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Based on the VGG19-fully convolutional network (FCN) (VGG19-FCN) and U-Net model in the deep learning algorithms, the left
ventricle in the ultrasonic cardiogram was segmented automatically. In addition, this study evaluated the value of ultrasonic
cardiogram features after segmentation by the optimized algorithm in diagnosing patients with coronary heart disease (CHD) and
angina pectorisody; patients with arrhythmia; and pa. In this study, 30 patients with confirmed CHD and 30 normal people without
CHD from the same hospital in a certain area were selected as the research objects. Firstly, the VGG19-FCN and U-Net model
algorithms were selected to automatically segment the left ventricular part of the apical four-chamber static image, which was realized
through the weights of the fine-tune basic model algorithm. Subsequently, the experimental subjects were divided into a normal
group and a CHD group, and the data were obtained through the ultrasonic cardiogram feature analysis of automatic segmentation
by the algorithm..e differences in the ejection fraction (EF), left ventricular fractional shortening (FS), and E/A values (in early and
late of the diastolic phase) of the left ventricle for patients in the two groups were compared. In addition, the ultrasonic cardiogram
left ventricular segmentation results of normal people and patients with CHD were compared. A comprehensive analysis suggested
that the U-Net model was more suitable for the practical application of automatic ultrasonic cardiogram segmentation. According to
the analyzed data results, the global systolic function parameters (EF, FS, and E/A values) of the left ventricle for patients showed
statistically obvious differences (P< 0.05). In summary, deep learning algorithms can effectively improve the efficiency of ultrasonic
cardiogram left ventricular segmentation, show a great role in the diagnosis of CHD patients, and provide a reliable theoretical basis
and foundation research on the subsequent CHD imaging diagnosis. .e comprehensive analysis showed that the U-Net model was
more suitable for the practical application of echocardiographic automatic segmentation, and this study can effectively improve the
efficiency of echocardiographic left ventricular segmentation, which played an important role in the diagnosis of coronary heart
disease, providing a reliable theoretical basis and foundation for subsequent CHD imaging research.

1. Introduction

With the increasing development of the society and the
gradual improvement of people’s living standards, cardio-
vascular disease has gradually become a high-risk disease, of
which CHD is a typical representative of cardiovascular
disease. Relevant data show that the number of CHD patients
in China in 2018 was approximately 11 million, and the
morbidity and mortality rates have gradually increased [1].
CHD is a CVD mainly caused by the hardening of coronary
arteries. It is clinically classified into five types: occult CHD,
angina pectoris, myocardial infarction, ischemic heart disease

(IHD), and sudden death [2, 3]. .e patient’s general
symptoms are typical chest pain and sudden death, and the
chest pain is mostly paroxysmal colic or squeezing pain.
Approximately one-third of the patients experienced sudden
death with CHD for the first time. .erefore, it is extremely
important to evaluate and diagnose CHD correctly and ef-
ficiently. Because of the particularity of the left ventricle, it is
generally selected to measure the left ventricle to reflect
cardiac function in clinical practice.

At present, the commonly used CHD examination
methods include radionuclide myocardial imaging, CT,
ultrasonic cardiogram, and cardiac magnetic resonance
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imaging (MRI) [4, 5]. .ese are all imaging techniques used
to evaluate cardiac function. Ultrasonic cardiogram is
currently the most commonly used noninvasive examina-
tionmethod for CHD. It can perform amore comprehensive
examination of the shape, structure, and left ventricular
function of the heart. In addition to CHD, it also has im-
portant diagnostic value for thrombosis in the heart cavity,
heart rupture, and ventricular aneurysm [6, 7], but its
shortcomings are also obvious. .e accuracy of the ultra-
sonic cardiogram currently used clinically is closely related
to the experience of the examiner and depends on the prior
knowledge of the person, but the results of the examination
are too dependent on the examiner’s technical experience
due to differences in the level of examiners [8], which will
cause a certain degree of missed diagnosis and misdiagnosis.
.erefore, nowadays, researchers all over the world have
begun to use deep learning algorithms to optimize the
segmentation of the ultrasonic cardiogram so that the di-
agnosis result does not depend too much on the level and
experience of the examiner, which can effectively improve
the data accuracy of the ultrasonic cardiogram [9, 10].

Deep learning requires datasets to train models. However,
it is difficult to obtain data. For a certain object, there are no
enough data for training. In this case, it often takes time,
money, and, most importantly, hardware equipment.
.erefore, it needs a more systematic method to collect data.
In addition, in the process of data labeling, it is not enough to
rely solely on developers/engineers. .is requires a large
number of professionals with professional knowledge and
experience to classify relevant images, especially for highly
specialized fields such as medical diagnosis. Another key
point is to provide education about general images in classic
convolutional neural networks (CNNs) through class labels.
However, there are some issues that require an understanding
of the locality or location of pixel-basedmethods. In fields that
require sensitive methods (such as biomedicine or national
defense), class information for each pixel is required.

U-Net is more successful in architecture design and
other pixel-based image segmentation using the CNN, and it
is even more effective for images with limited datasets.

One of the three main methods of deep learning is the
convolutional neural network (CNN). VGG19, FCN, and
U-Net models are all algorithms that use the FCN for image
segmentation. Deep learning technology is used in the
segmentation processing of medical images, which can
greatly improve the separation effect of the left ventricular
region [11, 12]. .e FCN optimizes the fully connected layer
in the traditional CNN to a convolutional layer and reduces
the connection parameters of neurons through local links
and weight sharing, reducing the complexity of calculations
and improving the efficiency of segmentation. Clinical ul-
trasonic cardiogram parameter measurement generally re-
quires manual marking of the region of interest and
generally requires doctors to make judgments based on
clinical experience, resulting in subjective errors. .erefore,
the automatic segmentation of ultrasonic cardiogram images
can be realized through the deep learning algorithm, which
effectively improves the accuracy and repeatability of the
parameter measurement.

.erefore, a model for ultrasonic cardiogram segmen-
tation was trained based on deep learning algorithms, and
the optimized ultrasonic cardiogram was applied to evaluate
the diagnosis of CHD patients, and the differences in the
evaluation of the overall functional parameters of the left
ventricle of CHD patients were explored in this study.

2. Materials and Methods

2.1. Research Objects. 30 patients who were diagnosed with
CHD and 30 normal patients who were excluded from CHD
who were treated in the hospital were selected as the research
objects in this study. .is study had been approved by the
Ethics Committee of the hospital, and the patient and his
family members agreed to sign relevant informed consent.

.e inclusion criteria were defined as follows: patients
with coronary artery stenosis of 50%–70%; patients with
typical CHD angina pectoris but no evidence of coronary
embolism or cardiomyopathy; patients who were 40 years
old for males and over 45 years old for females with obvious
ischemic electrocardiograph (ECG) manifestations at rest;
and patients with two or more of the following diseases:
hypertension, hypercholesterolemia, and diabetes.

.e exclusion criteria were defined as follows: patients
with coronary artery stenosis <50% or >70%; patients whose
age was less than 40 years; people with no symptom of CHD
angina; patients with an implanted metal item in the body;
patients with arrhythmia; and patients who suffered from
claustrophobia.

2.2. �e Ultrasonic Cardiogram Scan. .e color ultrasound
was applied, transthoracic ultrasound was equipped with an
S probe, and the frequency was 2.5–4MHz. .e patient had
to adopt a left decubitus position and routinely explore the
parasternal left ventricular long-axis view, left ventricular
short-axis view, and apical four-chamber view. .e global
systolic function parameters (EF, FS, and E/A values) were
obtained by applying an M-type ultrasonic cardiogram,
which should be measured for three consecutive times to
calculate the average value.

2.3. Ultrasonic Cardiogram Segmentation Based on VGG19-
FCN. In this study, the VGG19-FCN model was adopted to
achieve the segmentation of the ultrasonic cardiogram. .e
VGG19 model in Figure 1 is the backbone network, and the
final network structure given in Figure 2 can be obtained by
removing its full link layer and adding the sampling layer.
Since the entire network structure only had the convolu-
tional layer and the pooling layer after the full link layer was
removed, this network structure was named VGG19-FCN.

Building a fully convolutional neural network model for
left ventricular segmentation was mainly divided into two
stages: training and testing. Firstly, the classification network
was pretrained on VGG19, as shown in Figure 3. .en, the
fully connected layer was removed and the sampling layer
was added, and finally, it was transformed into a FCN for the
next step of training. It was necessary to train the basic
model VGG19-FCN/A, which was used for the automatic
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segmentation of ultrasonic static images of the left ventricle,
and further conduct semisupervised learning for images
with unclear boundaries [13]. .en, a new segmentation
model VGG19-FCN/B was obtained according to the result
of fine-tuning the weight of VGG19-FCN/A.

In this study, an algorithm based on the Dice similarity
coefficient (DSC) was adopted to analyze all the data in the
experiment, and the difference between images obtained by

automatic segmentation andmanual labeling was calculated.
DSC is a function used to measure the similarity between
functions [14, 15], and it could be calculated using the
following equation:

DSC �
2 × |TS∩ FP|

TS + FP
. (1)

In the above equation, TS represents the segmentation
result obtained by the algorithm, and FP refers to the seg-
mentation result of manual marking.When the value of DSC
was closer to 1, the automatic segmentation effect of the
algorithm was better. When the value of DSC approached to
zero, it indicated that the calculation ability of the algorithm
was wrong. .e calculation equation of mean pixel accuracy
(MPA) was given as follows:

MPA � 1 −
|FP − TS|

FP
 . (2)

In equation (2), |FP−TS| represents the number of
pixels that were not correctly segmented, and MPA refers to
the ratio of the number of pixels correctly distinguished to
the number of manual markings. .e larger the value of
MPA, the better the result of algorithmic segmentation.

.e equation of the intersection-over-union (IOU)
metric is shown as follows:

IOU �
FP∩TS
FP∪TS

. (3)

IOU in the above equation represented the ratio between
the intersection and union of the left ventricular result
obtained by the algorithm and the result obtained by the
manual marking. .e higher the IOU value, the better the
algorithm’s segmentation effect.

2.4. Ultrasonic Cardiogram Segmentation Based on U-Net.
Unlike the previous method, the VGG19-FCN required
more parameters and was relatively inefficient, so a sim-
plified U-Net was selected in this study to segment the
ultrasonic cardiogram of the left ventricle. As shown in
Figure 4, the U-Net model consisted of two paths, namely,
the contraction path and the expansion path. U-Net can
directly append the features corresponding to the contrac-
tion layer to the expansion layer so that the features of the
image will not be lost and merge with the features of the
expansion layer to output the segmented image. Because the
U-Net model is sensitive to the initial value, a specification
layer after each layer of the U-Net was added in this study,
which reduced the sensitivity of the network to the initial
value and speeded up the convergence of the model.

.e operating environment of the U-Net algorithm in
the article was Python 3.6 (OpenCV-Python + 1G memo-
ry +Windows XP).

Building a fully convolutional neural network, the U-Net
model for left ventricular segmentation was mainly divided
into two stages: training and testing. As shown in Figure 5,
the U-Net model was trained first and applied to the basic
model U-Net/A for the automatic segmentation of
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Figure 2: Diagram of the VGG19-FCN network structure.
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Figure 3: Training of the automatic basic VGG19-FCN/A model.
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Figure 1: Diagram of the VGG19 network structure.
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ultrasonic static images of the left ventricle. Semisupervised
learning was further carried out for images with unclear
boundaries, and then a new segmentation model U-Net/B
was obtained based on the weight of fine-tune U-Net/A.
Finally, the segmentation of the left ventricle in the ultra-
sonic cardiogram was achieved.

2.5. Statistical Analysis. SPSS 19.0 software was applied for
statistical analysis. .e measurement data conforming to the
normal distribution were represented by the mean-
± standard deviation, and the comparison of differences
between groups was analyzed by the independent sample t-
test. .e measurement data that did not conform to the
normal distribution were represented by the median value
and the four-point position, and the comparison of differ-
ences between groups was analyzed by the nonparametric
rank-sum test. .e enumeration data were expressed by n
(%), and the comparison of differences between groups was
analyzed by the chi-square test. P< 0.05 indicated that the
difference was statistically significant.

3. Results

3.1. Segmentation Effect of the VGG19-FCN Model.
According to the VGG19-FCN/A, the segmentation result of
the ultrasonic cardiogram left ventricle is shown in Figure 6.

.e result of automatic segmentation according to the image
was evaluated as DSC� 0.9179, MPA� 0.9209, and
IOU� 0.8500. For images with low signal-to-noise ratio and
endocardial deletion, the segmentation results of the
VGG19-FCN/A algorithm were not accurate. At this time,
the VGG19-FCN/B algorithm with fine-tune weights was
tested for the ultrasonic cardiogram left ventricular seg-
mentation, and the results are shown in Figure 6. .e result
of automatic segmentation according to the image was
evaluated as DSC� 0.9626, MPA� 0.9676, and
IOU� 0.9155. Compared with the VGG19-FCN/A algo-
rithm, the VGG19-FCN/B algorithm required a certain
amount of manual interaction, but the segmentation result
of the ultrasonic cardiogram was closer to the result of the
doctor’s manual marking.

As illustrated in Figure 7, VGG19-FCN/B showed higher
accuracy in segmenting the left ventricle compared to
VGG19-FCN/A..e segmentation analysis data DSC, MPA,
and IOU of the left ventricle in the ultrasonic cardiogram
had increased by 0.0447, 0.0467, and 0.0655, respectively.

3.2. SegmentationEffect of theU-NetModel. According to the
U-Net/A, the segmentation result of the ultrasonic cardio-
gram of the left ventricle is shown in Figure 8. .e result of
automatic segmentation according to the image was eval-
uated as DSC� 0.9152, MPA� 0.9229, and IOU� 0.8450.
.erefore, the segmentation results of the VGG19-FCN/A
algorithm were not accurate. At this time, the U-Net/A
algorithm was tested for the ultrasonic cardiogram left
ventricular segmentation, and the results are shown in
Figure 8. .e result of automatic segmentation according to
the image was evaluated as DSC� 0.9446, MPA� 0.9352,
and IOU� 0.8911. Compared with the U-Net/A algorithm,
the U-Net/B algorithm required a certain amount of manual
interaction, but the segmentation result of the ultrasonic
cardiogram was closer to the result of the doctor’s manual
marking.

.e results shown in Figure 9 suggested that the U-Net/B
showed higher accuracy than U-Net/A for segmenting the
left ventricle. .e segmentation analysis data DSC, MPA,
and IOU of the left ventricle in the ultrasonic cardiogram
had increased by 0.0294, 0.0123, and 0.0461, respectively.

3.3. Comparison on Segmentation Effects between U-Net and
VGG19-FCNModels. .e segmentation accuracy of the two
network model algorithms is compared, and the results are
shown in Figure 10. On the whole, VGG19-FCN/A showed a
higher accuracy rate than U-Net/A, and the accuracy rate of
VGG19-FCN/B was also slightly higher than that of U-Net/
B. .e amount of parameters required by the two network
models was compared..e VGG19-FCN was modified from
VGG19; so far, more parameter data were required than the
U-Net model. When these twomodels were applied and run,
the more parameter data were required, the greater the
amount of calculation is and the longer the calculation time
is. .e parameter data required by the VGG19-FCN were
360 times those of the U-Net model, but the result of the
segmentation of the two was not different visibly. .e U-Net
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Figure 5: Training of the automatic basic U-Net/A model.
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Figure 4: Diagram of the U-Net structure.
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model fully could meet the requirements for segmentation
accuracy. .ere was a huge difference in the segmentation
time between the two.

.e running time of the VGG19-FCN was 13 times that
of the U-Net model. Comprehensive analysis showed that
the U-Net model was more suitable for the practical ap-
plication of ultrasonic cardiogram automatic segmentation.

3.4. Comparison on Basic Conditions between the Normal
Group and CHD Group. .e basic information of the two

groups of observation objects was collected and compared,
as shown in Figure 11. In contrast to the normal group and
the CHD group, there was no great difference in statistics
(P< 0.05).

3.5. Comparison on Left Ventricular Function Parameters
between the Normal Group and CHDGroup by the Ultrasonic
Cardiogram. .e left ventricular ultrasonic cardiogram
automatically segmented by the U-Net model was adopted
to determine the overall left ventricular functional

Figure 6: VGG19-FCN/A segmentation result of the ultrasonic cardiogram of the left ventricle.Note..e areamanually marked was a green
outline, and the automatic segmentation of the algorithm was a red outline.

Figure 7: .e segmentation result of the ultrasonic cardiogram of the left ventricle using VGG19-FCN/B. Note..e area manually marked
was a green outline, and the automatic segmentation of the algorithm was a red outline.

Figure 8: .e segmentation results of the ultrasonic cardiogram of the left ventricle using the U-Net/A model. Note. .e area manually
marked was a green outline, and the automatic segmentation of the algorithm was a red outline.
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parameters of the two groups of observation objects, and the
results are shown in Figure 12. .e ultrasonic cardiogram
was applied to measure the parameters of patients in the
normal group and the CHD group, and they all met the
normal distribution after the normality test. .e

homogeneity of the variance test did not meet the homo-
geneity of variance, so the corrected t-test for uneven var-
iance was used. .e t-test results of the two groups of data
showed that the two groups of left ventricular global systolic
function parameters (EF, FS value, and E/A values) showed
statistically obvious differences (P< 0.05). .erefore, the left
ventricular systolic function parameters EF, FS, and E/A
values of the CHD group were lower than those of the
normal group. According to the results, the left ventricular
global systolic function of most patients in the CHD group in
this experiment was still within the normal range; all patients
in the CHD group had abnormal left ventricular global
systolic function E/A, and the normal group observed ob-
jects were basically within the normal range.

4. Discussion

CHD is the full name of coronary atherosclerosis. .e
general cause is that the coronary arteries become narrow so
that the blood and oxygen supply to the heart decreases. At
this time, the heart cannot get more oxygenated blood.
People with mild symptoms usually only experience physical
discomfort or chest pain after exercise. .e main part is the
middle and upper part of the sternum and then radiates to
the left shoulder, the inner left side of the upper arm, and the
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Figure 10: Comparison of segmentation effects between the U-Net
and VGG19-FCN models.

Age Weight BPM

Normal group
Coronary heart disease group

0

10

20

30

40

50

60

70

D
at

a

Figure 11: Comparison of the basic conditions of the two groups of
observation objects. Note. BMP referred to the heart rate of the
patient.

65.9

38.4

60.9

34.7

EF FS
Evaluating indicator (%)

Normal group
Coronary heart disease group

0

10

20

30

40

50

60

70

D
at

a

Figure 12: Comparison on left ventricular functional parameters of
the two groups of observation objects.

Figure 9: .e segmentation result of the ultrasonic cardiogram of the left ventricle using the U-Net/B model. Note. .e area manually
marked was a green outline, and the automatic segmentation of the algorithm was a red outline.
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neck. Accompanied by pain, symptoms such as shortness of
breath, tooth pain, cold sweats, nausea, and vomiting of
varying severity may occur [3, 16].

According to relevant data, CVD accounted for 30% of
deaths in the world in 2008, of which CHD accounted for
13%. In 2012, the number of cardiovascular disease patients
in China has reached 300 million, of which the annual death
toll has reached 3.5 million [17, 18]. Although the global
CHD fatality rate has declined to a certain extent with the
development of medical technology in recent years, with the
continuous growth of the population and the development
of an aging society, the absolute number of patients who died
of CHD is still increasing. Among them, early detection and
early diagnosis are the key to effective prevention and
treatment of myocardial infarction, reducing the rate of
sudden CHD death and controlling the development of
CHD. .erefore, the research on the prevention and diag-
nosis of CHD is of great significance.

.ere are many commonly used methods for diagnosing
CHD. Noninvasive imaging examination is the main
method for diagnosing CHD, including ultrasonic cardio-
gram, electrocardiogram, cardiac magnetic resonance, nu-
clear myocardial imaging, coronary CT, and other imaging
examination methods. .e ultrasonic cardiogram has been
used as the preferred method in the evaluation of cardiac
structure and function because of its advantages of non-
radiation, high resolution, and noninvasiveness [19]. In
clinical applications, the relevant parameter data obtained
from the ultrasonic cardiogram can help doctors diagnose
CHD, but the diagnosis efficiency is low and the repetition
rate is extremely poor due to the need for human judgment
and operation in the process. .erefore, this study aimed to
explore the automatic segmentation algorithm of the ul-
trasonic cardiogram. .e ultrasonic cardiogram segmenta-
tion of the left ventricle of the new organ is an important step
in the diagnosis of cardiovascular diseases because the ul-
trasonic cardiogram has the problem of low signal-to-noise
ratio and missing endocardium [20, 21]. In this study, the
experimental subjects were divided into the normal group
and CHD group, and the data were obtained through the
echocardiographic feature analysis of automatic segmenta-
tion by the algorithm. .e differences in the left ventricular
EF, FS, and E/A values between the two groups were
compared. In addition, the results of echocardiographic left
ventricular segmentation of normal people and patients with
CHD were compared. .e evaluation result of the VGG19-
FCN/B algorithm showed that the Dice similarity coefficient
(DSC)� 0.9626, mean pixel accuracy (MPA)� 0.9676, and
joint intersection (IOU)� 0.9155, while the result of the
U-Net/B algorithm was evaluated as DSC� 0.9446,
MPA� 0.9352, and IOU� 0.891. .e running time required
for the VGG19-FCN was 13 times that of the U-Net model.
Clinically, the segmentation of the left ventricle requires
artificial judgment and analysis, which leads to low diagnosis
efficiency and subjective judgment errors. Based on this,
VGG19 in deep learning was adopted to design a model for
ultrasonic cardiogram segmentation processing in this
study. .e results indicated that the VGG19-FCN and
U-Net algorithm models based on the FCN proposed in this

study can perform automatic left ventricular segmentation
of the ultrasonic cardiogram, respectively, can meet the
requirements of clinical applications, and can make up for
the ultrasonic cardiogram. In addition, they can make up for
the shortcomings of the ultrasonic cardiogram that is dif-
ficult to segment and judge in endocardial deletion.

5. Conclusion

.is study aimed to use the deep learning technology to
segment the ultrasonic cardiogram left ventricle and eval-
uate CHD to further enhance and improve the clinical di-
agnosis and treatment of CHD patients. .e results showed
that the VGG19-FCN and U-Net algorithm models can
realize the segmentation processing of the ultrasonic car-
diogram left ventricle, as well as the effective diagnosis and
differentiation of CHD patients. In addition, the running
time required for the VGG19-FCN was 13 times that of the
U-Net model. Comprehensive analysis suggested that the
U-Net model was more suitable for the practical application
of automatic ultrasonic cardiogram segmentation. However,
there were several shortcomings for this study. In the left
ventricular segmentation model, only the spatial features of
the heart were considered, the segmentation accuracy had to
be improved, and the number of samples for patient eval-
uation was not large enough. .e number of samples still
needs to be expanded in the future, and different indicators
should be evaluated more deeply. In summary, the study can
effectively improve the efficiency of ultrasonic cardiogram
left ventricular segmentation, show a significant effect on the
diagnosis of CHD patients, and provide a reliable theoretical
basis and foundation for the subsequent research of CHD
imaging diagnosis.
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