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How to effectively extract features with high representation ability has always been a research topic and a challenge for clas-
sification tasks. Most of the existing methods mainly solve the problem by using deep convolutional neural networks as feature
extractors. Although a series of excellent network structures have been successful in the field of Chinese ink-wash painting
classification, but most of them adopted the methods of only simple augmentation of the network structures and direct fusion of
different scale features, which limit the network to further extract semantically rich and scale-invariant feature information, thus
hindering the improvement of classification performance. In this paper, a novel model based on multi-level attention and multi-
scale feature fusion is proposed. )e model extracts three types of feature maps from the low-level, middle-level and high-level
layers of the pretrained deep neural network firstly. )en, the low-level and middle-level feature maps are processed by the spatial
attention module, nevertheless the high-level feature maps are processed by the scale invariance module to increase the scale-
invariance properties. Moreover, the conditional random field module is adopted to fuse the optimized three-scale feature maps,
and the channel attention module is followed to refine the features. Finally, the multi-level deep supervision strategy is utilized to
optimize the model for better performance. To verify the effectiveness of the model, extensive experimental results on the Chinese
ink-wash painting dataset created in this work show that the classification performance of the model is better than other
mainstream research methods.

1. Introduction

In recent years, the most effective visual recognition tasks are
based on the complex and deep convolutional neural networks
(CNNs)which stackmultiple convolution and pooling layers to
generate the high-level semantic features [1–9] or other
technology [10, 11]. Specially, the high-level semantic infor-
mation is widely used to achieve competitive performance in
many research areas, for example, the classification on Chinese
ink-wash paintings (IWPs) [12–14] which attracts increasing
attention. To further improve the classification performance,
the handcraft features extracted from Chinese IWPs are in-
tegrated with those high-level semantic features in some works.
However, instinctively, the high-level features from CNNs and
handcraft features are heterogeneous essentially. It is difficult to
make full use of these different types of features which are
extracted by separately methods.

Not to be overlooked, low-level spatial structural features
from deep CNN architectures also play a crucial role in those
visual recognition tasks. Some works introduced that the
low-level and high-level features extracted from different
layers [15–17] were integrated to improve the classification
performance. Whereas, in those methods they ignored the
middle-level features which were complementary and could
contribute to the final performance. )erefore, how to ex-
tract the middle-level features from the network and apply
them to the recognition task is a very worthy topic.

In addition, low-level, middle-level, and high-level
features extracted from different layers of deep neural
networks play different roles in image classification tasks.
)e simple cascading or weighted average fusion method
for these multi-scale features can not well mine the
complementarity among features to obtain the more dis-
criminative representation [18–20]. )erefore, it is still a
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difficult problem how to effectively integrate these com-
plementary multi-scale feature information to obtain the
better performance.

On the other hand, the feature maps extracted from the
shallow structure of the network mainly contain spatial
structured information such as background, while the fea-
ture maps extracted from the deep structure have more
abstract semantic information. However, many research
works have not fully considered their contributions before
integrating these features. )erefore, to solve this problem,
the attention mechanisms were proposed to learn more
discriminative fusion features [21–23]. In a recognition task,
spatial and channel attention mechanisms are introduced to
enhance the useful information units and restrain the re-
dundant information units, so that different scales of feature
information can be utilized efficiently.

To address the problems mentioned above on the
classification of Chinese IWPs, our work explores how to
make the best use of the low-level, middle-level, and high-
level image features obtained from different layers, and how
to take full advantage of the attention mechanism to fuse the
multi-scale information for achieving better classification
performance. In comparison with the existing researches on
author classification of Chinese IWPs dataset, our key
contributions can be highlighted below and detailed in the
following sections.

(i) Different from directly using low-level and high-
level features for image classification, we propose a
hybrid model which extracts the low-level, middle-
level, and high-level feature representations from
different layers in a deep CNN architecture. As for
low-level and middle-level features, a spatial at-
tention module is adopted to filter out some ir-
relevant details. While, the high-level feature is
processed by a scale invariant module to increase
the scale-invariant properties of advanced features.

(ii) )e multi-scale feature fusion-based conditional
random field is utilized to integrate the processed
three-scale features. After that, a channel attention
module is introduced to assign different weights to
different feature channels with their contributions.
Moreover, we design a multi-level deep supervision
module to optimize the model by using three types
of processed features.

(iii) We conduct a series of experiments to compare the
proposed model with other prominent approaches
for author classification of Chinese IWPs dataset.
Extensive experimental results show that our model
achieves promising performance, which demon-
strates the effectiveness and superiority of our
model.

)e remainder of this paper is organized as follows.
Some important and related works are reviewed in Section 2.
In Section 3, we present the proposed hybrid model for
author classification and describe it in detail. Section 4
represents the experimental results and analysis. )e con-
clusions are given in Section 5.

2. Related Work

As mentioned in the previous section, deep CNN archi-
tecture, attention mechanisms, and multi-scale feature fu-
sion are essential to improve the classification performance
of Chinese IWPs. )erefore, this section will introduce these
mainstream concepts and related technologies.

2.1. Deeper Architecture Design. Many researchers have
focused on the classification of Chinese IWPs by utilizing
deeper neural networks due to the success of achieving state-
of-the-art performance with better representations [13, 14].
As a result, deeper architecture design plays a critical role in
computer vision tasks. For example, as a success CNN
model, the AlexNet [3] significantly improved performance
compared to traditional visual recognition methods by
stacking filters sequentially. However, AlexNet architecture
should be changed and improved due to its limited network
depth and filter kernel size. VGGNet [24] and ResNet [2]
showed that increasing the depth of neural networks could
significantly improve the quality of the representation and
the performance of the classification. To deal with the
problem of the slow convergence of training caused by the
increase of network depth, Batch Normalization (BN) [25]
was introduced to regulate the distribution of the inputs to
each layer in deeper networks. Furthermore, the ResNet
introduced short connections to neural networks and ob-
tained much deeper network architectures by solving the
problem of gradient vanishing.

With the rapid development of deep learning technol-
ogy, there are increasing excellent deep neural network
models and exciting architectures. Deep learning models
with pre-trained and some strategies have also emerged to
perform image classification and recognition tasks. Based on
the above discussion, these pre-trained deep network
models, such as VGGNet, will also be chosen to perform the
classification task of Chinese IWPs in our work.

2.2. Attention Mechanism. In recent years, the attention
mechanism has been proved to be applied successfully in
visual recognition tasks such as image/video captioning
[22, 26, 27], image classification [28, 29], saliency detection
[8, 30], Visual Question Answering (VQA) [31, 32]. Chen
et al. [22] introduced a novel CNN dubbed SCA-CNN, in
which spatial and channel-wise attentions in the task of
image captioning. )ey evaluated the proposed architecture
on some open image captioning datasets and the results
demonstrated the effectiveness of SCA-CNN. Sun et al. [30]
proposed a novel and efficient video eye fixation detection
model to improve the saliency detection performance by
utilizing the memory mechanism and visual attention
mechanism. )rough hierarchical training, the proposed
model achieved improved performance compared to other
state-of-the-art methods. In paper [31], Xu et al. proposed
and applied a novel question-guided spatial attention ar-
chitecture named the Spatial Memory Network to the VQA
task. )ey evaluated Spatial Memory Network on some
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available visual question answering datasets and obtained
competitive results.

As mentioned above, because the attention mechanism
has the powerful ability to select discriminative features, it is
very suitable for visual recognition tasks. Nevertheless, most
current approaches just extract low-level and high-level
features from different layers in deep neural networks.)ose
methods only simply integrated these features and ignored
the middle-level features. As such, instinctively, the middle-
level feature is a crucial factor affecting the performance for a
recognition task.)erefore, these multi-scale features should
be adopted for image classification. Due to the differences
between the multi-scale features, spatial attention and
channel-wise attention strategies are employed to assign
large weights to important information, which has a greater
impact on the classification results.

3. Proposed Architecture

Based on the above discussion, a novel model based on
multi-level attention mechanism and multi-scale fusion is
proposed in this paper. )e model mainly uses the attention
mechanism to process the multi-scale feature maps and
designs an elaborate feature fusion strategy to learn more
discriminative feature representations for obtaining better
classification performance.

)e overall architecture of the proposed model is shown
in Figure 1. )is model will be introduced detailedly in the
following section.

3.1. Multiscale Features Extraction. As mentioned above,
many researches focused on how to design effective network
models to extract low-level and high-level feature repre-
sentations, and then fusion the two types of features for
current vision tasks. In the field of IWPs classification, low-
level features from image in general contain specific strokes,
textures, and other information which play an important
role in the final classification task. On the other hand, high-
level features relatively represent a large receptive field and
contain the global semantic features of IWPs, which can be
further used for accurate classification.

In previous research work, only low-level and high-level
image features were extracted for recognition tasks.
)erefore, to use low-level, middle-level, and high-level
features at the same time, a multi-scale feature extraction
and fusion strategy is proposed in this paper. Specifically, the
pre-trained VGG16 network is utilized to extract low-level,
middle-level features and high-level feature representations
from the IWPs images.

)e details are shown in Figure 1. Separately, the conv1-2
feature in the VGG16 network is used as the low-level
feature and the conv2-2 feature is used as the middle-level
feature. And the conv5-3 feature in the VGG16 network is
adopted as the high-level feature. Generally speaking, fea-
tures at different layers often contain semantic information
with different levels of abstraction, which affects the final
classification performance. A lot of research work just fuses
multi-scale features directly without considering their

differences. However, there are many redundant informa-
tion in different scales of features, which introduces a burden
of calculation and leads to a decrease in the accuracy of
classification tasks.

To solve this problem, make full use of low-level, middle-
level, and high-level features, some strategies should be
adopted, such as attention mechanism, multi-scale feature
fusion.

3.2. Spatial Attention Module. It can be seen from the
analysis of the above sections that due to the different
contributions of different scales of features for the classifi-
cation task, the proposed model in this paper has a spatial
attention module which filters irrelevant information after
extracting the low-level features and the middle-level fea-
tures, as shown in Figure 1.

For example, there are some textures, stroke features,
and other information in the low-level and middle-level
features which may promote performance, and the back-
ground noise contained in the low-level and middle-level
feature maps may also disturb the classification, so these
feature maps need to be filtered at the pixel level to retain the
most valuable pixel area. Nevertheless, the high-level fea-
tures have a large receptive field, re-weighting the spatial
attention of high-level features will have a greater impact on
the low-level features, so the high-level features are not
processed by the spatial attention mechanism.

Based on this, the low-level andmiddle-level feature map
extracted from Chinese IWPs are processed by the spatial
attention mechanism to generate more discriminative in-
formation. )e proposed model first obtains low-level and
middle-level feature maps from the pre-trained VGG16
network and undergoes max pooling and 1 × 1 convolution
operations, and then serves as the input of the respective
spatial attention operation.

Assuming that a Chinese IWP image is given, the
extracted low-level features are expressed as flow ∈ RW×H×C

by using pre-trained VGG16 network, where W × H rep-
resents the size of the low-level feature map, C is the channel
number of the low-level feature maps.

Similar to that in [8], to increase the receptive field to
obtain global information, two convolutional layers are
mainly applied.)e size of the convolution kernel of the first
layer is 1 × k , and the size of the convolution kernel of the
second layer is k × 1, so the specific definitions are described
as follows:

s1 � g2 g1 f
low

, W1 , W2 . (1)

s2 � g1 g2 f
low

, W3 , W4 , (2)

where g1 and g2 in (1) and (2) and are convolution oper-
ations of size 1 × k and k × 1, respectively.)en, by using the
normalization processing method to encode the feature
maps to [0, 1], the final spatial attention feature maps are
obtained.

Sp � F f
low

, W  � σ1 s1 + s2( , (3)
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where W � W1, W2, W3, W4  in (3) is the parameters of the
spatial attention module. σ1 in (3) is a sigmoid function. )e
refined low-level features are obtained by the spatial at-
tention maps re-weighting, which are defined as:


f
low

� Sp · f
low

. (4)

For the middle-level feature fmid ∈ RW×H×C, a similar
spatial attention processing method is utilized to generate a
refinedmiddle-level featuremap fmid.)e specific operation
will not be described. Based on the above operations, the
proposed model in this paper filters the low-level and
middle-level feature maps to complete the spatial attention
mechanism processing.

3.3. Scale Invariance Processing. Different from the low-level
and middle-level features, the model extracts the conv5-3
layer features from the VGG16 network as the high-level
semantic feature. Instead of directly processing the high-
level features by the spatial attention mechanism, the model
sends features to a scale invariance module to increase the
scale-invariant nature of advanced features.

)e scale invariance module proposed in this paper is
inspired by the method in [33] to solve the over-fitting
problem that may be caused by the high-level semantic
features. To obtain a more generalized feature representa-
tion, the high-level feature maps enter the scale invariance
module to undergo multiple branch stochastic affine
operations.

As shown in Figure 2, the initial high-level feature fhigh

enters two branches of the scale invariance processing
module as input data, respectively. )e corresponding scale
parameters are (α, 1 − α) and (β, 1 − β), where α, β ∈ [0, 1].
)ese scale parameters in the above modules are uniformly

distribution during the training process of the network and
are randomly reset in each epoch. Specially, these pa-
rameters are set to the desired value 0.5 during the testing
period.

In Branch-1 of the scale invariance processing module,
DR � 1 indicates the dilated the convolution operation in
which convolution kernel is 3 × 3, and the value 1 after DR
represents the dilation rate. And other DR branches in the
module represent the dilated convolution operations in
which the dilation rates are 2, 3, and 4, respectively. After
processed in Branch-1, high-level semantic features are
weighted, and the new features f1 are formed through the
element-wise add operation.

Similarly, the corresponding features f2 are formed
through the processing of Branch-2, and then the new
features [f1, f2] are obtained by the two-branch networks
through the concat operation. In order to keep the same
number of channels and sizes corresponding to the pro-
cessed low-level and middle-level features, the features
[f1, f2] are processed by a 1 × 1 convolution operation to
obtain the features fhigh′ .

3.4. Multiscale Feature Fusion Based on Conditional Random
Field. From the above discussion, the different scales of
feature maps have different representational abilities and are
highly complementary. )erefore, multi-scale feature maps
are extracted through pre-trained VGG16 in the proposed
model. Nevertheless, how to make the best of these multi-
scale features extracted from different receptive fields to
improve the recognition performance is a very worthy re-
search topic. At present, weighted average or cascade pro-
cessing on multi-scale features are commonly used feature
fusion strategies, but these strategies are too simple to fuse
features well.
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Figure 1: )e proposed model for author classification of Chinese IWPs by multi-level attention and multi-scale fusion.
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Conditional Random Field (CRF) [34] has been widely
used in natural language processing. In recent years, CRF
was often used in the field of computer vision as a message
passing mechanism to refine the features of convolutional
neural networks.

In this paper, CRF is proposed to perform fusion op-
eration to achieve feature learning and obtain richer rep-
resentation information. )e multi-scale feature fusion
module based on CRF in our model refines the extracted
features of different scales with each other. Specifically, the
module dynamically transfers complementary information
from different scale (low-level, middle-level and high-level)
feature information for fusion operations to enhance the
representation capabilities of specific scales.

Assuming that the given multi-scale feature maps are
expressed as: Fe � flow, fmiddle, fhigh , and the optimized
multi-scale feature maps based on CRF fusion processing are

expressed as: Fe � f
low

, f
middle

, f
high

 , where the opti-

mized feature maps f
i
are obtained from the initial feature

maps fi by using CRF model fusion processing.
Specifically, the conditional probability distribution of

the original multi-scale feature maps set and the optimized
multi-scale feature maps set is defined as:

P( Fe|Fe,Θ) �
exp En( Fe, Fe,Θ) 

Fe
exp En( Fe, Fe,Θ) d Fe

. (5)

In (5), Θ is the parameter set of formula and the de-
nominator is the normalized partition function. )e cor-
responding energy function En( Fe, Fe,Θ) is defined as the
sum of two potential functions:

En( Fe, Fe,Θ) � 
i,j

Ψ1 fi,
fj  + 

i

Ψ2 fi, fi . (6)

In (6), the potential function Ψ2(fi, fi) represents the
similarity between the original feature maps and the opti-
mized feature maps. Here, the L2 distance is utilized to
define the similarity, which is specifically defined as:

Ψ2 fi, fi  � −
1
2

fi − fi

����
����
2
. (7)

In addition, in (6), the potential function Ψ1(fi,
fj)

represents the correlation between two optimized feature
information, which is specifically defined as:

Ψ1 fi,
fj  � fi 

T
ωi

j
fj. (8)

In (8), ωi
j represents the parameter used to calculate the

correlation between two optimized feature maps (fi,
fj).

)e refined feature maps fi are fused with the original
feature maps fi and the complementary information passed
from other optimized feature maps, and finally are formed
through multiple iterations.

)rough the fusion processing module based on CRF,
the multi-scale feature representations (low-level, middle-
level, and high-level) are processed into more optimized and
more robust feature information.

3.5. Channel Attention Module. In the proposed model, the
feature information optimized by the multi-scale feature
fusion module based on CRF will be sent into the channel
attention module. )e channel attention mechanism is used
to recorrect all feature channels, and the rich-information
feature channels are strengthened, while the low-informa-
tion feature channels are suppressed. )erefore, it can be
seen from Figure 1, a channel attention module is added to
the model proposed in this work.

Assuming that the optimized multi-scale feature maps
are expressed as fmul ∈ RW×H×C, where W × H represents
the size of the multi-scale feature maps, and C is the number
of channels.

Firstly, the feature maps fmul are expanded into a
channel set fmul � [fmul

1 , fmul
2 , fmul

3 , . . . , fmul
C ], where fmul

j

is the j-th channel in the multi-scale features. )en, each
fmul

j ∈ RW×H is processed to generate a channel feature
vector xmul ∈ RC by average pooling operation. Subse-
quently, two fully connected layers are added to fully capture
the correlation of channels. To reduce the complexity of the
model, the Relu function is introduced between the two fully
connected layers. Afterwards, similar to the spatial attention
operation, by using the normalization method to encode the
feature maps to [0, 1], the final channel attention weighted
feature maps are obtained.

g � δ fc1 x
mul

, W1  . (9)

In (9), fc1 represents the first fully connected layer, W1
represents the parameters of the first fully connected layer,
and δ represents the Relu function.

Ch � σ2 fc2 g, W2( ( . (10)

In (10), fc2 represents the second fully connected layer,
W2 is the parameters, and σ2 represents the sigmoid
function. After processing by the above channel attention
mechanism, the reweighted multiscale feature maps fmain

are obtained, which are specifically defined as:

f
main

� Ch · f
mul

. (11)

3.6. Multilevel Deep Supervision. To supervise the model to
achieve better performance, unlike the existing work that
only adds supervision at the high-level feature, a multi-level
deep supervision strategy is proposed to ensure the learning
efficiency of the network.

As shown in Figure 1, three types of optimized feature
representations: flow, fmid, fmain are obtained in the pro-
posed model. Fully considering the impact of the classifi-
cation loss of the above three types of optimized feature
representations, a joint loss function is meticulous designed
in this work. Specifically, the ℓlow, ℓmiddle, and ℓmain represent
the loss corresponding to the features flow, fmid, fmain,
respectively.

)e joint loss function of this model is specifically de-
fined as follows:

ℓall � 0.1ℓlow + 0.1ℓmiddle + 0.8ℓmain. (12)
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It can be seen from (12) that the multilevel deep su-
pervision of themodel uses the three-level classification joint
loss function to optimize the model. In particular, because
the three-level optimized features have different contribu-
tions to classification, the three-level losses are assigned
different weights in the model.

4. Experimental

4.1. DataSet. To verify the proposed author classification
model of Chinese IWPs based on multi-level attention and
multiscale feature fusion, a Chinese IWPs dataset is collected
and established from the Internet in this work.

In order to ensure rationality in this work, the following
requirements should be met in the establishment of the
Chinese IWPs dataset: Firstly, in order to achieve better
results in the training process of the deep learning model
proposed in this experiment, the dataset established in this
experiment should have a larger number of Chinese IWPs.
Secondly, in order to verify the validity of the author
classification of the model, the dataset should contain a
sufficient number of artists, and each artist should have a
certain number of Chinese IWPs. )irdly, in order to verify
the rationality and accuracy of the experiment, the diversity
of artists’ ages and styles, as well as the diversity of each
artist’s IWPs, should be fully taken into account when
selecting and collecting artists’ IWPs.

)e dataset contains 3040 Chinese IWPs from ten
artists, including: Cao Jianlou, Fan Zeng, Li Xiaoming, Lu
Yanshao, Pan Tianshou, Qi Baishi, Wu Changshuo, Xu
Beihong, Zeng Xiaolian and Zhu Da. )e dataset is shown
in Table 1.

In the experimental setting of this paper, 3/5 of the
dataset established above is used as the training set, 1/5 as the
verification set, and the remaining 1/5 as the test set. In
addition, for the rationality of the experiment, the dataset
should be divided into three sets at random, and to ensure
that there is no duplication of the paintings of each artist.
Figure 3 shows some examples of the dataset used in the
experiments.

To facilitate the benchmark test of the model, three
different classification scenarios are designed for the test of
the above dataset:

Case 1: classify the paintings of three artists: Qi Baishi,
Wu Changshuo and Cao Jianlou;
Case 2: classify the paintings of five artists: Fan Zeng,
Pan Tianshou, Wu Changshuo, Qi Baishi, and Xu
Beihong;
Case 3: classify the paintings of six artists: Cao Jianlou,
Li Xiaoming, Lu Yanshao, Zhu Da, Zeng Xiaolian, and
Xu Beihong.

4.2. Experiment Results and Discussion. To prove the effec-
tiveness of the model proposed in this work, a series of
experiments will be conducted on the author classification
dataset introduced above. We will compare and analyze the
results of the experiments on the three cases in the dataset.

4.2.1. Performance Analysis of Different Classifiers. For
classification tasks in different research fields, selecting an
appropriate classifier is one of the most important factors.
)erefore, to find the most effective classifier, the classifiers
tested in this experiment are carried out, in which includes:
K-nearest neighbor (KNN), logistic regression (LR), random
forest (RF), and support vector machine (SVM).

As for the SVM classifier, to find the appropriate kernel
function, the experiment also tested many types of kernel
functions. In the end, the RBF kernel function is adopted in
the experiment. In addition, 10-fold cross-validation is
performed to find the hyperparameter C′ in the range of
[0.001, 20], and to find the optimal parameter δ′ in the range
of [0.001, 10]. For the RF classifier, the number of trees is
selected in the range of 50 to 900 with the step size being set
to 50, and the depth of the tree is searched from 2 to 18.

In this experiment, the Case-1 category of the author
classification dataset is selected for verification. )e specific
experimental results are shown in Table 2.

input
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Figure 2: )e scale invariance processing module.
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From the comparison of the results of the four different
classifiers in Table 2, the SVM classifier achieves the best
performance on Case-1 category of the classification task
than other classifiers, with an average classification accuracy
rate of 96.2%.)e classification accuracy achieved by SVM is
11.5% higher than that of the KNN classifier (84.7%), which
is the largest gap between the classification results of the four
classifiers. )e results show that the SVM classifier and the
RF classifier have achieved the closest results on the author
classification dataset, which also reflects the excellent clas-
sification effect of the RF classifier (90.5%).)erefore, due to
the optimal classification performance on the dataset, the
SVM is utilized as the final classifier for the experiments in
this work. In addition, it can also be observed from Table 2
that the SVM classifier achieves the highest average accuracy
rate in the Case-1 category, and the lowest accuracy rate is
94.6% for the Wu Changshuo’s painting category. )e main
reason is that Wu Changshuo’s painting category is the
smallest number in this dataset (168 frames), which leads to
the worst classification result. Compared with Wu Chang-
shuo’s painting category, the classification results of Qi
Baishi and Cao Jianlou’s painting categories are better.
Furthermore, it can be seen from the results that the similar
phenomenon happens when other classifiers are used.

4.2.2. Performance Analysis of Different Methods. To
benchmark the model proposed in this paper, a series of
experiments compared with the existing methods are carried
out on the Case-2 category of the dataset. In the experiments,
these representative methods include: Sheng and Jiang [12],
Sun et al. [13], and Jiang et al. [14]. )e specific experimental
results are shown in Table 3.

As can be seen from Table 3, the proposed method based
onmulti-level attention andmulti-scale feature fusion in this
paper has achieved the performance with 94.8% accuracy,
which is significantly better than those three methods above
mentioned. Specifically, the classification accuracy of the
methods by Sheng and Jiang [12], Sun et al. [13], and Jiang
et al. [14] reached 88.1%, 82.0% and 87.4%, respectively.

In the method of Sun et al. [13], CNN network model
was proposed to extract features from IWPs, and Sparse
Group Lasso was used to perform the final classification task.
However, they only considered selecting the most repre-
sentative ten local subgraphs from the images, while ig-
noring the global characteristics of the IWPs images. And

the proposed method in our work extracts multi-scale
feature maps and makes full use of these features for the
classification task. In the method of Jiang et al. [14], although
the trained deep neural network was also used to obtain
features from images, the CNN model which they used was
too shallow to extract the discriminating information.
However, the model proposed in our work uses pre-trained
CNN to extract multi-scale feature maps and makes full use
of attention mechanism and CRF to fuse these feature maps.

Analyzing the reasons, the model proposed is a well-
designed network architecture, which is very effective in
extracting features and feature fusion for obtaining good
classification results. )e experimental results in Table 3 also
verify the superiority of the model proposed on the author
classification dataset.

4.2.3. Ablation Study. Specifically, to further study the ef-
fectiveness of each module in the model proposed in our
work, we also conduct a series of ablation experiments.
Table 4 shows the accuracy comparison of the classification
results of the ablation experiment on the Case-3 category.

In Table 4, the method named ours-mid means that only
the low-level and high-level feature maps are extracted from
the model proposed, and the middle-level feature extraction
module is removed from the model (see Figure 1). In detail,
only the low-level and high-level featuremaps are used as the
multi-level feature processing data. )e method named
ours-spatial in Table 4 means that the low-level and middle-
level features are not processed by the spatial attention
mechanism and are directly sent to the multi-level feature
fusion module based on CRF for processing. )e third
method, named ours-channel means that the channel at-
tention processing module is removed from our model. )e
fourth method, named ours-fusion means that the multi-
scale feature fusion module based on CRF is removed from
the model in our work.

In the ours-mid method, an average classification ac-
curacy of 86.5% is achieved, which is 2.7 percentage points
lower than the best classification result (89.2%) of the model
in this work. )is experimental result also verifies the im-
portance of the middle-level feature maps above mentioned
for the classification task.

)e ours-spatial method obtains an average classification
accuracy of 86.2%, which is the worst classification result in
the experiment. )is result is 3 percentage points lower than
the method based on the multi-level attention and multi-
scale fusion network proposed (89.2%). )is experimental
result proves that the spatial attention module can well
remove irrelevant and redundant information from the low-
level andmiddle-level feature maps and plays a very essential
role in the proposed model.

Similarly, the ours-channel method achieves a classifi-
cation result of 87.6%, which is 1.6 percentage points lower
than the best classification result (89.2%). )e experimental
result verifies the role of the channel attention processing
module in the proposed model, which could also slightly
improve the classification performance. )is result also
shows that the feature maps processed by the multi-scale

Table 1: )e dataset of Chinese IWPs by ten artists.

Number Artists Age Number of paintings
1 Cao Jianlou 1913–2005 397
2 Fan Zeng 1938- 113
3 Li Xiaoming 1972- 114
4 Lu Yanshao 1909–1993 295
5 Pan Tianshou 1897–1971 103
6 Qi Baishi 1864–1957 1129
7 Wu Changshuo 1844–1927 168
8 Xu Beihongu 1895–1953 240
9 Zeng Xiaolian 1939- 300
10 Zhu Da 1626–1705 181
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Figure 3: Some samples of the dataset in the experiment.)e three rows show some samples of Cao Jianlou’s, Fan Zeng’s, and Li Xiaoming’s
paintings, respectively.

Table 2: Comparison of classification results of different classifiers on the Case-1 category of the dataset.

Artists/classifiers KNN LR RF SVM
Qi Baishi 86.1 89.3 92.7 96.7
Wu Changshuo 82.3 80.9 85.8 94.6
Cao Jianlou 85.6 91.5 93.1 97.4
Average 84.7 87.2 90.5 96.2

Table 3: Comparison of classification results of different methods on the Case-2 category of the dataset.

Artists/methods Sheng [12] Sun [13] Jiang [14] Proposed
Fan Zeng 88.5 82.7 85.4 94.3
Pan Tianshou 92.3 84.1 89.3 93.6
Wu Changshuo 83.8 76.3 81.6 94.7
Qi Baishi 85.2 81.5 90.2 96.9
Xu Beihong 90.9 85.4 90.7 94.4
Average 88.1 82.0 87.4 94.8

Table 4: Accuracy comparison of the ablation experiment on the Case-3 category of the dataset.

Artists/methods Ours-mid Ours-spatial Ours-channel Ours-fusion Proposed
Cao Jianlou 85.2 83.4 87.3 85.2 88.3
Li Xiaoming 84.5 85.1 84.8 82.4 86.7
Lu Yanshao 87.1 85.6 86.2 85.3 88.4
Zhu Da 86.0 85.7 87.5 87.6 88.2
Zeng Xiaolian 86.8 89.3 89.1 88.7 92.4
Xu Beihong 89.2 88.2 90.8 89.1 91.2
Average 86.5 86.2 87.6 86.4 89.2
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feature fusion network based on CRF have better repre-
sentation ability.

)e accuracy of the ours-fusion method in Table 4 on the
Case-3 category of the dataset reaches 86.4%. Compared
with the classification results obtained by the model pro-
posed in this paper, it shows that if the fusion network
module is removed, the classification accuracy will be re-
duced by 2.8%. )is experimental result shows that the
fusion module designed in the model has also played a better
role in improving the final classification performance.

5. Conclusions

To solve the problem of extracting low-level and high-level
features from different layers in deep CNN for classification
and using simple feature fusion strategies in the previous
researches, a novel model based on multi-level attention and
multi-scale feature fusion is proposed in this paper. In this
model, the pre-trained VGG16 network is used to extract
low-level, middle-level and high-level feature representa-
tions from Chinese IWPs images. )e spatial attention
mechanism is adopted to filter out irrelevant information
from the low-level and middle-level features, and a scale
invariant module is added to increase the scale-invariant
properties of high-level features in the model.)en the three
optimized features are fused together based on the CRF
mechanism. Subsequently, the channel attentionmechanism
is used to obtain the features with more discriminating
ability. )e model is trained by designing a multi-level deep
supervision module, and a large number of experimental
results show that the proposed model can achieve more
competitive performance.
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