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Research status of cardiac image segmentation based on deep learning
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Abstract: Human-cardiovascular disease is challenged for its high morbidity and severe sequelae nowadays. To meet the
need of the medical industry, current medical image analysis is facilitated via the development of deep learning. Conven-
tional image processing technology is processed basically in terms of thresholding. The emerging deep learning technique
can be focused on reality-oriented function in terms of specific eigenvalues. Such deep residual network and generative con-
frontation network have its potentials for its effectiveness and robust originated from good learning ability and data-driven
factors. Our critical analysis is based on 1) characteristics of representative methods, 2) resources and scale of cardiac
images, 3) comparative study of the performance evaluation and application conclusions of different methods through popu-
lar evaluation indicators, and 4) clinical domains are discussed as well. The literature review is originated from IEEE,
SPIE, and China National Knowledge Network, with image processing and heart as search keywords. The difference
between image processing methods is evaluated in terms of Dice coefficient and Hausdorff distance, and the performance is

evaluated in quantitative further. For chamber segmentation, several approaches for right ventricle segmentation are
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reviewed and analyzed. As far as the principle of the segmentation method is concerned, the single of threshold is still chal-

lenged for segmentation unless it is integrated into other related methods, so it cannot be used as a single zone in segmenta-

tion technique. A brief theoretical introduction is mentioned for each method. Then, its methodology, prior datasets, and
the effectiveness of segmentation process are involved in evaluation. Finally, the pros and cons of each method are ana-
lyzed as well. For the domain of epicardium and pericardium tissue, we will briefly introduce the popular image processing
techniques for segmenting epicardium and pericardium tissue. Four category of key methods are analyzed in relevance to
its: traditional image processing methods, atlas-based methods, machine learning, and deep learning. Traditional image
processing methods are composed of such techniques of thresholding, region growing, and active contouring. Finally, Dice
coefficient-derived capabilities of each algorithm are compared horizontally. For the segmentation method of the epicar-
dium, it is easier to segment the epicardium into pericardium-illustrated coordination. Epicardial and pericardial fatty tis-
sue are unevenly distributed around the heart, resulting in large sections-between variability and the images-between for its
computed tomography (CT) and magnetic resonance imaging (MRI). The heterogeneity in shape is required to demonstrate
further. However, the pericardium is featured of more smoother, thinner and oval in CT and MRI images. Such methods of
active contours or ellipse fitting are suitable for segmenting such shapes naturally. Once the pericardium is divided, the
epicardium is more easily divided into all pericardium-within fatty tissue. The great challenge is focused on epicardium-
thinner segmentation. The slice of thickness can be set at 2~~3 mm when CT scans are collected for coronary artery calcifi-
cation (CAC) scoring. The pericardium is usually less than 2 mm thick, and it will often appear blurred or blurred on CT
images in accordance with partial volume averaging, especially for heart organ-moving consistency. Some methods are
purely pericardial delineation methods, while others are part of a method to segment and quantify the epicardium. For the
epicardium part, we will mainly introduce the method of epicardium segmentation by the first pericardium-segmented. Peri-
cardial fat segmentation methods typically rely on traditional image processing methods , such as 1) thresholding and region
growing, and 2) various preprogrammed heuristics can be used to identify common structures and segment pericardial fat.
Recent atlas-based segmentation approaches are employed but its clinical ability is relatively weakened. After current situa-
tion of segmentation is introduced, we will introduce some real scenarios applied in clinical practice. We can see that car-
diac image processing has a large number of clinical problems are required to be solved. At the same time, we will briefly

introduce the market situation of image processing in domestic market, integration of industry, education and research,
racy.

and the main relevant policy trends. the development of the main related industries is introduced and involve in like 1)

the establishment of related imaging databases in China, 2) the development of related imaging technologies in China,

and 3) the development of related hardware equipment in China. At the end, it is discussed that the development of car-

5l
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diac image segmentation processing is increasingly inseparable in related to the development of deep learning. However,
because deep learning itself is difficult to be explained, we called on medical knowledge-interpreted method models, and
Key words

deep learning based constraints are called to be resolved further, such homogeneity data sets and its related of higher accu-

image segementation; whole heart segmentation; epicardium; pericardial fat; auxiliary detection
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Cut(C,D) = zw(u,v) (3)
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Table 1 Advantages and limitations of various right ventricular image processing methods
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ST Gk PRAUE T #9277 1 1 BRI ik 1
BLAS A T IR BE S~ I 1 AR A SR IBOT ThT A9 T4

A e BB

i SRR B A AR (E S A e A T 2 R R R

T o0 BB A TR X , TS A b
ARHAEIT, 7 2R , 8o 1922 fL U

®2 ALEFBER

Table 2 Results of right ventricular segmentation

Jik Dice 4L

[ 8 XA I EDIE D H (rmGC) (Maier % ,2012) 0.75
FTEYIETEARE 5 7% (GCSP) (Mahapatra, 2014) 0.86
2 4% 3 M4 (Punithakumar % ,2015) 0.62
VR 2B BN 2% (Tran, 2017) 0.85
5 2R B U 28 [ £ (Luo 55, 2016) 0.81
CNN+ F 3l % fith &% (Avendi 55 ,2017) 0.9
%2 CNN (Zotti %,2018) 0.8
24155 U-Net /& R %544 (Zhang 55 ,2018) 0.8

S Sl MR 0 D 3 0 ) B A O S RN B — 3k 7 1% (Chen 5, 2022) 0.913
ARG TR RR B W B P 2 46 (DPS-Net) (BRR T 45,2022) 0.90
SA+SE(Li%:,2022) 0.913
B ARAR 22 M 4 (RN 45, 2022) 0.90
CNN %45 5 Transformer W45 25 ¥ M2 & (29 45 ,2022) 0.92

1.2 SME(EAT)
121 IR Sl bn
LM (epicardial adipose tissue, EAT) AR

HAEER , [R50 UL AR R B RO RR , BT Z WA
TEAE R A EAR o A IR R W] G Ay
2017) , EAT 15 | & e IR S0 ok sk A A AL ALCs L o
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Fig. 1 The method proposed by Ding et al. (2014)
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Fig. 2 A diagram of the registration process
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Fig. 3 The method proposed by Commandeur et al. (2018)
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Table 3 Results of epicardial segmentation

ik Dice 2%k
Ding % A\ (2014) 0.92
Militello 5 A (2019) 0.93
Shahzad % A (2013) 0.89
Rodrigues % A (2017) 0.98
Norlén 55 A (2016) 0.91 +0.04
Kazemi 5 A (2020) 0.94
Commandeur % A (2018) 0.82
Zhang 5§ A (2020) 0.91 +0.01
He %F A(2021) 0.85 + 0.05
Bentevié 5 A (2021) 0.78
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Fig. 4 An overview of graph-based segmentation
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