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Computed tomography angiography (CTA) has become the main imaging technique for cardiovascular diseases. Before
performing the transcatheter aortic valve intervention (TAVI) operation, segmenting images of the aortic sinus and
nearby cardiovascular tissue from enhanced images of the human heart is essential for auxiliary diagnosis and guiding
doctors to make treatment plans. This paper proposes a nnU-Net (no-new-Net) framework based on deep learning (DL)
methods to segment the aorta and the heart tissue near the aortic valve in cardiac CTA images, and verifies its accuracy
and effectiveness. Total 130 sets of cardiac CTA image data (88 training sets, 22 validation sets and 20 test sets) of
different subjects have been used for the study. The advantage of the nnU-Net model is that it can automatically perform
preprocessing and data augmentation according to the input image data, can dynamically adjust the network structure
and parameter configuration, and has a high model generalization ability. Experimental results show that the DL method
based on nnU-Net can accurately and effectively complete the segmentation task of cardiac aorta and cardiac tissue near
the root on the cardiac CTA dataset, and achieve an average Dice similarity coefficient (DSC) of 0.9698+0.0081. The
actual inference segmentation effect basically meets the preoperative needs of the clinic. Using the DL method based
on the nnU-Net model solves the problems of low accuracy in threshold segmentation, bad segmentation of organs with
fuzzy edges, and poor adaptability to different patients’ cardiac CTA images. nnU-Net will become an excellent DL
technology in cardiac CTA image segmentation tasks.

Computer preoperative simulation and preoperative eval-
uation have great significance in the process of tran-
scatheter aortic valve intervention (TAVI). The segmen-
tation and extraction of the aorta based on cardiac com-
puted tomography angiography (CTA) images is an im-
portant basic work in TAVI operation simulation. To
date, a variety of calculation methods have been proposed
to segment cardiac CTA images. These methods can be
roughly divided into traditional methods and DL methods.
Traditional methods include the 3D hierarchical region
growing algorithm', morphological method?, combination
of Hough transform and region growing algorithm?, active
contour model algorithm*, and suitable shape variabil-
ity model based on piecewise affine degrees of freedom®.
Generally, the traditional cardiac segmentation method
has a faster speed, but the segmentation results of tradi-
tional algorithms are easily affected by problems such as
image contrast quality and other cardiac tissue interfer-
ence. The segmentation accuracy of traditional methods is
often poor when used for cardiac CTA images of a variety
of subjects, and thus, these methods are not widely used in
clinical practice.

In recent years, the rapid development of deep learning
(DL) has greatly promoted the process of cardiac CTA seg-
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FIG. 1: Coronal view of a cardiac CT scan.

mentation, and an increasing number of DL methods have
shown better performance than traditional methods. Car-
diac CTA image segmentation remains challenging due to
the heterogeneity and complexity of cardiac CTA image
data, and the lack of cardiac CTA images with annota-
tions is also a major problem. Convolutional neural net-
works have been widely used as a deep learning method for
segmentation of organs and pathological tissues in medi-
cal images. Christian F. Baumgartner et al.” studied the



heart segmentation tasks of 2D CNNs and 3D CNN:s, ex-
plored the use of a few parameters, and showed that us-
ing an optimized 2D CNN — produced better results than
using a 3D CNN. Pablo G. Tahoces et al.® proposed a
method based on pretrained CNN models that can effec-
tively detect the aortic root. Duanduan Chen et al.” pro-
posed a CNN based multistage segmentation framework
that can effectively segment aortic dissection from CT im-
ages. Ronneberger et al.'” proposed a new fully convo-
lutional neural network U-net based on FCN'!, which is
suitable for smaller datasets. The U-net network uses a
skip connection to connect the downsampling layer and
the upsampling layer, allowing the network to train fewer
images but obtain better results. The U-net network per-
forms very well in the field of medical image segmentation.
As a result, many scholars have used the U-net network
as the basic framework for medical segmentation tasks.
Lohendran Baskaran et al.'” used U-net to automatically
segment multiple cardiovascular structures from cardiac
CTA. In addition, 3D U-Net!? is an improvement of 2D U-
Net. Marija Habijan et al.'* proposed a whole heart struc-
ture segmentation based on 3D U-Net combined with prin-
cipal component analysis (PCA) as an additional data aug-
mentation technique and discussed the effect of different
learning rates on the final segmentation results. Although
the abovementioned DL methods can generally obtain a
better segmentation effect, for different subject data, it is
necessary to manually adjust the model parameters in the
preprocessing and postprocessing operations before train-
ing. As a result, the generalization performance of the
model is low and cannot meet the needs of complex clin-
ical applications.

The proposed model nnU-Net (no-new-Net)!® is a DL
network model applied to medical image segmentation
tasks. The network is based on the U-Net structure, and
the essential parts are preprocessing, training, inference
strategies and postprocessing. The core idea is to auto-
matically adjust the parameters in data preprocessing ac-
cording to the characteristics of the different datasets that
are input and to automatically adjust the hyperparame-
ters in the training network according to the attributes
of different training sets and computer devices. nnU-Net
has demonstrated advanced performance in six recognized
segmentation challenges and has been widely used. Such
as caries detection and classification'®, segmentation of
whole breast and fibroglandular tissue!’, COVID-19 CT
lung and infection segmentation'®, and multiorgan ab-
dominal CT segmentation'®. However, to the best of our
knowledge, nnU-Net has not been applied to the image seg-
mentation task for preoperative simulation of cardiac aor-
tic valve surgery.

Cardiac CTA mainly includes aortic vessels, coronary
vessels, the left ventricle and other soft tissues. The pur-
pose of our experiment was to provide an image reference
for the preoperative simulation of aortic valve surgery. As
a result, the aortic valve and nearby tissues are the seg-
mentation objects that we focused on. As shown in Fig.
1, the aortic valve is at the root of the aorta and has a

nearly spherical structure in appearance. Its upper part
connects to the aorta, its lateral part connects to the coro-
nary artery, and its lower part connects to the left ventric-
ular outflow tract (the part of the left ventricle). Based on
the above structure, the key parts of the image data (DI-
COM format) of the subject are extracted. The ground
truth labeled images were generated by a thresholding op-
eration by replacing the pixel values within the annotated
area with 1 and the pixel values outside the annotated area
with 0. The original and labeled images are converted
from DICOM format (512 x 512 matrix) to NIFTI format
(512 x 512 matrix), which are used for training and infer-
ence of the nnU-Net model.

Based on the classical U-shaped encoder-decoder ar-
chitecture, nnU-Net performs data augmentation, image
cropping, resampling, and data normalization operations
based on image modality, voxel spacing, and resolution
properties. Data augmentation uses rotation, scaling,
gaussian noise, gaussian blur, brightness processing, con-
trast adjust, simulation of low-resolution, gamma aug-
mentation and mirroring. An interpolation algorithm is
used for resampling. The X and Y axis use the cubic spline
interpolation method, and the Z axis use the nearest neigh-
bor interpolation method. The CT value range of the pix-
els at the label position in the dataset was calculated, and
the CT value was cropped in the range of 0.5% to 99.5%
to normalize the image data. Image inference is through
a sliding window. The size of the window is equal to the
patch size during training. To suppress artifacts gener-
ated during the stitching process and reduce the influence
of positions close to the image boundary, Gaussian im-
portance weighting is used to suppress stitching artifacts.
Taking cardiac CTA images with different image param-
eters as the research object, the model is trained, and the
segmentation performance is evaluated. The segmentation
results will be used in the preoperative simulation of TAVI.

I. MATERIAL PREPARATION

The cardiac CTA data of the subjects in this study is ob-
tained from the Department of Cardiology, the People’s Hos-
pital of China Medical University and Key Laboratory of Car-
diovascular Imaging and Research of Liaoning Province. To-
tal 130 cases of 3D scanned cardiac data were collected from
2019 to 2021, including 88 cases in the training set, 22 cases
in the validation set, and 20 cases in the test set. Subjects
range in age from 44 to 82, with a mean age of 56.36. This
study was approved by the Ethics Committee of the hospital,
and informed consent was obtained from all individuals who
participated in the study. The dataset consisted of general
cases and cases of coronary and aortic vascular calcification
and had different clinical imaging parameters. Information on
the imaging acquisition parameters are shown in the TABLE
L.

The dataset labels were semiautomatically segmented by
the clinician using the ITK-SNAP? software . As shown in
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FIG. 2: The workflow of initial annotation by using ITK-SNAP.
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FIG. 3: The deep learning network architecture.

Fig. 2, the segmentation sites mainly included the aorta, the
valsalva sinuses, the left and right proximal coronary arteries,
and the left ventricle. The window width and window posi-
tion were first adjusted to consider the region that contained
the contrast, and then, the desired site was obtained by plac-
ing seed points and adjusting the growth range by the region
growth algorithm to obtain the final segmentation result. The
segmented images were examined by medical imaging spe-
cialists and the final result was identified as the correct label-
ing result of the training and verification (i.e., ground truth).

Il. CARDIOVASCULAR SEGMENTATION NETWORK
BASED ON NNU-NET

The main task of this research was to segment the aortic
valve and nearby tissues. Here, nnU-Net was used as the
Backbone. A 3D full resolution U-Net was automatically gen-
erated by nnU-Net for the cardiac CTA images. nnU-Net will
preprocess the input data, and the nnU-Net network model
would automatically generate the hyperparameters required
for model training based on the preprocessed data and GPU
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FIG. 4: Performance statistics of the model (DSC, Jac, Acc, Spe). Higher values of these four indicators indicate better results.
(a) : Dice Similarity Coefficient, (b) : Jaccard, (c) : Accuracy and (d) : Specificity.

TABLE I: A summary infomation of the used datasets.

LS® VR VR SR¢ SR TS4
(X,Y®) (2% (XY, (mm)) (Z,(mm))
Training 88 512 212~ 03301~ 044~ 27210
set 399 0.5957 0.625
Validation 22 512 261~ 03379~ 045~ 6773
set 399 0.5566 0.625
Test 20 512 247~ 04297 ~ 045 6576
set 356 0.5801

2 LS: Labeled scans.
b VR: Voxel range.

¢ SR: Spacing range.
4 TS: Total slices

¢ X,Y, Z: Axis.

memory size. The patch is 96 x 160 x 160 size and the mini-
mum batch size was set to 2. As shown in Fig. 3, a U-shaped
network linking the encoder path and decoder path by skip
connection is trained for segmentation tasks. The convolu-
tional block of each path contains two convolutional kernels

of 2 x 2 x 2 size. An instance normalization (IN) layer and
a Leaky rectified linear unit (Lakey ReLLU) are connected af-
ter the convolutional kernels. Downsampling uses max pool-
ing with a 2 x 2 x 2 size to reduce the image resolution, and
the downsampling process ends with 320 feature maps of
4 x 4 x 4 size, which are then recovered in size by the decoder
path. The upsampling in the decoder path is implemented by
2 x 2 x 2 size deconvolution, and the output segment map is
obtained by softmax through the feature map and the 1 x 1 x 1
size convolution kernel.

We combine the dice loss and cross-entropy loss to train
the network. Dice loss is more suitable for data with hetero-
geneous samples. However, using dice loss has a bad effect on
backpropagation, making the training unstable and the train-
ing error curve confusing, which makes it difficult to see the
convergence information. The cross-entropy loss represents
the distance between the actual output (probability) and the
desired output (probability). In other words, the smaller the
value of its result, the closer the two probability distributions,
but cross-entropy only cares about the accuracy of the pre-
dicted probability for the correct label, ignoring the difference
of the other incorrect labels, and thus, the learned features are
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FIG. 5: Performance statistics of model (TPR, FPR). (a) : True Positive Rate and (b) : False Positive Rate.
TABLE II: Summary of the results of validation set and test set used in nnU-Net model.
Dice Jac Acc Spe TPR FPR
Validation 0.9486+ 0.9029+ 0.9855+ 0.9928+ 0.9412+ 0.0071+

set 0.0211 0.0343 0.0063 0.0053 0.0258 0.0053
Test 0.9698+ 0.9414+ 0.9989+ 0.9994+ 0.9731+ 0.0006t
set 0.0081 0.0152 0.0004 0.0005 0.0223 0.0005

scattered. Therefore, the method of combining the two losses
are chosen to improve the stability of the training and improve
the accuracy of the segmentation. The loss function Lo, i
determined as the sum of the dice loss Lp;ice and cross entropy
loss Lcg, and the formulas are as follows:

Ltotal = Lpice + LcE (1)

) ngnyn
Lpice = 0 (2)

K] k;; L Pit LY
neN
1
LCE:NZ_[yil'ln(Pn)+(1_)’n)'ln(l_pn)] 3)
neN

where K is the number of categories (K is 2 in this study),
y is the one-hot encoding value, p is the softmax output prob-
ability, and N is the number of volume pixels in the training
batch.

In this paper, based on the PyTorch platform, an SGD op-
timizer with Nesterov momentum set to 0.99 was selected ,
and the initial learning rate was set to 0.01. A total of 1000
epochs were trained, and each epoch was defined as the it-
erative optimization of 250 batches. Fivefold cross validation
was used in the network training process to improve the gener-
alization ability of the model. The experimental environment

was an Intel (R) Xeon (R) CPU E5-2680 v4 @ 2.40 GHz %56,
NVIDIA GeForce GTX 3070 8 GB, 188 GB running memory
and Ubuntu 18.04.5 LTS operating system.

Ill. SEGMENTATION PERFORMANCE EVALUATION
AND RESULTS

To verify the segmentation performance of the model, the
experimental results can be further objectively evaluated. We
use the Dice similarity coefficient (DSC), Jaccard coefficient
(Jac), Accuracy (Acc), and Specificity (Spe) as indicators.
The formulas of the above index are shown below. Where
TP, FP, TN, and FN represent true positive, false positive, true
negative and false negative, respectively.

2x TP
DSC — x )
TP+FP+TP+FN
TP
P — (5)
TP+FP+TN
TP+TN
Acc = + ©)
TP+TN+FP+FN
TN
Spe= ——— (7N

TN+FP



TABLE III: Dice values of our solution and other methods

Author Method Test Medical tissue Dice
set segmentation area
Cheungetal?l 2D U-net 14 Aortic and 0.912

coronary arteries

Alice et al.22 2D Multi-view 10 Aortic lumen 0.92+

integration 0.001

Yu et al.23 3D U-net 25 Entire aorta 0.958
Ours 3D nnU-net 20 Aorticrootand 0.9698+

nearby tissues 0.0081

The performance statistics of the model relative to the val-
idation set during training are given in Fig. 4. The metrics
of the cardiac CTA aortic segmentation images obtained are
relative to the validation set, and lead to better results in the
test set. The comparison results are all shown as the mean +
standard in TABLE II

It can be seen from the performance metrics data that the
four metrics of the model gradually smooth out and converge
as the number of training rounds increases. Especially after
800 rounds of epoch training, the performance parameters of
the model converge to a more stable result. However, the vol-
ume of the region of interest that we need to segment is rel-
atively large compared with segmenting only the aorta and
coronary arteries>'. However, the segmentation results using
this model are clearly not affected by the volume size of the
segmented region and maintain an excellent and stable result
overall from the final results. This finding shows that the DL
method based on nnU-Net not only saves considerable time
and ensures reliable accuracy compared with manual segmen-
tation, but also has better generalization ability compared with
other DL methods that require manual parameter adjustment.

For the evaluation of the performance of medical image
segmentation models, there is usually a TPR (true positive
rate) and an FPR (false positive rate). The formulas are as
follows:

TP
TPR= ————— ()
TP+FN
FP
FPR= —— 9
FP+TN ©)

Medical images segmented by DL are prone to overseg-
mentation. In other words, they can generate excessive FPR.
As shown in Fig. 5, The comparison results were all shown as
mean =+ standard in TABLE II. The result has a higher TPR
and a lower FPR, which indicates that the model can maxi-
mize avoiding oversegmentation.

At present, the automated methods developed to process
cardiac CTA images are still very few, and the majority of
them dose not provide sufficient details to make comparison
with our method due to the differences in the specific segmen-
tation region. We could not make an objective comparison
of segmentation accuracy based on various clinical datasets.

In general, deep learning frameworks are superior to classical
methods, and the results of our method have shown the advan-
tage. We make the comparison between several deep learning
methods. The Dice values reported in the literatures [21-23]
are presented in TABLE III, and higher Dice scores can be
obtained by our proposed method. In addition, our segmenta-
tion model was applied to Key Laboratory of Cardiovascular
Imaging and Research of Liaoning Province, and its segmen-
tation performed also very well.

In deep-learning-based methods, parameters need to be
tuned accordingly when working with different datasets or
exploring clinical applications. The nnU-Net method avoids
complex and tedious parameter setting through adaptive pre-
processing and postprocessing, as well as a robust training
strategy. Therefore, integrating this method into the clinical
application of TAVI can provide a good basis for subsequent
research. To further evaluate the stability and performance of
the nnU-Net method, more medical institution datasets to ob-
tain a more robust model are required.

The cardiac CTA images of the subjects are shown from the
axial view, sagittal view, coronal view, and 3D view, as shown
in Fig. 6. The DL method using nnU-Net was evaluated on the
cardiac CTA images of 20 subjects, and our inference results
were compared with manually segmented pictures in differ-
ent views, especially the key parts of the aorta, valsalva sinus,
coronary arteries, and left ventricle. From the inferred images,
a high degree of similarity to the labeled images was main-
tained overall, but the segmentation of the proximal coronary
arteries were slightly shorter than the coronary artery part of
the label. However, the proximal segmentation of the coro-
nary arteries were slightly shorter relative to the labeled coro-
nary portion, which did not have a significant impact on the
segmentation metrics due to the small proportion of coronary
volume in the overall picture. Our purpose in segmenting car-
diac CTA images carrying a portion of the coronary artery was
to assess the effect of cardiac valve stents on coronary port oc-
clusion. As a result, the segmentation length of the coronary
artery does not affect the actual preoperative simulation re-
quirements.

The DL method based on nnU-Net can complete cardiac
CTA image segmentation accurately and effectively on car-
diac CTA datasets, and the predicted images have high agree-
ment with the labeled images. Especially for the segmentation
of the aorta and aortic valve and left ventricular outflow tract,
no further manual repair is required. The ability to segment
the aorta and the proximal border of the coronary artery, the
left ventricle, and not too much soft tissue (e.g. pericardium,
atrium) better indicates that the confidence of its segmenta-
tion results is high. As shown in Fig. 7, its segmentation
results can be converted into stereolithography (STL) files for
3D printing surgical evaluation and hemodynamic analysis,
which can be used as a reference for TAVI, which basically
meets the requirements of preoperative simulation.
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FIG. 6: The results of segmentation of representative cases with two different cardiac CTA imaging parameters using nnU-Net.
The original image, ground truth image and prediction image of two cases (A,B) were compared from axial, sagittal, coronal
and 3D view respectively. From top to down: original image, ground truth image and prediction image.
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FIG. 7: The segmentation results of the cardiac CTA image is converted into STL files. These are the GT and DL segmentation
results for five cases (A, B, C, D, E) and are displayed in 3D view by minics software. From the 3D view, the segmentation
results had clear outline and vascular structures. Five cases with Dice of (A) 0.9826, (B) 0.9632, (C) 0.9771, (D) 0.9822 and
(E) 0.9723.



IV. SUMMARIZES

In this paper, we studied the DL method based on nnU-Net
for the segmentation of cardiac CTA images. and obtained
a better DSC result of 0.9698+0.0081 by training and test-
ing the model on cardiac CTA image data with different pa-
rameters. The trained model was tested for inference and its
results illustrate that the model can segment the valsalva si-
nusesand nearby cardiovascular system accurately and effec-
tively. Compared with traditional methods, it not only ensures
a high accuracy but also minimizes the impact of multiple
types of patient data and image quality on the segmentation
results. Compared with other DL methods, there is no need
to manually adjust the network parameters, which is of high
clinical application in processing cardiac CTA images and can
provide powerful help for preoperative simulation of TAVI. In
future work, we will continue to investigate the segmentation
of the model in cardiac CTA images of patients with differ-
ent degrees of aortic valve calcification, and will further im-
prove the segmentation performance and shorten the segmen-
tation time by increasing the training dataset and optimizing
the model.
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