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A B S T R A C T

Background: 4D flow MRI allows the analysis of hemodynamic changes in the aorta caused by pathologies such as 
thoracic aortic aneurysms (TAA). For personalized management of TAA, new biomarkers are required to analyze 
the effect of fluid structure iteration which can be obtained from 4D flow MRI. However, the generation of these 
biomarkers requires prior 4D segmentation of the aorta. 
Objective: To develop an automatic deep learning model to segment the aorta in 4D from 4D flow MRI. 
Methods: Segmentation is addressed with a U-Net based segmentation model that treats each 4D flow MRI frame 
as an independent sample. Performance is measured with respect to Dice score (DS) and Hausdorff distance (HD). 
In addition, the maximum and minimum surface areas at the level of the ascending aorta are measured and 
compared with those obtained from cine-MRI. 
Results: The segmentation performance was 0.90 ± 0.02 for the DS and the mean HD was 9.58 ± 4.36 mm. A 
correlation coefficient of r = 0.85 was obtained for the maximum surface and r = 0.86 for the minimum surface 
between the 4D flow MRI and cine-MRI. 
Conclusion: The proposed automatic approach of 4D aortic segmentation from 4D flow MRI seems to be accurate 
enough to contribute to the wider use of this imaging technique in the analysis of pathologies such as TAA.   

1. Introduction

An aortic aneurysm is an increase in diameter greater than or equal
to 50% of its expected size [1]. As a consequence of this pathology, the 
aortic wall can rupture or dissect, causing lethal consequences. The 
overall incidence per year of thoracic aortic aneurysms (TAAs) is 5 to 10 
per 100,000 people, becoming the 19th leading cause of death overall 
[2]. In clinical practice, the decision to intervene surgically on an 
aneurysm is mainly taken considering its diameter and growth rate. 
However, it has been observed that rupture and dissection can occur in 
aneurysms smaller than the sizes indicated in the guidelines [3,4]. 
Therefore, the generation of new biomarkers (including aorta shape, 
movement and constrain flow) that allow a personalized treatment of 
TAA is essential. In this context, 4D flow MRI is a cornerstone for 
assessing these parameters and opens the door to a new way of analyzing 

by considering the local and global hemodynamic characteristics and 
particularly the changes produced by cardiovascular pathologies such as 
TAA. 

Despite the potential of 4D flow MRI for a widespread use in clinical 
practice for flow analysis and biomarker computation, it is necessary to 
first overcome some challenges such as automatic segmentation of the 
aortic wall. In the literature, in most studies, only 3D segmentation is 
proposed on 3D images generated from 4D flow MRI. The main objective 
of generating 3D images is to enhance the contrast between the aorta 
and the background. Kohler et al. [5] generated a maximum intensity 
projection image (tMIP) using the time steps of the magnitude image. 
Then, they ran a graph cut-based algorithm manually initialized by a 
user. Similarly, other studies have applied pre-processing techniques to 
create a 3D phase contrast magnetic resonance angiography (PCMRA) 
image from 4D flow MRI [6–8]. The drawback with PCMRA generation 
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is that the temporal information is lost, which leads to a bias in the 
position of the aorta. Using PCMRA, active surface [6], or 3D neural 
networks [7,8] based segmentation algorithms have been implemented. 
Although these methods have shown high performance on PCMRA im-
ages, generating the segmentation for the whole cardiac cycle with 
comparable results is still an open problem. 

To address a 4D segmentation, Bustamante et al. [9] proposed the 
generation of a 4D PCMRA image by applying intra-patient registration 
to a tMIP image generated from 3D PCMRAs calculated independently 
for each time step. Then, they automatically segmented the heart and 
large thoracic vessels with a multi-atlas-based algorithm. A limitation of 
this method is that it relies on the quality of the intra-patient registration 
to preserve the aorta position during the cardiac cycle. In addition, the 
computational time required for the segmentation of a new patient is 
considerably high compared to deep learning-based methods. Recently, 
the same team proposed a 4D segmentation of these organs using a 3D 
deep learning model [10] trained directly on the magnitude images. 
With this pipeline, promising segmentation results were obtained on 
their database. However, the patient population used to evaluate the 
approach presented heart pathologies or mitral valve regurgitation but 
no aneurysm at the level of the thoracic aorta (TAo). Moreover, the 
ground truth used in the training of the deep learning model was 
automatically generated with a multi-atlas-based method and then 
maybe is questionable. 

The main objective of this work is to design an automatic method for 
the segmentation of the aorta from 4D flow MRI on patients with TAA. 
Therefore, we proposed a method similar to that of Bustamante et al. 
[10] to segment the aorta in 4D from 4D flow MRI using a specific 
database of patients with TAA. We evaluated the ability of such a 
method to adapt to the different shapes of the aorta during the cardiac 
cycle. For this purpose, the maximum and minimum surface areas at the 
level of the ascending aorta acquired from 4D flow MRI were compared 
with those calculated from cine-MRI, the image conventionally used for 
this type of metric. 

2. Data

2.1. Study population 

In this study were included 36 subjects that consented to participate 
to the project 2018-A02010–55, approved by the national ethic com-
mittee (”Comité de Protection des Personnes”). The study has been 
registered on ClinicalTrials.gov with the number NCT03817008. All 36 
patients had TAA at the level of the ascending aorta. Ten patients in the 
cohort were female and 26 were male. Half of the men and half of the 
women had tricuspid aortic valve, the others had bicuspid aortic valve. 
Bicuspid aortic valve is an anomaly that affects 2% of the population and 
can cause the formation of aortic aneurysms. The average age of the 
patients was 60 years. 

2.2. MRI examinations 

All patients underwent 4D flow MRI acquisition on a 3 T Siemens 
magnet (Skyra, Siemens Healthineers, Erlangen, Germany) after the 
injection of a Gadolinium-based contrast agent. The 4D flow MRI was 
retrospective electrocardiogram (ECG) gated during free breathing. The 
diaphragm movement was managed using an echo navigator. In our 4D 
flow MRI protocol, 25 time steps of the cardiac cycle were acquired with 
a time resolution of 24 to 52 ms according to the patient’s heart rate. The 
spatial resolution was set at 2 × 2 × 2 mm3 and the velocity encoding 
(Venc) in the range of 200 to 800 cm/s. Echo and repetition times were 
set between 2.1 and 2.3 and 38.5–40 ms, respectively. The acquisition 
took 10 to 15 min according to the patient. During the image recon-
struction, non-uniform intensity correction and a 2D distortion correc-
tion were performed. 

The FLASH sequence (Fast Low Angle SHot) was used for the 

acquisition of the cine-MRI. The acquisition was performed during 
breath-hold in a plane perpendicular to the aorta at the level of the 
pulmonary trunk. From this sequence, 35 phases of the cardiac cycle 
were acquired with a temporal resolution between 20 and 34 ms. The 
spatial resolution was set between 1.25 × 1.25 and 1.9 × 1.9 mm2. The 
echo and repetition time were equal to. 

3. 42 and 34 ms, respectively

3.1. Ground truth generation 

For the training and performance evaluation of the deep learning- 
based segmentation algorithm, an image analyst generated 4D manual 
segmentations of the aorta (five different time points for each patient). 
Segmentations were generated using the ITK-SNAP software [11]. ITK- 
SNAP software allows segmentation in sagittal, axial, or coronal orien-
tations and has as reference the three views simultaneously displayed 
during the drawing. Then, the 3D segmentation for each time frame was 
done considering these three planes. In the segmentation generated with 
ITK-SNAP, the aortic lumen is labeled and not only the border. To select 
the frames to be segmented, we calculated the average velocity at each 
time step on an axial 2D plane at the level of the ascending aorta (AAo). 
This plane is extracted from the 4D flow MRI. Since the acquisition 
begins at the end of diastole, the first image was segmented for all pa-
tients. The frame corresponding to the maximum average velocity 
computed was also segmented as systolic phase. To reduce the time of 
the manual segmentation of the remaining three frames, the diastolic 
segmentation was taken as the starting segmentation and corrected to fit 
the aorta of the frames numbered 15, 20, and 25. Because of the low 
quality of the magnitude images, it is impossible to define accurately the 
border of the brachiocephalic artery, left common carotid artery, and 
left subclavian artery. For this reason, these arteries were not included in 
the segmentation. Moreover, since the drawing of the aortic valve si-
nuses from 4D flow MRI is very difficult and subject to inter observer- 
variability, a flat segmentation was performed at the level of the 
aortic sinuses. All the manual segmentations were reviewed by a clinical 
expert. 

4. Method

4.1. Network architecture 

The neural network used is based on 3D U-Net (Fig. 1). It is composed 
of one encoder and one decoder path with skip connections [12]. Its 
architecture is four levels deep, meaning there are four spatial sampling 
operations. The encoder path is composed of convolution layers with a 
kernel size of 3 × 3 × 3 pixels followed with batch normalization and 
rectified linear unit (ReLu) activation layers. Max pooling with a stride 
of two is used to move to the next level. To perform the expansion in the 
decoder path, an up-sampling operation is performed. Finally, the 
probability of a pixel belonging to the aorta or background is obtained 
with the softmax function. The images were cropped or padded 
considering the mean size on the database for the x and y axes. For the z 
axis, the maximum size was set. Thus, a size of 146 × 176 × 44 voxels 
were obtained for all the images. Then, to speed up the training, the 
spacing was transformed to 4 × 4 × 4 mm3, so the size of the input 
images to the network was 73 × 88 × 22 voxels. 

4.2. Training of the network 

Before training the model, the magnitude images were normalized 
independently between 0 and 1. The model was implemented in 
PyTorch [13] and was trained for 500 epochs with a batch size equal to 
four. The Adam optimizer was used with the Dice loss. The latter was 
computed by excluding the background to only focus on the aorta. The 
learning rate was initialized at 0.01 and reduced by a factor equal to ten 
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once validation loss stopped improving. As our dataset is small, the 3D 
U-Net was trained with a leave-one-patient-out cross validation strategy. 
Leave-one-patient-out cross-validation strategy is a specific application 
of k-fold cross validation, where k is equal to the number of patients. 
Thus, for each patient selected as a test set, 35 patients (35 patients × 5 
frames = 175 frames) were used for training. The five manually 
segmented frames of the test patient were used for testing. There is no 
validation set. It should be noted that this 3D U-Net-based 4D segmen-
tation approach treats each frame as an independent sample. As post- 
processing, the largest connected component in the segmentation was 
identified and selected. Later, segmentation smoothing was performed 
with morphological opening filter. 

4.3. Performance evaluation 

To perform a global and a local analysis of the segmentation results, 
the aorta was divided into AAo including the arch (AAo + Arch) and the 
descending thoracic aorta (TDAo). 

The overlap between the manual (A) and the automatic (B) seg-
mentations was measured using the DSC to obtain information on the 
global segmentation performance (Eq. (1)). This index is bounded be-
tween zero and one, one represents a perfect overlap, and zero means no 
overlap 

DSC(A,B) = 2
A ∩ B

|A| + |B|
(1) 

To analyze the error at the level of the contour and to detect outliers, 
the Hausdorff distance (HD) was calculated. In the case of two finite 
point sets A = [a1, …, ap] and B = [b1, …, bp], the Hausdorff is defined as 
follows: 

HD(A,B) = max(h(A,B) , h(B,A) ) (2)  

where 

h(A,B) = max
a∈A

min
b∈B

‖a − b‖ (3) 

h(A,B) is the one-sided HD and ‖⋅‖ is a measure of distance as the 
Euclidean norm. Thus, the function h(A,B) identifies the point a farthest 
from any point of B. Then, it measures the distance from a to its nearest 
neighbor in B [14]. 

The minimum and maximum surfaces over the cardiac cycle were 
computed in a 2D + time axial plane extracted from the 4D segmenta-
tion of the aorta, taking as reference the pulmonary trunk. To take into 
account for the soft temporal displacement of the aorta from diastole to 

systole we lastly apply a morphological opening filter on the extracted 
2D + time axial plane using a ball structuring element of radius 2 mm. 

For comparison, the minimum and maximum reference surfaces 
were computed from the 2D + time cine-MRI in the same localization 
with an automatic algorithm based on the method described by Miteran 
et al. [15]. 

Pearson correlation of the minimum and maximum surface values 
obtained from 4D flow MRI and cine-MRI were calculated in order to 
measure the association between two sets of area values acquired with 
the two different approaches. Moreover, in order to determine if there is 
a statistical difference between the mean of these two sets of data, a 
paired sample t-test was performed after testing the normality of the 
samples with Shapiro-Wilk test. The paired sample t-test is comple-
mentary. For static tests, a confidence interval of 99% is considered. 
Finally, the maximum and minimum surface areas were compared using 
Bland-Altman analysis [16]. 

As our method is fully automatic and requires no interaction with 
experts during the process, the study of its reproducibility is not 
necessary. 

5. Results

The average global segmentation performance over the 180 frames
was 0.90 ± 0.02 and 9.58 ± 4.36 mm for DSC and HD, respectively. 
Locally, similar performance was obtained for the AAo + Arch and TDAo 
(Table 1). Fig. 2 shows the patients with the best and worst segmentation 
results concerning the global 3D DSC and global 3D HD. The lowest 
segmentation performance concerning HD occurred in a patient with 
signal degradation at the distal TDAo level during acquisition. However, 
this is an outlier, and the rest of the patients obtained a lower one-sided 
HD, as shown in Fig. 3. 

The maximum and minimum surfaces areas obtained from 4D flow 
MRI and cine-MRI showed a high correlation with a correlation coeffi-
cient r of 0.85, and 0.86 respectively. The regression plots are presented 
in Fig. 4 and Fig. 5. 

Fig. 1. 3D U-Net architecture used. The numbers above the blocks indicate the number of feature maps.  

Table 1 
Average performance of 3D U-net in 4D aortic segmentation from 4D flow MRI.  

AAo + Arch TDAo GLOBAL 

DSC HD (mm) DSC HD (mm) DSC HD (mm) 

0.90 ±
0.02 

8.75 ±
3.00 

0.89 ±
0.02 

7.19 ±
6.03 

0.90 ±
0.02 

9.58 ±
4.36  
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The paired sampled t-test showed that there is no significant statis-
tical difference between the minimum surfaces calculated from 4D flow 
MRI and cine-MRI. Here the null hypothesis of zero mean was approved 
with a p-value = 0.15 [CI: − 36.70123.62]. For the paired t-test carried 
out with the maximum surfaces, the p-value obtained was right on the 
acceptance limit of the null hypothesis of no significant difference, p- 
value = 0.0097 [CI: − 163.82 -0.37]. The Bland-Altman analysis be-
tween the maximum surface measured with cine-MRI and 4D flow MRI 
showed an average difference of − 82.12 ± 174.63 mm2. For the mini-
mum surface, the average difference was 43.56 ± 171.25 mm2 (Fig. 6). 

The training of the U-Net model took about one hour for each 

Fig. 2. Slices for patients with the highest 
(left image) and lowest (right image) per-
formance concerning the 3D DSC and the 3D 
HD measured. On the bottom, the automatic 
segmentation (green and red colors) is 
superimposed on the manual segmentation 
(in white). The 2D plane displayed repre-
sents the one extracted at the level of the 
pulmonary trunk for the maximum and 
minimum surface area evaluation. (For 
interpretation of the references to colour in 
this figure legend, the reader is referred to 
the web version of this article.)   

Fig. 3. Patients with the lowest and highest Hausdorff distance a) Slice of the 
gray intensity image. b) One-sided HD map computed between the manual and 
automatic segmentation for the slice of the gray image. 

Fig. 4. Correlation of the maximum surface calculated from 4D flow MRI and 
from cine-MRI. r is the correlation coefficient obtained between the 
maximum surfaces. 

Fig. 5. Correlation of the minimum surface calculated from 4D flow MRI and 
from cine-MRI. r is the correlation coefficient obtained between the mini-
mum surfaces. 
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patient. The prediction of the whole cardiac cycle segmentation took 
only about 10 s for each patient on a laptop workstation Dell Precision 
7540 with CPU Intel Core i7-9850H at 2.60GHz processor. In compari-
son, manual segmentation from scratch of a single frame takes about 3 h 
(75 h for all time frame per patient. 

6. Discussion

In this study, we segmented the thoracic aorta over the cardiac cycle
in patients with aneurysms by using a method based on the one proposed 
by Bustamante et al. [10]. Then, for each time point of the cardiac cycle, 
the aorta was segmented using a 3D U-Net model on the magnitude 
image of the 4D flow MRI. By doing so, we avoid the biases inherent in 
the generation of new images from 4D flow MRI. Compared to the work 
of the Bustamante et al. [10], dilated aorta segmentation is more chal-
lenging than segmentation on healthy patients due to image degrada-
tion. The reduction in quality is generally caused by cardiac arrhythmia 
and double systole peaks in the ECG that affect the acquisition, in 
particular when it is retrospective gating. Thus, the aim of evaluating 
this approach was to contribute to the standardization of automatic 4D 
aortic segmentation techniques from 4D flow MRI by presenting the 
segmentation results in a dataset of patients with TAA. Moreover, it is 
important to note that the way we have constructed our ground truth 
differs from theirs. In their case, an inter-patient multi-atlas-based seg-
mentation method was used to segment the end of systole and of. 

diastole before applying an intra-patient registration algorithm to 
segment the other time frames. The quality of the ground truths 
generated with this method is related to the parameters chosen by the 
user for the registration, which are generally not adequate for all pa-
tients. Segmentation may even fail for some patients. It is the case for 
about 4% of patients in Bustamante et al.’s database. In our case, for all 
patients, we segmented manually five time frames and they were all 
reviewed by an expert. With manually generated ground truths, the 
model’s performance is directly compared to that of an expert, avoiding 
the propagation of errors from an automatic method to the evaluated 
one. 

On our dataset, the evaluated method gives promising results. The 
average DSC value computed on 180 volumes was 0.9 ± 0.02. The 
lowest performance was presented in a frame corresponding to diastole. 
The low performance was directly related to signal loss during acquisi-
tion in the distal TDAo. However, in this frame, the degradation did not 
affect the AAo + Arch or the proximal TDAo, and a low HD were ob-
tained in these regions (Fig. 3). In general, discrepancies between 
manual and automatic segmentations occurred at the level of the aortic 
valve or at the level of the aortic arch. In these regions, the differences 
were generally around 5 voxels (for 87% of the samples), relatively low 
considering particularly the challenges in drawing. 

the valve both manually and automatically. Specifically, the dis-
crepancies at the level of the aortic valve might be due to the manual 
segmentation which is flat at this location. At the level of the aortic arch, 
the automatic segmentation sometimes includes voxels belonging to the 
brachiocephalic arteries. These voxels are considered as segmentation 
errors since they are not present in the manual segmentation. Our results 
are comparable to those obtained by Bustamante et al. [10] (average 
DSC = 0.93 ± 0.03) with a database without TAA. Concerning 3D 
PCMRA aortic segmentation methods, Berhane et al. [7] achieved a 
slightly better performance than ours for DSC, obtaining a median of 
0.95. Although segmentation from PCMRA is facilitated by contrast 
enhancement between the aorta and the background, the position of the 
aorta during the cardiac cycle is questionable. In addition, generating 
this image can result in PCMRAs with degradation of aorta shape, 
mainly at the level of the aortic valve. 

For further analysis of the behavior of the segmentation method in 
the temporal dimension, its ability to adapt to the different shapes of the 
aorta during the cardiac cycle was evaluated. For this purpose, the 
maximum and minimum surfaces calculated in a 2D + time image 
extracted from the 4D segmentation was compared with the ones 
extracted from 2D + time cine-MRI. The maximum and minimum sur-
faces are relevant as metrics because they represent the dynamic 
expansion of the aorta exerted to soften the pressure on the wall caused 
by the variable blood flow during the cardiac cycle. In the presence of 
aortic pathologies, the elasticity of the aorta could be affected [17], and 
these measurements could provide information about it. One might also 
evaluate the efficiency of our method by comparing the volume of the 
thoracic aorta obtained with our automatic method and by manual 
drawing, but it is difficult to define accurately and in a reproducible way 
the planes corresponding to the beginning and the end of these volumes. 
Thus, we prefer to consider the surfaces obtained at a well-defined 
anatomically plane. Both 2D + time images were located perpendic-
ular to the axis of the ascending aorta and taking as reference the pul-
monary trunk. Then, the maximum and minimum surfaces were 
calculated at the level of the AAo. For both surfaces, a strong correlation 
(correlation coefficients >0.85) with no statistically significant differ-
ences between the two methods was obtained. It should be noted that 
the highest difference between the two methods is obtained with the 
maximum surface area. In the t-test with maximum surfaces, the p-value 
at the limit of acceptance of the null hypothesis reflects this as well (cf. 
Fig. 6). This may be related to the different physiological conditions 
during the acquisition and the kind of imaging protocols for cine-MRI 
and 4D flow MRI. In particular, a force is exerted on the thorax by 
holding the breath during the cine-MRI acquisition as the 4D flow MRI 
acquisition is in free breathing. Moreover, the temporal resolution of 
this sequence is better than 4D flow MRI. 

The segmentation performance and the maximum and minimum 

Fig. 6. Bland-Altman plots of the maximum and minimum surface areas obtained at the level of the ascending aorta during the cardiac cycle.  
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surface analysis showed that it is possible to obtain reliable TAo seg-
mentations with the proposed method. In particular, the surface analysis 
results suggest that it is possible to calculate from 4D flow MRI metrics 
usually calculated in 2D + time sequences such as peak pressure or 
maximum diameter. Moreover, it also encourages the exploration of 
biomarkers correlated with aortic dilatation such as wall shear stress 
[18]. Indeed, in most of the studies, this parameter has been calculated 
usually assuming a static aorta. This assumption produces bias in the 
biomarker computation [19,20]. 

In the future, the database should be enlarged to include more 
anatomical differences between patients during the training and reduce 
the possible variance of the segmentation of new data. When the data-
base is sufficiently developed, it will be interesting to evaluate the 
possibility of a learning method integrating the temporal dimension to 
compare the results obtained with a succession of 3D segmentations, as 
presented in this study, to those obtained with a 4D approach. Moreover, 
the use of images acquired from a single MRI scan is a limitation. For a 
broader evaluation, a multi-center study should be considered. 

7. Conclusion

The method evaluated in this paper for 4D segmentation of dilated
aorta from 4D flow MRI magnitude images showed results comparable 
to those obtained in recent works for 4D segmentation of subjects 
without this pathology. Results shows that the 3D model adapts to the 
various shapes of the aorta during the cardiac cycle. Thus, the proposed 
approach of 4D aortic segmentation from 4D flow MRI could contribute 
to the expanded use of 4D flow MRI in the analysis of pathologies such as 
TAA. The results encourage further exploration of biomarkers correlated 
with aortic dilatation, such as wall share stress that, due to the challenge 
in 4D segmentation, have currently been evaluated assuming a static 
aorta. 
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