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Synopsis

This study investigates an approach to generate a realistic, heterogeneous database of simulated cardiac MR images to aid the development of
fully automated and generalizable deep learning based segmentation algorithms, less sensitive to variability in CMR image appearance. XCAT
phantoms were used to create the virtual population by altering the heart position and geometry and MRXCAT approach was improved to
simulate more organs. Images simulated in this study were quantitatively and qualitatively comparable to real CMR images acquired by two
different sites and vendors. Initial experiments using such a heterogeneous image dataset show a positive impact on the segmentation
performance.

Introduction

Segmentation of the ventricular cavities of the heart is an integral part of every clinical routine that involves assessing cardiac function from cardiovascular
magnetic resonance (CMR) images. In pursuit of fully automatic segmentation, deep learning (DL) based algorithms have recently emerged as robust
methods for accurate tissue delineation across a variety of tasks'. However, to achieve adequate performance, such algorithms need to be trained on large
image datasets delineated by clinical experts. In the case of ventricular cavity segmentation, their accuracy and performance is dramatically degraded by
inherent large variability in CMR image data: heterogeneous image contrast across sites and vendors, inter-expert error in delineating the ground truth, and
diverse range of image artifacts and noise levels®3. Generating a virtual population of realistic anatomical models and simulating a database of CMR
images, including a wide range of variability, serves as a promising solution for improving the generalizability potential of DL methods. Moreover, this virtual
population could provide the “true ground truth”, since the anatomical model used for simulation provides directly the true tissue labels as opposed to the
“craft ground truth”, which is manually delineated and is prone to human observer error. In other words, there is no need for expert delineation for simulated
images provided with anatomical reference model. This study investigates the generation of realistic anatomical models complemented with tissue
properties for MRI simulation and compares the signal intensity distribution of simulated images to their acquired counterparts for validation.

Methods

Anatomical model and tissue property: Based on the Visible Human Project male and female anatomy, XCAT phantoms have shown a great potential in
building a realistic virtual subject population for medical imaging research*?. We benefit from the high flexibility of the XCAT to create the population; we
varied the heart orientation angle and heart position along anterior-posterior (AP) and lateral axis in the torso and heart’s left ventricle end-diastolic and
end-systolic volume (LVEDV and LVESV) according to the normal values reported in the literature®” as depicted in Figure 1a. For organs in each individual
subject, a unique value of proton density, T1 and T2 relaxation time within the normal range were assigned as visualized in Figure 1620, We assumed that
both anatomical and tissue parameters follow a bounded Gaussian bell curve with mean, standard deviation, minimum and maximum reported values.

MR image simulation: the MRXCAT approach, which is an extension to XCAT for realistic cardiac MR image simulation!, was utilized to generate balanced
steady state contrast with a given TR (2.7-63 ms), TE (1.3-1.7 ms) and flip angle (40-75 deg) set of scan parameters. The parameters were modified such
that the simulated signal intensity matches the signal intensity coming from a database of acquired images. The database was acquired using MRI data
from two different vendors with similar scan protocols, but slightly different parameters, originating from two different imaging centers.

Validation of simulated images: To evaluate the realism of simulated images quantitatively, signal intensity distributions for the LV myocardium, LV blood
pool and RV blood pool were compared with their counterparts in real images by employing similarity and distance metrics, namely the Chi-square
dissimilarity metric (x2), Kullback-Leibler divergence (KL) and Kolmogorov-Smirnov distance (KS).

Results

Figure 2(a,c) represents a visual comparison of real images acquired at two different sites with two different MR vendors and their simulated counterparts
(b,d) , where their image appearance and contrast are matched by tuning the simulation parameters. Corresponding signal intensity distributions for each
of the three tissues (the LV myocardium, LV blood pool and RV blood pool) in simulated images are compared with their shown real image counterparts in
Figure 3. Figure 4 portrays the distribution of the resulting x2, KL and KS values for each of the tissues at ED and ES. Since matching for images at ES
phase has not been performed, the resulting metrics are higher, but still in the acceptable range.

Discussion and Conclusion

The obtained results are quantitatively comparable to those presented in the literature'2. The divergence between the distribution geometries in the Figure
3 comes from the fact that some factors that can cause intensity variability within the tissue for instance realistic texture were not yet included in the
simulation. Simulated images in this study were quantitatively and qualitatively comparable to real CMR images, and thus have a potential use in improving
segmentation algorithms. With greater realism attained by increasing the number of simulated organs, a virtual population was generated including various
anatomies and heterogeneous image appearances. This population also provides accurate ground truth without the need for expert delineation and it can
significantly boost the generalization capability of automated segmentation methods to unseen data. Initial experiments confirm that adding simulated data
into the training set with real images has a positive effect on the performance of the network trained for segmentation3. Additionally, such data can pave
the way towards highly accurate and more efficient large-scale multi-site and multi-scanner studies. Future works are twofold: i) improving the realism of
the simulation pipeline by incorporation of realistic partial volume, noise and image artifacts and ii) further investigating the application of such
heterogeneous data in performance of DL-based segmentation algorithms.
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Figure 1(a) Anatomical parameters include Left ventricular volumes of the heart at end-diastolic and end-systolic phase together with heart orientation and
rotation within the torso for male and female anatomies. (b), (c) ranges of MR relaxation T1 and T2 parameters for 12 organs, respectively. Each individual
subjects in the population was assigned a specific value for both anatomical and tissue parameters.
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Figure 2 Visual qualitative image appearance comparison. Real images acquired by different MR vendors (a,c) and simulated counterparts (b,d) at different
slices of the short axis view of the heart. For the given same sequence parameters, image appearance and contrast for simulated is matched to real.
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Figure 3 Representative signal distributions of the LV blood pool, LV myocardium and RV blood pool at end diastolic phase for real images and their
counterparts shown in figure 2. Rows (a) and (b) correspond to real and simulated image pairs in figure 2 (a, b) and (c, d), respectively.
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Figure 4 Plot of the (a) Chi-square dissimilarity metric (x2), (b) Kullback-Leibler divergence (KL) and (c) Kolmogorov-Smirnov distance (KS) at end diastolic
(ED) and end systolic (ES) phases portraying quantitative differences between signal intensity distributions of real and simulated MRI data per tissue. Note
that smaller values indicate a better similarity match in all cases (value of 0 being a full match).
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