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Abstract 

Medical image segmentation is one of the most challenging tasks in medical image analysis which aims to extract effective 
information and improve the level of clinical diagnosis. In last decades, automatic segmentation based on Deep Learning (DL) 
models such as U-Net and CNN architectures have been widely used to automatically extract organs or lesions contours in order 
to overcome manual segmentation limitations. In this paper, we performed a comparative study between CNN and U-Net 
performance for medical image segmentation applied to cardiac-MRI segmentation using U-Net from short-axis MRI images of 
ACDC database. The adopted architecture was trained and tested with and without data augmentation. The obtained results show 
a strong agreement between the labelled masks and the predicted ones with a mean DSC that reached 97,9% and a mean 
Hausdorrf Distance (HD) that reached 5.318 mm. A quantitative comparison was made on two levels. The first one is an intra-
comparison made between the adopted model and methods based on the same architecture and having been trained and tested 
using the same database which proved that our method reached the highest performance and can be considered as a promising 
tool for medical image segmentation. The second one is an inter-comparison made between U-Net and CNN performance which 
proved that U-Net is more suitable for carrying out this task since it takes less time for training as it does not have a fully 
connected layer and offers a fairly significant similarity to ground truth compared to CNN. 
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1. Introduction  

Medical image analysis consists in highlighting certain characteristic information of an image or in classifying the 
image itself to solve clinical problems. Since it directly influences the diagnosis, this task still of great importance 
[1]. As one of the most important links in medical image analysis, is segmentation. In clinical practice, once the 
sequences are acquired, the radiologist examines them carefully and tries to identify the disease and possible causes. 
This process is tedious and time consuming as it takes from few hours to few days depending on several factors such 
as the severity of the pathology and clinician expertise [2]. In this context, to overcome the constraints related to 
manual segmentation, several methods have been proposed, in the literature, to automate this task such as Machine 
Learning (ML) based works [3]. However, when it comes to efficiently processing big data and extracting the most 
relevant image features, traditional and semi-automatic segmentation methods are increasingly considered unable of 
helping doctors accurately diagnose and treat diseases [4]. Recently, DL methods, specifically Convolutional Neural 
Networks (CNNs) and U-Net have been extensively involved in medical image segmentation. Moeskops et al. [5] 
have trained a single CNN to segment six tissues in MR images, the pectoral muscle in MR breast images, and the 
coronary arteries. Alakwaa et al. [6] have proposed an automatic method based on 3-D CNN for lung cancer 
detection through nodule segmentation from 3D CT scans. The proposed method reaches a test set Accuracy of 
86.6%. Vardhana et al. [7] have presented CNN for biomedical image segmentation with hardware acceleration. The 
proposed design was applied for various Computed Tomography (CT) scan images of lungs, MR images of brain 
and X-ray images. Xie et al. [8] have proposed a novel framework that efficiently bridges a CNN and 
a Transformer (CoTr) for accurate 3D medical image segmentation. The proposed method was evaluated on the 
Multi-Atlas Labeling Beyond the Cranial Vault (BCV) dataset that covers 11 major human organs. A deep fully 
CNN was proposed in [9] for both left and right ventricle segmentation in short-axis MRI. For the first time, as 
mentioned, the neural network was trained end-to-end in a single learning stage from the whole image inputs and 
ground truths to make inference at every pixel. It is worth to note that CNN mainly focus on classification tasks, take 
an image as input and produce a unique class label [10]. However, biomedical images segmentation requires 
classification of each pixel in the image. In 2015, Ronneberger et al. [11], have proposed a new architecture called 
U-Net which is the most important semantic segmentation frameworks of CNN and works well for pixel-level 
prediction tasks. In the literature, several methods based on U-Net and its variants have been proposed to achieve 
automatic medical image segmentation.  Hansch et al. [12] have studied the application of 2D and 3D U-net network 
in segmentation in order to adapt the neural network to the diversity of certain organ shapes and the low contrast of 
structures that surround the region of interest (ROI). The combination of these two methods is likely to solve these 
problems. Since the invention of U-Net, many variants have built upon that. For example, Zhou et al. [13], have 
proposed a more powerful architecture for medical image segmentation called U-Net ++. Compared to standard U-
Net architecture, U-Net ++ is a neural network where the encoder and decoder sub-networks are connected through a 
series of nested, dense skip pathways which aim to reduce the semantic gap between the feature maps of the encoder 
and decoder sub-networks. In other research work [14], another modified U-Net architecture was used for automated 
left and right ventricular chamber segmentation in cardiac MRI images using dense FCN.  U-Net has also been 
improved to have another variant called "Omega-Net" [15] which is a novel CNN architecture for simultaneous 
localization, transformation into a canonical orientation and semantic segmentation. In 2021, Chen et al. [16] have 
proposed a new variant of U-Net architecture called TransUNet. This latter employed Transformers and U-Net as a 
strong alternative for medical image segmentation to overcome U-Net limitations in explicitly modeling long-range 
dependency due to the intrinsic locality of convolution operations. In other research [17], 2D U-Net was used for the 
segmentation of the cartilage and the meniscus. Tao et al [18], have proposed a fully automatic method for left 
ventricle (LV) quantification and segmentation from Cine -MRI images. Three CNNs with U-Net were trained on 
specific databases and tested on an independent multivendor and multicenter data set of 196 patients. This research 
frame is organized as follows. The proposed methodology is explained in Section.2 including data description and 
augmentation and the adopted architecture for the heart segmentation. In section.3, a comparative study of the 
obtained results with advanced state-of-the art methods is detailed.  
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2.  Proposed methodology 

2.1 Method overview 

The proposed approach consists of four steps: (i) data augmentation, (ii) segmentation of the left and right 
ventricle (RV) based on U-Net architecture, (iii) Quantitative evaluation of the adopted U-Net performance with and 
without data augmentation and (iv) comparative study of CNN and U-Net performance for medical image 
segmentation. The overview of the proposed methodology is described in Fig.1 

 
Fig.1 overview of the proposed methodology 

2.2 Data description  

To train and test the U-Net neural network, we used the Automated Cardiac Diagnosis Challenge (ACDC) 
database (MICCAI challenge, 2017) [19]. ACDC dataset contains Cine-MRI images of 150 patients acquired in the 
short-axis orientation. It is composed of two datasets: The training dataset which is composed of 100 patients and the 
testing dataset which is composed of 50 patients. For all patients of the training database, clinical information and 
corresponding labelled masks were provided. In our study, we converted the 3D-images already stored in NIFTI 
format to 2D-DICOM format using an open-source toolkit called X-MedCon. Fig.2 shows an example of the ACDC 
database (healthy patients) before and after conversion. 

 

Fig. 2. MR images’ visualization from ACDC dataset before (3D) and after(2D) conversion with corresponding labeled masks 

2.3 Data augmentation  

Based on the literature, Deep Learning techniques have greatly improved classification and segmentation 
accuracy “thanks to their capability to handle complex conditions ” [20]. To achieve a good generalization 
performance, DL models rely heavily on big data. However, for many application areas, such as medical analysis, 
access to large database is limited as the data annotation is expensive and often requires significant amounts of 
expertise [21]. In This context, the most popular technique largely used to increase the size of the training dataset is 
data augmentation. In our study, we adopted some data augmentation techniques such as geometric transformations 
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(rotation, translation, reflection) and opening and closing morphological operation using an open-source Python 
library called TorchIO. The size of the generated augmented dataset is four time larger than the size of the original 
training data. In Fig.3, we present an example of data augmentation techniques applied to a healthy subject. 

 

Fig.3 Data augmentation techniques applied to a healthy subject 

2.4 U-Net architecture for the heart segmentation 

As previously mentioned, we will perform the automatic segmentation of the heart from 2-D Cine-MRI images 
using U-Net architecture proposed by O. Ronneberger et al. [11]. The neural network is composed of the contracting 
path (left part) and the expansive path (right part). The first one consists in extracting the input image features. Each 
block of this path comprises two convolutional layers followed by Rectified Linear Unit (ReLU) activation 
functions and a max-pooling layer. In our study, the max-pooling operations are replaced by 2*2 Average Pooling 
operations to remove noise and restore main information. The second path consists in passing the feature map in a 
succession of blocks composed of two 3*3 convolution layers and a 2*2 up sampling layer (Up-convolution) while 
concatenating it with the feature map of the same level of the encoding path. It decompresses the image until its 
original size is reached since we used zero padding to keep the same size of the input image. “The last feature map 
computed by the last 1*1 convolutional layer is converted to probabilistic segmentations of the foreground and 
background regions using soft-max pixel-wise”. The two paths are linked by "skip connections", their role is to keep 
the information captured during the phase of features extraction.  

2.5 Evaluation metrics 

To evaluate the neural network performance, three evaluation metrics are calculated: the Dice Similarity 
Coefficient (DSC), the Hausdorrf Distance (HD) [22] and accuracy calculated respectively as follows: 

𝐷𝐷𝐷𝐷𝐷𝐷 = 2𝑇𝑇𝑇𝑇
2𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹 ∗ 100                                                                   

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹 ∗ 100                                                            (  

                 𝐻𝐻𝐻𝐻 = max⁡(max 𝑝𝑝⸦𝐶𝐶𝐴𝐴⁡ 𝑑𝑑(𝑝𝑝, 𝐶𝐶𝐵𝐵),max 𝑞𝑞⸦𝐶𝐶𝐵𝐵⁡𝑑𝑑(𝑞𝑞, 𝐶𝐶𝐴𝐴)                                       (3) 

Where TP indicates an outcome where the model correctly predicts the positive class, TN indicates an outcome 
where the model correctly predicts the negative class, FP indicates an outcome where the model incorrectly 
indicates the positive class and FN indicates an outcome where the model incorrectly indicates the negative class 
and d (p, C) is the minimum distance which separates the point p of contour C. 

3. Experimental results and discussion  

The proposed method was trained and tested using python version (3.7). All experiments are conducted using a 
single Nvidia RTX2080Ti GPU. For training, we used the Dice loss function which was minimized using Adam 
optimizer [23] and RMSProp.  At the beginning of the experiments, we selected the hyper-parameters used for the 
training of the U-Net architecture. Then, our neural network was trained to segment both of LV and RV. 
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4.1 Hyper-parameters selection  

In this sub-section, we present the experiments carried out to select hyper-parameters for training phase such as 
learning rate (lr), epochs and optimization algorithms. We started with a lr of 1*10-2 then we repeat the experiments 
with a lr of 1*10-3. In Table.1, we present the algorithm’s performance for a lr of 0.01 and 0.001 with mini-batch 
size of 4 over 10, 20, 50 and 80 epochs. 

 
Table1. Comparison between optimization algorithms’ performance during training phase 

 
 Epochs ADAM % RMSProp % 

 
Initial learning rate = 1*10-2 

10 
20 
50 
80 

54.38 
61.49 
70.83 
76.15 

51.18 
56.34 
63.22 
50.72 

 
learning rate = 1*10-3 

10 
20 
50 
80 

77.43 
83.17 
74.52 
92.77 

71.54 
84.92 
71.15 
87.97 

 
As shown in Table.1, our model achieved the highest performance with ADAM optimizer (92.77%) and was trained 
for 80 epochs which were enough for convergence with a lr of 0.001 and a mini-batch size of 4. Fig.4 presents the 
mini-batch accuracy and mini-batch Dice loss during training phase with and without data augmentation. 

 
Fig.4 Mini-batch accuracy and mini-batch Dice loss during training phase with and without data augmentation 

By increasing database as shown in Fig.4, the accuracy was improved from 96.1% to 98% during training and the 
loss function decreases from 0.042 to 0.018. This highlights the importance of the data augmentation step. 

4.2 Neural network performance for left and right ventricle segmentation  

In this sub-section, we present the automatic segmentation results of the LV and RV. Fig.5 presents segmentation 
results for two patients with data augmentation and Table.2 presents the corresponding quantitative results.  
 

Fig.5. Automatic segmentation results for two patients with dilated cardiomyopathy and myocardial infraction respectively 
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Table .2. Segmentation performance of the proposed model at ED and ES phase measured as DSC, HD and accuracy 
 

 LV RV 
DSC % HD (mm) Accuracy %  DSC % HD (mm) Accuracy % 

ED ES ED ES ED ES ED ES ED ES ED ES 
Patient with dilated 

cardiomyopathy 
98.81 93,62 6.134 8.621 97,88 96.67 95,97 93,72 9.678 10.167 96,75 87,54 

Patient with 
myocardial infraction 

94.84 89,28 8.861 10.212 93,77 91,12 97,3 96,99 8.951 9.321 96,41 96.34 

 

 
 

 
Fig.6. Automatic segmentation results for a patient with abnormal right ventricle 

 
In Fig.6, the analysis of the segmented images shows a slight overestimation of the RV. When applying data 

augmentation techniques, the DSC was improved from 97.56% to 98.79%, the HD from 9.125 mm to 7.881mm and 
the accuracy from 96.87% to 98.34%. Fig.7 presents the segmentation results applied to four successive acquisitions 
of the apical slice for a patient with hypertrophic cardiomyopathy. Quantitative analysis is presented in Table.3.  

 
Fig. 7: Automatic contours extraction using U-Net applied on apical slices (GT: ground truth), (PS: predicted segmentation) 

 
Table 3. Segmentation performance of the proposed model at the ED and ES phase measured as DSC, HD and accuracy applied to apical slices 

 
 LV RV 

Mean DSC % Mean HD (mm) Mean Accuracy % Mean DSC % Mean HD (mm) Mean Accuracy % 
ED ES ED ES ED ES ED ES ED ES ED ES 

Patient with 
hypertrophic 

cardiomyopathy 

93.02 89,15 10.421 9.561 92,87 91.44 94,47 92,15 9.932 9.751 92,56 91,8 

       

Ground Truth Predicted segmentation 
without data augmentation  

Predicted segmentation with 
data augmentation  
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      In Fig.7, the visual analysis of the automatically segmented images shows an underestimation of the contours, 
especially for the right ventricle at the level of acquisitions 2 and 4. Quantitative analysis, presented in Table.3, 
shows that contour extraction in apical slices was less accurate compared with basal and middle slices. This can be 
explained by the fact that this cut is characterized by a difficulty of segmentation due to the low contrast between the 
myocardium and the blood.  

4.3 Comparative study with state-of-the art methods  

Compared to the standard U-Net architecture, the proposed method reached an accuracy of 98.79% in terms of 
DSC against 78.75%. In terms of training time, it was mentioned that the standard U-Net architecture took about 10 
hours while our model took almost 2h 40 min. The segmentation results proved that the proposed method is 
characterized by better performance compared to the standard model. To better evaluate the model performance, we 
made a quantitative comparison with state-of-the-art methods (Table.4).  

 
Table.4. Performance in the MICCAI2017 test set. 

 
 Year Database LV RV 

Mean DSC (%) Mean HD (mm) Mean DSC (%) Mean HD (mm) 
ED ES ED ES ED ES ED ES 

Isensee et al 2018 ACDC 96.7 92.8 5.476 6.921 95.1 90.4 8.205 11.605 
Zotti et al 2019 ACDC 96.4 91.2 6.180 8.386 93.4 88.5 11.052 12.650 

Zhongyu et al 2019 ACDC 94.2 6.641 90.3 13.830 
Calisto et al 2020 ACDC 95.8 90.3 5.592 8.644 93.6 88.4 10.193 12.234 

Simantiris et al 2020 ACDC 96.7 92.8 6.366 7.573 93.68 88.9 13.289 14.367 
Our method 2022 ACDC 97.9 94.7 5.318 7.812 95.75 92.81 8.369 10.234 

 
Comparison with the methods having used the same database show that the proposed method reached the highest 

performance with a mean DSC of 97.9 % and a mean HD of 5.318 mm for LV segmentation. However, the method 
proposed by Isensee et al [25] reached the smallest HD (8.205mm) at the ED phase for the RV segmentation. A 
second quantitative comparison was made with methods based on CNNs to demonstrate which of these two models 
between U-Net and CNN is more suitable for medical segmentation. Results are summarized in Table.5. 

 
Table.5. Performance of CNN and U-Net for medical image segmentation 

 
Model Application Dice coefficient (%) 
U-Net Cardiac images segmentation  93 
CNN LV segmentation 91 

CNN with U-Net LV segmentation 98 
FCN Colorectal tumour segmentation 83.5 

Vanilla U-Net Mass segmentation in mammography 91 
Faster RCNN Medical image segmentation 70.2 

3D-FCN Pancreas segmentation 85.5 
 
       In the literature, it has been demonstrated that neural networks based on encoder-decoder model such as U-Net 
are characterized by their performance in detecting smaller anatomical structures with blurred noisy boundaries 
unlike CNN which imposes restrictions on the size of the input image [26] as not to complicate the calculation at the 
level of the fully connected layer. Even quantitatively U-Net exceeds CNN in terms of DSC in medical 
segmentation tasks as shown in Table.5. Thus, U-Net is more suitable for medical image segmentation. 

5. Conclusion   

       In this paper, as part of the comparison between U-Net and CNN performance for medical image segmentation, 
U-Net model was adopted for left and right ventricle segmentation from short-axis MRI images with and without 
data augmentation. A Comparative study with the state-of-the-art methods based on U-Net and CNN architectures 
shows that the proposed method has achieved the highest performance in terms of dice similarity coefficient, 
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Hausdorrf distance and accuracy. This is a significant step towards reducing manual segmentation limitations 
performed by clinical experts during the diagnosis of cardiac diseases. Comparative study with CNNs models shows 
also that U-Net is more appropriate for medical segmentation tasks.  
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