribution and integration, become the 

global texture features of the work. The overall texture features can be reflected through the spatial 

frequency. The spatial frequency of a picture describes the frequency of changes in texture, details, 

structure, etc. at various spatial locations in the image.  

In this study, Gabor filters are utilized to extract the overall texture features of the image. By 

applying Gabor filters on different scales and orientations, the texture features of the entire image are 

obtained. The Gabor operator can acquire texture features of different frequencies and angles, and 

can capture local spatial frequency and orientation information in the image: 

Complex: 

𝑔(𝑥, 𝑦; 𝜆, 𝜃, 𝜓, 𝜎, 𝛾) = 𝑒
−

𝑥′2
+𝛾2𝑦′2

2𝜎2  𝑒𝑖(2𝜋
𝑥′

𝜆
+𝜓)  (6) 

Real: 

𝑔𝑟𝑒𝑎𝑙(𝑥, 𝑦; 𝜆, 𝜃, 𝜓, 𝜎, 𝛾) = 𝑒
−

𝑥′2
+𝛾2𝑦′2

2𝜎2 𝑐𝑜𝑠(2𝜋
𝑥′

𝜆
+ 𝜓)  (7) 

Imaginary: 

𝑔𝑖𝑚𝑎𝑔(𝑥, 𝑦; 𝜆, 𝜃, 𝜓, 𝜎, 𝛾) = 𝑒
−

𝑥′2
+𝛾2𝑦′2

2𝜎2 𝑠𝑖𝑛 (2𝜋
𝑥′

𝜆
+ 𝜓)  (8) 

where: 

{
𝑥′ = 𝑥𝑐𝑜𝑠𝜃 + 𝑦𝑠𝑖𝑛𝜃

𝑦′ = −𝑥𝑠𝑖𝑛𝜃 + 𝑦𝑐𝑜𝑠𝜃
  (9) 

Here, 𝜆 represents the wavelength, 𝜃 represents the direction, 𝜓 represents the phase offset, 

𝛾  represents the aspect ratio of the space, and 𝜎  is the variance of the Gaussian filter. The 

mathematical expression for applying the Gabor filter to the image 𝐼(𝑥, 𝑦) is a convolution operation: 

𝐼𝑔(𝑥, 𝑦) = 𝐼(𝑥, 𝑦) ∗ 𝑔(𝑥, 𝑦; 𝜆, 𝜃, 𝜓, 𝜎, 𝛾)  (10) 

Here, ∗  represents the convolution operation, and 𝐼𝑔(𝑥, 𝑦)  is the filtered image. The 

parameters of the filter are set as follows: 𝜓 = 0, 𝜎 = 2𝜋, 𝛾 = 0.5, and different wavelengths 𝜆 and 

angles 𝜃 are used, as shown in Figure 2. The mean, variance, and energy of the filtered image are 

calculated (refer to the calculation formulas (1), (2), and (5)). 

The mean value indicates the presence of obvious edges or textures in the original image at that 

wavelength and angle. The variance of the processed image reflects the degree of dispersion of the 
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image gray level, that is, the complexity of the texture. The energy value of the processed image 

reflects the uniformity of the image texture. 

 

Figure 2. Kernels of different wavelengths 𝜆 and angles 𝜃. 

2.1.4. Local Texture Features 

In the realm of artistic creation, creators manipulate the texture of each area to generate diverse 

visual effects in the picture. Through the integration of the interrelationships among various 

components, a complete work is ultimately fashioned. For the extraction of local texture features, this 

study makes use of two extraction techniques: the Gray-Level Co-occurrence Matrix (GLCM) and the 

Local Binary Pattern (LBP). 

Gray-Level Co-Occurrence Matrix (GLCM) 

Through the analysis of the gray-level relationship between pixel pairs (or pixel neighbor pairs) 

in the image, the texture information of the image is captured. This reflects the spatial distribution 

relationship between different gray levels in the image. 

Suppose the gray level range of the image is from 0 to L-1，the GLCM is an L×L matrix, where 

L represents the number of gray levels. The element 𝐺𝐿𝐶𝑀(𝑖, 𝑗) in the GLCM indicates the frequency 

of occurrence of gray level 𝑖 and gray level 𝑗 in a specific spatial relationship within the image. For 

each pixel in a specific spatial relationship within the image. For each pixel 𝐼(𝑥, 𝑦), the neighboring 

pixel 𝐼(𝑥′, 𝑦′)  at a distance d is examined. The frequency of occurrence of the pixel pair 

(𝐼(𝑥, 𝑦), 𝐼(𝑥′, 𝑦′))  is counted, and the count at the corresponding position in the GLCM is 

incremented by 1: 

            {
1, 𝑖𝑓 𝐼(𝑥, 𝑦) = 𝑖 𝑎𝑛𝑑 𝐼(𝑥′, 𝑦′) = 𝑗 𝑎𝑡 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑑 𝑎𝑛𝑑 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝜃 
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                                                   

  (11) 

where (𝑥′, 𝑦′)denotes the coordinate of the neighboring pixel of the pixel (𝑥, 𝑦) at a distance d and 

in the direction 𝜃. By quantifying the features of the GLCM, the texture of the image is reflected from 

multiple aspects. The degree of contrast between pixels with higher gray levels and pixels with lower 

gray levels in the GLCM. It reflects the contrast and roughness of the texture of the image. 

𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = ∑ ∑ (𝑖 − 𝑗)2𝐿−1
𝑗=0

𝐿−1
𝑖=0 ∙ 𝐺𝐿𝐶𝑀(𝑖, 𝑗)2  (12) 

Energy: The square of the sum of the probabilities between pixel pairs in the GLCM, which 

reflects the uniformity of the image texture (refer to the calculation formula (5)). 

Entropy: The uncertainty of the probability distribution between pixel pairs in the GLCM, which 

reflects the complexity of the image texture. 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑ ∑ 𝐺𝐿𝐶𝑀(𝑖, 𝑗)𝑙𝑜𝑔 (𝐺𝐿𝐶𝑀(𝑖, 𝑗) +  𝜖)𝐿−1
𝑗=0

𝐿−1
𝑖=0   (13) 
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Local Binary Pattern (LBP) 

The fundamental principle of the LBP feature is to obtain a local binary coding for each pixel in 

the image by comparing its gray value with the neighboring pixels in the surrounding area. This is 

used to represent the texture feature of the pixel. For a specific pixel point (𝑥, 𝑦) in the image, a 

circular neighborhood with a radius of R is defined, which contains P sampling points and can be 

expressed as: 

(𝑥𝑖 , 𝑦𝑖) = (𝑥 + 𝑅𝑐𝑜𝑠 (
2𝜋𝑖

𝑃
) , 𝑦 − 𝑅𝑠𝑖𝑛 (

2𝜋𝑖

𝑃
))  (14) 

where 𝑖 = 1, 2, … , 𝑃 − 1. 

For each pixel point 𝑥 in the image, the LBP code 𝐿𝐵𝑃(𝑥) is computed as follows: 

𝐿𝐵𝑃(𝑥) =  ∑ 𝑠(𝑔(𝑝𝑖) − 𝑔(𝑥)) × 2𝑖𝑃−1
𝑖=0   (15) 

where, 𝑔(𝑝𝑖) represents the gray value of the pixel point 𝑝𝑖 ; 𝑔(𝑥) represents the gray value of the 

central pixel 𝑥, and 𝑠(𝑣) is a step function that compares the gray value of each neighboring pixel 

with the gray value of the central pixel. If the gray value of the neighboring pixel is greater than or 

equal to the gray value of the central pixel, the pixel is marked as 1; otherwise, it is marked as 0: 

𝑠(𝑣) = {
1, 𝑖𝑓 𝑣 ≥ 0 
0, 𝑖𝑓 𝑣 < 0

  (16) 

In this study, the 8-neighborhood LBP operator with 𝑅 = 1 is utilized, so the LBP coding value 

range is 0-255. The histogram quantization method is employed to quantify the mean, variance, 

skewness, kurtosis, and energy of LBP as the quantization result of LBP, and then the image texture 

features are analyzed (refer to the calculation formulas (1) (2) (3) (4) (5)). 

2.2. Stimulus 

In order to avoid the influence of elements such as people, expressions, scenes, and landscapes 

in the image, this experiment selected abstract art works as stimulus materials. Through the website 

https://www.wikiart.org/, after searching with keywords of abstract styles such as constructivism, 

minimalism, neoplasticism, and suprematism, 249 abstract art works that met the experimental 

requirements were downloaded and sorted. Visual Studio 2019 software and OpenCV were used for 

image processing. First, the images were uniformly scaled to the largest size within 500×600 pixels, 

and the images were uniformly grayscale, with a resolution of 300dpi. 

After quantifying the different feature data of 249 materials, a second-order cluster analysis was 

performed on the data of different features, and each image was classified using the label method. 

The results are shown in Table 1, Figure 3, Appendix A, and Appendix B. 

Table 1. Image Features Classification and Description. 

Features Class N Description 

Composition 
I 123 

Class I has a larger blank area compared to Class II. 
II 126 

Tone 
I 105 The average brightness of Class I is lower than that of Class II, 

and the gray-level distribution is more discrete. II 144 

Gabor-Mean 

I 117 In the following(𝜆, 𝜃) combinations - (6, 0), (6, π/2), (9, π/8), (9, 

3π/8), (9, 5π/8), (9,7π/8), (12,0), (12, π/8) , (12, 3π/8), (12, π/2), 

(12, 5π/8), (12, 7π/8), (15,0) , (15, π/2) , the grayscale mean of the 

filtered images in Class I is higher than that of Class II. This 

indicates that Class I has a higher overall brightness in these 

combinations. Conversely, Class II exhibits more high-

brightness features in other combinations. 

II 132 

Gabor-Variance 
I 130 In all the (𝜆, 𝜃)combinations, Class II has more high-frequency 

components and greater texture changes after Gabor filter II 119 
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processing, which suggests that it contains more diverse and 

complex textures.  

Gabor-Energy 

I 122 In the following (𝜆, 𝜃) combinations - (6, 0), (6, π/2), (9, π/8), (9, 

3π/8), (9, 5π/8), (9,7π/8), (12,0), (12, π/8) , (12, 3π/8), (12, π/2), 

(12, 5π/8), (12, 7π/8), (15,0) , (15, π/2) - the energy gray level of 

Class I after Gabor filter processing is greater. The features in 

Class I are more pronounced and intense, likely containing more 

edges, lines, or texture features in these combinations. 

Conversely, Class II contains more prominent edges or complex 

textures in other combinations. 

II 127 

Horizontal 

GLCM (θ=0°) 

I 123 In the horizontal direction, compared to Class II, the texture 

features of Class I are more obvious, with high-contrast edges 

and lines, higher regularity, and more texture patterns. 
II 126 

Diagonal GLCM 

(θ=135°) 

I 118 In the diagonal direction, compared to Class II, the texture 

features of Class I are more obvious, with high-contrast edges 

and lines, higher regularity, and more texture patterns. 
II 131 

LBP 

I 113 Compared to Class II, Class I has weaker texture contrast, but 

richer details, uniform texture distribution, and contains more 

small and intense details. 
II 136 

  

Figure 3. Example Images of Features Classification (Images processed by authors as fair use from 

wikiart.org). 

2.3. EEG and ERP 

In 1924, Hans Berger discovered EEG by positioning electrodes on the scalp and amplifying the 

signals to measure the electrical activity of the human brain [44]. In 1964, Gray Walter and his 

colleagues reported the first cognitive ERP component, namely, the contingent negative variation 

[45]. EEG reflects thousands of concurrent brain processes, among which the brain's response to a 

single stimulus or point of interest is typically undetectable in a single-trial EEG recording. By 

performing multiple trials and superimposing and averaging the results, the random brain activity 

can be averaged out, and the relevant waveforms, namely ERP, can be retained.  

The electrode distribution selected for the EEG experiment is the international 10-20 system, and 

each electrode placement site has a letter to identify the corresponding brain lobe or region: prefrontal 

(Fp), frontal (F), temporal (T), parietal (P), central (C), and occipital (O). "Z" (zero) refers to the 

electrodes placed on the midline sagittal plane of the skull (Fpz, Fz, Cz, Oz), and even electrodes (2, 

4, 6, 8) indicate that the electrodes are placed on the right side of the head, while odd electrodes (1, 3, 

5, 7) indicate that the electrodes are placed on the left; M (also known as A) refers to the mastoid 

process, a prominent bony protuberance usually found behind the outer ear, and M1 and M2 are 

used for contralateral reference of all EEG electrodes. 
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2.4. Participants 

In this study, 16 graduate students were recruited as participant s, all of whom were from the 

College of Mechanical Engineering and Automation, Huaqiao University. Among them, 12 were 

male participants and 4 were female participants, with an age range of 22 to 30 years old. All 

participants were right-handed, had no history of mental illness, had normal or corrected-to-normal 

vision, and had not received systematic aesthetic education. Prior to the experiment, the researchers 

had thorough communication with the participants, and the participants also signed the informed 

consent form. As compensation for their participation, each participant received 50 RMB. This 

experiment has been approved by the School of Medicine, Huaqiao University. 

2.5. Procedure 

In the EEG experiment, the participants placed their right hands on the mouse and were 

informed that the experimental materials were from the works of artists (“Genuine”) and the works 

copied by students (“Fake”) (in fact, all the works were from the works of artists). After fully 

understanding the content of the experiment, the participants needed to concentrate. First, the 

participants fixated on a white cross on a gray background for 800ms. Then, a context cue word 

(Genuine/Fake) would appear in the center of the screen for 1000ms. Next, an art work would be 

presented on the screen for 2000ms. After the participants appreciated it, a rating scale ranging from 

1 to 5 appeared below the image, and participants used a mouse to click and evaluate the artwork's 

appeal (1: very unappealing; 5: very appealing). The scoring time was not limited, so the participants 

had sufficient time to respond. After the subjects clicked, an 800ms blank stimulus would appear, 

and the subjects could take an appropriate rest before entering the next cycle. The entire experiment 

was divided into 3 blocks, each containing 80 trials, and there was a rest of at least 5 minutes between 

each block. Before the main experiment, there would be a practice block containing 10 art works 

(which would not appear in the main experiment) to familiarize the participants with the 

experimental process. 

 

Figure 4. Illustration of the stimulus paradigm applied. 

The EEG data were recorded using a Neuroscan Synamp2 Amplifier, with the bilateral mastoids 

(M1, M2) serving as references. Additionally, two pairs of electrodes were utilized to record the 

vertical electrooculogram (VEOG) and horizontal electrooculogram (HEOG). The VEOG electrodes 

were positioned above and below the left eye, respectively, while the HEOG electrodes were placed 

1 cm away from the outer corner of each eye. During the entire experiment, the impedance between 

the electrodes and the scalp was kept below 10kΩ to guarantee the quality of signal recording. Upon 

the completion of continuous EEG recording, offline data processing was carried out. The processing 

steps encompassed segmenting the EEG data, eliminating artifacts, superimposing and averaging, 

and performing baseline correction. The bandpass filter range was set at 0-30 Hz, and the EEG artifact 

removal criterion was ±100μV. Subsequently, the EEG recordings were divided into 1200ms epochs, 
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spanning from 200ms before stimulus onset to 1000ms after stimulus onset, with the 200ms period 

prior to stimulus onset serving as the baseline. 

For the average amplitude of each time window of ERP data, a repeated measures analysis of 

variance (ANOVA) was performed with the factors of task (aesthetic, balance), answer (yes, no), and 

60 channels. 

3. Results 

Since the EEG data availability rate of 4 participants was less than 75%, only the EEG data of 12 

participants were retained for subsequent analysis (with an average data availability of 91.8%). 

3.1. Behavioral Data 

A repeated measures ANOVA was performed to examine the effect of different contexts on the 

final aesthetic evaluation. The results demonstrated a significant difference in the aesthetic evaluation 

results across different contexts [F (1, 11) = 5.670, p = 0.036]. The average score in the genuine context 

(3.081 ± 0.097) was significantly higher than that in the fake context (2.890 ± 0.071). 

3.2. EEG Data 

3.2.1. Result of Context 

As depicted in Figure 5, a more negative deflection for genuine context was observed in the 

prefrontal lobes within the time window between 200 and 1000ms. A repeated measures ANOVA 

was executed on the time window with factors of channel (60) × context (genuine, fake). The findings 

indicated that the main effect of context was significant [F (1, 11) = 4.941, p = 0.048 < 0.05], while the 

interaction of channel × context was also significant [F (59, 649) = 2.832, p < 0.01]. Further analysis 

revealed that in the FPZ channel, in comparison to the fake context, the genuine context would evoke a 

more negative amplitude [F (1, 11) = 11.902, p = 0.005 < 0.01], and a comparable waveform also manifested 

in the FP1 channel [F (1, 11) = 5.274, p = 0.042] and FP2 channel [F (1, 11) = 10.213, p = 0.009 < 0.01]. 

 

Figure 5. Grand-average event-related brain potentials and isopotential contour plot for genuine and 

fake context. N=12. 

3.2.2. Result of Composition 

As depicted in Figure 6, a more positive deflection for Class II composition was observed in the 

parietal lobes within the time window between 50 and 120ms. A repeated measures ANOVA was 

performed with factors of channel (60) × context (genuine, fake) × composition (Class I, Class II). The 

findings demonstrated that the main effects of context (F < 1) and composition (F < 1) were not 

significant, and neither was the interaction (F < 1). However, the interaction between channel and 

composition was significant [F (59, 649) = 2.657, p < 0.01], as was the interaction between channel × 

context × composition [F (59, 649) = 2.345, p < 0.01]. Further analysis revealed that in the PZ channel, 
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the amplitude of the Class II composition was greater [F (1, 11) = 7.502, p = 0.019], and this was more 

pronounced in the genuine context [F (1, 11) = 14.784, p = 0.003]. Similarly, in the POZ channel, the 

amplitude of the Class II composition was also larger [F (1, 11) = 7.911, p = 0.017], and it was again 

more significant in the genuine context [F (1, 11) = 9.884, p = 0.009]. 

 

Figure 6. Grand-average event-related brain potentials and isopotential contour plot for context 

(genuine, fake) × composition (Class I, Class II). N=12. 

3.2.3. Result of Tone 

As depicted in Figure 7, a more positive deflection for Class I tone was observed in the occipital 

lobes within the time window between 200 and 300ms. A repeated measures ANOVA was performed 

with factors of channel (60) × context (genuine, fake) × tone (Class I, Class II). The results indicated 

that the main effect of tone (F < 1), the interaction of context × tone (F < 1), and the interaction of 

channel × context × tone was not significant (F < 1), but the interaction of channel × tone was 

significant [F (59, 649) = 1.464, p = 0.016 < 0.05]. Further analysis revealed that in the OZ channel, Class 

I tone evoked a more positive going amplitude, relative to the Class II [F (1, 11) = 5.288, p = 0.042]. 

 

Figure 7. Grand-average event-related brain potentials and isopotential contour plot for context 

(genuine, fake) × tone (Class I, Class II). N=12. 

3.2.4. Result of Gabor-Mean 

As depicted in Figure 8, in the center and left side of the parietal-occipital lobe, a more positive going 

deflection for Class II Gabor-Mean was observed within the time window between 70 and 130ms. A 

repeated measures ANOVA was conducted with factors of channel (60) × context (genuine, fake) × Gabor-
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Mean (Class I, Class II). The results suggested that the interaction of channel × Gabor-Mean was significant 

[F (59, 649) = 1.444, p = 0.020]. Further analysis revealed that in the PO3 channel, in comparison to the Class 

I Gabor-Mean, the Class II evoked a more positive amplitude [F (1, 11) = 5.972, p = 0.033]. A similar 

waveform was also observed in the PO5 channel [F (1, 11) = 6.651, p = 0.026], PO7 channel [F (1, 11) = 6.252, 

p = 0.029], and P7 [F (1, 11) = 5.518, p = 0.039]. No other effect was significant. 

 

Figure 8. Grand-average event-related brain potentials and isopotential contour plot for context 

(genuine, fake) × Gabor-Mean (Class I, Class II). N=12. 

3.2.5. Result of Gabor-Variance 

As depicted in Figure 9, in the center of the parietal lobe and parieto-occipital lobe, a more 

positive going deflection for Class II Gabor-Variance was observed within the time window between 

70 and 130ms. A repeated measures ANOVA was conducted with factors of channel (60) × context 

(genuine, fake) × Gabor-Variance (Class I, Class II). The results suggested that the interaction of 

channel × Gabor-Variance was significant [F (59, 649) = 1.590, p = 0.004]. Further analysis disclosed 

that in the PZ channel, in comparison to the Class I Gabor-Variance, the Class II would evoke a more 

positive amplitude [F (1, 11) = 4.937, p = 0.048]. There was a marginally significant difference in the 

POZ channel [F (1, 11) = 4.722, p = 0.053]. No other effect was significant. 

 

Figure 9. Grand-average event-related brain potentials and isopotential contour plot for context 

(genuine, fake) × Gabor-Variance (Class I, Class II). N=12. 
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3.2.6. Result of Gabor - Energy 

As depicted in Figure 10, in the center and right side of the parietal lobe and parieto-occipital 

lobe, a more positive going deflection for Class I Gabor- Energy was observed within the time 

window between 70 and 130ms. A repeated measures ANOVA was conducted with factors of 

channel (60) × context (genuine, fake) × Gabor-Energy (Class I, Class II). The results suggested that 

the interaction of channel × Gabor- Energy was significant [F (59, 649) = 2.020, p < 0.01]. Further 

analysis disclosed that in the PZ channel, in comparison to the Class II Gabor-Energy, the Class I 

would evoke a more positive amplitude [F (1, 11) = 14.109, p = 0.003]. A similar waveform was also 

observed in the POZ channel [F (1, 11) = 17.687, p = 0.001], P2 channel [F (1, 11) = 9.158, p = 0.012], P4 

channel [F (1, 11) = 9.140, p = 0.012], PO4 channel [F (1, 11) =7.874, p = 0.017], and PO6 channel [F (1, 

11) = 4.914, p = 0.049]. No other effect was significant. 

A more positive going deflection for Class I Gabor- Energy was observed in the center of the 

parieto-occipital lobe within the time window between 200 and 300ms. A repeated measures ANOVA 

was conducted with factors of channel (60) × context (genuine, fake) × Gabor-Energy (Class I, Class 

II). The results suggested that the interaction of channel × Gabor- Energy was significant [F (59, 649) 

= 1.712, p = 0.001]. Further analysis disclosed that in the POZ channel, in comparison to the Class II 

Gabor-Energy, the Class I would evoke a more positive amplitude [F (1, 11) = 4.768, p = 0.052]. No 

other effect was significant. 

 

Figure 10. Grand-average event-related brain potentials and isopotential contour plot for context 

(genuine, fake) × Gabor-Energy (Class I, Class II). N=12. 

3.2.7. Result of Horizontal GLCM (θ=0°) 

As depicted in Figure 11, a more negative deflection for Class I horizontal GLCM was observed 

in the occipital lobe within the time window between 500 and 1000ms. A repeated measures ANOVA 

was conducted with factors of channel (60) × context (genuine, fake) × horizontal GLCM (Class I, 

Class II), which revealed an effect of horizontal GLCM [F (1, 11) = 5.112, p = 0.045]. Class I horizontal 

GLCM evoked a more negative going amplitude, compared to the Class II. The interaction of channel 

× horizontal GLCM was significant [F (59, 649) = 1.516, p < 0.01]. Further analysis uncovered that in 

the OZ channel, Class I horizontal GLCM evoked a more negative going amplitude [F (1, 11) = 5.332, 

p = 0.041]. No other effect was significant. 
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Figure 11. Grand-average event-related brain potentials and isopotential contour plot for context 

(genuine, fake) × horizontal GLCM (Class I, Class II). N=12. 

3.2.8. Result of Diagonal GLCM (θ=135°) 

As depicted in Figure 12, a more negative deflection for Class I diagonal GLCM was observed 

in the left side of the parietal-occipital lobe within the time window between 70 and 140ms. A repeated 

measures ANOVA with the factors channel (60), context (genuine, fake), and diagonal GLCM (Class I, 

Class II), the interaction of channel × diagonal GLCM was significant [F (59, 649) = 1.444, p = 0.020]. Further 

analysis uncovered that in the PO5 channel, the amplitude of the Class I diagonal GLCM was greater [F 

(1, 11) = 6.651, p = 0.026]. Similarly, in the PO7 channel, the amplitude of the Class I diagonal GLCM was 

also larger [F (1, 11) = 6.252, p = 0.029]. No other effect was significant. 

A more negative deflection for Class I diagonal GLCM was observed in the occipital lobes within 

the time window between 300 and 1000ms. A repeated measures ANOVA was conducted with 

factors of channel (60) × context (genuine, fake) × diagonal GLCM (Class I, Class II), which revealed 

an effect of diagonal GLCM [F (1, 11) = 5.070, p = 0.046]. Class I diagonal GLCM evoked a more 

negative going amplitude, compared to the Class II. The interaction of channel × diagonal GLCM was 

significant [F (59, 649) = 1.658, p = 0.02]. Further analysis uncovered that in the OZ channel, the wave 

amplitude induced by Class I was larger [F (1, 11) = 6.495, p = 0.027]. No other effect was significant. 

 

Figure 12. Grand-average event-related brain potentials and isopotential contour plot for context 

(genuine, fake) × diagonal GLCM (Class I, Class II). N=12. 

3.2.9. Result of LBP 

As depicted in Figure 13, a more negative going deflection for genuine context was observed in 

the center and left side of the frontal lobe within the time window between 300 and 1000ms. A 

repeated measures ANOVA was executed on the time window with factors of channel (60) × context 
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(genuine, fake) × LBP (Class I, Class II). The findings indicated that the interaction of channel × LBP 

was significant [F (59, 649) = 2.432, p<0.01]. Further analysis disclosed that in the FPZ channel of the 

prefrontal lobe, in comparison to the Class I LBP, the Class II LBP would evoke a more negative 

amplitude [F (1, 11) = 6.712, p = 0.025], and a comparable waveform also manifested in the FP1 channel 

[F (1, 11) = 8.869, p = 0.013], AF3 channel [F (1, 11) = 9.097, p = 0.012] and F5 channel [F (1, 11) = 6.195, 

p = 0.030]. No other effect was significant. 

 

Figure 13. Grand-average event-related brain potentials and isopotential contour plot for context 

(genuine, fake) × LBP (Class I, Class II). N=12. 

4. Machine Learning Model 

Interaction of the aesthetic context, aesthetic object, and aesthetic subject, the participants 

formed the final aesthetic evaluation. Based on the experimental results, a model of the experimental 

data was constructed. The aesthetic evaluations of the experimental materials by the participants 

were categorized into three classes: beautiful (scores 4-5), not beautiful (scores 1-2), and unclear (score 

3). The data for the "beautiful" and "not beautiful" categories were organized, each containing 983 

and 1028 valid data points. In this study, SVM was used to develop a model that could quickly classify 

the materials as either beautiful or not beautiful. SVM is a potent supervised learning model widely 

applied in classification and regression analysis. It achieves classification tasks by finding the optimal 

hyperplane to separate data samples of different categories. Its primary advantage lies in its ability 

to handle high-dimensional data [46,47]. The LIBSVM supports multiple kernel functions (such as 

linear kernel, polynomial kernel) and multi-class classification tasks [48]. Use the LIBSVM toolbox in 

MATLAB to train the data, select the appropriate penalty parameter C and kernel parameter γ, then 

train the SVM model with the best parameters, and evaluate the performance on the test set [49].  

4.1. Dataset Construction 

The participants' scoring results on the pictures were averaged to obtain the aesthetic evaluation 

results of each picture in different contexts, which served as the output layer data. The input layer 

data included the feature data of the stimulus pictures as the aesthetic object, the context data, and 

the average amplitudes of ERP components elicited ed by the context and different feature classes in 

the corresponding channels and time windows, as shown in Table 2. 

All data were standardized (standardization): 

𝑋′ =
𝑋 − 𝜇

𝜎
 (17) 

Here, 𝑋′ is the standardized feature value, 𝑋 is the original feature value, 𝜇 is the mean of the 

feature, and 𝜎 is the standard deviation of the feature. 
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Table 2. Details of Input and Output Layer Data. 

Input Layer 

Output Layer 
Context and Features 

Average amplitude of ERP / μV 

Channel Time Window / ms 

Context Genuine/Fake FP1, FPZ, FP2 200-1000 

Aesthetic 

Evaluation 

Composition Blank Space PZ, POZ 50-120 

Tone Gray Histogram OZ 200-300 

Global Texture 

Gabor-Mean P7, PO3, PO5, PO7 70-130 

Gabor-Variance PZ, POZ 70-130 

Gabor-Energy 
P2, P4, PZ, PO4, 

PO6, POZ 
70-130 

Local Texture 

Horizontal GLCM OZ 500-1000 

Diagonal GLCM 
PO5, PO7 70-140 

OZ 300-1000 

LBP AF3, P5, FP1, FPZ 300-1000 

4.2. Parameter Determination 

The Radial Basis Function Kernel (RBF) is chosen for modeling. The RBF kernel function can 

map the original feature space to a high-dimensional feature space, enabling the data to be linearly 

separable in the new feature space, thereby addressing the issue of linear inseparability in the original 

feature space [50,51]. 80% of the data is utilized as the training set, and 20% of the data is used as the 

test set. The model quality is evaluated through 5-fold cross-validation, and the grid search method 

is employed to determine the optimal C and γ. 

The search range for C and γ is [0.01, 100], and 50 candidate values are generated through linear 

space sampling, resulting in a total of 25,000 combinations. To evaluate the performance of the 

proposed model comprehensively, the area under the receiver operating characteristic curve (AUC) 

is employed to assess the performance of the multi - class SVM model. By using this approach, the 

classification ability of the model on different categories can be fully understood, and the accuracy 

and reliability of the evaluation results can be guaranteed. The AUC threshold is set at 0.7, and based 

on this, the SVM classification model with the highest ACC is sought to ensure that the model 

possesses strong discriminatory power while maximizing its overall classification accuracy. 

It can be seen from Figure 14 and Table 3 that the optimal solution has an average loss of 0.20199 

in the cross-validation, an accuracy rate of 0.76866 on the test set, and an AUC of 0.74155.  The 

performance of the model in different folds is relatively stable, and the performance on the training 

and validation sets is consistent, indicating that the model has good generalization ability. 

  

(a) (b) 

Figure 14. Performance of SVM Models with Varying C and γ Values: (a) The ACC with Different C 

and γ Combinations; (b) The AUC with Different C and γ Combinations. 
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Table 3. Models with best combinations of C and γ. 

Metrics Values 

Best C 28.5786 

Best γ 14.2943 

Train ACC 0.79801 

Test ACC 0.76866 

AUC 0.74155 

Precision 0.78241 0.75269 

Recall 0.78605 0.74866 

F1 0.78422 0.75067 

In contrast, by constructing the same SVM model using only image feature data, it was found 

that the optimal (C, γ) combination was (46.9441, 14.2943), leading to an accuracy of only 0.68657 on 

the test set. This shows that incorporating EEG data from the subjects and context data greatly 

enhances the model's accuracy. Relying solely on image feature data mainly focuses on the 

commonality of beauty (biological beauty) and neglects individual differences and the influence of 

the aesthetic context in the evaluation process. 

5. Discussion 

Aesthetics is influenced by context, and previous studies have also affirmed that in a positive 

environment, people tend to have more positive aesthetic performance. The research findings of 

Noguchi et al. [52] demonstrated that the genuine/fake context had a significant impact on aesthetic 

evaluation, and the study of Grüner et al. [53] also discovered that people could obtain a higher 

appreciation rate when experiencing real artworks in the museum compared to when enjoying 

replicas in the laboratory. The results of the behavioral data in this study further confirmed this 

perspective, and the aesthetic evaluation score in the genuine context was notably higher than that 

in the fake context. 

Studies have discovered that artistic creation and appreciation are associated with the advanced 

centers of the central nervous system, including the orbitofrontal cortex (OFC), temporal, and parietal 

lobes [54]. Among them, the prefrontal lobe is related to aesthetic rewards, and the appreciation of 

abstract artworks leads to the activation of the OFC area associated with rewards and the prefrontal 

area associated with cognitive classification [55]. One perspective proposes that OFC represents 

stimulus reward value and supports the learning and relearning of stimulus-reward associations, 

while an alternative view implicates OFC in behavioral control following rewarding or punishing 

feedback. O'Doherty et al. proposed functional heterogeneity within the OFC, suggesting a role for 

the region in representing stimulus-reward values, signaling changes in reinforcement contingencies, 

and in behavioral control [56]. During the period of anticipating rewards and after receiving them, 

the activity of OFC neurons will increase in response to reward prediction signals [57]. There will be 

significant differences in the ERP of the aesthetic response in the prefrontal region to artistic stimuli, 

and the dislike condition will trigger a negative wave with a larger amplitude [58]. Regarding the 

difference in negative waves in the prefrontal lobe caused by the judgment of beauty, some 

researchers suggest that the reason for this difference is that the subjects in the experiment consider 

the visual stimulus as not beautiful, rather than considering it as beautiful [59]. 

In the present study, ERP data revealed that during the process of aesthetic evaluation, different 

contexts would give rise to distinct prefrontal negative waves. These waves initiated approximately 

at 200ms and persisted until the conclusion of the aesthetic evaluation, the genuine context activating 

a negative wave of greater amplitude. This implies that for the same stimulus material, in the genuine 

context, although the participants assigned higher scores, they might not necessarily perceive the 

stimulus material as beautiful. This phenomenon could be associated with the aesthetic reward, 

where the genuine context cue enhanced the anticipation of rewards. For participants naive to art, 

the abstract artworks did not provide sufficient feedback during the reward-receiving period. 

Collectively, the aesthetic evaluation in the genuine context in this study triggered a more robust 
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prefrontal negative wave, potentially due to the fact that the genuine is typically regarded as having 

higher cognitive and emotional values, whereas the fake is considered relatively deficient in this regard. 

The theory of two visual pathways suggests that the primate visual cortex can be separated into 

dorsal and ventral streams, which originate from the primary visual cortex (V1). The dorsal pathway 

extends towards the parietal cortex, passing through motion areas of medio-temporal (MT) and 

median superior temporal (MST). The ventral pathway proceeds through area V4 along the entire 

temporal cortex, reaching area of infero-temporal (IT). These ventral and dorsal pathways are 

supported by parallel retino-thalamo-cortical inputs to V1, known as the Magno (M) and 

Parvocellular pathways (P) [60–62]. 

The Hierarchical Theory of Visual Perception proposes that the processing of visual information 

occurs in a sequential manner within the brain, starting from the detection of basic features at a low 

level and progressing to the analysis of complex shapes and motions at a higher level. Within the 

visual cortex of the brain, distinct regions (V1 to V5) are accountable for diverse visual tasks. V1 

receives input from the retina via the lateral geniculate nucleus (LGN) and is tasked with detecting 

fundamental features such as edges, orientations, colors, and spatial frequencies [63,64]. V2 and V3 

contribute significantly to the integration and processing of complex features, as well as the 

processing of motion and stereoscopic vision [65–68]. V4 is dedicated to the advanced processing of 

colors and complex shapes [69,70], while V5 is primarily responsible for motion perception [71].  

In this study, ERP data revealed that the majority of feature-induced ERP data differences were 

primarily concentrated in the parietal and occipital regions. The ERP components activated by the 

composition feature, reflecting the overall information of the picture, in the parietal and parieto-

occipital regions dissociated at approximately 50ms. In contrast, the ERP components activated by 

the Gabor (Mean, Variance, Energy) filter feature, reflecting the texture frequency and direction of 

the picture, in the central parietal and parieto-occipital regions dissociated at approximately 70ms. 

Specifically, Gabor-Mean predominantly activated the left parieto-occipital region, while Gabor-

Energy mainly activated the right parieto-occipital region. The ERP components activated by the 

Diagonal GLCM feature, reflecting the texture direction on the diagonal, in the parieto-occipital 

region dissociated at approximately 70ms. Additionally, the ERP components activated by the tone 

feature, reflecting the overall gray level of the picture, and the Gabor-Energy feature in the parieto-

occipital region dissociated at 200ms. Finally, the ERP components activated by the Horizontal 

GLCM feature, reflecting the horizontal direction, in the occipital region dissociated at 500ms. It can 

be inferred from the ERP data that the processing of features primarily occurred in the visual cortex 

of the brain (parietal and occipital regions), and the processing sequence followed the Global 

Precedence Hypothesis, with composition, tone, and global features (Gabor filters) being processed 

first, followed by local features (GLCM). Previous studies have also demonstrated that specific 

features (such as shape, color, etc.) can influence the amplitude of P1, reflecting the sensitivity to 

features in the early stages of visual processing [72–74]. The P2 component is involved in feature 

integration, attention, and preliminary object recognition, among other things. For example, an 

unattractive color combination can result in differences in the amplitude of the P200 component in 

the frontal, central, and parietal regions [75]. What is unique is that the LBP feature, as a local feature, 

reflects the gray-level relationship between each pixel and its neighboring pixels (local texture). The 

ERP data activated in the middle and left frontal lobes began to diverge from 300ms and persisted 

until 1000ms. This suggests that the LBP feature requires a more intricate processing procedure. 

Sbriscia Fioretti et al. [55] also discovered in the abstract painting experiment that the retention and 

elimination of texture features would result in differences in aesthetic evaluation, and the original 

work with texture had a more significant impact. This disparity was reflected in a negative deflection 

occurring at the frontal and central scalp sites from 260 to 328ms after stimulus presentation. 

Overall, in the process of the participants' aesthetic evaluation of abstract artworks, context 

continuously influences the cognitive process of aesthetics and will also affect the final aesthetic 

evaluation. The process is generally following the Global Precedence Hypothesis, Hierarchical 

Theory of Visual Perception and the Two Visual Pathways Theory. The overall performance is to 

process global features first, followed by local features. 
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This study found that compared to the SVM model constructed using only image feature data, 

the model integrating neuroaesthetic data, computational aesthetic data, and contextual data has 

better quality and higher accuracy. This indicates that including human and context factors through 

an interdisciplinary approach that combines neuroaesthetics and advanced machine learning models 

can better establish an integrated aesthetic evaluation system between humans and Artificial 

Intelligence (AI), effectively simulating and predicting human aesthetic preferences [76–78]. 

In this study, by combining computational aesthetics and neuroaesthetics research methods, the 

factors influencing aesthetics were explored. Through this interdisciplinary approach, on the one 

hand, in the study of neuroaesthetics, computational aesthetics methods are utilized to quantify 

features, broadening the research realm of neuroaesthetics. The feature extraction and classification 

of pictures employ a more objective quantitative approach, allowing for a clearer comprehension of 

the physical attributes of different features that impact aesthetics. Additionally, with the 

advancement of computational aesthetics quantification techniques, an increasing number of 

complex features can be quantified, providing more avenues for investigating the relationship 

between features and aesthetics. On the other hand, in the study of computational aesthetics, the 

research findings of neuroaesthetics are integrated. Building upon the original model that primarily 

relies on features as input, the data of the aesthetic subject and the aesthetic context are added, which 

not only enriches the model data but also considers the factors influencing aesthetics more 

comprehensively, resulting in a higher-quality model. Moreover, it offers a novel perspective for 

feature selection in modeling. Through the neuroaesthetics research method, the relationship 

between features and aesthetics can be more precisely determined, avoiding the inclusion of 

irrelevant features in the aesthetic model. 

6. Conclusions 

In conclusion, this study integrates computational aesthetics and neuroaesthetics to investigate 

the cognitive processes underlying aesthetic evaluations of abstract artworks. Our findings reveal 

that a positive context enhances aesthetic experience, although abstract artworks may not 

consistently reflect this positivity. ERP data indicate that feature processing during aesthetic 

evaluation follows a pattern from global to local analysis. Specifically, global features such as 

composition and tone evoke early ERP components, while detailed textures trigger more complex 

neural responses. The SVM model, incorporating multimodal data, effectively predicts aesthetic 

preferences, highlighting the potential of combining computational and neuroaesthetic approaches.  

Overall, this research underscores the importance of context in aesthetic evaluation and offers a 

promising avenue for integrating diverse methodologies to deepen our understanding of aesthetic 

experience. This interdisciplinary method demonstrates the feasibility of quantitatively analyzing 

aesthetic features and their neural correlates. Future studies should continue to expand this 

interdisciplinary approach, exploring both foundational theories and practical applications in aesthetics. 
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Appendix A. Specific Parameter Values of Different Classifications for Image Features 

(Composition, Tone, GLCM, LBP) 

Features Class Parameter Mean SD 

Composition 

(Blank Space) 

I Mean 0.769 0.066 

II Mean 0.573 0.059 

Tone 

(Gray Histogram) 

I 

Mean 108.774 31.488 

Variance 5060.803 2820.122 

Skewness 0.613 1.245 

Kurtosis 0.774 5.617 

Energy 4909.412 3298.131 

II 

Mean 179.912 25.290 

Variance 3306.247 1735.233 

Skewness -1.676 1.167 

Kurtosis 3.239 7.356 

Energy 10016.353 13510.457 

Horizontal GLCM 

(θ=0°) 

I 

Contrast 60369.94 10198.14 

Energy 72.746 7.304 

Entropy 783.655 59.472 

II 

Contrast 3131.599 272.695 

Energy 6.365 0.431 

Entropy 95.516 5.242 

Diagonal GLCM 

(θ=135°) 

I 

Contrast 115494.1 15748.78 

Energy 88.365 8.009 

Entropy 960.066 69.589 

II 

Contrast 7635.667 744.169 

Energy 7.038 0.468 

Entropy 136.389 9.833 

LBP 

I 

Mean 141.761 0.702 

Variance 8982.159 23.793 

Skewness -0.203 0.010 

Kurtosis -1.530 0.005 

Energy 29133.405 200.916 

II 

Mean 170.961 1.740 

Variance 8333.661 85.958 

Skewness -0.708 0.039 

Kurtosis -0.895 0.095 

Energy 16563.702 439.355 

Appendix B. Specific Parameter Values of Different Classifications for Image Features (Gabor filter) 

Features Gabor-Mean Gabor-Variance Gabor-Energy 

 Class I Class II Class I Class II Class I Class II 

λ θ Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD 

3 0 60.846 1.669 80.74 0.877 48.917 1.16 63.373 1.441 188.951 2.346 225.676 1.584 

3 π/8 71.264 2.009 104.904 1.247 44.264 1.193 57.174 1.165 209.145 2.047 239.915 1.021 

3 π/4 63.754 1.818 93.328 1.096 42.98 1.36 53.967 1.324 203.857 2.338 236.162 1.275 

3 3π/8 71.366 1.996 104.918 1.270 44.871 1.208 57.028 1.101 209.131 2.063 239.566 0.999 

3 π/2 60.207 1.643 79.887 0.926 47.051 1.207 61.67 1.397 189.794 2.349 226.706 1.584 

3 5π/8 71.118 1.984 104.798 1.266 44.118 1.227 56.482 1.106 209.672 2.102 240.196 0.987 

3 3π/4 63.725 1.801 93.186 1.101 42.672 1.359 53.745 1.305 204.042 2.36 236.513 1.256 

3 7π/8 71.324 1.979 104.947 1.26 44.414 1.2 57.431 1.094 209.228 2.049 239.901 0.997 

6 0 7.041 0.527 2.328 0.199 19.378 0.975 36.913 1.481 8.703 0.602 2.509 0.203 
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6 π/8 159.754 3.338 221.452 1.543 65.213 1.419 89.161 0.945 225.574 1.313 245.49 0.453 

6 π/4 175.236 3.273 230.479 1.223 57.481 1.541 83.868 1.03 233.441 1.208 248.162 0.41 

6 3π/8 159.909 3.326 221.975 1.489 64.704 1.464 88.848 0.899 226.129 1.305 245.717 0.475 

6 π/2 6.448 0.483 1.678 0.143 16.578 0.886 35.335 1.331 7.877 0.552 1.903 0.16 

6 5π/8 160.510 3.360 222.533 1.509 63.498 1.452 88.276 0.91 226.904 1.34 246.584 0.433 

6 3π/4 175.775 3.306 230.954 1.230 56.498 1.482 83.439 1.048 233.823 1.22 248.884 0.353 

6 7π/8 160.137 3.360 221.575 1.531 65.202 1.39 88.947 0.926 225.717 1.334 245.558 0.441 

9 0 227.109 1.804 247.031 0.458 38.131 1.147 66.127 1.566 238.703 0.926 249.563 0.3 

9 π/8 13.813 0.708 6.5 0.347 32.714 0.922 55.135 1.089 19.708 0.807 7.066 0.34 

9 π/4 219.355 2.305 246.05 0.581 37.098 1.383 67.793 1.365 241.259 0.902 250.753 0.304 

9 3π/8 13.679 0.722 6.055 0.343 31.914 1.038 54.132 1.163 18.918 0.809 6.808 0.372 

9 π/2 228.327 1.752 248.33 0.396 34.332 1.171 64.452 1.473 240.072 0.858 250.656 0.265 

9 5π/8 12.660 0.712 5.391 0.314 29.388 0.889 52.421 1.118 18.194 0.813 5.901 0.303 

9 3π/4 220.105 2.3465 246.49± 0.566 35.687 1.277 66.999 1.372 241.749 0.917 251.293 0.259 

9 7π/8 13.887 0.739 6.581 0.342 33.252 0.921 55.093 1.127 19.683 0.858 7.124 0.326 

12 0 10.766 0.633 4.053 0.236 27.941 0.925 48.489 1.302 12.15 0.673 4.069 0.229 

12 π/8 16.008 0.787 7.124 0.342 36.547 0.946 59.815 1.162 19.566 0.826 7.116 0.32 

12 π/4 241.567 1.385 250.487 0.346 26.42 1.118 48.929 1.526 246.509 0.611 251.899 0.236 

12 3π/8 14.901 0.774 6.42 0.332 34.564 0.971 57.421 1.213 18.097 0.822 6.668 0.334 

12 π/2 9.820 0.589 3.202 0.200 24.567 0.931 46.261 1.208 10.97 0.62 3.291 0.211 

12 5π/8 14.085 0.770 5.674 0.308 32.073 0.86 56.061 1.181 17.412 0.819 5.726 0.275 

12 3π/4 242.164 1.386 250.926 0.325 24.369 0.967 47.861 1.561 246.948 0.615 252.455 0.189 

12 7π/8 15.648 0.808 7.137 0.328 36.724 0.912 59.076 1.216 19.129 0.858 7.114 0.296 

15 0 39.947 1.420 26.953 0.998 69.6 1.166 89.118 1.119 54.754 1.404 30.268 1.034 

15 π/8 226.967 1.642 244.075 0.502 45.802 1.016 74.387 1.257 232.332 1.016 246.376 0.373 

15 π/4 248.298 0.978 252.998 0.208 16.308 1.008 33.632 1.602 250.527 0.443 253.465 0.156 

15 3π/8 228.557 1.579 245.44 0.487 42.801 1.111 71.819 1.3 234.201 0.951 247.353 0.38 

15 π/2 37.557 1.419 24.238 0.957 65.499 1.305 86.464 1.166 52.398 1.363 27.638 1.024 

15 5π/8 229.281 1.585 245.979 0.474 41.009 1.037 71.066 1.304 234.8 0.958 248.074 0.333 

15 3π/4 248.6452 0.968 253.244 0.192 14.363 0.868 32.833 1.622 250.759 0.437 253.803 0.131 

15 7π/8 227.472 1.653 244.578 0.5 44.604 0.995 73.665 1.309 232.715 1.043 246.833 0.348 
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