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Abstract To address the problems of accuracy and efficiency in the classification algorithm of painting art in art teaching,
we propose a machine learning-based classification algorithm for painting art in art teaching from the perspective of sentiment
semantic analysis. Seven representative art painting styles of western comics, drawing, oil painting, watercolor painting, and
domestic branding painting, ink painting and mural painting are selected as the research objects, and the images are pre-
processed by denoising and normalization. Subsequently, the style characteristics of the paintings are identified, and the color,
chunk, and contour entropies of the pictures are acquired, respectively. These results are then integrated to create a machine
learning model of various painting styles. To create the classification model of art painting style, the extracted color, chunk, and
contour entropies are merged and trained using a Support Vector Machine (SVM) in art instruction. The approach achieves 94%
painting classification accuracy and has the advantages of reduced feature dimensions, fast operation time, and scale invariance.

Index Terms sentiment semantic analysis, machine learning, deep learning, painting

classification

I. Introduction

raditional culture is the spiritual source of a nation, and
T painting is one of the forms of expression of traditional
cultural heritage. Mankind’s knowledge and understanding
of the world, as well as his perception and emotion of real
life, are expressed through the form of painting. From an-
cient times to the present, human civilization has progressed
continuously and accumulated a huge amount of painting
resources, such as Eastern landscape paintings, Western oil
paintings, Dunhuang frescoes [1], and so on. These painting
images are not only an effective carrier for passing down
human civilization, but also an important force for human
development and progress in the course of history. Modern
society is in a period of rapid development, and smart mobile
devices have been closely related to people’s lives, and at the
same time, digital painting images are gradually integrated
into people’s lives, and can be enjoyed anytime and anywhere
through the Internet and electronic devices, which also makes
it more convenient for researchers to explore them at a deeper
level [2].

Due to the huge amount of digital painting image resources
that exist, it is impossible to process them directly. Therefore,
the effective management of paintings is imperative. Initially,
manual painting classification requires manual extraction of
features, which on the one hand is too big for the researcher,

resulting in a waste of manpower and time, and on the other
hand can lead to a decrease in classification accuracy due to
manual errors in extracting the wrong features [3]. There-
fore, there is a great trend to use computer technology to
extract features from painting images as well as to classify
them. Researchers have used classification algorithms to study
the style, authorship, and dynasties of painting images by
extracting features such as color, texture, white space, and
emotional semantics [4]. However, there are relatively few
research works on classification of paintings based on affec-
tive semantic features. An excellent painting is made up of
countless emotional semantic superimpositions; thus, emo-
tional semantic features are crucial for the study of painting
images [5].

In this paper, we propose a classification model of paint-
ing images based on sentiment semantic features to classify
painting images, which not only facilitates people to choose
their desired style of works [6], but also allows to obtain labels
for more datasets, which provides convenience for subsequent
researchers to extract sentiment semantic features. It is also
possible to classify more datasets in a detailed way, such
as dynasty, author, style, and sentiment. Thus, the research
in this paper enriches the application of affective semantic
features on the classification of drawing images and promotes
the development of drawing images [7]. In this paper, the
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Figure 1: Example of style painting

representative painting styles of western comics, drawing,
oil painting, watercolor painting, and domestic branding, ink
painting, and mural painting are selected as the research
objects to classify for seven different paintings and obtain the
final classification recognition results [8]. Figure 1 shows the
images of different painting styles.

Il. Proposed Methods

As shown in Figure 2, the image feature extraction part is to
extract objective underlying features such as (color texture
shape, etc.) from the image, and the features are extracted
mainly using computer vision and digital image processing
techniques to obtain objective visual content features directly
from the image, and the algorithms they correspond to are
becoming increasingly mature. In the process of studying the
emotional semantics of images, the feature extraction part of
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Figure 3: Flowchart of extracting sentiment semantic features

images is very heavy, and it is necessary to construct or select
psychological and physiological models in combination with
human physiological and psychological characteristics to find
features, and to describe them using appropriate ways in order
to play a positive role in the extraction of emotional semantics.

First, the edges were filtered and closed by morphological
manipulation. Finally, the top six emotional semantic sub-
images of the formed painting images in terms of density
are used as the input features needed for classification. The
flowchart of the emotion-semantic feature extraction method
proposed in this chapter is shown in Figure 3.

A. Methods of extracting sentiment semantic features in
this paper

1) Sobel operator edge detection method

Edge detection is one of the common methods for processing
image edges. It is independent of the image content and acts
mainly on the edges. Thus, in our model, we choose the edge
as the first place if it contains the number of pixels between
two thresholds (200 and 900).

Among them, the Sobel operator is an algorithm for edge
detection based on the first-order gradient operation, which
uses the convolution kernels G x and Gy to convolve in the X
and Y directions of the image, respectively, in the process of
extracting sentiment semantic features. The results computed
from the convolution in X and Y directions are algebraically
weighted and summed to obtain the edge results for the whole
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image. The convolution kernel Gx, Gy is shown in Eq. (1).

[ -1 0 +1
Gx=1| -2 0 +2 |,
-1 0 +1
L 1
-1 -2 -1 M
Gy = 0 0 0
| +1 +2 +1
The Sobel operator matrix has the following form:
[ -1 0 1
Gz:fm(xay): -2 0 2 )
-1 0 1
L 2
-1 -2 -1 @
Gy = fylz,y) = 0 0 0
| 1 2 1

The drawing image performs the edge operation method,
which is essentially a gradient change in the gray value of a
pixel point, and the location of the gradient change is the edge
location of a certain region. In this case, the magnitude of the
gray value that has changed is the combined gray value. The
gray value size of the point is calculated by the following Eq.

3).
G=/G2+G2 3)

In the process of extracting the emotional semantic features,
the painting images are firstly converted into grayscale im-
ages, and the edge detection Sobel operator is used to perform
the operation through a 3*3 filter.

2) Morphological operation

We have to select representative sentiment semantic features
as the input for classification, because too sparse sentiment
semantics will interfere with the classification results. There-
fore, the steps,

« Step 1; The painting image after morphological operation
is segmented into 2000 small blocks.

o Step 2: Then the gradient similarity value of adjacent
regions of each two sub-painting images is calculated
using greedy strategy, and the two closest sub-painting
images are merged.

« Step 3: The density size of each region is ranked.

« Step 4: Finally, the sentiment semantic features with the
top six densities are selected.

The top six emotional semantic features with density ex-
tracted according to the above algorithm are used as the most
representative emotional semantics of this painting image, and
we call it selectable emotional semantics. As shown in Figure
4, the process of extracting selectable sentiment semantics is
shown.

Figure 5 shows the block diagram of the system implemen-
tation.
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Figure 4: Selection of emotional semantic sub-images
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Figure 5: Diagram of system implementation

B. Classification model based on sentiment semantic
features

With the expansion of data set, CNN has been widely used in
various fields of image processing, such as target recognition,
classification and tracking. Therefore, based on the above
mapping data set, we establish a convolution neural network
classification model based on emotional semantic features.

1) CNN

This study uses morphological manipulation, segmentation,
and extraction of the image after edge detection, and then
uses the 64x64 image size as the CNN’s input for learning and
training. Figure 6 depicts the architecture, and its structure is
as follows:

1) Create six 60 x 60 mappings in the C1 layer in order
to extract edge characteristics from the original picture
pixels.

2) Each mapping in the S1 layer is lowered with a subsam-
pling rate of 2, which aids in the extraction of important
edge characteristics while lowering the model’s param-
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3) The second convolution layer in the C2 layer creates 12
mappings with a size of 26 x 26 in order to identify basic
form features from edge features.

4) By creating fully connected layers, 2028 dimensional
vectors are obtained in one layer of the S2 layer. In
the output layer, 1014-dimensional features are finally
obtained.

2) SVM

The essential idea of SVM is to transform the nonlinear prob-
lem in classification into a linear problem and finally get the
optimal solution. SVMs maximize the distance between two
types of images in a dataset and the hyperplane. Its diagram is
shown in Figure 7.

For the test painting images, it is assumed that their affec-
tive semantic features are described as ,which is classified as a
positive sample if and a negative sample if the opposite is true.
In the algorithm of SVM for classification, we used generic
values as parameters. The final decision of whether the test
image belongs to good painting image or bad painting image
is made by SVM.

lll. Experiments
The experimental flow is shown in Figure 8,

« Instep 1, from seven genres such as painting and sketch,
100 paintings are randomly displayed as simulation sam-
ples to extract color entropy, block entropy and contour
entropy respectively.

o In step 2, the entropy obtained is merged into [mxn]
(m) to display the training samples, and N to display the
characteristics of the samples), and the corresponding tag
set is set.

o In step 3, as the training kit using the characteristic
matrix, select the radial basis function kernel function,

Image
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exfraction training of style painting resulis
Feature
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Figure 8: Flow chart of the experiment
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Figure 9: The accuracy of different paintings

use libsvm to train and train the training kit, and get the
pattern classification in art training.

« Instep 4, seven image styles such as patterns and patterns
are selected as test samples, and the recognizable vectors
of the images are obtained according to steps 1 and 2. The
recognizable vectors are input into step 3 after the clas-
sifier is well trained for recognition, and the recognition
results and recognition accuracy are obtained.

« Instep 5, set any label on the image to be recognized, and
input it into the style to draw the classifier to obtain the
sorting results.

A. Accuracy and completeness

All experiments in this paper were conducted in Windows 7,
32-bit operating system, based on 2.3 GHz AMD Turion II
CPU, 4 G memory, and programmed in Matlab2016. In this
paper, experiments are conducted for seven different painting
arts in art teaching: cartooning, drawing, oil painting, wa-
tercolor painting, branding, ink painting, and mural painting,
and the proposed method is mainly validated by accuracy and
completeness. The experimental training set consists of 100
paintings of each style selected from the dataset, and the test
set consists of 100 paintings of each style randomly selected
from the remaining dataset. And the results are shown in
Figure 9.

Table 1 shows the classification accuracy. From the exper-
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Painting . . Number of correct | Classification
. classification . .
species results classifications accuracy (%)
Cartoon 48 40 83.32
Sketch 50 44 88.00
Oil Painting 50 48 92.14
Painting in 48 45 93.63
water colors
Pyrography 51 45 88.47
Chinese brush 55 4 79.62
painting
Mural 46 46 95.75

Table 1: Classification accuracy rate

Painting specics Numbe}' of c.orrect Numb.er of error Recall
classifications classifications rate (%)
Cartoon 40 10 82
Sketch 45 5 86
Oil Painting 46 4 95
Painting in 44 5 87
water colors
Pyrography 45 5 91
Chme'se'brush 44 3 38
painting
Mural 45 4 92

Table 2: Classification rate

imental results, we can see that the classification accuracy
of oil painting, mural painting and watercolor painting is
relatively high, while the classification accuracy of cartoon
and ink painting is relatively low, among the 350 selected
test images, there are 309 correctly classified, and the average
classification accuracy is 88.28%. The style of cartoons and
oil paintings are distinctive and easier to distinguish than other
styles, so the recognition accuracy is high. It is also a difficult
point to classify and identify style paintings.

Table 2 shows the completion rates. The completion rates
of branding and oil painting are relatively high, reaching more
than 90%, which is due to the high recognition accuracy of
branding and oil painting, and they are not easily misidentified
as other paintings, so the completion rates are high. The
search rate of cartoons is relatively low, only 80%, because
the recognition accuracy of cartoons is low, and they are
easily classified as other types of paintings, so the search
rate is low. The search completion rate is affected by the
classification accuracy, and the improvement of the accuracy
rate is beneficial to the improvement of the search completion
rate.

B. Comparative analysis

The literature [7] designed a system for classifying five types
of painting arts in art teaching, including photography, Chi-
nese painting, watercolor painting, sketching, and oil painting.
The system finally achieves the classification of 5 types of
paintings with different art styles by setting multiple classes of
SVM classifiers and classifying them layer by layer, and each
class of SVM classifiers adopts the specified image features to
achieve their respective classification functions.

Figure 11 shows the multiclass binomial tree classification
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Figure 10: The accuracy of painting samples
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Figure 11: SVM multiclass binomial tree classification for
different art style classification [7]

system in the literature [7], which uses a 3-layer 4-class SVM
classifier to progressively achieve classification of 5 classes of
art style paintings, and each classifier uses different features to
achieve classification of the specified style paintings from top
to bottom layer by layer, and its overall classification accuracy
is 85.56%. The classification accuracy of the algorithm in this
paper for art painting styles is 88.28%, and the accuracy is
improved. In addition, both the literature [7] and this paper
use SVM classifier for classification, including 2 processes
of training and classification. The literature [7] performs at
least 3 SVM calculations on samples through a hierarchical
approach, which is time-consuming, and the SVM is used
to train and classify the data set 1 time, which reduces the
computing time and accelerates the computational process
when the number of samples is large, which improves the
efficiency of classification calculation.

After ensuring the accuracy of the algorithm, we further
analyzed the satisfaction of teachers with the system. The
specific results are shown in Figure 12. It can be seen that
the vast majority of teachers agree with the application of the
algorithm, and the largest proportion of teachers aged 35 to 39
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Figure 12: Teachers’ satisfaction with the method
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Figure 13: Images at different scales

is 44%.

C. Scale invariance

Image entropy is an image feature with statistical properties
that describes the spatial distribution characteristics of pixels,
whether the image is scaled down or scaled up, it does not
affect the distribution characteristics of image pixel points.

In this paper, the same painting art in art teaching is tested
at different scales, and painting art in art teaching such as
branding, oil painting and drawing are selected for testing.
Figure 13 shows the image examples with image scales of
512x512, 256x256 and 128x128 respectively, and the al-
gorithm is trained and tested by calculating color entropy,
chunk entropy and contour entropy for the images. The RBF
kernel function is selected, and the experimental parameters
are chosen as =4 and =0.125. After experimenting with the
input 3 images of different scales, the experimental results
obtained are , and the three contour entropies are 2.4, 1.7,
and 2.1, respectively. has scale invariance, which provides a
general computational method of different scales and extends
the application area.

IV. Conclusion

In this paper, we propose a machine learning-based classifica-
tion algorithm for painting art in art teaching. The algorithm
takes seven kinds of representative painting art in art teach-
ing: cartoons, drawings, oil paintings, watercolor paintings,
branding paintings, ink paintings and murals as objects, and
uses neural networks and machine learning algorithms to
train, test and classify different painting art in art teaching.
In the experimental process, we use accurate and accurate
algorithms to classify the paintings. The experimental results

show that the algorithm can effectively classify the painting
art in the process of art teaching, and has the advantages of
fast operation speed and constant scale.
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