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Left ventricular segmentation on ultrasound images using
deep layer aggregation for residual dense networks

Wu Xuanyan, Gou Xinke, Zhu Zizhong, Wei Yulin, Wang Kai
College of Electrical and Information Engineering, Lanzhou University of Technology, Lanzhou 730050, China

Abstract; Objective Ultrasound images are widely used in clinical medicine. Compared with other medical imaging technol-
ogies, ultrasound (US) images are noninvasive, emit non-ionizing radiation, and are relatively cheap and simple to operate.
To assess whether a heart is healthy, the ejection fraction is measured, and the regional wall motion is assessed on the basis
of identifying the endocardial border of the left ventricle. Generally, cardiologists analyze and segment ultrasound images in
a manual or semiautomatic manner to identify the endocardial border of the left ventricle on ultrasound images. However,
these segmentation methods have some disadvantages. On the one hand, they are cumbersome and time-consuming tasks,
and these ultrasound images can only be segmented by the professional clinicians. On the other hand, the images must be
resegmented for different heart disease patients. These problems can be solved by automatic segmentation systems. Unfortu-

nately, affected by ultrasound imaging device and complex heart structure, left ventricular segmentation suffers from the fol-

I #s HH#A:2019-11-29; f& [B] H #7:2020-03-06 ; T EN 7 H #A: 2020-03-13
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Supported by ; National Natural Science Foundation of China(61866022, 61876161 )
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lowing challenges: first, false edges lead to incorrect segmentation results because the gray scale of the trabecular and mas-
toid muscles is similar to the myocardial gray scale. Second, the shapes of the left ventricular heart slice are irregular under
the influence of the atrium. Third, the accurate positions of the left ventricles are difficult to obtain from ultrasound images
because the gray value of the edges is almost the same with that of the myocardium and the tissues surrounding the left heart
(such as fats and lungs) . Fourth, ultrasound imaging devices produce substantial noise, which affects the quality of ultra-
sound images; thus, the resolution of ultrasound images is low and thus not conducive to ventricular structure segmentation.
In recent years, algorithms for left ventricular segmentation have considerably improved ; however, some problems remain.
Compared with traditional segmentation methods, deep learning-based methods are more advanced, but some useful original
information is lost when images are processed for downsampling. In addition, these methods hardly recognize the weak
edges on ultrasound images, resulting in large errors in edge segmentation. Moreover, their segmentation accuracy is low
because of substantial noise on ultrasound images. Considering the abovementioned challenges and problems, this study
proposes the use of deep layer aggregation for residual dense networks ( DLA-RDNet) to identify the left ventricle endocar-
dial border on two-dimensional ultrasound images. Method The proposed method includes three parts: image preprocess-
ing, neural network structure, and network optimization. First, the dataset must match the neural network after preprocess-
ing the ultrasound images. This part includes two steps. In the first step, we locate the ventricle on ultrasound images in
advance on the basis of prior information to avoid the interference of other tissues and organs. The second step is the expan-
sion of the dataset to prevent overfitting of the network training. Second, a new segmentation network is proposed. On the
one hand, we adopt a network connection method called deep layer aggregation (DLA) to make the shallow and deep fea-
ture information of images more closely integrated. Therefore, less detailed information is lost in the downsampling and
upsampling processes. On the other hand, we redesign the downsampling network ( RDNet) . Combining the advantages
of ResNet and DenseNet, we propose a residual dense network, which allows the downsampling process to retain additional
useful information. Third, we optimize the neural network. For the redundant part of the network , we use the deep supervi-
sion (DS) method for pruning. Consequently, we simplify the network structure and improve the running speed of the neu-
ral network. Furthermore, the network loss function is defined by the combination of binary cross entropy and Dice. We use
a sigmoid function to achieve pixel-level classification. Finally, the design of the segmentation network is completed.
Result Experimental results on the test dataset show that the average accuracy of the algorithm is 95.68% , the average
cross ratio is 97. 13% , Dice is 97. 15% , the average vertical distance is 0. 31 mm, and the contour yield is 99.32% .
Compared with the six segmentation algorithms, the proposed algorithm achieves higher segmentation precision in terms of
the recognition of the left ventricle in ultrasound images. Conclusion A deep layer aggregation for residual dense networks
is proposed to segment the left ventricle in ultrasound images. Through subjective and objective evaluations, the effectiveness
of the proposed algorithm is verified. The algorithm can accurately segment the left ventricle in ultrasound images in real
time, and the segmentation results can meet the strict requirements of left ventricular segmentation in clinical medicine.

Key words: ultrasound (US) image; left ventricular segmentation; deep layer aggregation (DLA) ; residual dense net-

work (RDNet) ; network pruning
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Fig. 1 Ultrasonic image of the heart
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@) FPN (Lin Z£, 2017b) (h) DLA-RDNet (437)
B9 FEMSLEATARIS L
Fig.9 The comparison of subjective experiment results( (a) original image; (b) U-Net( Ronneberger et al. , 2015) ;
(¢) FCN(Long et al. , 2015) ; (d) SegNet(Badrinarayanan et al. , 2017) ; (e) DeepLab v3+ ( Chen et al. , 2018b) ;
(f) Tiramisu(Jégou et al. , 2017); (g) FPN(Lin et al. , 2017b) ; (h) DLA-RDNet(ours) )
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Table 2 Contrast of the differences in the network structure of the proposed algorithm

[SEEayap=2=2 Params/M AP/% mloU/% mDice/% mAPD/mm GC/%
U-Net( RDNet) 29. 44 94. 59 96. 97 96. 86 0.39 98.73
U-Net + + (RDNet) 32. 68 95.56 97.04 97.08 0.41 98.52
DLA( ResNet50) 35.56 94.78 97.05 97.04 0.36 98.73
DLA-RDNet( A 3) 31.57 95. 68 97.13 97.15 0.31 99. 32
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Fig. 10 Comparison of speed and accuracy

of different network branch outputs
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Table 3 Comparison results of segmentation network cutting experiments

[ 28 5 55 Params/M AP/% mloU/% mDice/% mAPD/mm GC/%
DSDLA-RDNet(LI) 0.56 79.19 88.03 87.16 15. 45 21.36
DSDLA-RDNet(12) 2.63 93.76 95.52 95.55 7.15 55.72
DSDLA-RDNet(L3) 8.17 95.17 96.70 96. 71 2.23 86. 86
DSDLA-RDNet(14) 31.57 95. 68 97.13 97.15 0.31 99. 32
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Table 4 Experimental comparison results between the proposed algorithm and other segmentation algorithms

ks Params/M AP/% mloU/% mDice/%  mAPD/mm GC/%
U-Net( Ronneberger % ,2015) 7.76 66. 43 86. 15 85.37 2.02 98. 02
FCN( Long %£,2015) 134.32 48.16 92. 02 70. 29 0.48 98. 31
SegNet ( Badrinarayanan %¢,2017) 10.19 93.58 96. 50 97.41 0.35 99. 15
DeepLab v3+ ( Chen % ,2018b) 41. 663 92. 67 96. 26 95.29 0.53 97.88
Tiramisu ( Jégou 25,2017 ) 9.42 89.25 95.89 95.23 0.28 100
FPN( Lin %,2017h) 41.72 94.99 97. 02 96. 99 0.30 99. 58
DLA-RDNet( 4<3) 31.57 95. 68 97.13 97.15 0.31 99.32
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