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With the rapid development of computer and digital media technology, more andmore visual artworks are created, preserved, and
transmitted digitally, which has become an indispensable spiritual wealth in this era. However, the aesthetic evaluation of
traditional visual artworks can only rely on artists or appreciation experts for qualitative description, and the results have great
subjective uncertainty due to their different personal knowledge and experience. *erefore, computational aesthetics came into
being, that is, using a computer model to assist in quantitative evaluation of visual artworks. *ese models have broad application
prospects in the fields of aesthetic evaluation and correction, art style identification, and so on. Based on this, this paper proposes a
design of visual communication effect evaluation method of artworks based on machine learning. First, some characteristic
variables are constructed to quantify the balance, contrast, and harmony in icon design criteria, and these three common design
criteria are transformed into a mathematical expression. Based on the powerful fitting, classification, and generalization ca-
pabilities of the SVMmethod, we choose it as our base model. *en, the artificial evaluation scores are regressed to the calculated
characteristic variables to obtain the statistical linear regression models corresponding to the three design criteria. *e ex-
perimental results show that the evaluation model and manual evaluation results can reach a significant correlation in the same
dimension, which verifies the effectiveness of the model.

1. Introduction

Visual art refers to the use of certain material materials to
transform human emotions and understanding of the world
into intuitive visual images in people’s sight, including two-
dimensional planar works, three-dimensional sculpture,
dynamic film, and television [1]. From the beginning of
human culture to today, human beings convey information
through the visual images they create, which have a pro-
found impact on the inheritance of human history and
culture and spiritual life. Aesthetics is a science that studies
aesthetic categories such as beauty and ugliness, people’s
aesthetic consciousness, aesthetic experience, as well as the
creation, development, and laws of beauty with visual art as
its main object [2]. *e study of aesthetics has spanned
philosophy, neuroscience, psychology, computer science,
and other fields. *e whole development process has

spanned nearly 2,000 years [3, 4]. However, the traditional
aesthetic analysis of visual art can only rely on artists or
appreciation experts to make qualitative descriptions
according to their personal knowledge and opinions, and the
results are highly dependent on the expert level and have
subjective uncertainty [5]. *e computer, as a general digital
processing machine, can assist people to objectively count
out some aesthetic or style characteristics of artistic works,
so the use of computer-assisted human aesthetic analysis of
artistic works is a perfect complement to the artistic aesthetic
simplicity.

With the rapid development of computer and digital
media technology, more and more visual artworks are
created, preserved, and disseminated digitally [6]. People
can access and enjoy a large number of high-quality digital
art images on websites and mobile devices at any time. Faced
with the ever-increasing mass of graphics and image data, its
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aesthetic evaluation cannot be completed completely by
manual means [7]. If the computer can be used for their
efficient automatic quantitative aesthetic evaluation, not
only can save a lot of artwork management time and
manpower consumption but also help ordinary users better
understand and appreciate the artwork, at the same time, it is
also of great significance to the advanced retrieval and style
identification of artworks [8]. In addition, composition of
some artistic graphics, no matter with simple shapes or
ethnic art patterns with complex structures, must follow
aesthetic principles. If we can use a computer to analyze their
aesthetic characteristics and efficiently generate artistic
patterns, we can quantitatively reveal the aesthetic law of
artistic patterns, which is of great significance to modern
pattern design and digital protection of national artistic
patterns.

*eir computing power to replace the human brain by
computer processing analysis and visual perception sys-
tem to an objective and quantitative understanding of
visual art and the various properties of aesthetic cognition
enable the computer to simulate the human visual system
and aesthetic thinking to understand and deduce “beauty”
of the calculable method and make feasible aesthetics in
the related application of automatic decision [9]. *is
research establishes a bridge between computer and visual
artworks, and its research purpose is to enable the
computer to carry out quantitative analysis, calculation,
and evaluation of the aesthetic feeling of graphics and
images independently. For example, evaluate the aesthetic
score of photos; judge the aesthetic style of paintings, so as
to understand the aesthetic perception of users; and help
find the most in line with the aesthetic needs of users [10].
At the same time, the computer can assist to generate a
variety of visual aesthetic art forms and enhance the
performance of visual art and creativity.

*is paper presents a design method of visual com-
munication effect evaluation of artworks based on machine
learning. First, some characteristic variables are constructed
to quantify the balance, contrast, and harmony in icon
design criteria, and these three common design criteria are
transformed into a mathematical expression. *en, the ar-
tificial evaluation scores are regressed to the calculated
characteristic variables to obtain the statistical linear re-
gression models corresponding to the three design criteria
*is paper selects the digital art form in the field of graphics
and images and carries out the research of computational
aesthetics in a new dimension.

2. Related Work

In recent years, more and more scholars have begun to study
and explore computational aesthetics in various aspects [11].
*e research direction related to this paper can be divided
into two categories: the first is the quantitative aesthetic
evaluation of graphic images, and the second is the modeling
and drawing of traditional artistic patterns based on aes-
thetic rules [12]. However, most of the current work takes
photographs and oil paintings as research objects, while
there are few attempts to calculate the aesthetic evaluation of

ink and wash paintings. Next, we analyze the research status
and methods of computational aesthetics-related technol-
ogies from the following aspects.

2.1. Graphic Calculation Aesthetic. It has long had its own
aesthetic standards for the construction of “beauty” in the
fields of photographs, paintings, and graphic design. For
example, the authenticity, clarity, exposure and depth of
field in photos, color contrast, color harmony, and light and
shadow performance in paintings can provide useful ideas
for the aesthetic evaluation of artistic works [13]. However,
the expression and description of these attributes only exist
in the realm of art, and how to quantify them is a challenge.
Scholars from all over the world have explored and studied
computational aesthetic models and their applications from
different perspectives. Most of the work is based on data-
driven methods to quantify the aesthetic criteria and aes-
thetic common sense in artistic works through design or
automatic learning of appropriate visual features and to
carry out an aesthetic evaluation of artistic works [14]. In
addition, with the development of bioinformatics, neuro-
science, psychology, and other theories, experts and scholars
try to use relevant theories to guide the study of the rela-
tionship between human vision and aesthetic perception of
artworks.

2.2. Human Visual Aesthetic Perception. As one of the
natural attributes of human perception, some researches
deeply analyze the principles of the human aesthetic ex-
perience of visual artworks from the perspective of neuro-
aesthetics and psychology, trying to discover the visual
characteristics that affect human aesthetic perception [15].
At the neuro aesthetic level, a functional magnetic resonance
experiment was used in literature [16] to verify the difference
of aesthetic stimulation in human brain regions when people
appreciate artistic works. *e results show that two distinct
brain regions are active. *e first region is responsible for
receiving specific visual stimuli, such as color, shape, spatial
position, and movement, which reflect the early processing
of human vision. *e second region is responsible for
combining these visual stimuli and producing a perception
of beauty or ugliness. Chatterjee A proposed the hierarchical
sequence of visual processing in visual aesthetics, which can
be divided into early image feature input, medium feature
element combination, and late aesthetic perception expe-
rience [17]. Starting from the modularization of the human
visual system, Peters deduced six aesthetic visual modules of
the brain: color, form, movement, space, depth of field, and
human body, and analyzed and explored each module based
on the principles of cognitive neuroscience and visual art
[18]. Raham extracted the features of images such as sym-
metrical space, sparsity, brightness, color, and composition
level from the perspective of human visual perception and
analyzed their relationship with neural coding and aesthetic
perception [19].

In the field of psychology, researchers have found some
factors in images that stimulate human aesthetic preference,
such as color, object contour curvature, line orientation and
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spatial composition, perceptual fluency, and so on. Wall-
raven used eye tracker technology to study people’s eye
movements during appreciation and aesthetic evaluation of
artistic works [20]. It proves that people’s vision always
focuses on the main area of the work when they appreciate it
and find a visual perception model that simulates human
aesthetic observation. Although the above work is not di-
rectly related to our research, it is very enlightening for us to
extract important visual features and aesthetic norms related
to human aesthetic perception.

2.3. Graphic Image Calculation Aesthetic Evaluation Method.
In recent years, the research on computational aesthetics of
graphic design has achieved phased results. In terms of
computational aesthetic evaluation of web pages, Zheng
quantified the symmetry, balance, and equilibrium of web
page layout structure by extracting statistical features of low-
level images [21]. Reinecke extended previous work and
proposed the first perception model of web page visual
complexity and chroma, which was used as a predictive
variable to evaluate users’ aesthetic impression of web page
design [22]. As the aesthetic factors in web pages include
visual chroma, the relationship and order between modeling
elements, highlighting the main elements, and so on, and
these factors do not exist in the icon design criteria, the
visual law of icon design is also very different from the
website. *erefore, the existing computational aesthetic
evaluation framework of web pages is not completely ap-
plicable to the computational aesthetic evaluation of
artworks.

*ere is also some research work to establish the rela-
tionship between computer vision and the aesthetic prop-
erties of graphic design. Liao studied key visual elements in
icon design by extracting visual features, including com-
plexity, balance, and repeatability [23]. However, they only
carried out statistical analysis on the distribution of calcu-
lated characteristic variable values and did not use manual
evaluation to verify the validity of the method. Furthermore,
these visual elements do not correlate with the aesthetic
perception of the artworks. Wang discovered the color rules
in corporate ICONS by calculating the number of main hues
and the correlation between hue, saturation, and lightness
[24]. Saleh used low-level visual features to model the
similarity of information graph [25]. *ey evaluated dif-
ferent visual features and learning algorithms and found that
the combination of the color histogram and gradient his-
togram features was the most effective way to describe the
stylistic characteristics of the information graph. *e above
work has great enlightenment for us in extracting important
visual features and aesthetic criteria related to human and
artistic works’ aesthetic perception.

3. Theory and Method

3.1. Overall Framework of the Model. Figure 1 shows our
computing aesthetic evaluation framework. For each image
(yellow box) in the artworks data set, we follow the following
four steps. First, we detect the area and corresponding edge

(the green box) of each image. Second, we construct a set of
characteristic variables and use them to quantitatively assess
each icon’s balance, contrast, and perception of harmony
(blue box). To verify the validity of the computational as-
sessment method, we performed manual assessments of
balance, contrast, harmony, and aesthetic perception (pink
box). *ird, the corresponding linear regression model
(orange box) is obtained by regression of the balance,
contrast, and harmony scores of manual evaluation to these
characteristic variables respectively. Finally, the aesthetic
model (red box) was obtained by regression of the balance,
contrast, and harmony scores of the artificial evaluation of
aesthetic score to the model evaluation.

We use G to represent an icon that contains multiple
areas organized together by design principles such as bal-
ance, contrast, harmony, variation, and rhythm to form
complete artworks. We call each region in G a visual ele-
ment. Here, we use the region props function provided in
MATLAB to detect all regions in G.

3.2. Quantitative Calculation of Criteria for Works of Art.
*is section will introduce the quantitative evaluation
methods of icon balance, contrast, and harmony in detail.
For each dimension, we will introduce the corresponding
characteristic variable construction and calculation
methods.

Balance refers to the balanced distribution of visual
weight in a work of art to achieve a state of equilibrium to
create a sense of calm. *e most common work of art is left-
right balance, in which the works with left-right symmetrical
balance show a stable feeling. Some works of art with dy-
namic effects are designed as asymmetric balance.*erefore,
measuring the left-right balance of artwork G is more
challenging than simply detecting its left-right symmetry.
Here, we calculate the left and right equilibrium degree of G
by constructing the weight difference curve.

*e length and width of G are denoted by H and W,
respectively. *e vertical axis of symmetry of G is indicated
by the irrigation. Considering the space left by the white area
for the black area, the two together make up the shape of the
image, as shown in Figure 2.

If the black areas to the left and right of the ribbon are
equally weighted, then G is considered to be left and right
balanced. *erefore, we scan G line by line from top to
bottom. On each scan line, we first select the pixels falling
into the black area from left to right Pi,j. We define the
weight sets represented by the black area to the left and right
of Xv on the i-scan line, respectively, as dli and dri. And then
we calculate the absolute distance between Pi,j and Xv. If Pi,j

is to the left of Xv, we put it in dli, and if it is to the right, we
put it in dri. *e weight difference between dli and dri on
i-th scan line is defined as follows:

Di �
1

Mli


Mli

j�1
dli,j −

1
Mri



Mri

k�1
dri,k, (1)

where Mli and Mri refer to the number of distance elements
contained in dli and dri, respectively; and dli,j and dli refer
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to the j-th distance element; and dri,k refer to the k-th
distance element in dri. We calculate the Di of all scans to
obtain the weight difference curve. If Di � 0 for all i ∈ [1, H],
then G is left and right symmetric equilibrium. Otherwise, G

from top to bottom must contain some sloping parts with
different zigzag variations. Here, the square root of the
absolute value of the area difference between curveD and the
area above and below the horizontal axis is expressed as S,
which is used to measure the left and right balance of G. *e
smaller S is, the more balanced G is.

Contrast designations, colors, textures, shapes, and other
elements to create visual excitement and add interest to the
design work. Since images can be multiple colors, single
colors, or metallic colors. Here, we transform all the col-
lected images into black and white to focus on the contrast in
shape. Generally, shapes with sharp corners attract more
attention than smooth curves; they further suggest that
people are born with a deep preference for curves rather than
sharp corners. In the design, the corners are used to attract
visual attention, while the curved parts are used to create a
positive mood and aesthetic impression. So, here, we pro-
pose rigid and flexible contrast to evaluate shape contrast in
images. Attneave found in an experiment that the infor-
mation was mainly concentrated on the contour of the shape
and further concentrated on some boundary points on the
contour where the direction changed rapidly [26]. Inspired
by these conclusions, we adopt Shannon information theory
to calculate rigid and flexible pairs; the calculation process is
described in detail as follows.

In the discrete case, when the curve is sampled uni-
formly, the curvature is proportional to the turning angle α ,
which changes tangentially from one point to another along

the shape profile. We assume that it follows the von Mises
distribution centered on the straight line α � 0; the math-
ematical expression is as follows:

p(α) � A exp[b cos(α)], (2)

where b is the parameter used to adjust the diffusion degree
of the distribution and A is the normalized constant term. If
α is positive, it means clockwise rotation, and a negative
value means counterclockwise rotation, as shown in
Figure 3.

We define the set of corner points and sampling points in
G as φc and φs. For each visual element Ek in G, we first use a
CSS corner detection algorithm to detect corners and put
them into the collection. *ese corners correspond to sharp
vertices in BPk and divide BPk into several line segments,
including arcs or lines. *en, between the two corners of
each curve, we take samples at every five edge points starting
from one corner along the BPk and call these sample points
breakpoints. Finally, we take corner points and breakpoints
as control points and use the arc length parameterization
method to uniformly sample the curve. We continue this
process until all line segments in BPk are sampled.

Shannon defined the amount of information as the
negative value of the logarithmic probability distribution.
*erefore, the amount of information of a vertex with
steering angle α is calculated as follows:

Iα � − log2 p(α), (3)

where the corresponding information of rigid point (corner
point) and soft point (sampling point) is, respectively,
calculated as follows:

Art work dataset

Manually assessed balance, contrast, and harmony scores

Aesthetic evaluation framework

Art work dataset
detection

Balance, comparision and
calculation evaluation

Linear regression
modeling Aesthetic

score
Balance of

model evaluation

Characteristic
variable

Aesthetic linear
regression model

Linear regression
modeling

Figure 1: Computational aesthetic evaluation frame for works of art.

Figure 2: *e two together form a schematic diagram of the shape.
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Ih � − 
vertex(α)∈Ψc

log2p(α)

Is � − 
vertex(α)∈Ψs

log2p(α)
. (4)

Finally, the rigidity and flexibility of G compared with
Chs are calculated as follows:

Chs �
Is

Ih + Is

, (5)

where Chs is between 0 and 1.When Chs closer to 1, the softer
the images G becomes. *e closer this value approaches 0,
the stiffer images G becomes. In the beginning, we used
equation (5) to calculate the rigid-flexible contrast of images.
However, for some icons surrounded by one or more closed
outer boundaries, the calculation results are very different
from the manual evaluation results. We speculate that the
outer and inner boundaries contribute to the overall rigid
and flexible contrast of these icons, respectively. *erefore,
we use Cout and Cin represent the rigid and flexible contrast
of the outer boundary (if present in G) and the inner
boundary, respectively, and are calculated as follows:

Cout �
Isout

Ihout + Isout
,

Cin �
Isin

Ihin + Isin
,

(6)

where Ihout and Isout represent the total amount of information
corresponding to the rigid and soft points on the outer
boundary, respectively, and Ihin and Isin represent the infor-
mation amount corresponding to the rigid point and the soft
point on the inner boundary, respectively. Harmony is a design
criterion thatmeasures how the visual elements of a work of art
fit together. It provides the cohesion that makes the work of art
a perfect whole. For visual elements in icon design, harmony
means that the shape of a visual element should match that of
its neighboring visual elements. Among these visual elements,
the areas between some adjacent holes make a great contri-
bution to the overall harmony of the images. In this section, we
define normal tracking distance to calculate the coincidence
degree between different adjacent visual elements in the icon, as
detailed below.

Previously, we have detected the boundary Bk of each
visual element rat in G and its corresponding feature point
set FPk most. We connect every two feature points with line
segments so that Bk can be approximated as a polygon
composed of a series of line segments. *en, for the mid-
point of each line segment, we select the boundary point
closest to that position at night.We represent this point as SP
and start from this point along the outer normal direction of
the line segment.

3.3. SVR Algorithm2eory. SVM is generally divided into
support vector classification machine and support vector
regression machine. SVC is used to deal with classification
problems, which can deal with both two types of classi-
fication problems and multiple types of classification
problems; SVR is used to deal with functional regression
[27]. SVR has been successfully applied to system iden-
tification and nonlinear system prediction. *e basic idea
of support vector function regression is: for a given
training sample point (x, y), . . . , (x, y)  ⊂ X × R, a
function f(x) is regressed through SVR training so that
the difference between the output value of each sample
calculated by the function and the target value corre-
sponding to the input sample does not exceed the error,
and the regressed function is as smooth as possible [28].

In the case of linear regression, suppose that the form of
the function is: f(x) � (w · x) + b, where (·) represents the
dot product in x. To make the regressed function f(x) as
smooth as possible, it is necessary to find a w as small as
possible. *erefore, the above problem can be described as a
convex optimization problem:

min
1
2
‖w‖

2
,

s.t.
w · xi(  + b(  − yi ≤ ε,

yi − w · xi(  + b( ≤ ε, i � 1, 2, . . . , l.

⎧⎪⎨

⎪⎩

(7)

In practice, some small errors are often ignored, so the
relaxation factor is introduced ξi and ξ∗i , so the above
formula is usually written as follows:

min
1
2
‖w‖

2
+ C 

t

i�1
ξ∗i + ξi( ,

s.t.

w · xi(  + b(  − yi ≤ ε + ξi

yi − w · xi(  + b( ≤ ε + ξ∗i i � 1, 2, . . . , l.

ξi, ξ
∗
i ≥ 0

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(8)

*e constant C> 0 is the balance factor, which deter-
mines the balance between the smoothness of the function
and the number of sample points whose value error exceeds.
*e above problem is a convex quadratic optimization
problem. In order to obtain its solution, the Lagrange
function is introduced as follows:

p (a)

a=0

0 +π-π

Figure 3: Schematic diagram showing distribution centered on the
straight line.
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L �
1
2
‖w‖

2
+ C 

l

i�1
ξ∗i + ξi(  − 

l

i�1
αi yi − w · xi(  − b + ε + ξi( 

− 
1

i�1
α∗i w · xi(  + b − yi + ε + ξ∗i(  − 

l

i�1
c
∗
i ξ
∗
i + ciξi( ,

(9)

where αi, α∗i , ci, c∗i ≥ 0, i � 1, 2, · · · , l. At the extreme point
of function L, the partial derivative relative to variable
(w, b, ξi, ξ

∗
1 ) is equal to zero, that is:

z

zw
L � w − 

1

i�1
αi − α∗i( xi � 0,

z

zb
L � 

1

i�1
αi − α∗i(  � 0,

z

zξ(0)
L � C − α(θ)

i − ci � 0.

(10)

Substituting the above three formulas into function L
produces the corresponding dual optimization problem as
follows:

MaxW α, α∗(  �
1
2



1

i�1


1

J�1
α∗i − αi(  α∗j − αj  xi · xj 

+ ε
l

i�1
α∗i + αt(  − 

l

i�1
yi α∗i − αi( .

(11)

*e constraints are as follows:



1

i�1
α∗i − αi(  � 0αi, α

∗
i ∈ [0, C]; i � 1, 2, . . . , l. (12)

How to deal with the nonlinear situation in support
vector function regression SVR? *e basic idea of the
support vectormachine is to nonlinearly transform the input
sample space to another feature space and construct the
regression function in this feature function space. *e
specific methods are as follows: first, the input samples are
mapped to a feature space through a function, in which the
samples are linear, so the training algorithm in linear re-
gression described above can be applied. *en, the kernel
function is introduced to replace the point product between
samples in the feature space. *e mathematical expression is
as follows:

MaxW α, α∗(  �
1
2

α∗i − αi(  α∗j − αj K xi · xj 

+ ε
t

i�1
α∗i + αi(  − 

1

i�1
yi α∗i − αi( .

(13)

*e kernel function used in the nonlinear support vector
regression function is the same as that used in nonlinear
support vector classification. *e method of calculating
deviation b is the same as that of kernel linear regression. It
can be seen from the above analysis that in the case of
nonlinear regression, the vector W is no longer given

directly like linear regression. In addition, nonlinear re-
gression is not in the input space but in the feature space to
find the smoothest regression function. *e main reason for
preselecting effective candidate support vectors is that the
support vectors are usually located at the class boundary.
Compared with other samples of this class, they are far from
the center of this class and close to the center of dissimilarity.
*erefore, select the samples whose mutual center distance
(the distance between samples and dissimilarity centers) is
less than the center distance between the two types of
samples as effective candidate support vectors, as shown in
Figure 4.

4. Experiments and Results

4.1. Experimental Results of Regression Modeling. *e ex-
perimental environment of this article is as follows: the
hardware environment is a Linux system, NVIDIA GTX
2080Ti; the software environment is Python3.5,
sklearn0.21.1, and other toolkits. Similar to previous work,
we have used the public data set and the same data parti-
tioning method [24–26]. In this section, we use the linear
regression model based on machine learning to analyze the
relationship between the manually evaluated balance, rigid-
flexible contrast, harmony score, and various feature vari-
ables extracted from geometric attributes. On this basis, we
further analyze the relationship between the aesthetic score
of artificial evaluation and the balance, rigidity-flexible
contrast, and harmony score of regression model evaluation.
We used statistical analysis software SPSS and statistical
analysis package based on regression analysis to perform
regression modeling of balance, rigidity-flexible contrast,
harmony, and aesthetic feeling. Regression analysis enables
us to verify the validity of regression models by the degree of
fit, to verify statistical significance by the F-test of overall
model fit, and to select significant predictive variables using
the T-test. In order to compare the relative importance of
each variable more easily, we normalized each characteristic
variable using min linear transformation. *en, for the three
dimensions of balance, rigid-flexible contrast, and harmony,
the Monte Carlo cross-verification method was adopted in
model training.

*e statistical results of the regression model for balance
perception are shown in Table 1. S is the square root of the
absolute value of the area enclosed by the weight difference
curve D and the horizontal axis. Table 1 shows that our
model can explain 94.1% of the variation in human balance
perception and is statistically significant. Since the p value
corresponding to S is less than 0.05, it makes a significant
contribution to our model. It shows that the weight dif-
ference curve D can reasonably describe the left and right
visual weight distribution in the icon; S can effectively de-
scribe the balance perception of images.

Statistical results of the regression model for rigid-
flexible contrast perception are shown in Table 2; Cout and
Cin describe the rigid and flexible contrast of the inner and
outer boundaries of the icon, respectively. Table 2 indicates
that our model can explain 93% of the variation in human
rigid-flexible contrast perception and is statistically
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significant. Because of Cout and Cin, the corresponding p

values are less than 0.05, so they contribute significantly to
our model.

*e statistical results of the regressionmodel of harmony
perception are shown in Table 3. Fit represents the average
Fit between all adjacent visual elements in the image. *e
model explained 86.3% of the variation in human perception
of harmony and was statistically significant. Since the
p-value corresponding to Fit is less than 0.05, it makes a
significant contribution to our model. *is shows that the
normal tracking distance we calculated can properly de-
scribe the coincidence between adjacent visual elements in
the icon, and fit can effectively describe the harmony per-
ception of the image.

We have obtained regression models Cb, Cc, and Ch of
balance perception, rigid-soft contrast perception, and
harmony perception, respectively. On this basis, we take
these three models as predictive variables to construct a
regression model of human aesthetic perception. *e overall
statistical results of the regression model are shown in Ta-
ble 4. *e model explained 98.3% of the variation in human
aesthetic perception and was statistically significant. Since
p-values corresponding to Cb, Cc, and Ch are less than 0.05,
they have a significant contribution to our model.

In this section, we will further analyze and evaluate the
regression model performance of balance, rigid-flexible
contrast, harmony, and aesthetic perception in the previous

section. We have got the regression model of balance, rigid
and flexible contrast, harmony, and beauty. Figure 5 shows
the comparison of artificial evaluation scores (blue curve)
and regression model evaluation scores (red curve) of 60
images in each dimension. As can be seen from the figure,
the evaluation result of our regression model approximates
the artificial evaluation result.

Figure 5 shows the average RPE statistical results of the
balance, rigid-flexible contrast, harmony, and aesthetic
regression model under eight runs, in which the green
curve represents the training set and the red curve rep-
resents the test. In order to better evaluate the prediction
performance of the regression model, we show the average
Pearson correlation coefficient and corresponding bilat-
eral significance of each model training set and test set
under eight runs, as well as the average mean square error
between the model evaluation results and the manual
evaluation results, which is used to predict the average
prediction performance of the regression model under
different training sets and test sets. All these prove that
our regression model has high prediction performance,
and the explanatory variables of the regression model have
high prediction ability in icon computing aesthetic
evaluation. We show some icon comparisons in which the
evaluation scores on four aesthetic attributes of balance,
rigid and soft contrast, harmony, and beauty show op-
posite directions, as shown in Figure 6.
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Figure 4: Schematic diagram of SVR algorithm.

Table 1: *e balance perception regression model is the statistical result.

R2 � 0.943 Adj.R2 � 0.941 Std.Er � 0.267 F � 470.736 Sig � 0.00
Var Coef Er Coef t Sig.

S 0.997 0.051 0.971 13.908 0.000
Const −0.155 0.42 — −3.548 0.003

Table 2: Statistical results of rigid-flexible contrast perception regression model.

R2 � 0.935 Adj.R2 � 0.930 Std.Er � 0.257 F � 226.206 Sig � 0.00
Var Coef Er Coef t Sig.

Cout 0.299 0.038 0.451 7.914 0.000
Cin 0.527 0.047 0.648 10.862 0.003
Const 0.388 0.098 — 3.968 0.000
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*e values in the figure show that our regression model
can well describe and predict each aesthetic attribute and is
consistent with human aesthetic perception.

4.2. Experimental Results of Computational Aesthetic
Evaluation. In order to make the characteristic variables in-
sensitive to proportional changes, we use the corresponding

Table 3: Statistical results of a harmonious perception regression model.

R2 � 0.866 Adj.R2 � 0.863 Std.Er � 0.301 F � 176.968 Sig � 0.00
Var Coef Er Coef t Sig.

S 0.824 0.055 0.945 14.266 0.000
Const −0.437 0.148 — 2.872 0.006

Table 4: Statistical results of an aesthetic perception regression model.

R2 � 0.985 Adj.R2 � 0.983 Std.Er � 0.321 F � 998.206 Sig � 0.00
Var Coef Er Coef t Sig.

Cout 0.711 0.045 0.788 16.102 0.000
Cin 0.172 0.055 0.146 5.807 0.000
Const 0.086 0.046 0.073 2.903 0.000
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Figure 5: Comparison between the regression model and manual evaluation results.
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Figure 6: Schematic diagram of performance results.
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weighted average and standard deviation to standardize each
characteristic variable. In the experiment, we use the statistical
and machine learning toolbox in MATLAB to establish the
SVRmodel. In order to avoid overfitting, we use nested fivefold
cross-validation to train color, texture, and composition-aware
SVR models. Table 5 shows the performance statistical results
of different models under 10 runs.

*e outer fivefold cross-validation loop randomly di-
vides the data set into five equal subsets to estimate the
generalization prediction performance of the training
model. In the five subsets, each subset was selected as the test
set in turn, and the remaining four subsets were selected as
the training set. After model training, the test set is used to
evaluate model performance.We show comparisons of some
ink paintings that show opposite directions in predicting the
assessment scores of aesthetic perception, as shown in
Figure 7. *e aesthetic score of the top line works is higher
than that of the bottom line works. *e values in the figure
show that our aesthetic model can well describe and predict
the aesthetic attributes of the ink and wash paintings, which
is consistent with human aesthetic perception.

5. Conclusion

*is paper deeply studies the related contents of image
computing aesthetic evaluation and puts forward a design of
visual communication effect evaluation method of artworks

based on machine learning. First, this paper proposes an
icon computing aesthetic evaluation framework based on the
design criteria perception model. It first constructs some
characteristic variables to quantify the balance, contrast, and
harmony in the icon design criteria, then regresses the
manual evaluation score to the calculated characteristic
variables to obtain the statistical linear regression model
corresponding to the three design criteria, and finally re-
gresses the manual evaluation aesthetic score to the balance,
contrast, and harmony scores of the model evaluation to
obtain the aesthetic model. *e experimental results show
that our regression model can predict human judgments on
balance, contrast, harmony, and aesthetic perception and
has a highly significant correlation. Our work provides a
reference framework based on machine learning for the
quantitative aesthetic evaluation of graphic design, estab-
lishes the relationship between human aesthetic perception
and computable design criteria extracted from graphic
design.

Our current research on icon aesthetics is limited to
shape aesthetics, while color plays a certain role in icon
calculation aesthetic evaluation. In the future, we will
incorporate color into the icon calculation aesthetic
evaluation. In addition, the images studied in this paper
are all from famous brand enterprises, and most of them
are professionally designed. *erefore, our model may
have poor expansibility for random or poorly designed
images, so we need to add some randomly designed
images in the training set to improve our model.

*e computational aesthetic evaluation framework
establishes the relationship between human aesthetic
perception and the extracted computable visual features.
First, it extracts some feature variables related to color,
texture, and composition in the image and then regresses
the artificial evaluation scores to the calculated feature
variables to obtain the SVR model corresponding to the
three aesthetic attributes. Finally, the artificial aesthetic
score is regressed to the color, texture, and composition
scores evaluated by the model, so as to obtain the aesthetic
model.

Finally, the artistic patterns are dense, exquisite, and
changeable. Each layer from the inner layer to the outer layer
contains many types of decorative patterns. In future work,
we will study the computer generation methods of other
decorative patterns in the artistic patterns and integrate the
generation model of decorative patterns into our user in-
teraction system to generate more complex artistic patterns.
In addition, the art troupe has bright colors and a distinctive
style. Quantifying the aesthetic law contained in it is also a
direction worthy of exploration.
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Table 5: Performance statistical results of different models under
10 runs.
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Average MSE 0.649 0.887 0.478 0.945
SD MSE 0.032 0.022 0.027 0.042
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Figure 7: Proportion of each model category and characteristic
variable in the aesthetic model.
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