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ABSTRACT

4D cardiac CT angiography (CCTA) images acquired for transcatheter aortic valve implantation (TAVI) planning
provide a wealth of information about the morphology of the heart throughout the cardiac cycle. We propose
a deep learning method to automatically segment the cardiac chambers and myocardium in 4D CCTA. We
obtain automatic segmentations in 472 patients and use these to automatically identify end-systolic (ES) and
end-diastolic (ED) phases, and to determine the left ventricular ejection fraction (LVEF). Our results show
that automatic segmentation of cardiac structures through the cardiac cycle is feasible (median Dice similarity
coefficient 0.908, median average symmetric surface distance 1.59 mm). Moreover, we demonstrate that these
segmentations can be used to accurately identify ES and ED phases (bias [limits of agreement] of 1.81 [-11.0;
14.7]% and -0.02 [-14.1; 14.1]%). Finally, we show that there is correspondence between LVEF values determined
from CCTA and echocardiography (-1.71 [-25.0; 21.6]%). Our automatic deep learning approach to segmentation
has the potential to routinely extract functional information from 4D CCTA.

Keywords: Whole-heart segmentation, 4D cardiac CT angiography, transcatheter aortic valve implantation,
deep learning, left ventricular ejection fraction

1. INTRODUCTION

Transcatheter aortic valve implantation (TAVI) is the preferred treatment for high-risk patients with severe aortic
stenosis requiring intervention and recent evidence suggests that it might have potential for lower risk patients
as well.1 Acquisition of retrospectively ECG-triggered 4D cardiac CT angiography (CCTA) is a prerequisite
for TAVI treatment planning. Such data consist of 10-20 3D CCTA images acquired at fixed time intervals
over the cardiac cycle that allow the necessary measurements for intervention planning: valve prosthesis sizing,
quantification of valvular calcification, and determination of the optimal access route for valve implantation.2,3

Furthermore, 4D CCTA provides a unique view of the cardiac anatomy throughout the cardiac cycle. Hence,
segmentations of the cardiac chambers and the myocardium in these studies could potentially be used to inspect
myocardial motion and deformation, and to quantify cardiac function. Specifically, computing the volume of
the left ventricular (LV) cavity in the end-systolic (ES) and end-diastolic (ED) phases allows computing the left
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Figure 1. 4D CCTA data for one patient undergoing TAVI treatment planning, with automatic segmentations of the
cardiac chambers and left ventricular (LV) myocardium at 15%, 35% (end-systole [ES]), 55%, 75%, and 95% (end-diastole
[ED]) of the cardiac cycle. Derived volumes of the LV cavity are used to determine the ES and ED phases, and to calculate
the LV ejection fraction, which is 71.8% in this patient.

ventricular ejection fraction (LVEF). The LVEF is a well-known biomarker for cardiac function that is standardly
determined using cardiac MRI or echocardiography.4

Obtaining manual segmentations of cardiac chambers in 3D CCTA images is extremely tedious and time-
consuming, and this challenge is exacerbated twenty-fold in 4D CCTA studies. Therefore, automatic methods
have been developed for CCTA segmentation.5–9 Thus far, such methods have not been used to automatically
segment 4D TAVI treatment planning CCTA. TAVI is planned only for patients with a severe aortic valve
stenosis and high co-morbidity and thus, images frequently contain imaging artifacts caused by metal implants,
large atherosclerotic calcifications, or other pathology making automatic analysis challenging. To address this, we
propose a deep learning method for automatic and robust segmentation of the cardiac chambers and myocardium
in 4D TAVI treatment planning CCTA images throughout the cardiac cycle (Fig. 1). We show that this method
can be used to accurately segment the cardiac chambers and myocardium and thereby derive volumes of these
cardiac structures in different cardiac phases. Moreover, we use segmentations and volumetric measurements
to automatically identify the ES and ED phases, and assess LV function by means of the LVEF. Finally, we
compare automatically obtained LVEF values to those obtained using echocardiography.

2. MATERIAL AND METHODS

2.1 Data

We retrospectively collected data from patients that underwent TAVI treatment planning at the Amsterdam
University Medical Centers, location AMC (Amsterdam, The Netherlands) between 2013 and 2019. We included
472 patients in total (250 men, age 79.2±6.9 [range 36–93]). The data was acquired on two different CT
scanners (SOMATOM Force, Siemens Healthcare, Erlangen, Germany; Brilliance 64, Philips Healthcare, Best,
Netherlands) with 70–120 kVp and tube currents of 190–2598 mAs. The images were reconstructed with an
in-plane spacing ranging from 0.30×0.30 mm2 to 0.72×0.72 mm2 and 0.6–0.9 mm slice thickness. The cohort
consisted of a selected training set of 12 patients reflecting the diversity present in the full data set in terms of
used scanners, attenuation in the cardiac chambers, patient sex, patient weight, and the occurence of pacemakers,
and an evaluation set of 460 consecutive patients for whom CCTA images were available across the cardiac cycle
with 5% cardiac cycle intervals. Thus, up to 21 3D CCTA images were available per patient, for a total of 9771
3D CCTA images. For a subset of 123 patients from the evaluation set, the LVEF derived from echocardiography
pre-TAVI acquired within six months of CCTA scanning was available.
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Figure 2. 3D fully convolutional network used in this study. The network takes a 128×128×128 voxel sub-image as input.
The image is processed by a convolutional layer and two strided convolutional (downsampling) layers. The resulting feature
maps are processed by six residual blocks (ResNetBlocks) and upsampled by two transposed convolutional (upsampling)
layers, resulting in a 6-channel 128×128×128 voxel probability map. BN = batch normalization, ReLU = rectified linear
unit.

2.2 Reference segmentations

For training and validation, 24 full 3D reference segmentations of the LV cavity, LV myocardium, right ventricle,
left atrium, and right atrium were obtained: one in the ES and one in the ED CCTA image of the 12 patients in
the training set. The ES and ED phases were manually selected by a resident (TPWB, 3 years of experience and
level II CCTA reader) under supervision of a cardiovascular radiologist (RNP). Initial reference segmentations
were obtained using a previously described automatic method,10 and subsequently manually corrected by TPWB
using 3D Slicer (V4.8.1, http://www.slicer.org). These 24 3D CCTA images and reference segmentations were
used for training and cross-validation of the method.

For independent testing in a larger number of patients and across different cardiac phases, additional reference
segmentations were obtained in an independent test set containing 81 consecutive 4D CCTA studies from the
evaluation set. Four phases were identified in each study: ES, ED, the mid-diastolic phase between ES and ED,
and the mid-systolic phase between ED and ES. In each of the 3D CCTA images corresponding to these phases,
the LV cavity, LV myocardium, right ventricle, left atrium, and right atrium were manually segmented in the
same centrally located 2D axial image slice for each patient. These reference segmentations were acquired fully
manually by a medical student by voxel-wise painting using 3D Slicer and corrected by TPWB if necessary.

2.3 Automatic segmentation method

We developed a multi-class 3D fully convolutional network (FCN) architecture for segmentation of each of the
3D CCTA images acquired as part of a 4D CCTA TAVI planning study. This architecture was based on a
previously proposed 2D architecture.11 The FCN consists of an encoding path with two downsampling layers
with strided convolutions, six residual ResNetBlocks, and a decoding path with two upsampling layers with
transposed convolutions (see Fig. 2). Prior to analysis, 3D CCTA images were resampled to an isotropic resolution
of 0.8×0.8×0.8 mm3. Moreover, all intensities were linearly rescaled between -1024 and 3071 Hounsfield units to
a [0, 1] intensity range. FCN training was performed using mini-batches of 8 randomly sampled 128×128×128
voxel patches for 10000 iterations in total with the Adam optimizer, a base learning rate of 0.001, and a 70%
learning rate decay after every 4000 iterations. To optimize the parameters of the FCN, the negative sum of
soft Dice similarity coefficients over all classes was minimized as the loss function. During inference, overlapping
3D image patches were processed by the FCN and subsequently combined using a stitching procedure to obtain
class probability maps, which were used to obtain the final output segmentation.
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Figure 3. Dice similarity coefficients (a, b) and average symmetric surface distances (c, d) for automatic segmentation of
the left ventricular (LV) myocardium, LV cavity, right ventricle (RV), left atrium (LA), and right atrium (RA) obtained in
the leave-one-patient-out cross-validation with 3D end-systolic (ES) and end-diastolic (ED) CCTA images of 12 patients.
Square markers indicate results for an image with lower contrast enhancement than the other images in the training set,
shown in Fig. 4b.

3. EXPERIMENTS AND RESULTS

3.1 Automatic segmentation

The training set consisting of 12 ES and 12 ED 3D CCTA images and corresponding full 3D reference segmen-
tations was used in a leave-one-patient-out cross-validation experiment. For each patient, two networks were
trained. The first network was trained with only the ES images of all other patients. The second network was
trained with only the ED images of all other patients. We investigated the ability of both networks to segment
3D images of the validation patient in the same phase and in the contrasting phase. The Dice similarity coef-
ficient (DSC) and average symmetric surface distance (ASSD) values in Fig. 3 show that FCNs trained on ES
images can be used to segment structures in ED images and vice versa. Nevertheless, for all structures, and
particularly for the LV myocardium, which undergoes substantial deformation in patients with sufficient LVEF,
the segmentation performance is better when a network is trained with images from the same phase. We also
segmented each validation image based on an ensemble of the two networks trained on either ES or ED in which
the output probabilities were averaged. These ensembles yield improved segmentation performance across almost
all structures compared to the networks only trained on images of the corresponding phase. Figure 4a shows an
example of a very accurate segmentation of all five cardiac structures in both the ES and the ED phase (mean
DSC=0.923 and mean ASSD=0.925 mm over all structures in ES and ED). In one of the 12 patients, however,
the contrast enhancement was lower than in the other training images, and the automatic method failed to
segment the cardiac structures accurately (Fig. 4b).

To assess segmentation performance in a larger data set and across the cardiac cycle, thus in other phases
than only the ES and ED phases, an ensemble of all 24 trained FCNs obtained in the cross-validation experiment
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Figure 4. Automatic segmentations of the cardiac structures in end-systolic (ES) and end-diastolic (ED) phases of two
different patients in the leave-one-patient-out cross validation. a) Very accurately segmented images, b) images with very
low contrast enhancement in comparison with the data in the training set and poor automatic segmentation (indicated
with square markers in Fig. 3). All images are displayed with the same window-level setting.

was formed and used to segment the independent test set of 81 patients. Figure 5 shows the resulting DSC and
ASSD values obtained across four different cardiac phases.

3.2 Automatic ES and ED selection

Accurate identification of the ES and ED phase in the cardiac cycle is crucial for the computation of the LVEF.
We evaluated to what extent our automatic segmentations allow identification of these phases. We automatically
segmented all 3D CCTA images in the 460 patients in the evaluation set, and derived the LV volume in each
phase. We identified ES as the phase in which the LV volume was minimal and ED as the phase in which the
LV volume was maximal. As a reference, TPWB inspected images of all cardiac phases of these patients and
manually selected the ES and ED phases. We compared our automatically identified phases with the manually
selected phases using Bland-Altman analysis (see Fig. 6). The bias [limits of agreement] were 1.81 [-11.0; 14.7]%
for the ES phase and -0.02 [-14.1; 14.1]% for the ED phase, respectively.

3.3 Functional analysis

For the assessment of the LV function, we derived the LVEF from the automatic segmentations: We computed
the LV volume in the ES and ED images from the automatic segmentations and calculated LVEF = VED−VES

VED
.

CT-derived LVEF values were compared to echocardiography LVEF values in 123 patients. Figure 7 shows
a Bland-Altman analysis of the LVEF comparison. The bias [limits of agreement] were -1.71 [-25.0; 21.6]%.
Furthermore, it shows ES and ED images with very accurate automatic segmentations for the two patients with
the highest differences between the LVEF derived from echocardiography and the LVEF automatically derived
from CCTA.
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Figure 5. Dice similarity coefficients and average symmetric surface distances for automatic segmentation of the left
ventricular (LV) myocardium, LV cavity, right ventricle (RV), left atrium (LA), and right atrium (RA) obtained in
axial slices in 81 patients across four different cardiac phases: end-systolic (ES), mid-diastolic, end-diastolic (ED), and
mid-systolic.

Figure 6. Bland-Altman plots of the manually vs. automatically selected end-systolic (ES) and end-diastolic (ED) phases.
Darker colors correspond to more overlapping data points.

4. DISCUSSION

We have presented an automatic deep learning method for whole-heart segmentation in 4D CCTA for TAVI
treatment planning. We have shown that 3D FCNs trained on the ES and ED CCTA images can be used
to accurately segment 3D CCTA images across the whole cardiac cycle. These segmentations can be used to
automatically identify the ES and ED phase, to derive cardiac chamber volumes over time, and to assess cardiac
function by means of the LVEF.

Our cross-validation experiments show that in the majority of images all structures were segmented accurately
with DSC above 0.85 and ASSD below 2 mm. Images in which the segmentation performance was worse were
often affected by lower contrast enhancement (Fig. 4b) or artifacts caused by metal implants which were not
represented in the training set. To further increase segmentation performance, additional images with such
characteristics could be added to the training data and additionally, augmentation strategies could be applied.
In independent test images of 81 patients, the method showed comparable segmentation performance for all
cardiac structures across different cardiac phases.
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Figure 7. Bland-Altman plot of the left ventricular ejection fraction (LVEF) manually derived from echocardiography vs.
the LVEF automatically derived from 4D cardiac CT angiography (CCTA). Axial slices with automatic segmentations of
the end-systolic (ES) and end-diastolic (ED) phases for the two patients with the highest differences between LVEF from
echocardiography and CCTA shown on the right.

Automatic segmentation enabled robust automatic identification of the ES and ED phases with respect
to the manual identification. Large deviations between the manual and the automatic selection were mainly
found in patients with very low LVEF. In these patients, volume differences between phases are small and small
errors in the automatic segmentation can lead to an incorrect selection of the ES and ED phases. However, these
deviations might cause volume errors within an acceptable range. Consequently, the LVEF could be automatically
derived from the CCTA images. The limits of agreement between the LVEF derived from echocardiography
and CCTA were relatively wide with [-25.0; 21.6]%. Note, however, that echocardiography is not considered
the reference standard for extraction of the LVEF as inadequate acoustic windows can cause erroneous LVEF
computations.4 This might be the reason why large differences between the LVEF from echocardiography and
the LVEF automatically derived from CCTA occured, even in patients in which the automatic segmentations
were very accurate. Two such examples are shown in Fig. 7, where the automatic segmentations in CCTA were
very accurate, yet differences with LVEF values determined in echocardiography were large. Previous studies
have shown that there are no significant differences between LVEF determined in CT and the gold standard
cardiac MRI12 and further validation of our method against this gold standard is required.

The proposed method enables an accurate analysis of the morphology and function of the heart over the
cardiac cycle. In future work, the volumes of the cardiac structures could be used to estimate the progression
of damage induced by the aortic stenosis.13 Moreover, the motion and deformation of the chambers and the LV
myocardium throughout the cardiac cycle could be studied to assess cardiac function beyond the LVEF.

5. CONCLUSION

We have presented an automatic deep learning method trained on end-systolic and end-diastolic images for
accurate and robust whole-heart segmentation in 4D cardiac CT angiography for transcatheter aortic valve
implantation planning.
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