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Abstract. Delayed enhancement DE-MRI plays an important role in
the diagnosis of various myocardial damages (such as myocardial infarct
and no-reflow phenomenon). This paper proposes a hybrid U-net network to achieve the simultaneous segmentation of the background, left
ventricle, left myocardium, myocardial infarction, and no-reflow regions
in DE-MRI. The hybrid U-net architecture introduces the squeeze-andexcitation residual (SE-Res) module and selective kernel (SK) block in
the encoder and decoder parts, respectively. The SE-Res module can address the dependencies of all feature channels, and increase the weight
value on the more informative channel. The SK block can adaptively adjust the receptive field size to obtain the multi-scale feature information.
Two types of labels (category label and segmentation label) and hybrid
branches are used to control the whole segmentation process, which produces robust segmentation performance. The experimental result shows
that the proposed model achieves high segmentation performance with
the Dice score of 0.8455 for myocardium, 0.6455 for infarction, and 0.6698
for no-reflow on the validation set.
Keywords: Myocardial Infarction · Segmentation · Delayed myocardial
enhancement MRI · Convolution neural network.
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Introduction

In 2015, according to statistical analysis, there were about 15.9 million people
suffering from myocardial infarction in the world [12]. The No-reflow zone is
characterized by persistent hypoperfusion caused by reduced blood flow [9]. Delayed enhancement magnetic resonance imaging (DE-MRI) is currently used for
the diagnosis of myocardial involvement (myocardial infarction and no-reflow)
in the current clinical environment. The myocardial infarction and no-reflow regions occupy only a fraction of the left myocardium and less area of the entire
heart image. Thus, accurate delineation of the endocardial and epicardial borders of the left myocardium is a prerequisite. The manual segmentation for the
left ventricle, myocardium, and myocardial damage is a time-consuming (around
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30 minutes per case), tedious, and experienced-dependent task. Computer-aided
technology is urgently required to assist radiologists in workflow optimization.
In current years, a majority of studies have focused on the left myocardium
segmentation on the late gadolinium enhancement MRI. It is known that the
delayed enhancement MRI targets to highlight the myocardial damage region
(myocardial infarction or no-reflow). The boundaries of ventricles are more unclear in the delayed enhancement MRI than that in the balanced-steady state
free precession (BSSFP) MRI (As shown in Fig. 1). To overcome these challenges,
several methods segment the myocardium region by combining the prior information from the corresponding BSSFP MRI [2–4, 13, 16]. These multi-modality
based segmentation methods require paired MRI sequences and complex image
registration operations. In addition to the segmentation of the left myocardium,
2019 MICCAI MS-CMRSeg challenge aims to simultaneously segment left ventricle, right ventricle, and left myocardium from LGE MRI with the complementary information from other MRI modalities [17]. For the small lesion myocardial
infarction region, very few studies have designed automatic segmentation algorithms based on cine cardiac MRI [15] and enhancement MRI [14, 11].

BSSFP

LGE

T2

Fig. 1. Visualization for the representation of cardiac structure in balanced-steady
state free precession (BSSFP), late gadolinium enhancement (LGE), and T2-weighted
cardiac MRI modalities. The variations of image intensity and contrast result in different ventricles and myocardium boundary discrimination.

However, in the current literature, the left ventricle, left myocardium, myocardial infarction, and no-reflow have not been considered together. The extent
of these regions is all important in the evaluation of cardiac diseases and the
guide for the following treatment. This paper proposes a hybrid U-net architecture with multi-task learning to automatically segment these four regions (if
have) in the DE-MRI. The encoder part in the U-net is substituted by the SEResnext50 [5], and the hybrid decoder part with the embedding of SK (selective
kernel) block has two task branches (MI (myocardial infarction) segmentation
and full segmentation) [8]. The MI segmentation branch helps target small lesion
region, which is used only in the training process. The full segmentation means
the simultaneous segmentation for the left ventricle, left myocardium, myocardial infarction, and no-reflow (As shown in Fig. 2). Inspired by the idea of deep
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supervision, a classification branch is introduced to consider both the category
of each image and the pixel-level classification in each image.

Fig. 2. An example for the left ventricle, left myocardium, myocardial infarction and
no-reflow region in one DE-MRI slice. The read denotes left ventricle; green represents
left myocardium; blue is the myocardial infarction region; and the yellow corresponds
to the no-reflow region.
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Method

In this section, the proposed cardiac structure segmentation algorithm is introduced from three parts: image preprocessing, hybrid network architecture, and
image postprocessing.
2.1

Image Preprocessing

In order to remove the influence of the surrounding organ of heart in the DEMRIs, region of interest (ROI) extraction is a crucial step in the prepossessing
stage. Thus, this paper performs a statistical work to roughly locate the position
of the heart. The second step in the preprocessing process is to normalize the
input images as the distribution of zero mean and variance of 1. Finally, to fully
utilize the dependences between slices, the neighbored three slices are stacked as
the new three-channel image that has the same mechanism as the RGB channel
in the color image.
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MI segmentation

Full segmentation

Encoder (conv, relu, bn, SE-Res model, max pooling)
Decoder (convtranspose, relu, bn, SK model)
Conv+relu+bn
Global average pooling
Upsampling

Classiﬁcation

Parameter sharing

Fig. 3. The overall structure of our proposed segmentation network. The myocardial
infarction (MI) segmentation branch only targets to segment the MI region in the
training procedure. The full segmentation means the simultaneous segmentation of
the background, left ventricle, left myocardium, myocardial infarction, and no-reflow
regions, which is adopted as the final segmentation. The classification is also used only
in the training phase to deeply supervise the segmentation network.
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Network Architecture

The modified U-net architecture adopts the SE-Resnext50 module as the encoder
part, and the SK block is embodied in the decoder part. The SE-Resnext50 model
helps capture the channel correlations, and the SK block with multiple kernels
and different kernel sizes can adaptively adjust the respective field size. Fig. 1
illustrates the overall structure of the proposed MI detection model.
As shown in Fig. 3, the encoder part reduces the spatial resolution and extracts high-level features to obtain more precise classification results. In this
architecture, the encoder sequentially includes the convolution, pooling, rectified linear unit, batch normalization, SE-Res module, and max pooling. The
decoder part recovers the missing spatial information by adding the deconvolution operation. The decoder part includes the deconvolution, rectified linear
unit, batch normalization, and the SK block.
Two types of labels are adopted to supervise the training procedure of the network. One label is the categorized label of each patch, which interprets whether
the image is a normal or pathological slice. Another label is the segmentation
mask, which includes the pixel location of the myocardial region. The two types
of labels can achieve better segmentation results.
Two segmentation branches exist in this architecture. The myocardial infarction (MI) segmentation only performs the myocardial infarction region segmentation in the network training procedure, which is controlled by the category
annotation provided by the readers. It is worth noting that the MI segmentation
branch is used to assist the final lesion detection, which will no longer work during the test phase. The full segmentation branch actually segments five regions
(the background, left ventricle, left myocardium, myocardial infarction, and noreflow), which is adopted as the final output in our segmentation network.
2.3

Image Postprocessing

The image postprocessing process aims to refine the result of the cardiac segmentation. First, the hole filling technique is applied to attain more complete
segmentation. Then, a connected component analysis for all the obtained segmentation is performed. Segmentations that exceed the largest connected range
will be removed.
2.4

Loss Function

In the classification branch, the binary cross-entropy (BCE) loss is used as the
loss function to optimize the network performance. In the two segmentation
branches, Dice loss and BCE loss are combined to complete the segmentation
task. These loss functions are listed as follows.
X
LCls = LBCE = −
[(yl log ŷl ) + (1 − yl ) log (1 − ŷl )]
(1)
l
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where yl and ŷl denote the ground truth label and predicted output for the lth
samples, respectively.
P
y ŷ + ε
2 X
P i i,kPi,k
LDICE = −
(2)
|C|
y
i i,k +
i ŷi,k + ε
k∈C

where C and N represent the number of classes and the number of training
images, respectively. y and ŷ denote the ground truth label and predicted output,
respectively. ε is a small positive number used to ensure numerical stability.
LSeg = LBCE + LDICE

3
3.1

(3)

Experimental Results and Discussions
Dataset and Experimental Setup

Our algorithm is evaluated on the Automatic Evaluation of Myocardial Infarction from Delayed-Enhancement Cardiac MRI (MICCAI 2020 EMIDEC challenge). The dataset consists of 150 DE-MRI cases (50 cases with normal MRI
after the injection of a contrast agent and 100 cases with myocardial infarction
(and then with a hyperenhanced area on DE-MRI)) [7]. The training set comprises 100 cases (67 cases with myocardial damage, 33 normal cases) and the
testing set is composed of 50 cased (33 cases myocardial damage, 17 normal
cases). There are no overlapped cases in the training and testing sets.
Due to the very limited number of training images, real-time data augmentation is applied to simulate an enlarged dataset to further improve the model generalization capability. The adopted data augmentation operations include randomized image transpose, flipping, cropping, gamma noise, and rotation. Adam
optimizer is used as the optimization method for model training [6]. The initial
learning rate is set to 0.0003, and reduced by a factor of 10 at the 40th and the
60th epoch, with a total of 90 training epochs. The min-batch size is set as 16.
3.2

Results

Since the labels of the test data are not opened, these experimental results are
tested on the training data using the 5-fold cross-validation. Our network has
three outputs, and the loss functions assigned on these outputs are cross-entropy,
weight cross-entropy + dice, and weight cross-entropy + dice, respectively. The
dice score is adopt-ed as an indicator to evaluate the performance of the proposed
model. The proposed U-net model is compared with the Linknet [1] and several
U-net based models [10], which are listed in Table 1.
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Conclusion

This paper proposes an improved U-net architecture for the simultaneous segmentation of the background, left ventricle, left myocardium, myocardial infarction, and no-reflow regions in the DE-MRI. Our segmentation algorithm adopts
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Table 1. The dice score of the myocardium, infraction, and no-reflow regions segmentation using various network architectures.
Network architectures
Linknet
U-net1(SE-Resnext50)
U-net2(SE-Resnext50 + SK block)
U-net3 (SE-Resnext50 + SK block)
+ cls branch
U-net4 (SE-Resnext50 + SK block)
+ cls branch +hybrid branches

Dice score
Myocardium Infarction No-reflow
0.8023
0.5823
0.5963
0.8069
0.5946
0.6038
0.8135
0.6046
0.6287
0.8135
0.6222
0.6464
0.8455

0.6455

0.6698

multi-task learning to deeply supervise the final segmentation. The ablation
study results have demonstrated the algorithm validity. It has the promise for
clinical application in assisting radiologists for the diagnosis of cardiac diseases.
Acknowledgement. This research was funded by the National Natural Science
Foundation of China, grant number 61571314.

References
1. Chaurasia, A., Culurciello, E.: Linknet: Exploiting encoder representations for efficient semantic segmentation. In: 2017 IEEE Visual Communications and Image
Processing (VCIP). pp. 1–4. IEEE (2017)
2. Ciofolo, C., Fradkin, M., Mory, B., Hautvast, G., Breeuwer, M.: Automatic myocardium segmentation in late-enhancement mri. In: 2008 5th IEEE International
Symposium on Biomedical Imaging: from nano to macro. pp. 225–228. IEEE (2008)
3. Dikici, E., O’Donnell, T., Setser, R., White, R.D.: Quantification of delayed enhancement mr images. In: International Conference on Medical Image Computing
and Computer-Assisted Intervention. pp. 250–257. Springer (2004)
4. El Berbari, R., Kachenoura, N., Frouin, F., Herment, A., Mousseaux, E., Bloch,
I.: An automated quantification of the transmural myocardial infarct extent using cardiac de-mr images. In: 2009 Annual International Conference of the IEEE
Engineering in Medicine and Biology Society. pp. 4403–4406. IEEE (2009)
5. Hu, J., Shen, L., Sun, G.: Squeeze-and-excitation networks. In: Proceedings of the
IEEE conference on computer vision and pattern recognition. pp. 7132–7141 (2018)
6. Kingma, D.P., Ba, J.: Adam: A method for stochastic optimization. arXiv preprint
arXiv:1412.6980 (2014)
7. Lalande, A., Chen, Z., Decourselle, T., Qayyum, A., Pommier, T., Lorgis, L., de la
Rosa, E., Cochet, A., Cottin, Y., Ginhac, D., et al.: Emidec: A database usable
for the automatic evaluation of myocardial infarction from delayed-enhancement
cardiac mri. Data 5(4), 89 (2020)
8. Li, X., Wang, W., Hu, X., Yang, J.: Selective kernel networks. In: Proceedings
of the IEEE conference on computer vision and pattern recognition. pp. 510–519
(2019)

8

Sen Yang and Xiyue Wang*

9. Pineda, V., Merino, X., Gispert, S., Mahı́a, P., Garcia, B., Domı́nguez-Oronoz, R.:
No-reflow phenomenon in cardiac mri: diagnosis and clinical implications. American Journal of Roentgenology 191(1), 73–79 (2008)
10. Ronneberger, O., Fischer, P., Brox, T.: U-net: Convolutional networks for biomedical image segmentation. In: International Conference on Medical image computing
and computer-assisted intervention. pp. 234–241. Springer (2015)
11. Tao, Q., Milles, J., Zeppenfeld, K., Lamb, H.J., Bax, J.J., Reiber, J.H., van der
Geest, R.J.: Automated segmentation of myocardial scar in late enhancement mri
using combined intensity and spatial information. Magnetic Resonance in Medicine
64(2), 586–594 (2010)
12. Vos, T., Allen, C., Arora, M., Barber, R.M., Bhutta, Z.A., Brown, A., Carter,
A., Casey, D.C., Charlson, F.J., Chen, A.Z., et al.: Global, regional, and national
incidence, prevalence, and years lived with disability for 310 diseases and injuries,
1990–2015: a systematic analysis for the global burden of disease study 2015. The
lancet 388(10053), 1545–1602 (2016)
13. Wei, D., Sun, Y., Ong, S.H., Chai, P., Teo, L.L., Low, A.F.: Three-dimensional segmentation of the left ventricle in late gadolinium enhanced mr images of chronic infarction combining long-and short-axis information. Medical image analysis 17(6),
685–697 (2013)
14. Xu, C., Xu, L., Brahm, G., Zhang, H., Li, S.: Mutgan: Simultaneous segmentation
and quantification of myocardial infarction without contrast agents via joint adversarial learning. In: International Conference on Medical Image Computing and
Computer-Assisted Intervention. pp. 525–534. Springer (2018)
15. Xu, C., Xu, L., Gao, Z., Zhao, S., Zhang, H., Zhang, Y., Du, X., Zhao, S., Ghista,
D., Liu, H., et al.: Direct delineation of myocardial infarction without contrast
agents using a joint motion feature learning architecture. Medical image analysis
50, 82–94 (2018)
16. Xu, R.S., Athavale, P., Lu, Y., Radau, P., Wright, G.A.: Myocardial segmentation
in late-enhancement mr images via registration and propagation of cine contours.
In: 2013 IEEE 10th International Symposium on Biomedical Imaging. pp. 856–859.
IEEE (2013)
17. Zhuang, X.: Multivariate mixture model for myocardial segmentation combining
multi-source images. IEEE transactions on pattern analysis and machine intelligence 41(12), 2933–2946 (2018)

