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ABSTRACT

Chinese oil painting art is an important carrier of contemporary Chinese cultural identity features, the
identification and quantitative study of the color and texture of the picture can help to understand the
characteristics of the oil painting works more deeply. Therefore, this paper proposes a feature
recognition method for oil painting art based on deep learning method. The Otsu threshold method
and DeeplabV3+ network model based on DeeplabV3+ are selected for image graying and
segmentation processing. The global color histogram and ring LBP are used to extract the color and
texture features of the picture respectively, and the oil painting feature recognition is completed based
on the regularized limit learning machine. In several sets of quantitative results, the methods in this
paper all have better oil painting color and texture feature recognition, among which the RELM
algorithm has the highest detection accuracy at low correlation features. It shows that the deep
learning based Chinese oil painting art and cultural identity feature recognition method can effectively
extract oil painting features and realize the quantitative research on oil painting.

Keywords: LBP, global color histogram, deep learning, otsu thresholding method, oil painting identity
recognition

1. Introduction

Deep learning algorithm is a kind of machine learning technology that simulates the learning and
processing ability of human brain neural network through multi-level neural network structure. Its
core idea is to realize the abstraction and characterization of input data by constantly adjusting the
connection strength between neurons, so as to achieve automatic learning and solving of complex
problems. It is of great significance in natural language processing, image recognition and
classification art, especially in the identification and quantification of cultural identity features of
Chinese oil painting art [1-4].
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As one of the important genres in the history of Chinese art, Chinese oil painting, since its
introduction to China at the beginning of the 20th century, can be divided into three stages of
development. The first stage is the imitation stage. This stage is mainly to refer to western paintings,
and to imitate and learn from them. The imitation stage is mainly from the beginning of the 20th
century to 1959, most of the works in this stage adopt the realism method and skillful expression
techniques, but the subject matter is simple and the creativity is relatively single [5-8]. The second
stage is the exploration stage. In this stage, mainly from 1960 to 1990, artists began to seek their own
creative ideas and styles. Artists began to diversify their creative methods, influenced by traditional
Chinese culture. The oil paintings in this period were characterized by national style and modernism,
and were noticed and recognized by the outside world [9-12]. The third stage is the diversified stage.
This stage is mainly the modern stage from 1990 to the present. Chinese oil paintings in this period
show diversified characteristics, not only realism, but also abstraction and expressionism, as well as
liberal creative styles. In addition, in this era, more and more Chinese oil painters have won
international awards, including many world-class masters [13-16]. With the deepening of reform and
opening up and the continuous development of China's economy, Chinese oil painting has made
brilliant achievements in art creation, market demand and art education [17-18].

In this paper, oil painting images are preprocessed such as graying and segmentation using Otsu
thresholding method and DeeplabV3+ based network model. The global color histogram is used to
extract the color features of Chinese oil paintings, and the images in RGB format are converted to HSV
space. In view of the robustness of illumination, the article adopts the selection of improved cyclic LBP
algorithm and grayscale covariance matrix to extract the local texture features of oil paintings. In order
to improve the accuracy of Extreme Learning Machine Model (ELM) and introduce regularization
factor to avoid overfitting, the RELM model is designed and used for oil painting color and texture
feature recognition. A collection of Chinese oil paintings is taken as a sample, and the method of this
paper is used to quantitatively analyze the spectral features, texture features and artistic and cultural
identities of the oil painting subjects to test the practicality of the method of this paper.

2. 0il painting image pre-processing

0il painting image preprocessing is a very important preliminary work, because the data set obtained
from oil painting image acquisition often has many bad influencing factors, so it will be preprocessed
before feature extraction. Generally in recognition methods based on traditional feature extraction, in
order to facilitate the extraction of object features, the image will be segmented, cropped and other
operations. In recognition methods based on deep learning, due to the small size of most domain-
specific datasets, operations such as cropping, flipping, etc. are usually used to enhance the dataset in
order to obtain better experimental results.

2.1. Graying

Usually, cameras capture color images in RGB format, and when extracting some features, it is
necessary to calculate all the pixel points, which is obviously very time-consuming and arithmetic
power. Image grayscaling converts a three-channel image into a single-channel image, which reduces
the amount of computation for subsequent operations by about two-thirds. In this paper, we need to
extract the texture and edge gradient features of the object image, so we need to grayscale the image.
In this paper, we use the most classic weighted average method, which assigns different weights to the
R, G and B channels, and weights the three channels according to the weights to obtain a single
channel value, as shown in Equation (1):

£(i, j)=0.30R(, j)+0.59G(, /) + 0.11B(, j) 1)
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Where, i, j denote the positional information of the pixel value in the image, respectively, and
f(,J) is the gray value obtained.

2.2. Image Segmentation

Image segmentation extracts regions of interest in an image mainly through certain operations and
has a key role in many tasks of image processing. The purpose of image segmentation in this paper is
to separate the oil painting object from the background to prevent the interference of the background
during subsequent feature extraction. Therefore, in this paper, Otsu thresholding method and
DeeplabV3+ network model based segmentation method are used to segment the oil painting object
dataset respectively.

Since the public dataset used in this paper is simple and easy to segment, and the Otsu thresholding
method can get better segmentation results simply and quickly for this case [19], this paper uses the
Otsu interpolation method to perform segmentation operations on the public dataset. Assuming that
the size of the object image to be segmented is M x N, after inputting the grayscale map after
grayscaling as mentioned above, the computational process of segmenting the image by Otsu
thresholding method is as follows. Assuming that the grayscale is divided into L levels, 4
represents the ratio of the number of pixels of level i to the number of pixels in the whole image, as
shown in equation (2):

Ni
Ay (2)

Then, according to the Otsu threshold method, the optimal inter-value 7 can be calculated by
equation (3):

T= arogga}X[ua (w, =)+ 41, (w, =)’ | (3)

Where, #,, #, are the ratio of the number of pixels in the foreground object portion and the
background portion to the total number of pixels in the image, respectively. w,, W, are the average

gray values of the foreground and background, respectively. W, denotes the total average gray value
of the image. The above parameters are calculated according to equations (4) to (8) respectively:

T
/Lla = Z/’ll (4)
i=1
L
My = Z H; (5)
i=T+1
T
. H;
Wa = 11— 6
2 ©
L
w, = D i (7)
i=T+1 M,
L
W, = Zi,ul. (8)

i=1

The entire gray level is traversed and finally the image is segmented based on the value with the
highest inter-class variance.



6184 Y. GAO

3. Chinese oil painting feature extraction method

3.1. Global color histogram

Color is the most basic feature of an image to express emotion, and has been used by artists to induce
emotion in images. Many studies have been done to change the emotion of an image by changing its
color or combination of colors to give different emotional stimuli to the observer. Whether observed
from an artistic or psychological point of view, the color or combination of colors in an image can bring
strong emotional stimulation to the observer. Color to a certain extent affects the emotional expression
of the image, when different hues of the image is shown to the observer, from the intuitive visual
stimulation of the emotional experience is different: when the display of the image of the color tone
bright, bright brightness, the emotional category is generally positive (pleasure, excitement,
satisfaction or awe). When the color tones are dark and the luminance is gloomy, the emotion tends to
be negative (disgust, anger, fear, or sadness).

Common global color feature extraction methods mainly include: color histogram, color moments
and color entropy, and later researchers and scholars have also proposed some improved methods,
such as improved color histograms, color aggregation vectors, color correlation diagrams and so on.
Global color histogram describes the proportion of different colors in the whole image, which is simple
and convenient, with translation, scale and rotation invariance, so in this paper, the global color
histogram is chosen to extract the color features of the image [20].

The hue, saturation and luminance (HSV) of an image will directly affect the emotion of the image.
In view of this, this paper selects the HSV color space, first of all, the RGB format image is converted to
the HSV space, using the hue-saturation two-dimensional histogram (H-S) method, the H —-S space
is divided into 16 hues, each hue is divided into 8 saturations, then each image can be represented as
a total of 128-dimensional vectors, and then the probability of the largest dimension is converted to a
128-dimensional one-hot coding. Let the color of an image is composed of N levels, each color value
isrepresentedby ¢, i=1,2,..., N Then in the whole image, the dominant color is shown by equations

(9), (10):

H(qi):% i=1,2,...,N) 9)
C:argqmaXH(qi) (10)

Where, num(q,.) denotes the number of pixel values for color ¢ and num (total) denotes the
total number of pixels in the image. H (q,-) denotes the frequency of occurrence of color at each level.
And this set of color statistics H (ql ) . -H(qN) forms the color histogram of the image. The maximum
value C of this set of color statistics is taken as the dominant color of the whole image and then C
is converted into 128 dimensional one-hot vector. Thus this vector in HSV space is used as the color
feature of the image and is denoted as X;.

3.2. LBP texture features

In the identification of oil painting images, in addition to color features, oil painting texture features
are another important feature. The influence of texture features on emotion may not be as intuitive
and strong as color, but with the spatial frequency factor contained in texture, different textures can
produce different visual effects. Smoothness gives a sense of delicacy, softness gives warmth,
roughness gives a sense of old age, and hardness gives a sense of rigidity. Commonly used features to
represent texture are wavelet-based features, Tamura features, and Local Binary Pattern (LBP)
features.
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Based on the fact that illumination has good robustness, the LBP texture feature extraction
algorithm is used in this study [21]. The original LBP operator is defined in a square field centered on
a pixel, generally using a 3x3-neighborhood, with the pixel value of the point as the threshold, the
grayscale values of the 8 adjacent pixels are compared with the pixel value in the center of the
neighborhood, and the positions with pixel values greater than the center pixel value are marked with
1, and the ones that are less than are marked with 0. After a simple operation, the corresponding
positions in the neighborhood can sequentially generate an 8-bit binary number, and then these 8
binary numbers are By arranging these 8 binary numbers in order, a binary number is formed, which
is used to represent the LBP value of the center pixel, and there are 2® possibilities, i.e., 256 kinds of
LBP values. The LBP value of the center pixel reflects the texture information of the area around the
pixel. The formula for calculating LBP is shown in (11) (12):

p-1

LBP(x,.y,)= ) 2"s(i,~i,) (11)
I x>0
s(x)= {O else (12)

Where (xc,yc) is the coordinates of the center pixel, P isthe Prd pixel of the neighborhood, i,
is the gray value of the neighboring pixel, i is the gray value of the center pixel, and s(x) is the sign
function.

The improved circular LBP algorithm is selected in the texture feature extraction stage of this paper,
i.e,, the 3x3-neighborhood is extended to an arbitrary neighborhood and the square neighborhood is
replaced by a circular neighborhood, the improved LBP operator allows any number of pixel points in
a circular neighborhood of radius R. A series of initially-defined LBP values are obtained by
continuously rotating the circular neighborhood, and the minimum value is taken as the LBP value of
the neighborhood. Compared with the original LBP algorithm, it is able to achieve the requirements of
gray scale and rotation invariance. For a given center point (xc, yc) with neighborhood pixel
positions (x,, y,,), p € P, its sampling point (x,,», ) is calculated using the following equation:

2
X, =X, +Rc0s($] (13)
. (27
Y, =Y.—Rsin (ij (14)

Where, R isthe sampling radius, P isthe Prd sampling pointand P isthe number of samples.

The obtained LBP features are connected in a network with two convolutional layers, two activation
layers, two pooling layers and one fully connected layer. The convolutional layers kernel _size = (3,3)
and filters =32 | the activation function of the activation layer is “ReLu”, the pooling layer is
MaxPooling, and the number of neurons in the fully connected layer is 128. The final 128-dimensional
vector is used as the LBP feature of the image and is denoted as X, .

3.3. Texture Feature Extraction

Texture features can reflect the thickness, size, direction, roughness and smoothness of the oil painting
strokes. The statistical features obtained by calculating the region with many pixel points are anti-
interference and have rotational invariance. The extraction method of texture features chooses the
gray scale covariance matrix, which can effectively describe the change information of the image at a
certain distance and direction. Therefore, in this study, we choose to use the grayscale co-production
matrix to calculate the texture features of Chinese oil paintings.
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The grayscale covariance matrix is used to describe the relationship between two pixels of a given
direction and distance in a target region. The grayscale co-production matrix is often used to reflect
the grayscale variation of neighboring pixels in the target region of an image. In processing grayscale
images, using the grayscale covariance matrix method, the extracted oil painting image is first
grayscaled to construct a local grayscale covariance matrix of the diseased oil painting, and the
eigenvalues such as energy, entropy, contrast, and correlation are calculated [22].

Energy - Energy is the sum of squares of the values of the elements of the grayscale symbiosis matrix,
reflecting the uniformity of the image grayscale distribution and texture coarseness. If all the values of
the co-production matrix are equal, the ASM value is small. Conversely, if some of the values are large
and others are small, the ASM value is large:

k k
ASM ="' (G(, j)2) (15)

i=1 j=1
Entropy - Entropy is a measure of the amount of information that an image has, texture information
also belongs to the information of the image, it is a measure of randomness, entropy is maximum when
all the elements in the covariance matrix have maximum randomness, all the values in the spatial
covariance matrix are in phase, and the elements in the covariance matrix are dispersed and

distributed:

k

ENT == G(i, j)log G(i, j) (16)

i=l j=1

Contrast - reflects the clarity of the image and the degree of depth of the texture grooves. The deeper
the texture furrows, the greater the contrast and the clearer the visual effect. On the contrary, the
contrast is small, the grooves are shallow and the effect is blurred:

CON = kZI:n2( > G, j)J (17)

n=0 li—j|=n

Correlation - defines the similarity of the elements of the matrix in terms of rows or columns,
reflecting the correlation between the gray values in some areas of the graph; a larger correlation
indicates that the values of the elements in the matrix do not differ much, while a smaller correlation
indicates a large difference:

> (i—x)(j - ¥)GG, /)

oxXoy

COR:Z

(18)

4. Deep learning-based method for recognizing cultural identity of Chinese oil
painting art
4.1. Regularized Extreme Learning Machine

The mathematical model of the extreme learning machine is equation (19):
L
fL(x):ZﬁiG(ai’bi’x) (19)
i=1

where L isthe number of implied layer nodes. /3 is the weight coefficient of the i rd implicit layer
node for the output node, where [ €R. G(al.,b,.,x) is the output function of the i th implicit layer
node. @, b are the input weights and node bias of the i th implicit layer node, respectively, where
a,eR", b eR. G(a,b,x) The output function can be expressed as Eq. (20):

G(a,,b,x)=g(a,-x+b,) (20)
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where g() is the activation function. K
If thereis N set of training set data {(x,,y, )}

o X Yioare input variables and output variables,
where, x, €R", y,€R", thenEq. (21):

ZﬂG( %), =124, N (21)
The matrix form of Eq. (21) is Eq. (22):
HB=Y (22)
The formula is as in equation (23):
G(al,b ) G(aL,bL,xl) h(xl)
H = : : : =
G(al,bl,xN) G(aL,bL,xN) h(xN)
(23)
i1 N
p=|i| y=|
ﬂL Lx,, yN Nxm

Since @, b are randomly generated and only A is obtained by {(x,,y, )}L computation, in
order to improve the accuracy of the ELM, the ELM introduces a regularization factor A, at which
point solving # is transformed into the following optimization problem as Eq. (24):

N
min, Vi, = ||,B|| ;"81”2
st h(x) =y —&,0=12,-- N

(24)

where & is the training bias, which mainly serves to avoid the overfitting problem. The optimization
solution problem of Eq. (24) can be converted into the following dual optimization problem as Eq. (25):

Vi == ":B" T Z”gz" —ZZ%,( x,) B, y1/+51/) (25)

=1 j=1

The optimal solution for / is calculated from Eq. (25) as Eq. (26):
[ -1
ﬂzHT[ZnLHHTj Y (26)

FromEq. (26), B in RELM is mainly determined by matrix /,matrix Y and regularization factor
A in Eq. (23), where the dimension of H is related to the number of nodes of the implicit layer L
and the number of training samples N, and Y is the output of the training samples, and the
performance of the RELM is affected by the choice of the parameters of the number of nodes of the
implicit layer L and the regularization factor 4,since N and Y have been determined.

In case of binary classification problem, the decision model of RELM is equation (27):

-1
f(x):sign(h(x)HT (%+HHTj Y] (27)
In case of a multi-categorization problem, the decision model of RELM is equation (28):
label(x) = argmax f;(x
(x)= 155%2 fi(x) (28)

where f;(x) isthe value of the first outputnode and f(x)=[/;(x), f, (x),-, f,, (x)]T.
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4.2. RELM oil painting recognition method based on color features and texture features

For the oil painting image samples, the oil painting color features and texture features are extracted,
and the feature vector feature(i,j) of the oil painting image is equation (29):

feature(i, j) ={Lr,Le,Ld,Lj, u,0,&) (29)

The oil painting recognition process of KELM based on color features and texture features can be
specifically described as follows:
1) Read the oil painting image sample data.
2) Extract oil painting image texture features and color features feature(z’, J ) .
3) Coding the category of oil painting.
4) Divide the feature vector feature(i,j) of the oil painting image into training samples and test
samples, take the feature vector feature(i,j) of the oil painting image of the training samples as the
input of RELM, and the categories of the oil paintings of the training samples as the output of RELM,
and establish the RELM model.
5) For the test samples of oil painting images, the RELM oil painting recognition model is applied to
recognize oil paintings.

The flowchart of the algorithm in this paper is shown in Fig. 1.

Paintings . —
oS Preprocessing| Preprocess| | Color | Recognitio
‘dentified ed image features n results
-
E = |2
2 2|8
9 Texture I =
= features_|
= Sample > .
Sample set of| 02 | . p Image Training .
paintings 7| mases af‘Fer » features RELM'
preprocessing|  Color

features

Fig. 1. The Oil painting identification flowchart based on RELM

5. Quantitative Research on the Cultural Identity Characteristics of Chinese Oil
Painting Art

In this paper, Jin Shangyi's Cityscape series is selected as the training and testing samples to test the
effectiveness of this paper's method in recognizing the cultural identity features of oil painting art.
This series of oil paintings vividly depicts the changing urban landscape of China and portrays different
cityscapes across China. The test set contains a total of 20 works, of which 15 are used as the training
setand 5 as the test set.

5.1.  Experiment and result analysis of oil painting feature set

Observation of a large number of oil paintings reveals that the oil painting subjects depicted in oil
paintings can generally be summarized as: houses, bodies of water, vegetation, bare ground, roads. On
the basis of describing the spectral and textural features, based on the method of this paper, we analyze
the characteristics of various types of oil painting subjects, with a view to finding the features that can
make a greater degree of differentiation between oil painting subjects, and constructing an attribute
set that can effectively characterize the separateness between oil painting subjects.
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5.1.1. Experimental analysis of spectral characteristics of oil painting subjects. Compared with RGB,
HSV is better able to represent the connection and difference between perceived colors and keep
simplicity in the computation process.HSV color space is more intuitive than RGB color space and is
often used in color characterization. Therefore, in this paper, oil painting RGB color features are
converted to HSV color space.

Under the HSV color quantization space, various types of oil painting subjects belong to different
color quantization intervals. In order to find the distribution of road color information in HSV color
quantization space, we mark the road hyperpixels for counting, manually extracted more than 10,000
road hyperpixels, and selected the corresponding quantization value with the largest number of pixels
in the hyperpixels as the quantization value of the hyperpixels and analyzed them for color
categorization.

The distribution of road superpixels in the HSV color quantization space is shown in Fig. 2. Among
the counted road superpixels, close to 95% of the manually labeled road superpixels are distributed
in the seven gray spaces of (8), and the roads account for less than 5% of the quantized color spaces
(9-14). This also indicates that in the HSV color quantization space, the quantized grey scale space is
able to include the color information of the roads in the oil painting image, which means that the roads
are mostly in the non-color region.

0.35

0.30

Probability
& b e
— [S®] [Ne)
W o L9,
1 1 1

0.10 1

0.05

0.00 -
o 1 2 3 4 5 6 7 8 9 10 11 12 13 14

HSV

Fig. 2. The distribution of road superpixels in the quantitative space of the HSV color

In order to further analyze the distribution of various types of oil painting subjects in oil painting
images under the color quantization space, after the oil painting subjects in oil painting images are
classified into five categories: roads, houses, vegetation, bare ground and waters, the distribution
statistics under the HSV color quantization space are carried out for various types of oil painting
subjects, and the statistics of all types of oil painting subjects have more than 5000 superpixels, and
the distribution of various types of oil painting subjects under the HSV color quantization space is
shown in Figure 3. The distribution of each type of oil painting subject under HSV color quantization
space is shown in Fig. 3, and Figs. (a)~(e) represent the distribution of superpixel color quantization
of road, house, vegetation, bare ground and water, respectively.

Under the HSV color quantization space, most of the houses and roads are distributed in the grey
scale space as well, except that some houses with bright color information can be eliminated. At the
same time, some waters may fall into the grayscale space due to their dark color. Bare ground and
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vegetation hyperpixels are mostly able to be distributed in the quantized colored region due to their
unique and small variation in color information.

0.30 0.30 1.0
b | v
2,025 (2) 0.25 4 ®) 32 ©
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= :
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0.00 - 0.00 - D0
02468101214 02468101214 0246 8101214
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0.7 (d) 0.5 (e)
£0.6 0.5 4
= 0.5- '
0.4 0.4 1
<
2 (.3 - 0.3
£02- 0.2
0.1 - 0.1
0.0 —r—r—1 —r 0.0~
02468101214 0246 8101214
HSV HSV

Fig. 3. The distribution of various objects in the quantitative space of HSV

The distribution of the five types of oil painting subjects in the HSV color quantization space
illustrates that the single feature descriptive power of the color quantization space is still insufficient
in distinguishing some of the oil painting subjects, which is reflected by the fact that most of the houses
can not be effectively distinguished from the roads. Therefore, only relying on the HSV color
quantization space to discriminate is not enough to extract feature information, and it is also necessary
to characterize the road hyperpixels with feature patterns other than color features to enhance the
separability between different oil painting subjects.

5.1.2. Experimental analysis of oil painting texture characteristics. In the oil painting image, all kinds
of oil painting subjects, including roads, can be more clearly characterized in the image, and the surface
details of the oil painting subjects are more fully displayed. Due to the similarity of surface spectral
and textural characteristics of homogeneous areas, homogeneous oil painting subjects including roads
and waters can be characterized as smooth areas in a darker form under the total variance of the
neighborhood. The non-road areas with large variations in local spectral and textural information can
be characterized as non-homogeneous areas by highlighting them under the neighborhood total
variation feature.

In order to be able to characterize the neighborhood total variance feature based on hyperpixels, we
select the mean and variance within the hyperpixel region for comparative analysis, and the results
are shown in Fig. 4. Even under the Otsu threshold method segmentation, most of the regions of
vegetation and house hyperpixels still exhibit irregularities in gray texture, resulting in both vegetation
and houses being larger than roads in terms of the mean value of the total neighborhood variance.
From the figure, it can be seen that the neighborhood total variance regional mean feature is effective
in describing the roads, thus being able to alleviate the lack of relying on color information for
characterization.
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LBP texture characterization of roads is performed for effective feature extraction from the texture
structure aiming to exclude the influence of factors such as illumination. Considering the number of
feature dimensions as well as the characterization capability, a specific 9-dimensional uniform
rotation invariant LBP descriptor is used for the texture characterization of the oil painting subject.
Fig. 5 shows the distribution of the object super-pixel rotation invariant LBP descriptions, and Figs. (a)
to (e) represent the feature space distribution of the rotation invariant uniform pattern LBPs for roads,
houses, vegetation, bare ground, and waters, respectively.

As can be seen from Fig. 5, the difference in texture information of the oil painting subject is getting
smaller and smaller due to the decrease in the dimension of the rotation invariant LBP, and the
difference in the uniform rotation invariant LBP features of the road, house, vegetation, and water
domain is smaller. However, it can be seen that the difference between the uniform rotation invariant
LBP features of the water area and the other oil painting subjects is particularly obvious, i.e., the water
area has a strong separability under this feature, which compensates for the interference caused by
the fact that the water area is partially too dark under the spectral feature, which causes it to fall into
the gray scale space.
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Fig. 5. The object super pixel rotation invariant LBP description distribution

Due to the deficiency in texture differentiation of oil painting subjects under uniform rotation
invariant LBP features. In order to be able to provide a more powerful description of the texture
features, the texture features are extracted from the hyperpixels by introducing a grayscale covariance
matrix. Statistical calculations of the four texture features, energy, entropy, homogeneity and contrast,
were performed in the oil painting image with the center of each superpixel region as the window
center point at 6=(0°, 45°, 90°, 135°), respectively.

The experimental results show that, except for the bare ground and the road, the body of the oil
painting has a high differentiation in entropy and contrast, then the bare ground and the road can be
well extracted from the body of the oil painting, so we choose entropy and contrast as the parameter
features of the grayscale covariance matrix. Considering also the previous distinguishability of bare
ground and road in color features, it is therefore theoretically possible to extract feature information
in oil painting images with complex separability.

5.2.  Quantitative study of artistic and cultural identity

Using the features obtained by screening based on mathematical statistics and based on the imaging
laws of deep forgery techniques, four groups of images are detected: real oil painting images and deep
forgery images, identity replacement deep forgery images and identity preservation deep forgery
images, real images and identity replacement deep forgery images, and real images and identity
preservation deep forgery images.

5.2.1. Experimental results and analysis of selected features based on mathematical statistics. Using
five models, XGBoost, logistic regression classifier, linear support vector machine, multilayer
perceptron, and RELM, the test accuracy is shown in Table 1 for three groups of features: all features,
filtered features (containing texture features, color components based on color moments, and color
components based on texture features), and texture features, and the test accuracies are shown in
Table 1, and the bolded values are the highest detection accuracies for each group.

Among the five types of algorithms, MLP and LP are less effective, XGBoost and LSVM are more
effective, and RELM is unstable and affected by the type of classification, with the accuracy spanning
from 53% to 86%, and the variability of different algorithmic models is large.

In group 1, screening features and texture features improve the accuracy over all features on
XGBoost by 2.44% and 1.5%, respectively. Texture features improved the accuracy over all features on
LSVM and MLP by 0.36% and 0.97%, respectively. And all features have the best detection on RELM
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with 86.69%, but the accuracy of all other feature groups is around 55%. In group 3, RELM has the
highest detection accuracy among the three groups of features, followed by XGBoost and LSVM, and
LR is the lowest. The accuracy of screening features on RELM is 1.71% better than all features. The
accuracy of screening features on LSVM and MLP is improved by 0.50% and 1.71% over all features,
respectively. Itis also found that the accuracies of color components based on color moments are lower
than the 99% PCA results for all features except for the RELM algorithm, which is almost 10% lower
than the accuracies of all features.

Table 1. The precision of the classification algorithm based on quantitative data

Group Model All features Screening feature Texture characteristics
XGBoost 68.55% 70.99% 70.05%
LR 64.97% 62.22% 65.33%
L LSVM 73.23% 71.90% 73.59%
MLP 65.03% 61.86% 66.00%
RELM 86.69% 56.01% 54.26%
XGBoost 61.36% 59.07% 54.39%
LR 60.43% 59.40% 54.40%
2 LSVM 62.27% 60.31% 58.29%
MLP 58.62% 58.41% 52.13%
RELM 64.46% 67.19% 53.07%
XGBoost 72.84% 71.63% 72.68%
LR 65.62% 65.44% 62.82%
3 LSVM 75.15% 75.65% 72.52%
MLP 65.17% 66.88% 55.97%
RELM 86.82% 89.51% 86.54%
XGBoost 68.61% 60.22%
LR 66.14% 56.00%
4 LSVM 74.71% 56.59%
MLP 62.47% 54.39%
RELM 59.63% 55.62%

5.2.2. Experimental results and analysis of selected features of the imaging law of the depth forgery
technique. Five models, XGBoost, logistic regression classifier, linear support vector machine,
multilayer perceptron and RELM, are utilized to test the screening features on the self-constructed
dataset and ForgeryNet dataset, in order to validate the universality of the features screened based on
the imaging laws of the deep-fake technique.

The ForgeryNet data is divided into four sets of experiments:(1) Real images and deep-fake images.
(2) Identity replacement deep-fake image and identity preservation deep-fake image. (3) Real Image
and Identity Replacement Deep Fake Image. (4) Real image and identity preserved deepfake image.

Each set of experiments contained 3 sets of features:(1) Strongly correlated features. (2) Moderately
correlated features. (3) Weak correlation features. The comparison of the four groups of detection
results is shown in Fig. 6.

The results of the first set of experiments are shown in Fig. 6(a).The detection accuracy of the
XGBoost and MLP algorithms is inversely proportional to the correlation.The LR, LSVM & RELM
algorithms have the lowest detection accuracy when using the medium correlation features and the
highest detection accuracy when using the low correlation features.



6194 Y. GAO

The results of the second set of experiments are shown in Fig. 6(b), the detection accuracy of
XGBoost algorithm is directly proportional to the correlation. The detection accuracy of LR and LSVM
algorithms is inversely proportional to the correlation. The MLP algorithm has the lowest detection
accuracy when using low-correlation features, and has comparable detection accuracies when using
high and medium-correlation features. The RELM algorithm has comparable detection accuracies
when using the three sets of features.

The results of the third set of experiments are shown in Fig. 6(c), the detection accuracy of XGBoost,
LR and LSVM algorithms is inversely proportional to the correlation. The MLP and RELM algorithms
have the highest detection accuracy when using low correlation features.

The fourth set of experimental results Figure 6(d), the detection accuracy of XGBoost, LR & LSVM
algorithms is inversely proportional to the correlation. And the detection accuracy of the five
algorithms is much higher when using low correlation features than when using high and medium
correlation features.
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Fig. 6. Comparison of the results of the four groups

5.2.3. Comparison experiments and results with convolutional neural network applications. In order
to test the feasibility of oil painting feature recognition based on quantized texture and color features,
the experiments were conducted by selecting the current mainstream convolutional neural networks
for deep forgery image detection to compare the detection accuracy. For the ForgeryNet image dataset,
the convolutional neural networks used are, in descending order of the number of total parameters,
ResNet50V2, XceptionNet, EfficientNetV2S, EfficientNetB4, DenseNet121, and MobileNetV2. The
results of the detection of oil painting images based on different convolutional neural networks are
shown in Fig. 7.



DEEP LEARNING-BASED RECOGNITION AND QUANTIFICATION 6195

The six networks have different detection accuracies for the same group of images, and each
network has different detection accuracies for different groups of images.EfficientNetB4 has the
lowest detection accuracy, which is only around 55%.ResNet50V2, DenseNet121 & MobileNetV2 have
better detection results, which are all higher than 70%. Overall, the results of groups 3 and 4 are better
than those of groups 1 and 2.

90 :
B Group 1 Group 2 Group 3 Group 4

80 +

[l

. @e\ ‘\\]')‘% $6® a‘\’],
Q\.\ N o K\ 6
«},C.e % %\0\6'9 Q}(\G\ Oeﬁ\ @0‘0

N
[==]
1

Precicion (%)

The mainstream convolution neural network
Fig. 7. Different convolution neural network detection results

Combining the quantized data detection results in Table 1 and Figure 7, it is found that:

1) The detection accuracy of the quantized data obtained from screening based on mathematical
statistics using RELM and XGBoost algorithms is higher than the detection accuracy using
convolutional neural networks. The detection accuracy of the quantized data screened based on the
imaging law of deep pseudo technology is not as good as that of the convolutional neural network.

2) Regardless of the method of detection, the detection accuracy of group 2 is poor, and the detection
accuracy of groups 3 and 4 is higher. Therefore, in the case of comparable or even higher accuracy,
quantized data-based detection is more efficient.

6. Conclusion

In this paper,; global color histogram and LBP are used to identify the color and texture features of
Chinese oil paintings, and the Extreme Learning Machine (ELM) is regularized to use the improved
RELM model for the recognition of artistic and cultural identity features of Chinese oil paintings. The
oil painting “Cityscape” is used as the training and testing dataset. The experiments show that the
neighborhood total variation sub-area mean feature is effective in describing the oil painting objects,
which alleviates the deficiency of relying on color information characterization to a certain extent. The
method in this paper can effectively separate and extract the texture information of the oil painting
subject, and the oil painting color and texture detection accuracy achieves optimal performance in
most of the experimental groups, and the RELM algorithm has the highest detection accuracy at low
correlation features. Therefore, it shows that the oil painting feature recognition method provided in
this paper can accurately recognize the identity features of different oil painting subjects, which is
convenient for further quantitative research.
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