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  Abstract 
As one of the most lethal infectious diseases in the world today, the prevention, 
control and treatment of COVID-19 have become the focus of global public 
health. In view of the low efficiency of manual detection methods for COVID-19 
chest radiographs, and the possibility of misdiagnosis and missed diagnosis, a 
DA-COVID Net model for image classification of COVID-19 chest radiographs 
was proposed. Based on the residual network ResNet50 model, the parallel loca-
tion attention module and channel attention module are introduced to enhance the 
feature representation, and then the classification output is performed after fusion. 
After pre-processing such as clipping and data enhancement, the data set was put 
into DA-COVID Net model for training. The experimental results show that 
DA-COVID Net has achieved 97.7% accuracy in the classification of COVID-19 
chest radiographs, which is significantly improved compared with other models. 
With excellent performance evaluation indexes and fast convergence, DA-COVID 
Net can provide convenient and reliable basis for clinical diagnosis of COVID-19. 
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1. Introduction 

At the end of 2019, a new viral variant pneumonia—COVID-19 (Corona Virus Disease 2019) first appeared in 
Wuhan, Hubei Province, China [1]. Due to the virus’s strong viability and infectivity, and people’s initial low 
awareness of COVID-19, it spread rapidly in various regions and triggered a large-scale coronavirus outbreak. 
COVID-19 is highly contagious and can be transmitted by multiple routes, mainly through respiratory transmission. 
Humans are susceptible to COVID-19 and can easily be confused with the symptoms of a cold [2], in the absence of 
nucleic acid testing, it is difficult to distinguish, making people difficult to guard against. 

The main method of testing for COVID-19 is nucleic acid [3], which is also considered the gold standard for di-
agnosis today. This test method is simple and fast, but it may fail to detect the true state of the disease, so there may be 
a “false negative” situation, and the actual situation shows that the false negative rate of the test is relatively high [4], 
and patients sometimes need to go through multiple tests to confirm the diagnosis. With the introduction of medical 
imaging, chest X-rays are now the best way to provide test results for the correct diagnosis of COVID-19 due to the 
unique medical imaging characteristics of COVID-19 and the increasing availability of low-cost chest X-ray imag-
ing. 

The traditional chest X-ray analysis professional ability has requirements for radiologists, and from the new 
champions league since the outbreak, because will be coronavirus infection fast, high incidence, each day will pro-
duce tens of thousands of chest X-ray images, the traditional manual analysis methods are inefficient, embarrassment, 
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and the doctor in the high strength work environment prone to misdiagnosis and missed diagnosis of the problem, 
This is undoubtedly a weakness for China’s epidemic prevention and control. 

In recent years, artificial intelligence has made significant breakthroughs in the direction of computer vision. In the 
field of medical image classification, it is possible to construct an appropriate convolutional neural network 
framework and use a large amount of clinical medical data to conduct deep learning model training, so as to achieve 
the classification and detection of medical images. This makes the assisted classification of COVID-19 X-ray images 
based on deep learning feasible, which can not only assist doctors in diagnosis, but also greatly shorten the time for 
doctors to read the images and improve diagnosis efficiency. 

2. DA-COVID Net Model Construction 
2.1 ResNet Residual Network Model 

In this experiment, the residual network ResNet50 was selected as the backbone network from many CNN models 
with excellent image classification ability. The main idea of ResNet [5] convolutional neural network is to add re-
sidual blocks to traditional CNN and use “shortcut connection” for connection, which is generally called jump 
connection. Jump connection directly connects the input to the output unidirectionally. This operation can alleviate 
the network degradation phenomenon when part of the accuracy learned by the model reaches saturation, and effec-
tively solve the problem of low accuracy of deep network caused by the disappearance of gradient when CNN net-
work is “deep”. 

2.2 Attentional mechanism 
When the attention mechanism is introduced into CNN, it can automatically assign higher weights to important 

features, thus greatly improving the performance and accuracy of the model in COVID-19 image classification. 

2.2.1 Positional Attention Mechanism 
CNN does not need to pay attention to all feature map regions in image classification, because different regions 

have different values of contribution to feature extraction, and contributions of some regions can be completely 
ignored. 

In order to enhance the attention of high-contribution regions and enrich the context relationships in modeling, 
location attention mechanism [6] can be introduced to complete the capture of location dependence among various 
regions. 

First, the original feature graph A was input into three parallel convolutional layers, and the size of the convolution 
kernel was 1×1. The convolution kernel of 1×1 was used to reduce the dimension of features and learn different 
global features at the same time. Three convolution layers output three feature maps K, Q and V. After calculation, 
features of each position can be obtained, and their calculation formula is as follows: 

 

𝑠𝑠𝑗𝑗𝑗𝑗 =
exp�𝐾𝐾𝑗𝑗 ∙ 𝑄𝑄𝑗𝑗 �

∑ exp�𝐾𝐾𝑗𝑗 ∙ 𝑄𝑄𝑗𝑗 �𝑁𝑁
𝑗𝑗=1

                                                                               (1) 

 
Where, 𝑠𝑠𝑗𝑗𝑗𝑗  represents the influence of the ith pixel on the jth pixel. The closer two pixels are, the greater their 𝑠𝑠𝑗𝑗𝑗𝑗  

value. Assuming that the input feature is shown in figure A, then the output feature E of the positional attention 
module is: 

𝐸𝐸𝑗𝑗 = 𝛼𝛼��𝑠𝑠𝑗𝑗𝑗𝑗 𝑉𝑉𝑗𝑗� + 𝐴𝐴𝑗𝑗

𝑁𝑁

𝑗𝑗=1

                                                                                  (2) 

It can be seen from Equation (2) that after the introduction of location attention mechanism, the output features of 
the model are determined by the contribution degree of location to image features and input features, which enables 
the model to make full use of global context information. 

2.2.2 Channel Attention Mechanism 
The proposed channel attention mechanism [7] can effectively help CNN model to carry out feature fusion in 

channel dimension, and can make the model pay more attention to the channel which contributes more to the task. In 
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the channel attention module, the channel attention diagram X can be calculated according to the original feature 
graph A, and its calculation formula is as follows: 

 

𝑥𝑥𝑗𝑗𝑗𝑗 =
exp�𝐴𝐴𝑗𝑗 ∙ 𝐴𝐴𝑗𝑗 �

∑ exp�𝐴𝐴𝑗𝑗 ∙ 𝐴𝐴𝑗𝑗 �𝐶𝐶
𝑗𝑗=1

                                                                                   (3) 

 
𝑥𝑥𝑗𝑗𝑗𝑗  represents the effect of channel i on channel j. The output characteristic E of channel attention module can be 

obtained as follows: 

𝐸𝐸𝑗𝑗 = 𝛽𝛽��𝑥𝑥𝑗𝑗𝑗𝑗 𝐴𝐴𝑗𝑗� + 𝐴𝐴𝑗𝑗                                                                                 (4)
𝐶𝐶

𝑗𝑗=1

 

It can be seen from Formula (4) that the channel attention mechanism makes the dependence between channels 
have an impact on the output characteristics, and the weight coefficients of each channel can be dynamically adjusted. 
The larger the contribution amount of channel is, the larger the corresponding output characteristic value is, and the 
model can better obtain the features. 

2.3 DA-COVID Net 

In the traditional image classification model, the convolution operation will lead to a local receptive field, which 
will have a negative impact on the recognition accuracy. In order to solve this problem, this experiment captures the 
global context information by establishing the relationship between feature and attention mechanism. After ex-
tracting the features of Chest X-ray image in residual network ResNet50, it is introduced into PAM and CAM module 
to extract the dual attention, and carries out feature fusion for them in parallel. Thus, DA-COVID Net is constructed, 
which can adaptively adjust and make decisions about the dependence between various dimensions, and learn better 
feature representation in THE CLASSIFICATION of COVID-19 chest radiographs, making the classification results 
more accurate. DA-COVID Net model structure is shown in Figure 1. 

 
Figure 1. DA-COVID Net architecture diagram 

DA-COVID Net model as a whole is composed of residual network and attention mechanism. After the COVID-19 
chest radiographs were put into the model, the model first used ResNet50, a pre-trained residual network with layered 
strategy [8] as the backbone, to carry out preliminary feature extraction for chest radiographs. Here, small adjust-
ments were made to ResNet50 network structure, and pooling operation was performed after removing the last 
convolutional layer. Then, expansion convolution is introduced to improve the resolution of the output feature [9], 
and the size of the output feature graph is enlarged without increasing the model depth. Then, the amplified features 
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are input into parallel PAM and CAM modules at the same time, and the feature matrix of spatial dimension and 
channel dimension is extracted respectively, so as to preserve the pixel-level prediction ability and channel depen-
dence of the model. Finally, the output feature matrices of the two modules are fused according to the summation of 
corresponding elements to obtain the final prediction feature graph. 

3. Model Training 
3.1 Experimental Environment 

This experiment uses NVIDIA brand graphics card that supports GPU computing and is completed on 64-bit 
Windows10 system. The specific environment configuration of the experiment is shown in the following table. 

Table 1. Hardware Configuration Table 

Experimental environment Environment configuration 

Processor Intel(R) Core(TM) i5-8300H CPU @ 2.30GHz 

Graphics card NVIDIA GeForce RTX2060 

Memory 16GB 

Table 2. Software Configuration Table 

Experimental environment Environment configuration 

Operating system Windows10 

Pycharm 2021.2.3 Community Edition 

Anaconda3 5.3.1 

Python 3.6.9 

Pytorch 1.5 

3.2 Experimental Data and Pretreatment 

The chest X-ray image dataset used in this paper is a COVID-19 pneumonia classification obtained from Kaggle. 
The dataset included chest X-ray images samples of Normal, Pneumonia, and COVID-19, with a total of 9,472 chest 
X-ray images, including 3,616 chest X-ray images of patients with COVID-19, 4,273 chest X-ray images of patients 
with common Pneumonia, and 1,583 Normal chest X-ray images. 

Due to the different sizes of images in the data set and the inconsistent aspect ratio of each image, the model cannot 
be directly used for training. In this experiment, the method of reduction was adopted to unify the sizes. At the same 
time, the horizontal flip and random clipping methods were used to enhance the data set of Chest Radiography, which 
alleviated the imbalance of positive and negative difficult sample categories to a certain extent. 

3.3 Experimental Hyperparameter Setting 

Hyperparameters are usually used to define higher-level concepts about the model, which is an extremely impor-
tant part of neural network. Selecting a group of hyperparameters that fit can effectively improve the performance and 
effect of the model. After many experiments, the hyperparameter Settings of this experiment are as follows: The 
activation function used in this experiment is ReLU function. Compared with Sigmoid and Tanh function, ReLU 
function can reduce the over-fitting phenomenon of the network due to its sparsity, and can prevent the gradient from 
disappearing when the value is too large or too small. Set the batch sample size to 48. The initial learning rate is set to 
0.0001. The loss function is selected as CrossEntropyLoss. The number of iterations of the whole model training is 
set to 30. 

4. Experimental Results and Analysis 
The COVID-19 chest radiography data set was divided into training set and test set, among which 7,679 images 

were taken as the training set data to train the model, and the remaining 1,793 images were taken as the test set to 
verify the generalization ability of the model in actual scenarios. Data were put into DA-COVID model for training 
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and testing. Figure 2 and Figure 3 are the visualization of training set and test set on DA-COVID model. Figure 2 is 
Accuracy_Epoch diagram of the model during training, and Figure 3 is Loss_Epoch diagram of the model during 
training. 

 
Figure 2. DA-COVID Net accuracy curve.                       Figure 3. DA-COVID Net loss curve. 

It can be seen from Figure 2 and Figure 3 that after the training of one Epoch, the model had a 95% accuracy rate. 
After the training of about 5 Epochs, the DA-COVID Net model curve gradually tended to a stable state, and the 
accuracy and loss values basically did not change significantly. In the process of iteration, the accuracy of the model 
in the test set reached 97.66%, and the loss value was only about 0.08, showing a relatively ideal performance, and the 
model also had a fast convergence rate. 

In order to determine the improvement of network performance brought by the introduction of parallel 
dual-attention module, the original ResNet50 model is selected in this chapter to conduct a horizontal test comparison 
with the performance of DA-COVID model. The performance of the two models in the test set is shown in Table 3. 

Table 3. ResNet50 model is compared with DA-COVID Net model in precision rate, recall rate and F1 value 

Evaluation indicator Model Normal Pneumonia COVID 

Precision 

ResNet50 89.3% 95.4% 96.4% 

DA-COVID Net 95.3% 97.2% 100% 

Ascension +5.0% +1.8% +3.6% 

Recall 

ResNet50 88.6% 95.4% 97.2% 

DA-COVID Net 92.5% 98.6% 100% 

Ascension +3.9% +3.2% +2.8% 

F1 value 

ResNet50 88.9% 95.4% 96.7% 

DA-COVID Net 93.4% 97.8% 100% 

Ascension +4.5% +2.4% 3.3% 

It can be seen intuitively from the data in the table that compared with ResNet50 model, DA-COVID Net model 
has improved performance in all aspects. Among them, the most improved is the Normal class precision rate, in-
creased by 5.0%; the smallest improvement was in the common pneumonia category, where the accuracy rate in-
creased by 1.8%. 

5. Conclusion 
In order to further improve the classification accuracy of COVID-19 chest radiographs, the DA-COVID Net model 

for the classification of COVID-19 chest radiographs was constructed by introducing parallel dual-attention module 
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based on ResNet50 structure. Experimental results show that the accuracy of DA-COVID Net model is 97.66%, and 
the loss value is only about 0.08, which indicates that DA-COVID Net model has good image classification ability. 
DA-COVID Net compared with the results of ResNet50 model applied to the data set in this paper, DA-COVID Net 
model has better performance, it can provide convenient and reliable evidence for clinical diagnosis of COVID-19. 
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