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ABSTRACT. Intending to the issue that current art style classification algorithms ignore
important and redundant features of images, which leads to low classification efficiency,
this article designs an art style classification method based on spatial downscaling and
Conwvolutional Neural Network (CNN). Firstly, for the issue that the weights of CNN can-
not be updated, a new activation function IReLU is suggested on the basis of ReLU and
SoftPlus to enhance the anti-interference ability of the model. On this basis, the CNN is
adopted to comprehensively extract the spatio-temporal features of the oil painting image
style, and the extraction of important features is enhanced through the interaction of the
attention mechanism and the residual network, and then an optimal projection space is
obtained by using the Linear Discriminant Analysis (LDA) spatial dimensionality reduc-
tion algorithm, and the spatio-temporal features of the oil painting image are downscaled
by the projection matriz in the obtained subspace, and the mapped low-dimensional fea-
tures serve as the input to the softmax classifier input, which in turn improves the ef-
ficiency of classification. Finally, it is tested on the Pandoral8k dataset and compared
with the other three methods, the accuracy and F1 of the suggested method are improved
by at least 10.8% and 6.4%, respectively. The experimental outcome implies that the
algorithm effectively improves the performance of important features for the task of oil
painting art style classification and has good practical value.

Keywords: Spatial dimensionality reduction; Convolutional neural network; Activation
function; Attention mechanism; Residual network

1. Introduction. The style of an artwork is an important part of its meaning, and the
understanding and categorization of style is an important issue in the quantification of
art [1]. Oil painting is the main painting method in the history of Western painting, with
the development of digital technology, many museums are constructing digital oil painting
libraries, which achieves a new era of art sharing given by digitalization. For oil paintings,
the artistic style is not an abstract and empty existence, but is realized in concrete works.
When painters paint, they harmonize the content and form of the picture to show the
ideological tendency and artistic characteristics of the school or painter, thus forming
their unique artistic style [2, 3, 4]. Therefore, how to correctly identify the artistic style
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of oil paintings is the key to establish a large-scale art database. In the field of computers,
many researchers have invested considerable efforts to classify the styles of oil paintings,
and to realize the quantification of art by using scientific classification means as a tool [5,
6]. By classifying digital oil paintings according to their themes, styles, colors and other
characteristics, social networking and search platforms can use the automatic classification
technology of digital oil paintings to help users find their interesting content more easily.

1.1. Related work. In the traditional task of oil painting style classification, researchers
usually use computer vision and machine learning technology to extract and analyze the
characteristics of oil painting such as color, texture and brush strokes. These character-
istics can help to identify different styles of oil paintings, such as abstraction, realism,
impressionism and so on. By modeling and classifying these features, researchers can re-
alize automatic identification and classification of oil painting styles. Abry et al. [7] used
various supervised and unsupervised learning methods to classify malefactors and devel-
oped a system to extract Van Gogh’s distinctive brushstrokes. Liong et al. [8] proposed
a metric learning approach to find out the paths of influence between different paint-
ings. Georgoulaki [9] studied the classification of paintings based on texture features and
extracted the features of LBP, LPQ and LCP and fed them into an SVM model for classifi-
cation. Jiang et al. [10] proposed the edge size histogram feature, which is combined with
the traditional underlying features such as the color histogram, to identify the Chinese
paintings from all the painting images. Gao et al. [11] proposed an algorithm to clas-
sify Chinese paintings based on the content of the picture, using the grayscale covariance
matrix to extract local patterns and alignment rules. Amelio and Pizzuti [12] proposed
a weighted nearest-neighbor inheritance algorithm to classify oil paintings using multidi-
mensional features. Deng et al. [13] used color statistics as global features of paintings,
segmentation of objects in paintings as local features, and unsupervised learning method
to cluster the features to classify paintings.

In the deep learning painting style classification, Kim et al. [14] used an artificial neu-
ral network approach to achieve automatic classification of oil painting styles, and they
achieved 54.5% accuracy in WikiPainting over more than 25 painting styles. Ao et al.
[15] proposed a feature extraction method using K-means clustering algorithm to cluster
based on these features to classify art styles. Yang and Min [16] proposed a deep convolu-
tional network-based oil painting classification method to visualize low-level to high-level
features. Chen and Yang [17] used BP neural network to classify oil painting styles based
on a deep learning network model for oil painting classification. Wu et al. [18] proposed
to use a deep residual neural network to solve the problem of detecting the artistic style
of a painting. Albadarneh and Ahmad [19] classified images based on features obtained
from a KNN neural network pre-trained for an image classification task and predicted
the painting style. Jiang and Yang [20] used a Convolutional Neural Network (CNN) to
separate the painting style from the content of the painting and recoded it so as to achieve
the classification of oil paintings without using different styles. However, in the process of
oil painting image processing, feature extraction produces a large amount of redundancy
and consumes a large amount of computational resources. In order to improve the com-
putational performance, scholars began to study how to reduce the redundant features of
the image. Chen et al. [21] proposed an algorithm to describe the features of oil paintings
by using PCA, and applied the PCA dimensionality reduction method to the feature ex-
traction of oil paintings, which effectively reduces the number of feature dimensions of the
image. Aubry et al. [22] proposed a method for classifying the images of paintings based
on the Linear Discriminant Analysis (LDA) method, which takes the image neighboring
pixel with similar features between them are considered in the classification model.
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1.2. Contribution. In existing studies, the oil painting image style classification method
based on CNN significantly improves the classification performance, however, there is a
bottleneck in extracting important features, which leads to low classification efficiency. To
address this issue, this article designs an art style classification method based on spatial
dimensionality reduction and CNN. Firstly, to deal with the issue that the negative region
of the ReLLU activation function in CNN takes the value of 0 and the corresponding weights
cannot be updated, a new activation function IReLU is proposed on the basis of ReLU and
SoftPlus, which solves the issue that it is hard to manually adjust the parameters of ELU
and Leaky-ReLU. On this basis, the CNN is utilized to extract spatio-temporal features
by fusing temporal and spatial information, and through the interaction of the attention
mechanism and the residual network, more attention is paid to the important channels and
specific regions, which improves the discriminative ability of the features and enhances
the ability of perceiving the spatio-temporal information. Then the features are mapped
into a low-dimensional subspace by LDA algorithm, and the mapped low-dimensional
features are used as inputs to softmax classifier, which in turn improves the efficiency of
classification.

2. Theoretical analysis.

2.1. Spatial downscaling technique. The spatial downscaling technique is to learn
the training samples by projecting the original features to another space, where the new
features remove the redundant information and retain the key information. The LDA
algorithm [23] takes the extreme value of the objective function and projects the origi-
nal features to a desired low-dimensional space by the obtained projection matrix, thus
transforming the classification issue to that low-dimensional space.

Assume that there are m training samples x1, zo, ..., x,,, € R°, and that the training set
has a total of M classes: dy,ds, ..., dys, and assume that there are m; training samples in
class 1.

Define n to be the mean vector of all samples, n; to be the mean of the samples of
category 7, and the scatter matrix between samples in the same category to be S, and
between samples of different categories to be S,.

So=3" " (@ —mi)(w —n)" (1)

i=1 x€D;

Se = Ezmz(nZ —n)(n; —n)" (2)

The sample z is projected by the optimal projection matrix v to obtain the sample
y = vlx. The scatter matrix between samples of the same category after projection
is S* (Sr = vTS,v), and the scatter matrix between samples of different categories is
Sx (Sk=0TS,w).

After projection through the projection matrix, the samples of the same class are con-
centrated as much as possible and the samples of different classes are separated as much

as possible. The objective function is defined as follows.

v Sk

B vl S*v (3)

J(v)
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2.2. Convolutional neural network. CNN have been favored by many researchers in
the field of image processing due to their ability to automatically capture deep features
in the input data without any human supervision [24]. This article focuses on improving
the classification performance based on CNN. A traditional CNN is a trainable multilayer
framework consisting of multiple feature extraction stages, including convolutional, non-
linear and pooling levels, and finally a fully connected layer and a classifier. The diagram

of CNN is implied in Figure 1.
Fully connected layer

convolution Pooling convolution Pooling

Figure 1. Schematic diagram of CNN

(1) Convolution level. When performing convolution, the convolution kernel moves
according to a predefined Stride, performs matrix dot products on the scanned area,
superimposes the bias values, and weights and sums them to obtain the output value at
the corresponding position. The general convolution operation is implied below.

Fu—1Fg—1

Y = conv ( Z Z Vm,nx¢+m7j+n> +A=conv(V,X)+ A (4)
m=0 n=0

where X denotes the input matrix, Y denotes the output matrix, Fy and Fy denote

the width and height of the convolution kernel respectively, V' denotes the weight matrix.

(2) Pooling level. Within a region R;, ,, the maximum activity value is taken for all

neuron activity values, which corresponds to the following formulas, respectively.
Vi = e (z:) (5)

where z; is the activation value of each neuron in region R, .

(3) Fully connected layer. It mainly realizes the goal of classification. In the case of
levels n — 1 and n, any neuron node in level n — 1 is connected to all the nodes in level n.
At the same time, the computation integrates each node in level n. When the activation
function is computed, the input features are weighted by all the nodes in level n — 1. The
activation function of level n is the weighting of all the nodes in level n — 1.

3. Optimization of activation functions for CNN. Activation function is an indis-
pensable part of CNN model, which is an important factor to improve the performance of
the model and enhance the ability of the model to deal with complex problems. From the
early saturated activation function Sigmoid, Tanh to the latest non-saturated activation
function Mish, Swish, etc., the activation function has made great progress. Focusing on
the issues of gradient disappearance, neuron death and mean shift, which are common in
the current activation functions, this paper constructs IReLU on the basis of ReLU and
SoftPlus, which is a high-efficiency activation function that improves the performance of
the model but does not introduce additional hyperparameters.

To solve the issue of gradient dispersion in the nonlinear saturated activation functions
Sigmoid and Tanh of CNN, Chen and Ho [25] proposed the ReL.U function by mimicking
the mechanism of neuron excitation in the human brain, and its mathematical form is as
follows.
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SoftPlus is a smoothed approximation of ReLLU, which allows the model to maintain
sparsity while ensuring that a small amount of negative regional information is passed
through the model. The mathematical expression is as follow:

f(x) = (1 + ) (7)

The following IReLLU activation functions are constructed based on the two types of
activation functions in Equation (6) and Equation (7).

ﬂmz{“ " ®)

z(e® +zln(l+¢€%)), <0

From Equation (8), it can be seen that when = > 0, the IReLU function does a constant
mapping to the input features, i.e., the input value is equal to the output value; and when
x < 0, the output result is a linear combination of ReLU and SoftPlus. Compared with
ReLU, IReLU adds negative sample information to the model during the transfer process.
Compared with SoftPlus, which is always greater than 0, IReLU has both positive and
negative values, which can effectively mitigate the "mean shift” problem.

Assuming that the input value of each neuron is z and the output result after the
activation function is b, and the activation function is d, the following relation is given.

z=vr+a, b=0d(z) 9)

Now take the network structure of levels i — 1, 7 and 7 + 1 in the CNN, and let the
weight of the [-th neuron in level ¢ — 1 to the j-th neuron in level i of the neural network
be v}-, the bias from the neuron in level i to the j-th neuron be aé-, and the input to the
j-th neuron in level ¢ be 2%, the output result is bj.

s (Z bl + a?) (10)

=
~
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where m is the number of neurons in layer ¢ — 1.
When f is an IReLU function, there is:

) 2, 2 >0
7 =9 (7 i 2 i (11)

Z <e i +zjln(1+e.7)) , 2 <0
From the above equation, the difference between IReLU and ReL U is that in the forward
propagation of the model, when the input value is less than or equal to 0, the output result
is no longer a fixed constant zero, which makes the network produce a small gradient flow
in the back propagation process, which promotes the updating of the weights and biases

in the network, and thus reduces the error rate of the model.

4. Art style classification based on spatial downscaling and CINN.
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4.1. CNN-based stylistic feature extraction for oil painting images. Intending
to the existing oil painting image style classification methods which are difficult to ef-
fectively extract the key features of the style and lead to inefficient classification, this
article designs an art style classification method based on spatial downscaling and CNN,
which is shown as Figure 2. Firstly, CNN is used to comprehensively extract the spatio-
temporal features of oil painting image style, and through the interaction of attention
mechanism and residual network, it pays more attention to the important channels and
specific regions to improve the discriminative ability of the features, and then the fea-
tures are mapped into a low-dimensional subspace by LDA algorithm, and the mapped
low-dimensional features are used as inputs of softmax classifier, which in turn improves
the efficiency of classification.

@ convolution @ convolution “% @ convolution Attention module
> ]
N Residual

o ] connection
& - % convolution convolution
w Oonon
_

Convolutional Attentio
Module

Global average pooling

LDA feature

- TR i Fully connected layer ‘\'
Softmax outputs dimensionality Spatial and temporal | ully y/ ~
j

classification results . characteristics
reduction

Figure 2. The model of the suggested method for categorizing oil painting styles
Assuming that the input to the network is any oil painting image X € RM*T*DPxGxV - \p
and T denote the number of training samples and the input oil painting pixels, respectively.
D, G and V denote the number of channels, the length and the width of the feature map,
respectively. In order to reduce the computational effort of the network, the input channels
of the painting image are downscaled using 2D convolution.

XS — CO’IM}IX, XS c RM><T><D/R><G><V (12)

where C'onv] is the convolution operation; S is the multiplicity of dimensionality re-
duction; and X* is the image after dimensionality reduction.
The temporal splitting operation is performed on the dimensionality reduced image.

Split(X®) = [X5(1), X°(2),..., X%(T)] (13)

Considering the problem of inconsistent local stylistic features in oil painting images, the
fusion of channel dimension and temporal sequence is used to extract temporal features.

MX(t) = Dif f(Convpy * X°(t + 1) — X5(t)) (14)

where M X (t) is the temporal feature at time ¢, Diff is the difference operation;
Convpw* is the channel-by-channel convolution operation.

The oil painting feature map with local spatial information is then channel interacted
using a 2D convolution and the dimension is transformed to [M x T x D/R x GV]. The
global spatial feature with channel dimension 1 is also obtained using a 2D convolution
and the dimension is transformed to [N x T'x GV x 1]. Then, the feature map with
local spatial information and the global spatial feature map are dot-multiplied to obtain
the channel descriptor that combines the local and global spatial information. Then,
the feature map with local spatial information and the global spatial feature map are
dot-multiplied to obtain a channel descriptor that combines the local and global spatial
information.
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ME . = Trans(Convy x Mity) ® IReLU (Convy * Miyy) (15)

where Mf, € RMXTxD/Rx1x1 denotes the channel descriptor; Trans(-) denotes the
dimension transformation operation, ® denotes the dot product operation, and IReLU is
the optimized activation function.

A two-dimensional convolution operation is performed on ML . to restore its dimension
to the original number of channels D and to obtain the normalized modulation weights
for each channel.

Ap.p = IReLU(Convy * M) (16)

The final feature map is obtained by multiplying the channel modulation weights A p
with the original input feature map points, which accomplishes the excitation of heavy
channels in the feature map and enhances the differentiated features. Considering that
some key features may be gradually suppressed, the residual connection [26] is adopted
to stimulate the important channels while preserving the static information.

X*:X—FAA“,D@X (17)

Based on the above residual connections, the oil painting features are adaptively en-
hanced by channel attention module Aq(-) and spatial attention module Ag(-). Ac(+)
aims to assign adaptive weights to different feature channels. Given an input feature map
X € RMXTXDxGXV it is first compressed by average pooling and maximum pooling to
obtain average pooled feature AP(X) and maximum pooled feature M P(X) respectively.

Then, these two features are forwarded to a shared network F(-) consisting of two fully
connected layers to capture the internal relationship between the feature channels. Finally,
the channel attention vector Ac(X) € (0,1)'%¢ is obtained by the IReLU activation
function, which is expressed as follows.

Ac(X) =1ReLU(F(AP(X))+ F(MP(X))) (18)

The spatial attention module A(+) is able to assign different weights to feature regions.

In this module, the features generated by average pooling and maximum pooling are

connected to a common convolutional layer to explore spatial relationships. The spatial
attention graph A,(X) € (0,1)9*V*! can be represented as follows.

Ay(X) = IReLU(Conv([AP(X); MP(X)])) (19)
Finally combining Ac(X) and A(X) yields the enhanced oil painting style characteri-
zation shown below.

X' = X"+ (Ac(X) + Ay(X)) © MX () (20)

4.2. Feature downscaling and stylistic classification of oil painting images. After
obtaining the stylistic features of each oil painting image, this paper maps its features into
a low-dimensional subspace through X; = WTY;. W € R("™™)*¢ is the solution matrix,
where a is the dimension of the space. The low-dimensional features mapped by the LDA
algorithm are used as inputs for the subsequent classification of oil painting images, which
improves the efficiency of the classification.

Suppose there are n samples of oil painting images, which have a total of N categories:
dy,ds, ...,dyn. The goal of classification of oil painting images is to find a projection matrix
W such that the projection of oil painting images on this projection matrix minimizes the
local scatter matrix between samples of the same category and maximizes the local scatter
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matrix between samples of different categories. According to the definition in Section 2.1,
the local scatter matrices between oil painting images of the same category and different
categories are found to be A and C, respectively.

A= S Y S - 1)

q=1 Yi€d, Y;€dq ng N,

530 30 e TR, )
q=1 Y;€dq Y;¢d, np M
where N; denotes the number of similar points of oil painting Y;. M, denotes the number
of dissimilar points of oil painting Y;. S;; denotes the similarity between oil painting Y;
and oil painting Y; as follows.

Si;=1— S80St (23)

4,51,5
where St - and Sq denote the temporal and spatial characteristics of the oil painting
style, respectlvely, as indicated below.

Y! —Y!|3
St;=1—exp (—%) (24)

St o=1—exp|— 127 - MY?”%
2,7 t2

where t1,t; correspond to the parameters of the Gaussian function for the temporal
and spatial features, respectively.

(25)

A=A+ 4 (26)
where A is defined as in Equation (21) and A* is defined as follows:

ey I (27)
q=1 yledq y]GN
where N (Y;) is the set of K test nelghbors of Y;.

Thus, the objective function for oil painting image style classification is defined as
follows:

W = arg mmi/n tr (WT(A + C)’lCW> (28)

For the issue of solving Equation (28), it can be transformed into Equation (29).

To find the projection matrix W, the matrix (A+C)~C is first eigenvalued decomposed,
and the eigenvectors corresponding to the p largest eigenvalues are taken and combined
to form the projection matrix W. Eventually, the dimensionally reduced feature X; can
be obtained.

In the predictive classification stage, X; is used as an input to the softmax’s classifier
to classify the oil painting image styles, and the value with the highest score probability
is the category label value as follows:
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5 — X @ d.
Zi g]lgl})({ i ®d;} (30)

where Z; denotes the predicted value. In order to make the predicted labels more similar
to the true labels, the classifier is trained using the cross-entropy loss [27] of all known
class nodes as follows:

| = Zz log f (%) + (1 — z)log f(1 — %) (31)

where z; represents the true label, f(-) represents the IReLU activation function.

5. Performance testing and analysis.

5.1. Classification performance analysis. The hardware and software environments
used for the experiments in this paper are: Ubuntu 24.04.1 LTS Linux operating sys-
tem, Intel (R) Core (TM) i7-9750H CPU @ 2.60GHz processor, and 16GB of RAM. The
experimental program was implemented using the Python programming language. Cross-
entropy is used as the loss function in the training process, and the Adam optimizer is
used to update the iteration, with the initial learning rate adjusted to 0.001 and the batch
size set to 32.

To validate the effectiveness of the algorithm, we choose the public oil painting dataset
Pandoral8k [28] as the dataset of this paper. This dataset is mainly divided into 15 style
labels, such as Impressionism, Abstraction, Surrealism and so on. In order to eliminate
the randomness of the experiments and ensure the validity of the experimental results,
the data set is run 100 times, and each experiment only determines the number of training
and testing sets, randomly selects the images, and takes the optimal result among the 100
times as the final result.

To evaluate the performance of the oil painting classification model more objectively,
this paper chooses accuracy, precision, recall, F1, AUC (Area Under ROC) [29] as the
evaluation indexes. In order to facilitate the comparative analysis, literature [17] is de-
noted as ANM_BP, literature [19] as MLO_KNN;, literature [20] as EMO_CNN, and this
article’s method is denoted as ASD_CNN. The comparison results of the accuracy rates
are implied in Figure 3, whereas the four models have basically the same initial state,
the accuracy rate of ASD_CNN reaches more than 80% in the first place, and when the
number of traversals is greater than 50, the model tends to converge, while ANM_BP
and MLO_KNN show the same trend, i.e., the accuracy rate increases with the change of
learning rate and fluctuates a lot, and EMO_CNN model performs better, and the accu-
racy rate is only second to that of ASD_CNN, which reaches 80%. Therefore, ASD_CNN
has the best classification effect, which not only has high accuracy and fast convergence
speed, but also has small fluctuation of the model.

The classification results of the four models are implied in Table 1. ASD_CNN out-
performs the comparison models in all classification performance indexes, and improves
14.93%, 14.19% and 6.4% in F1 compared to ANM_BP, MLO_KNN and EMO_CNN re-
spectively. This is due to the fact that ANM_BP and MLO_KNN extract only some of the
style features of the oil painting and do not remove the redundant features in the process of
classification, which leads to the inefficiency of the classification. The EMO_CNN method
only utilizes the CNN to extract the global style features of the oil painting, and does
not enhance the extraction of the key features. In contrast, ASD_CNN not only enhances
the extraction of important regional features through the attention mechanism, but also
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Figure 3. Comparison of classification accuracy

reduces the dimensionality of the features through the LDA algorithm, which in turn im-
proves the classification efficiency. AUC denotes the area from (0, 0) to (1, 1) under the
ROC curve, and the closer the AUC is to 1, the better the model performs. ASD_CNN’s
AUC is the closest to 1, followed by EMO_CNN’s performance, and the performance of
ANM _BP and MLO_KNN deviate the farthest from 1. Therefore, the ASD_CNN performs
the best in classification by combining all the indicators.

Table 1. Comparison of experimental results of classifying oil painting styles

Method Precision/% Recall/% F1 /% AUC

ANM _BP 73.16 74.35 73.75  0.7129
MLO_KNN 76.24 72.81 74.49  0.7357
EMO_CNN 82.94 81.63 82.28 0.7912
ASD_CNN 89.87 87.52 88.68 0.9175

5.2. Classified losses and time comparison. To further illustrate the classification
effectiveness of the ASD_CNN method, the change of loss values with the number of itera-
tions during model training comparing ASD_CNN, ANM_BP, MLO_KNN and EMO_CNN
is shown in Figure 4. It can be seen that the loss values of ASD_CNN method are lower
than those of ANM_BP, MLO_KNN and EMO_CNN, and converge when the Epochs
reaches 60. The loss value of ASD_CNN method decreases to about 1.6 after 100 itera-
tions, while that of EMO_CNN method decreases to about 2 only, and fluctuates greatly
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in the later stage, and the loss value of ANM_BP decreases to 3, while that of EMO_CNN
method decreases to 3. The loss value of ANM_CNN method decreases to about 2 with
large fluctuation in the late stage, and the loss value of ANM_BP decreases to about 3
with large fluctuation, and the loss value of MLO_KNN method decreases to about 4.5
with large fluctuation in the early stage.

L
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12 =5 ANM_BP
10 - ‘\'c
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% ','i
- ' L)
3 8 '.u A \ g
oy '
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Figure 4. Comparison of classification time of various oil painting style classifi-
cation methods

The comparison of the classification times of different methods is shown in Figure 5. The
shorter the classification time is, the better the classification effect is, and the longer the
classification time is, the worse the classification effect is. When the number of oil painting
images is 60, the classification times of ASD_CNN, ANM_BP, MLO_KNN and EMO_CNN
are 4.9 s, 8 s, 7.8 s and 5.5 s. Therefore, the classification time of ASD_CNN is the lowest
among the three methods. This is mainly due to the fact that ANM_BP and MLO_KNN
do not consider the key features and do not define the artistic style of oil paintings in
terms of their overall senses, and thus the classification effect is poor. The EMO_CNN
only utilizes the CNN neural network to study the artistic style of oil paintings, but
does not consider the redundancy of the features, resulting in a long classification time.
ASD_CNN extracts spatio-temporal features of oil painting styles based on CNN and
enhances key features by using the attention mechanism to differentiate different factions
of oil painting styles, which has never been considered in the study of oil painting styles,
and thus achieves the best classification results.
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Figure 5. Comparison of oil painting styles categorized over time

6. Conclusion. Intending to the existing oil painting image style classification method
is difficult to effectively remove feature redundancy, resulting in the issue of inefficient
classification. This article designs an art style classification method based on spatial
dimensionality reduction and CNN. First of all, the ReLU activation function in CNN
is optimized, and a new activation function IReLU is proposed on the basis of ReLLU
and SoftPlus. The values of IReLU in the negative region have both positive and nega-
tive values, which can effectively alleviate the problem of "mean shift” and improve the
anti-jamming ability of the model. On this basis, the spatial and temporal features are
extracted by fusing temporal and spatial information with CNN, and through the interac-
tion of attention mechanism and residual network, more attention is paid to the important
channels and specific regions, so as to improve the discriminative ability of the features
and to enhance the ability to perceive the spatial and temporal information. Then the
features are mapped into a low-dimensional subspace by the LDA algorithm, and the
mapped low-dimensional features are used as the input of the softmax classifier, which in
turn improves the efficiency of classification. Finally, the experimental outcome indicates
that the suggested method can effectively improve the accuracy, precision, recall, F1 and
AUC values of oil painting style classification, and has better classification performance.
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