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Abstract
Background: Lung ultrasound (LUS) can be an important imaging tool for the diagnosis and assessment
of lung involvement. In this study, we determined the ultrasound manifestations of the lung associated
with COVID-19 pneumonia, and obtained the ultrasound image changes of the patients from the initial
diagnosis to rehabilitation.

Methods: The purpose of this study is to establish a lung involvement assessment model based on deep
learning. A channel attention classi�cation method based on squeeze-and-excitation network combining
with ResNeXt (SE_ResNeXt) is proposed, which can automatically learn the importance of different
channel features, so as to achieve selective learning of channels and further achieve more accurate
classi�cation results.

Results and conclusion: Among 104 patients' data from multicenter and multi-mode ultrasound, the
diagnostic model can achieve 97.11% accuracy. The lung involvement severity of COVID-19 pneumonia
and the trend of lesion were evaluated quantitatively.

1. Introduction
BY August 31, 2020, 25,350,668 con�rmed cases and 846,818 deaths of novel coronavirus 2019 (COVID-
19) disease in the world have been reported. COVID-19 disease is reported in 212 countries [1]. The World
Health Organization has announced that the COVID-19 disease has become a global pandemic [2]. Rapid
diagnosis and assessment of the severity of the disease are highly required with the increasing number
of cases.

The current gold standard for the diagnosis of COVID-19 disease is the reverse transcription polymerase
chain reaction (RT-PCR) analysis of respiratory specimens [3]. However, due to incorrect sampling of
nasopharyngeal swabs, the false negative rate is high [4]. Delayed diagnosis will cause the spread of the
disease and the aggravation of the patient's condition. Computed tomography (CT) is the main method
for diagnosing and evaluating the severity of patients with COVID-19 pneumonia [5, 6]. However, CT also
has the following problems in lung diagnosis. First, CT diagnosis is costly and has radiation [7]. In
unstable critical patients, CT examination is not easy to perform. In addition, patients who are sensitive to
radiation, such as pregnant women, need to avoid the radiation caused by CT examination. Second, it is
of great clinically signi�cance to determine whether there is pulmonary airway obstruction in patients
with COVID-19 pneumonia. CT can only obtain static images and cannot evaluate the movement of gas
in the bronchi and bronchiole in real time.

As a non-radiation medical imaging method, ultrasound is highly sensitive to the diagnosis of various
lung diseases [8]. Studies have shown that lung ultrasonography (LUS) can be an important imaging tool
for the diagnosis of pneumonia and the assessment of the degree of lung involvement [9]. For example,
Liu et al. proved the value of bedside LUS in the diagnosis of community-acquired pneumonia. With CT
as the gold standard, the diagnosis of community-acquired pneumonia by LUS has reached 96.1% of
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accuracy, and the diagnostic e�ciency far exceeds chest X-ray [10]. Bouhemad et al. [11] and Silvia et al.
[12] reported that LUS has potential to be a key tool for early ventilator-associated pneumonia (VAP)
diagnosis. Within the technical period required for Broncho alveolar lavage analysis, LUS is an ideal
decision-making tool for antimicrobial management. LUS was used as a good imaging method for
diagnosing pneumonia in many institutions. The advantages of LUS are that it is inexpensive, non-
radiating and easy to obtain, and can be checked at bedside, especially for patients with severe
pneumonia [13, 14].

In this study, we propose a channel attention classi�cation method based on Squeeze-and-Excitation
network combining with ResNeXt (SE_ResNeXt), which can automatically learn the importance of
different channel features. In order to make better use of this feature, the traditional methods of gradient
�eld and K-Means clustering are used to extract feature maps from original ultrasound image as
additional channel information. In addition, we determined the ultrasound manifestations of the lung
associated with COVID-19 pneumonia, and obtained the ultrasound image changes of the patients from
the initial diagnosis to rehabilitation.

2. Results
2.1. SE_ResNeXt Classi�cation Accuracy

Table 1 summarizes the results of classi�cation accuracy compared to other methods. K and G represent
K-Means clustering and gradient �eld respectively in the table. It can be seen that the proposed
SE_ResNeXt_K+G outperforms the original SE_ResNeXt, which has 98.56%, 98.21%, 97.11% and 91.79%
average accuracy on Stork, Mindray, Stork & Mindray and Stork & Mindray & Philips, respectively.
Signi�cant improvements on three datasets have been achieved by using gradient �eld and K-Means
clustering, the accuracy is further enhanced.

Table 1. Comparison of classi�cation accuracy on different dataset.

Method S1 (%) M2 (%) S&M (%) S&M&P3 (%)

ResNet 96.66 95.76 95.55 89.73

SE_Inception 95.94 96.03 95.13 87.92

SE_Inception_ResNet 96.84 96.21 95.40 88.21

SE_ResNeXt 96.73 96.39 96.03 90.84

SE_ResNeXt_K4 98.43 98.21 97.02 91.67

SE_ResNeXt_K+G5 98.56 98.21 97.11 91.79

1S = Stork dataset accuracy, 2M = Mindray dataset accuracy, 3P = Philips dataset accuracy; 4K = K-Means
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clustering, 5G = gradient �eld.

The normalized confusion matrixes of classi�cation on three datasets by our proposed method are
provided in Fig. 1. For Stork dataset, except for a small part of the classi�cation of B1-line into B1 & B2-
line, the remaining classi�cation accuracy rate is close to 100%; for Stork & Mindray dataset, a small
percentage of B2-line is classi�ed as B1-line, and B1-line is classi�ed as A & B-line; for Stork & Mindray &
Philips dataset, a large part of B2-line and B1-line is mistakenly classi�ed into B1 & B2-line. In short, the
classi�cation accuracy of A-line and consolidation on three datasets can reach nearly 100%.
Misclassi�cation generally occurs in the fusion classi�cation of two categories.

2.2. Distribution of datasets

Fig. 2 depicts the distribution of expert manual labels classi�cation of 5704 ultrasound images in three
datasets. Because most of the patients with COVID-19 are patients with severe lung involvement, the data
of A-line and A&B-line is few. In the actual experiment, we use combining datasets and data
augmentation to solve the problem of sample imbalance.

2.3. Evaluation on the trend of the degree of lung involvement

After obtaining the trained SE_ResNeXt, we independently test the videos of 8 patients’ (1 frame per
second), which have been examined multiple times (3 times or more), and perform the classi�ed class
according to the method in section 2.4. PCO2 is a great indicator of respiratory function and closely
related factor of acid–base homeostasis, re�ecting the amount of acid in the blood. The correlation
between the score obtained and CO2 partial pressure (PCO2) was analyzed by Pearson correlation
analysis, and the correlation is shown in Fig. 3. The Pearson correlation coe�cient is 0.71 (P <.001). In
the graph, the darker the color shows, the higher the frequency of occurrence is. The graph shows that the
score of SE_ResNeXt is in the range of 2.7-3.4, which has a higher correlation with PCO2.

In addition, two patients with multiple examinations of SE_ResNeXt score and PCO2 are shown in Fig. 4.
We follow the three lines of parasternal line (PSL), anterior axillary line (AAL) and posterior axillary line
(PAL) in [15] to divide the left and right sides of lungs into four areas (L1-L4 and R1-R4). Only one picture
is shown in the �gure, but in the actual scoring, we average the scores of multiple pictures after framing
the video of a certain partition to obtain the speci�c score in the �gure.

In short, our classi�cation and scoring system not only re�ects the degree of lung involvement of patient,
but also helps doctors combine this score with other indicators to evaluate the patient’s lung disease and
even the entire person’s condition. It is more bene�cial to use this scoring system to improve the nursing
level of patients with pneumonia, and enhance their support to the clinical decision-making process for
the pneumonia-management cascade.

3. Discussion
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J. Rouby et al. assessed lung involvement by scoring eight areas’ sonograms [16], while the sonograms
need to be manually identi�ed by doctors, which is time-consuming and labor-intensive. Nowadays, there
have been some research on the automatic classi�cation of sonograms, but most of them are only for
detecting B-line of sonograms [17, 18].

In this paper, we proposed a classi�cation network for fully automatic assessment of lung involvement in
COVID-19 patients. The lung ultrasound images of these patients are classi�ed into six types of
sonograms, the classi�cation results were quantitatively scored to obtain the total scores of 8 regions,
and the correlation analysis between the scores and the PCO2, which is the most relevant to lung
involvement, was obtained. As a result, a Pearson correlation coe�cient of 0.71 was obtained, indicating
that our classi�cation scores can re�ect the lung involvement of COVID-19 patients. It is useful to choose
the correct treatment method according to the serious situation.

We try to train with data from one center, and the data from another center was used for independent
testing. But Stork dataset has only 58 consolidation images, if we use trained Stork model to predict
Mindray's consolidation data (1136 images), the accuracy of independent testing will be greatly reduced
in this category of classi�cation and vice versa.

In the �nal result, the increase of adding the gradient �eld is very small, which is related to our dataset,
because normal people will have a large number of A-lines, and most of the data we collected are
patients. If there are a large number of A-line in the data, the advantage of adding gradient �eld will be
revealed. Our network is more robust to multi-center and multi-machine data, because the gradient �eld
and K-Means information extracted by traditional methods are highly robust, useful information can also
be extracted under the condition that the imaging parameters of the original image have a large
discrepancy.

4. Conclusion
In this paper, for the ultrasound images of the lungs of patients with COVID-19 pneumonia, we propose a
classi�cation network that combines traditional methods with channel attention, and score the predicted
categories. The �nal score re�ects the degree of lung involvement in the patient and helps doctors to
combine other indicators to assess the overall condition and disease trend of COVID-19 patients.

5. Materials And Methods
5.1. Ultrasound Data Acquisitions

In ultrasound imaging, the degree of lung involvement is related to several typical sonograms. A-line is a
horizontal reverberation artifact of pleura caused by multiple re�ections, representing the normal lung
surface [19]. B-line represents the interlobular septum, which is denoted by a discrete laser like vertical
hyperechoic artifact that spreads to the end of the screen, and it can be represented as B1-line [20].
Fusion B-line is a sign of pulmonary interstitial syndrome, which shows a large area �lled with B-line in
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intercostal space, and it can be represented as B2-line [15]. Pulmonary consolidation is characterized by a
liver like echo structure of the lung parenchyma, with a thickness of at least 15 mm [16] as shown in Fig.
5.

We use three datasets from four medical centers to build and evaluate the model: Ultrasound images
collected by Stork ultrasound system (Stork Healthcare Co., Ltd. Chengdu, China) at Ruijin Hospital,
Mindray ultrasound system (Mindray Medical International Limited, Shenzhen, China) at Shanghai Public
Health Center, Philips ultrasound system (Philips Medical Systems, Best, the Netherlands) at Wuhan Sixth
People's Hospital and Hangzhou Infectious Disease Hospital. Stork dataset was collected with H35C (2-
5MHz) convex array transducer, Mindray dataset with SC5-1 (1-5 MHz) convex array transducer, and
Philips dataset with Epiq 5, Epiq 7 C5-1 (1-5MHz) convex array transducer.

5.2. Feature map extraction by traditional methods

As shown in Fig. 5, different ultrasound sonograms represent different degrees of lung involvement. The
data for this study comes from multiple centers and multiple devices. In order to make the diagnostic
model more robust, we used traditional image processing methods to extract features that are not
sensitive to imaging parameters, and then put the extracted feature map together with the original
ultrasound image into the deep learning model. Since gradient �eld is highly sensitive to parallel echo
rays of A-line, and K-Means clustering is highly sensitive to the laser beam-like echo bars of B-line as
shown in Fig. 6, we extracted the gradient �eld and K -Means clustering images as two feature maps.

5.3. SE_ResNeXt classi�cation model

Overview of the proposed SE_ResNeXt for lung congestion degree classi�cation is provided in Fig. 7. Take
one input as an example, after obtaining the gradient �eld and K-Means clustering information, we
combine these two types of information as additional channel information with the original image as a
three-channel input (W × H × 3). Then perform a squeeze operation on the input image, that is, global
average pooling to encode the entire spatial feature on a channel as a global feature.

The squeeze operation gets the global description feature; another operation is required to capture the
relationship between the channels, namely the excitation operation.

Among them, dimension reduction coe�cient is a hyperparameter. The excitation
operation can learn the nonlinear relationship between channels. Finally, the learned activation value of
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each channel (sigmoid activation) is multiplied by the original feature on:

The entire network has learned the weight coe�cients of each channel, which makes the model more
discriminative to the characteristics of each channel. A-line can learn more from gradient �eld channels,
and B-line can learn more from K-Means clustering channels, which can reach the channel attention
effect.

In order to fully take the advantages of channel attention, we choose ResNeXt as the backbone network
for classi�cation. ResNeXt [21] is a combination of ResNet [22] and Inception [23], which improves
accuracy through wider or deeper networks. Each of its blocks is a measurable dimension in addition to
the width and depth dimensions. It inherits the strategy of repeating layers of ResNet, but increases the
number of paths, and uses split conversion and merge strategies in a simple and scalable manner. So in
this classi�cation task we adopt Inception's split-transform-merge idea to widen the network, which
basically does not change the complexity of the model while increasing the accuracy. In addition, the
topology of the network is the same for every aggregated topology that also reduces the design burden.
The speci�c network block is provided in Fig. 8.

Detailed procedure are as follows: (1) Extract most common 6 types of datasets in Fig. 5 from the
training set in equal proportions randomly to prevent sample imbalance and ensure that each category
can be learned. (2) Enhance the data by rotation and normalize the intensity of the image. (3) Select the
classi�er with the best performance and test it on the test set to obtain the corresponding prediction
results.

5.4. Establishment of scoring standards

 We predicted the patient's per part ultrasound video of multiple examinations through the trained
SE_ResNeXt, and classify and score sonograms according to [24]. A-line indicates that the patient is
normally ventilated, with a score of 0; A & B-line indicates that the patient has mild lung ventilation loss,
with a score of 1; B1-line indicates that the patient has moderate lung ventilation loss, with a score of 2;
B1 & B2-line indicates that the patient has severe lung loss of ventilation, with a score of 2.5; B2-line
indicates that the patient has very severe loss of lung ventilation, with a score of 3; Consolidation
indicates that the patient has a solid lung change characterized by dynamic air bronchial signs, with a
score of 4. After the classi�cation result is quanti�ed, the sum is divided by all the frames to obtain the
�nal lung function severity score, which is 0 to 4.

5.5. Training Strategy

For the Stork, Mindray, Stork & Mindray and Stork & Mindray & Philips dataset, we use 3-fold cross-
validation to verify the performance of the classi�er. All the images are resized to 32 × 32, and a training
batch consist of 128 randomly selected images. We regularize the model by using dropout during
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training, and the neural network parameters are then learned by maximizing log-likelihood using the
Momentum optimizer with an initial learning rate of 0.1, then every 30 epochs, the learning rate dropped
by 10 times, stochastically minimizing the cross-entropy between annotated labels and predictions.

Abbreviations
LUS: Lung ultrasound; COVID-19: novel coronavirus 2019; RT-PCR: reverse transcription polymerase chain
reaction; CT: Computed tomography; VAP: ventilator-associated pneumonia; PCO2: CO2 partial pressure;
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Figures

Figure 1

The normalized confusion matrix of classi�cation on three datasets by our proposed method.

Figure 2
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Distribution of expert manual labels of 5704 ultrasound images in three datasets.

Figure 3

Scatter plot between classi�cation score of SE_ResNeXt and CO2 partial pressure (PCO2).
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Figure 4

Two patients with multiple examinations of SE_ResNeXt score and PCO2.
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Figure 5

Different ultrasound sonograms in lung examination.

Figure 6
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Traditional method information extraction results. The largest picture represents the most sensitive
channel among the four sonograms.

Figure 7

Overview of the proposed SE_ResNeXt for lung congestion degree classi�cation.

Figure 8

A building block in ResNet and ResNeXt.


