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Background. Currently, echocardiography has become an essential technology for the diagnosis of cardiovascular diseases. Accurate
classification of apical two-chamber (A2C), apical three-chamber (A3C), and apical four-chamber (A4C) views and the precise
detection of the left ventricle can significantly reduce the workload of clinicians and improve the reproducibility of left ventricle
segmentation. In addition, left ventricle detection is significant for the three-dimensional reconstruction of the heart chambers.
Method. RetinaNet is a one-stage object detection algorithm that can achieve high accuracy and efficiency at the same time. RetinaNet
is mainly composed of the residual network (ResNet), the feature pyramid network (FPN), and two fully convolutional networks
(FCNs); one FCN is for the classification task, and the other is for the border regression task. Results. In this paper, we use the
classification subnetwork to classify A2C, A3C, and A4C images and use the regression subnetworks to detect the left ventricle
simultaneously. We display not only the position of the left ventricle on the test image but also the view category on the image, which
will facilitate the diagnosis. We used the mean intersection-over-union (mIOU) as an index to measure the performance of left
ventricle detection and the accuracy as an index tomeasure the effect of the classification of the three different views. Our study shows
that both classification and detection effects are noteworthy.1e classification accuracy rates of A2C, A3C, and A4C are 1.000, 0.935,
and 0.989, respectively. 1e mIOU values of A2C, A3C, and A4C are 0.858, 0.794, and 0.838, respectively.

1. Introduction

Heart disease is a common circulatory disease that not only
seriously affects the function of the cardiovascular system
but also causes certain damage to the respiratory system [1].
In severe cases, heart failure can endanger life [2]. 1erefore,
it is important to use more advanced methods to observe
cardiac symptoms or exercise [3]. In the clinical diagnosis of
heart disease, echocardiography is the most commonly used
tool [4]. Echocardiography is a noninvasive technique for

examining the anatomy and functional status of the heart
and large blood vessels using ultrasound [5]. It uses pulsed
ultrasound to measure the periodic activities of the un-
derlying walls, ventricles, and valves through the chest wall
and soft tissues [6].

1e left ventricle is the focal part of the heart, and the
symptoms of the left ventricle are an important basis for the
diagnosis of heart disease [7]. 1erefore, accurate infor-
mation regarding the left ventricle extracted from echo-
cardiography is crucial for further clinical procedures and
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prognosis. To extract the information of the left ventricle, the
first step is to accurately detect its position. Echocardiog-
raphy contains multiple views, and each view contains
multiple anatomical parts. For example, the apical two-
chamber (A2C), apical three-chamber (A3C), and apical
four-chamber (A4C) views of the echocardiography all
contain the left ventricle, left atrium, or more anatomical
parts. However, the morphology of the left ventricle is
different in different views, so we need to classify these three
views and detect the left ventricle. 1is detection will greatly
reduce the time it takes for doctors to find useful infor-
mation from numerous echocardiographic information.

Processing medical images through deep learning has
become a popular topic. Based on the development of
convolutional neural networks (CNNs), a variety of object
detection algorithms have been proposed [8]. At present, the
deep learning methods in the object detection field can be
roughly divided into two categories: two-stage algorithms
and one-stage algorithms. For example, two-stage algo-
rithms include Region-CNN (R-CNN), Fast R-CNN, and
Spatial Pyramid Pooling Convolutional Networks (SPP-
Net). One-stage algorithms mainly include You Only Look
Once (YOLO), Single Shot Multibox Detector (SSD), and
other methods [9]. In general, two-stage algorithms are
superior in detection accuracy and positioning accuracy, and
one-stage algorithms are more efficient. To the best of our
knowledge, there are no previous studies considering the use
of deep learning-based object detection to identify the type
of views and location of the left ventricle. RetinaNet [10] is a
one-stage detector that can achieve the accuracy of a two-
stage detector without affecting the algorithm efficiency. 1e
innovation of RetinaNet is the introduction of focal loss,
which overcomes the class imbalance problem of object
detection. In this paper, to identify the A2C, A3C, and A4C
views and locate the left ventricle accurately, we developed
RetinaNet for multiview echocardiography. It is significant
for the three-dimensional reconstruction of the heart
chambers [11]. In addition, extracting the located left
ventricle and then segmenting the left ventricle will improve
the segmentation accuracy.

Currently, there are many classic object detection al-
gorithms. Girshick et al. proposed the R-CNN [12], which is
a milestone of deep learning-based object detection. Instead
of selecting a sliding window to traverse over a picture, it
used the strategy of selecting region candidate boxes, which
might contain the objects to be detected. 1e R-CNN ar-
chitecture consisted of 5 convolutional layers and 2 fully
connected layers. In addition to the R-CNN, SPP-Net [13],
Fast R-CNN [14], Faster R-CNN [15], R-FCN [16], andMask
R-CNN [17] improved the basis of the R-CNN to achieve
better performance. 1e YOLO [18] algorithm proposed by
Redom et al. in 2015 indicated that the object detection
algorithm can be roughly divided into two categories: two-
stage algorithms and one-stage algorithms. 1e major dif-
ference between the YOLO algorithm and the two-stage
algorithms represented by the R-CNN series is that the
YOLO algorithm discarded the candidate box extraction
branch. 1e YOLO algorithm directly performed feature
extraction, candidate frame regression, and classification in

the same branchless convolution network, which made the
network structure simple, and the detection speed was nearly
10 times faster than that of the Faster R-CNN. YOLOv2 [19],
YOLOv3 [20], SSD [21], and RetinaNet are also one-stage
algorithms.

1ere have been many studies to classify, detect, and
segment cardiac images. Luo et al. [22] applied an eight-layer
convolutional neural network to detect and locate the lo-
cation of interest, which is a bounding box of the short-axis
MRI image containing the left and right ventricles. 1is
approach yielded better right ventricle segmentation.
Vigneault et al. [23] designed so-called Ω-Net for multiview
cardiac MR detection, orientation, and segmentation. Li
et al. [24] applied an 11-layer convolutional neural network
to automatically detect the bounding box of themyocardium
from the myocardial echocardiography (MCE) images.
Nizar et al. [25] proposed the use of a machine learning
technique that automatically detects and localizes the aortic
valve in echocardiography images. 1e detection used
AlexNet, and the detection accuracy was 99.87% for the
aortic valve.

Although previous studies have obtained promising
results, these studies have only applied several layers of
simple convolutional neural networks to detect a certain part
of the heart and then performed segmentation based on this
detection. 1e segmentation may not be still accurate or
reproducible. 1rough applying the classic detection algo-
rithmsmentioned above, we can achievemore functions that
have significant research value in the field of medical image
analysis.

Khamis et al. [26] introduced a multistage classification
algorithm that employed spatiotemporal feature extraction
(cuboid detector) and supervised dictionary learning (LC-
KSVD) approaches to classify the A2C, A4C, and apical
long-axis (ALX) views. 1e recognition accuracies achieved
were 97%, 91%, and 97% for the A2C, A4C, and ALX views,
respectively. Madani et al. [27] trained a convolutional
neural network to classify 15 standard views, and the ac-
curacy achieved was 91.7%. Although the classification re-
sults shown in these articles were satisfactory, these studies
simply identified types of views that were relatively simple
and therefore have less clinical impact.

By analyzing the previous studies, we have found that the
classification of multiview echocardiography has been
studied, and the detection of a certain part of the heart has
also been investigated. However, there is no previous study
that directly detected the left ventricle with multiview
classification. In this study, we developed a RetinaNet-based
method for identifying A2C, A3C, and A4C views and
detecting the left ventricle simultaneously from multiview
echocardiography images. When a patient’s echocardio-
graphic image is put through our network, the network will
automatically recognize the view types and detect the left
ventricle. 1is detection will greatly reduce the time it takes
for doctors to find useful information from numerous
echocardiographic information. More importantly, this
work is of great significance for the three-dimensional re-
construction of the heart chamber and left ventricular
segmentation.
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2. Materials and Methods

2.1. Datasets and Clinical Background. Our echocardiogra-
phy images were collected from two hospitals in China, i.e.,
Shandong Qilu Hospital and Shengjing Hospital, with dif-
ferent devices by Philips and GE. 1e temporal rate is
65–70Hz among frames. We extracted the A4C images of
seven patients, with a total of 1238 images. We also extracted
the A2C images of seven patients, with a total of 1011 images.
We collected the A3C images of nine patients, with a total of
404 images. Each patient’s image set contains at least one
temporally cropped sequence that captures one complete
cardiac cycle from end-systole (ES) to end-diastole (ED). In
clinical practice, A4C is one of the main standard views of
cardiac function analysis. However, when encountering a
complex condition, the clinician needs to analyze heart
function from multiple views, so A2C and A3C views are
also necessary for research. To train and validate the results
of the model, we asked a professional radiologist who is
experienced in echocardiography to help us mark the correct
position of the left ventricle on the A2C, A3C, and A4C
images. Example datasets and left ventricle annotations are
shown in Figure 1.

To have sufficient datasets and avoid overfitting, we
performed data augmentation operations on the raw data-
sets. 1e data augmentation we used mainly includes the
following three procedures:

(1) Random flip: flips the input images and the corre-
sponding boxes with a probability of 0.5

(2) Random crop: crops the given images to a random
size and aspect ratio

(3) Resize: resizes the input images to the given size

2.2. Network Architecture. RetinaNet mainly includes three
subnetworks: a residual network (ResNet) [28], a feature
pyramid network (FPN) [29], and two fully convolutional
networks (FCNs) [30]. 1e RetinaNet network architecture
is summarized in Figure 2.

ResNet: the main contribution of ResNet was the idea
of residual learning, which allows the original input
information to be directly transmitted to the following
layer [31]. ResNet can use different network layers. 1e
commonly used types of network layers are 50-layer,
101-layer, and 152-layer. We chose the 101-layer ar-
chitecture with the best training performance [32]. We
extracted the features of the echocardiography using
ResNet and then put them forward to the next
subnetwork.
FPN: FPN is a method for efficiently extracting the
features of each dimension in a picture using a con-
ventional CNN model. First, we used a single-di-
mensional image as the input to ResNet. 1en, starting
from the second layer of the convolutional network, the
features of all the layers were selected by the FPN and
then combined to form the final feature output
combination.

FCN: the class subnet in the FCN performed the
classification task. 1is subnet could identify which
view the echocardiography image belongs to. 1e box
subnet in the FCN performed the border regression
task. Its role was to detect the position of the left
ventricle in the echocardiography images and record
the coordinates.
Focal loss: focal loss is an improved version of the
cross-entropy loss, and the binary cross-entropy ex-
pression is as follows:

CE(p, y) �
−log(p), if y � 1,

−log(1 − p), otherwise,
 (1)

where y ∈ [± , 1] is the ground truth category and p ∈ [0, 1]

is the predicted probability of the model for category y � 1.

pt �
p, if y � 1,

1 − p, otherwise.
 (2)

1e above formula can be abbreviated as

CE(p, y) � CE pt(  � −log pt( . (3)

To solve the problem of the data imbalance between the
positive and negative samples, the original form is changed
into the following form:

CE pt(  � −αtlog pt( , (4)

among them,

αt �
α, if y � 1,

1 − α, otherwise,
 (5)

where α ∈ [0, 1] is the weight factor. To solve the problem of
the difficult sample, the focusing parameter c is introduced
to obtain the final form of the focal loss:

FL pt(  � −αt 1 − pt( 
clog pt( . (6)

3. Results

We have a total of 1238 images of the A4C view, 1011 images
of the A2C view, and 404 images of the A3C view. For each
view, we divided the images into a training set, a validation
set, and an independent testing set using the ratio of 7 :1 : 2.

We used a Dell Inspiron 3670 workstation, which had an
Intel Core i7-8700 CPU @ 3.20GHz, 8GB of memory, and
an NVIDA GeForce 1050 Ti GPU for training and testing
our developed model. Our work was implemented using the
PyTorch platform.

1e images are preprocessed so that only the cardiac
images are selected and resized to 512 by 512 when put into
the model. 1e gray value is normalized to [0, 1] by dividing
by 256. We extract the features of the echocardiography
using ResNet and then put them forward to the FPN to form
the final features. 1e classifier subnet in the FCN identifies
which view the echocardiography image belongs to. 1e box
subnet in the FCN detects the position of the left ventricle in
the echocardiography images and records the coordinates.
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(a) (b) (c)

Figure 1: 1e first row shows the original echocardiography images, and the second row shows the images with left ventricle region
annotations. (a) A2C images. (b) A3C images. (c) A4C images.
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Figure 2: 1e RetinaNet network architecture consists of a ResNet, a FPN, and two FCN subnets.

Table 1: Results of the classification and mIOU of the three views.

A2C A3C A4C
Accuracy 1.000 0.935 0.989
mIOU 0.858 0.794 0.838

(a) (b) (c)

Figure 3: We input test images into our trained RetinaNet for independent testing and automatically identified A2C, A3C, and A4C images
and detected the localization of the left ventricle. 1e type of view the network predicts is shown in the upper left corner with white text. 1e
red rectangle in the middle represents the left ventricle position detected by our model. Left ventricle detection results in (a) A2C, (b) A3C,
and (c) A4C.
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1e kernel size is 3, and the batch size is 16.We use the ReLU
activation in all constitutional layers of the deep networks
and the sigmoid function in the prediction layers.We use the
SGD optimizer with a learning rate of 1e-3. In addition to
displaying the position of the left ventricle on the test image,
we also display the category of the view in the upper left
corner of the test image, which will facilitate diagnosis.

We use the accuracy and the mean intersection-over-
union (mIOU) to evaluate the performance of our model.
1e accuracy was defined as the ratio of the number of
correctly predicted samples to the total number of predicted
samples. In our experiments, IOU was expressed as the
overlap of the candidate box generated by the network with
the ground truth box, that is, the ratio of its intersections to
the unions. 1e higher the correlation, the larger the value.
1e ideal situation is a complete overlap, which is indicated
by a ratio of 1. 1e mIOU and accuracy results are shown in
Table 1. 1e types of views we predicted through our model
and the detected left ventricles are shown in Figure 3.

4. Discussion

1ere are still a few improvements that can be applied to our
work. For example, there are limited image samples in our
dataset. In the next phase of the study, we will extract the
detected left ventricle and, on this basis, try to achieve better
left ventricle segmentation using an unsupervised method.
At the same time, we will continue to study the application of
this work in the three-dimensional reconstruction of heart
chambers.

5. Conclusion

Left ventricle detection from multiview echocardiography
images can help clinicians diagnose heart disease more
comprehensively and accurately and, more importantly, is of
great significance for the three-dimensional reconstruction
of heart chambers. In addition, it can improve the accuracy
of left ventricle segmentation. In this study, we propose to
simultaneously use RetinaNet to identify A2C, A3C, and
A4C images and detect the left ventricle in multiview
echocardiography. 1e results have demonstrated that our
proposed method can better classify the A2C, A3C, and A4C
views and can also better detect the left ventricle from these
views.
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