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Abstract 
Ultrasound fetal heart image analysis is important for the antenatal diagnosis of congenital heart disease, 
therefore, design an automated fetal heart ultrasound image analysis approaches to improve detection ratio of 
congenital heart disease is necessary. Nevertheless, because of the complicated structure of fetal heart 
ultrasound image, location, detection and segmentation approaches of fetal heart images as interesting topics 
that get more attention. Therefore, in this work, we present a framework to segment ultrasound image 
automatically for tracking the boundary of fetal heart region. In the first step, this paper contributes to breed 
candidate regions. And then, in the segmentation progress, we apply an energy-based active contour model to 
detect the edges of fetal heart. Finally, in the experiment section, the performance is estimated by the Dice 
similarity coefficient, which calculate the spatial overlap between two different segmentation regions, and the 
experiment results indicate that the proposed algorithm achieves high levels of accuracy.  
 
Key words: Ultrasound Image Analyze, Fetal Heart, Region of Interest, Image Segmentation, Gradient Vector 
Flow 

 
1. Introduction 

 

Congenital heart disease is one of the most common defects at birth which covers several specific problems 
to detect the normal and abnormal structure of fetal heart. An investigation report indicated that, more than 82% 
of major congenital heart diseases were not detected during the processing of pregnancy examination [1], the 
detection rates are heavily dependent on the number of factors such as training of the sonographer, the nature of 
the defection and a variety of different viewing planes includes four-chamber (4C) view plane, the left 
ventricular outflow tract (LVOT) and three vessels (3V) view which is shown in Fig.1 [2].  

Computer-aided diagnosis (CAD) system based on B-mode fetal ultrasound is an important and standard 
manner which has been developed to distinguish the congenital heart disease, it has been clinically tested their 
ability to improve the performance of the fetal abnormalities diagnosis due to its relative safety, noninvasive, 
nonradioactive, cost-effective, real-time display, operator comfort, operator experience and lack of harmful for 
fetus and mother [2]. Fetal ultrasound image technology has rapid developed and it becomes the primary 
screening modality for pregnancy evaluation. Therefore, to design and develop pattern recognition algorithm to 
facilities obstetrical ultrasound image of fetal heart is important to increase detection rates of congenital heart 
disease and reduce associated perinatal morbidity and mortality.  
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(a)                        (b) 

 
(c) 

Figure 1.  (a) Four-chamber view; (b) the left ventricular outflow tract view; (c) three vessel view. LV and RV 
are described as left and right ventricle; LA and RA are defined as left and right atrium; D. Aorta, descending 

aorta; SVC, superior vena cava 
 

Analysis four chamber viewing plane is one of the most useful procedures and have been widely used in 
the diagnosis of congenital heart disease which serves for detecting abnormalities throughout gestation. 
However, it faces numbers of challenging problems due to a variety of reasons. First of all, the complicated 
image characteristic such as attenuation, speckle, shadow, signal dropout makes the analysis difficulty. 
Secondly, the fetal heart has complicated shapes and appearance, their pattern can vary from weeks to weeks, 
and differs from patient to patient.  

The previous works have been carried out towards above aim. In [3], the author proposed the Transverse 
Dyadic Wavelet Transform algorithm to preserve the border and curvature of four chambers from 18 to 22 
weeks ultrasound fetal heart image. Another paper is described in [4] proposed a spatially constrained-distance 
regularized level set evolution segmentation algorithm to identify hydrops fetalis from ultrasound fetal heart 
images. Seridevi proposed a fuzzy-connectedness based approach, it involved probabilistic patch based 
maximum likelihood estimation as the denoising technique, and applied Fuzzy connectedness technique to 
segment fetal heart image [32]. Erik in [33] published a deep learning-based approach for segmenting left 
ventricle in ultrasound fetal heart images. In addition, Christopher proposed an algorithm to predict visibility, 
location and orientation of the fetal heart ultrasound image from each frame at ultrasound videos [2]. 

 

Figure 2.  The flow-chart of the recommended algorithm 
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Although the previous work introduces several schemes for analyzing fetal heart ultrasound images, 
however, the active contour-based algorithm has a great development prospect [34], it provides another solution 
in this field. Therefore, in this paper, we investigate the typical problem of automatically segmenting healthy 
and unhealthy ultrasound fetal heart image. The two-step strategy is introduced in this paper: first of all, the fetal 
heart location is positioned as the region of interests (ROI) and then the features and characteristic have 
segmented from the ROIs. The flow-chart of the recommended algorithm is shown in Fig.2. 

The outline of this paper is planned as follows. The fully automatic ROI generation algorithm is described 
in section 2. After that, the segmentation algorithm is discussed in section 3, then in section 4, the experiment 
and the results are explained. The final section discusses the characteristic of the proposed algorithm, concludes 
the entire work and directs the future.      
 
2. ROI Generation  

 

The process of ROI generation is the precondition stage for automatic segmentation and classification of 
fetal heart. The ROIs function as a user-defined indicator in regular shape of the scene in most of the times for 
supporting the perception task. A rectangular region as a usual mold which delivers the location of fetal heart 
and excludes the rest of tissues as much as possible. The following characteristics of an ideal ROI generation 
approaches are described: 

(1) Fully automatic: the proposed generation algorithm should avoid manual and semi-automatic 
approaches 

(2) The region of fetal heart coverage completely: Ideally, a ROI-generation algorithm would complete 
cover the fetal heart and exclude normal regions as much as possible for achieving high segmentation accuracy.  

 
2.1. Preprocessing  

 

In the 2D ultrasound images, the fetal heart appears relatively darker comparing with the neighboring 
tissues due to the low-level echo reflection. However, due to the complexity environment of ultrasound images, 
the ultrasound fetal heart images always have low level quality caused by speckle noise, low-contrast and 
shadow effect. In addition, due to the reliability of operator-dependent and the facts of device-dependent, the 
gray-level contrast and textures in different images vary greatly. Therefore, the preprocessing is focused on 
enhancing the hypoechoic regions, normalizing intensities and reducing noise. The following steps are listed 
below: 

Smoothing: a two-dimension low pass Gaussian filter is applied to ultrasound images to reduce noise in the 
frequency domain.  

Normalization: the enhanced image Ib is produced through the fuzzy domain algorithm [5] from the gray 
level of smoothing image. Z-shaped function is illustrated as Eq. (1) which is applied to gray scale smoothing 
image by transforming the intensities from [0, 1].  
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In Eq. (1), the factors a and c are determined by the nonlinear range of the curve which is defined as 1 and 
32 respectively, b is determined as Eq.(2) which is devoted to adjust the steepness of the curve. It is decided 
adaptively in terms of the skewness of the intensity distribution. 
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Eq. (3) is the bias-corrected skewness statistic algorithm [6] to measure the asymmetry of the image 
intensity distribution. It represents the larger the skewness becomes, the more and the mass of the distribution 
concentrates on the left side. In addition, in the above equations, xi is the intensity of the ith pixel, �̅ denotes the 
mean of image intensities and n represents the number of pixel. 
 
2.2. ROI Generation 

 

After the pre-processing phase, the next step is constructed ROI. The following stages of ROI generation is 
listed below: 
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(1) Find connected components: connected components labelling works on gray-level fetal heart image in 
order to measure and identify connected pixel regions based on pixel connectivity [7]. Therefore, in this step, we 
will find all the connected components in enhanced gray scale image Ib, each connected component signifies a 
possible fetal heart region after all the components are found. The real fetal heart region is always located at the 
center of the image. In other words, the boundary regions do not in the center position would be considered as 
‘fake’ region. Therefore, the ‘fake’ regions are removed from the candidate list. 

(2) Rank the potential regions: the rest of the connected components of enhanced gray-level image would 
be ranked through the Eq.(4). 

�� =
������

���(��,��)
         � = 1, … , �                              (4) 

Where k and Arean represent as the number of candidate regions and the number of pixels in the region, 
respectively. Cn and C0 denote the center of the region and image, the last label dis(Cn, C0) is  represented as 
Euclidean distance between points Cn and C0. The one with the highest values is recognized as the original fetal 
heart region ROIo. 

(3) ROI generation: Let xtl and ytl represents as the minimal horizontal & vertical coordinates of ROIo, wd 
and ht are the width and height of the bounding box of ROIo. The finial ROI is a rectangle which is illustrated in 
Eq. (5) where px and py is the coordinate of the ith Ib and d is equal to 100, that is huge enough to overlap the 
regions of fetal heart entirely.  
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3. Segmentation 
 

Medical image segmentation is a problem-posed question to resolve kinds of specific problem, furthermore, 
the specific task-related knowledges are required during the regularization process [8]. For example, the 
gray-level distribution, intensity gradient and textures are common used in fetal heart ultrasound image 
segmentation algorithm. 

For achieving high accuracy and robustness results in the segmentation progress, there are several models 
have been proposed literately. The existed could be classified into four categories:  

(1) The cluster-based method: These kinds of method assume that every single pixel as a sample and group 
of pixels fall into the identical issue which determines a subject-specific distribution. Afterwards, the 2D fetal 
heart ultrasound image is segmented by applying cluster-based algorithm. The cluster methods are heavily 
depended on initial clustering centers to keep the high efficiency [9, 10].  

(2) The graph cut based algorithm: The algorithms transform the segmentation problem into a graph-cut 
problem between different correlated pixels, after that the segmentation curve is selected from the categorized of 
minimized energy in cut energy model. In addition, the accurate weights of the correlations between different 
pixels are difficult to construct, which leads to different segmentation problems such as under segmentation 
problem, over segmentation problem and so on [11, 12].   

(3) Neural network-based system: It plays more and more important role and receives a range of prospects, 
which has been designed to execute quite a few tasks. However, it needs a lot of 603abeled dataset to train the 
network and output effects often give a rough result but not satisfactory segmentation in target distinct [13-15].  

(4) The active contour-based technique: These techniques are generally relied on a curve being evolved 
from the initialized shape with image features such as gradient and curvature to fit the shape around the 
segmenting object. [16-18] Until now, it is a high effective algorithm that could be generally divided into 
region-based and edge-based models, respectively [19-21].  

In this part, we will apply gradient vector flow (GVF) image segmentation approach to our fetal heart 
image to detect edges for handling boundary and region information. Section 3.1 and 3.2 describe the 
characteristic and benefits of active contour method and GVF algorithm [22-24]. 
 
3.1. Active Contour Method 

 

Active contour method is first introduced by Kass et al. [25], it also known as snake model, that the 
contour divided minimize the contour-energy into the internal and external energy from the contour and the 
image respectively. The target of the internal energy is to keep the evolution curve smoothing and regularly, 
which is constructed from the first and second order derivatives. Besides that, the external energy is considered 
as the integral of different curve gradients which drives to form ROI boundary. When the contour meets 
minimum of energy, the deformation finally stops. 

Recently, there are eight different deformable contour methods were reviewed by Lei which includes 
topology snake, GVF model, balloon snake model, area and length active contour model, geodesic active 
contour, distance snake, and a constrained optimization method in medical image segmentation field [26]. In 
their experiment part, five different medical images including MRI knee, blood cells, MRI brain, CT kidney, 
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ultrasound pig heart are tested. Within given input images, different active contour algorithms have different 
characteristics, and in the ultrasound image field, the GVF model was determined to provide the best qualitative. 
Therefore, we will apply GVF snake model for segmenting the ultrasound fetal heart image.  
 
3.2. Gradient Vector Flow 

 

GVF is produced by a process that diffuses and smooths an input vector field and is usually used to create a 
vector field that points to object edges from a distance. In [27], Xu proposed the original GVF model. This 
paper first discussed the limitations of the original snake, and then it reported that external force field is 
irrotational which based on the contour points and the closest edge points in the contour points’ normal direction. 
There is no external force pointing into the concavities inside due to the limits of deformation into boundary 
concavities. Therefore, the GVF model creates a novel external force field which is not entirely irrotational.  

A new external force of GVF snake is constructed: F (v) = (�(�, �), �(�, �)) and F(v) is achieved by the 
minimum the energy functional which is represented in Eq.(6): 
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In Eq. (6), an edge map is represented as f, a regularization parameter is illustrated as �. Furthermore, the 
following Euler equations in (7) are needed for calculating the parameters of F and ∇� is represented as the 
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4. Experiment 
 
4.1. Dataset 

 

 
(a)                                      (b) 

Figure 3.  The example of original (a) normal fetal heart image and (b) abnormal fetal heart image in 
echocardiogram datasets 

 
The implementation of the proposed segmentation algorithm was applied by using ultrasound fetal heart 

echocardiogram datasets of 1727 images, that includes 1427 healthy images and 300 unhealthy images. Fig. 3 
shows an example of normal and abnormal fetal heart image which will be applied in this section.  

The population was ethnic Han with gestational age from 18-22 weeks. The images were collected through 
multi-center in China by using an Aloka 10, a Voluson E8-RAB4-8 with a 2- to 8-MHz transducer, UST-9130, 
with a 3- to 6- MHz transducer or a Philips iU-22, C5-1, and with a 1- to 5-MHz transducer. In addition, all the 
fetal heart images were collected by following the guidelines and standards of the American Society of 
Echocardiography [28–31]. 

The proposed automatic 2D ultrasound fetal heart segmentation algorithm was executed by using Python 
3.6. All experiments were performed on a MacBook Pro laptop with 2.7 Ghz Intel Core i5 and 8GB memory.  
 
4.2. Metrics and Parameters 

 

In the first step of the proposed algorithm, the ROI generation would apply average precision rate (APR) 
and average recall rate (ARR) to calculate the effects.  
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In Eq.(8) and (9), NT is the total number of images, ��
�� is the overlapped area between ROI and fetal 

heart area(manually selected), ��
� is the size of ROI and ��

� is the size of the fetal heart regions of ultrasound 
image i.  

The performance of the proposed active contour-based image segmentation algorithm is validated by 
applying Dice similarity coefficient (DSC). The overlapped two image segmentation regions are measured by 
DSC, the first image D1 segments manually and D2 as the second image represents the segmentation results by 
applying proposed algorithm. Eq. (10) illustrated the formula of DSC 

���(��, ��) =  
|�� ⋂��|

|�� ⋃��|
                                  (10) 

 
4.3. ROI Generation 

 

As we described in section 2, there are two steps in ROI generation, the first step is pre-processing for 
reducing noise and normalizing intensities, after that, the ROI generation is following which will generate fetal 
heart region.  

1) Preprocessing. 
There are several tasks in the preprocessing step, the first task aims to reduce the undesirable speckle noise, 

and after that, hypoechoic regions need to be normalized intensities to enhance the hypoechoic regions. Fig.4 
illustrated the results of pre-processing step in normal and abnormal fetal heart image.  
 

 
(a)                                        (b) 

Figure 4.  The results of (a) normal fetal heart image and (b) abnormal fetal heart image after pre-processing 
 

2) The ROI generation results. 

 
(a)                                  (b) 

Figure 5.  ROI generation of (a) normal fetal heart image and (b) abnormal fetal heart image 
 

Fig.5 shows the exampled results of ROI generation of fetal heart images. As can be seen from it, we found 
that the proposed method could detect and locate the ROI of fetal heart image completely.  
 

Table 1. Performance of ROI generation algorithms 

Metrics 
Types of Image APR (%) ARR 
Normal exampled image 90.39% 25.64 
Abnormal exampled image 90.26% 26.52 
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Furthermore, the overall performances of the proposed ROI generation method is shown in Table 1. The 

APR of the proposed method in normal exampled images arrive 90.39%, and in abnormal exampled image 
achieve 90.26%.  
 
4.4. Fetal Heart Image Segmentation Results 

 

Table 2. Quantitative results for validating segmentation 

Metrics 
Types of image DSC 

Normal exampled image 91.56% 
Abnormal exampled image 85.87% 

 
In this part, we apply GVF algorithm to track the boundary from the ROI generated ultrasound fetal heart 

image, the result is shown in Fig.6 and Tab.2. As we found that, the proposed method can segment the fetal 
heart completely and it also keep high accuracy between manually and automatically segmented image.  
 

 
(a)                                      (b) 

Figure 6.  Fetal heart image segmentation of (a) normal fetal heart image and (b) abnormal fetal heart image 
 
 
5. Discussion and Conclusion 
 
5.1. Discussion 

 

Ultrasound imaging has been used in obstetric observation of the fetus and diagnosis of fetal diseases for 
more than half a century. The initial purpose of the ultrasound examination is only to determine fetal survival, 
gestational age and so on. Currently, it has become an indispensable diagnostic tool for diagnosing fetal 
abnormalities, and it is gained more insight into the ongoing development of the fetus. Therefore, with the rapid 
development of image technology, the fetal heart ultrasound image analysis approaches have been studies which 
includes image segmentation, detection, location and classification. 

In our work, the active contour-based algorithm is applied, the pre-processing progress, ROI generation 
progress and the segmentation progress as three main characteristics plays an important role, the proposed 
algorithm segments the images completely with high accuracy. However, there still have several drawbacks in 
this field. First of all, this paper analyses the fetal ultrasound heart images, and focus on four chamber viewing 
planes, however, the left ventricular outflow tract viewing planes and three vessel viewing planes are also need 
to be analyzed. Secondly, the description of ultrasound videos of fetal heart needs to be improved, the content of 
each ultrasound video frame needs to be considered to predict cardiac phase. Finally, the labelled dataset of 
ultrasound fetal heart images is in short supply, the deep learning framework or AI algorithm has large potential 
prospect.  
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5.2. Conclusion 
 

In this paper, we propose an original automatic ultrasound fetal heart image segmentation algorithm. Firstly, 
the method is in the pre-processing stage to reduce noise and normalize intensities, after that, the ROI region is 
extracted, and then the GVF algorithm is applied in the step of segmentation progress to detect the edge of fetal 
heart regions. The experiments indicate that the proposed ROI generation and segmentation method keeps high 
accurate rate.  

Besides the advantages of the proposed algorithm which described above, there are several open questions 
raised need to be considered in the future. Firstly, the orientation of the fetal heart is not analyzed, this is a 
significant question because the fetus relative to the direction of the propagation is still unknown. Secondly, 
congenital heart disease includes a large variety of interacting abnormalities, and it needs multi-dimensional 
analysis, therefore, the LVOT and 3V viewing plane should be considered to examine in the future.  
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