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Realistic Simulation of Cardiac Magnetic Resonance
Studies Modeling Anatomical Variability, Trabeculae, and
Papillary Muscles

C. Tobon-Gomez,1,2,3* F. M. Sukno1,2 B. H. Bijnens1,2,4 M. Huguet2,3 A. F. Frangi1,2,4*

Simulated magnetic resonance imaging brain studies have been
generated for over a decade. Despite their useful potential, sim-
ulated cardiac studies are only emerging. This article focuses
on the realistic simulation of cardiac magnetic resonance imag-
ing datasets. The methodology is based on the XCAT phantom,
which is modified to increase realism of the simulated images.
Modifications include the modeling of trabeculae and papillary
muscles based on clinical measurements and published data.
To develop and evaluate our approach, the clinical database
included 40 patients for anatomical measurements, 10 patients
for papillary muscle modeling, and 10 patients for local gray
value statistics. The virtual database consisted of 40 digital voxel
phantoms. Histograms from different tissues were obtained
from the real datasets and compared with histograms of the
simulated datasets with the Chi-square dissimilarity metric (χ2)
and Kullback-Leibler divergence. For the original phantom, χ2

values averaged 0.65 ± 0.06 and Kullboek-Leibler values aver-
aged 0.69 ± 0.38. For the modified phantom, χ2 values averaged
0.34 ± 0.12 and Kullboek-Leibler values averaged 0.32 ± 0.15.
The proposed approach demonstrated a noticeable improve-
ment of the local appearance of the simulated images with
respect to the ones obtained originally. Magn Reson Med
000:000–000, 2010. © 2010 Wiley-Liss, Inc.
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Cardiac structural and functional assessment in the clini-
cal environment is still largely dependent on manual post
processing (1). Certainly, efficient and accurate tools to per-
form cardiac function evaluation are highly desirable. This
is the goal of many automated algorithms under develop-
ment. Simulated image datasets are an interesting way to
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help implement and validate such algorithms. They bring
along several advantages: access to a ground truth with-
out expert dependency, the possibility to generate large
databases, the capability to update training sets to account
for the evolution of imaging devices, and the feasibility
to generate a multimodal dataset with the available image
simulators (2–5).

Simulated magnetic resonance imaging (MRI) brain stud-
ies have been generated for over a decade (4,6). Despite
their useful potential, simulated cardiac studies are only
emerging (7–9). This is mainly due to the lack of an appro-
priate phantom for MRI cardiac simulations. Current digital
phantoms suitable for cardiac applications mainly focus
on low-contrast imaging modalities (i.e., nuclear medicine)
where a macroscopic representation of the tissues is suffi-
cient. However, a modality like MRI, mainly characterized
by high-tissue contrast and improved spatial resolution,
requires greater detail to fully represent a real acquisition.

Which brings us to the focus of this article: realistic
simulation of cardiac MRI datasets. Our methodology is
based on the XCAT phantom (3,10), which is modified
to increase realism of the simulated datasets to capture
features that are important for the development and eval-
uation of image processing algorithms. The modifications
include: (i) modeling of the left ventricular (LV) papillary
muscles, (ii) inclusion of trabeculae in both ventricular cav-
ities, (iii) addition of intensity variability of each tissue
by increasing the number of labels of the phantom, and
(iv) resemblance of partial volume effect by using a higher
resolution phantom as input to the simulator.

MATERIALS AND METHODS

Patients

Clinical datasets were used for two main purposes: extract-
ing the anatomical modeling parameters and validating the
simulated images. Our database consisted of cardiac MRI
studies of 60 patients, which can be divided into three
groups:

• G1: Composed of axial slices of 40 patients (20
females). This group consisted of healthy subjects and
was used to characterize anatomical variability. Mea-
surements included long-axis/short-axis of the torso,
long-axis/short-axis of the ribcage, long-axis/short-
axis of the breasts and angle between the breasts.

• G2: Composed of short-axis stacks of 10 patients (five
females). Patients with any sign of hypertrophy and/or
deposition diseases were excluded. This group was
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FIG. 1. a: Clinical measurements for papillary muscle modeling:
thickness, distance from wall (d), and angle from center of the cavity
(α). b: Long-axis view of a left ventricle to illustrate papillary direc-
tion assignment: initial angle (αi), initial distance (di), final angle (αf),
and final distance (df). Red (gray) arrows = distance; red (gray)
arcs = angles.

used to model papillary muscle variability. Measure-
ments included thickness, angle from the center of the
cavity and distance to the wall. Figure 1 displays a
scheme of the obtained measurements. Angle and dis-
tance were measured at papillary muscle initial point
(midventricular level) and final point (apical level).

• G3: Composed of short-axis stacks of 10 patients (five
females). This group consisted of healthy subjects,
with no history of heart disease, and was used to obtain
a gold standard of local appearance for each evaluated
tissue.

MR Imaging

Datasets were acquired using a General Electric Signa CVi-
HDx, 1.5 T scanner (General Electric, Milwaukee, USA).
All images were acquired during breath-holds of ∼15 sec
and were gated to the vector ECG. Images were scanned
with a multislice 2D balanced steady state free precession
(bSSFP) sequence. Both axial- and short-axis datasets were
acquired with the following scan parameters: TR/TE =
2.9/1.2 msec, flip angle = 45◦, pixel spacing = 1.56 ×
1.56 mm, slice thickness = 8 mm, slice separation = 0 mm,
field of view = 400×340 mm, number of signal averages =
1, scan matrix size = 224 × 224, cardiac phases = 30.

MR Simulation

The MRI simulation code used in this work was developed
by Kwan et al. (4). This code uses a tissue template to define
the spatial distribution. A tissue template is an anatomical
image where each tissue is a mask with a certain value,
i.e., a labeled image. A stack of these templates forms a 3D
volume used as input for the simulator. A parameter file
contains characteristic magnetic resonance properties for
each tissue label. Specific scan parameters define the out-
put images of the simulator. The code models the physical
phenomena by solving the Bloch equations (11). Finally,
the images may include acquisition artifacts, such as noise,
partial volume effect, chemical shift, etc.

Sequence parameters for the simulation were the fol-
lowing: TR/TE = 2.9/1.2 msec, flip angle = 45◦,
pixel spacing = 1.56 × 1.56 mm, slice thickness = 7.8 mm,
slice separation = 0 mm, field of view = 400 × 400 mm,
number of signal averages = 1, scan matrix size =
256×256. No field inhomogeneities were simulated. Noise
settings included: water-fat shift = 2 pixels and gaus-
sian noise with standard deviation calculated as 0.03 ×
intensity(reference tissue).

Digital Voxel Phantoms

Original Phantom

Virtual subjects were generated with XCAT, a 4D NURBS-
based cardiac-torso model that allows for the generation
of realistic human anatomy and physiology (3). The code
generates a voxelized version of each virtual phantom.
This voxelized representation can be used as a 3D labeled
volume for the simulation.

The organ shapes of XCAT are based on the Visible
Human Male and Female datasets from the National Library
of Medicine (12). Given that the phantom is NURBS-
based, the organ shapes can be easily modified according
to desired values. To ensure realistic geometrical repre-
sentations, we used the torso parameters measured from
patient group G1 and heart parameters from the literature
(13–15) (for details see Table 2). We assumed all anatom-
ical parameters follow normal distributions with mean
(µ) and standard deviation (σ), truncated to the minimum
and maximum values observed in our clinical population.
Therefore, to generate each virtual subject, each anatomi-
cal parameter was assigned a random value X ∼ N (µ, σ2)
within the allowed range, as summarized in Table 2. Based
on these distributions, a total of 40 virtual subjects (20
females) were generated. Each phantom was computed
with eight types of tissue, labeled as displayed in Table 1,
where label 0 corresponds to air background.

The cardiac cycle length was kept constant (1 sec) for
all virtual subjects. Hence, alterations on heart dynamics
were limited to volume changes due to each individual
heart shape. A total of 30 phases per cycle were gener-
ated for each virtual subject. Each set was represented
by a stack of 221 axial slices of 512 × 512 pixels with
a 0.78 mm3 isotropic voxel size. Axial stacks were refor-
matted to short-axis stacks with the true rotation angles
used during phantom generation. Thanks to the isotropy
of the axial volume, smooth short-axis slices could be
obtained after 3D rotation. A short-axis stack, spanning
the whole heart, was used as input to the simulator. For
partial volume effect modeling, each simulated MRI slice
was computed from 10 slices of the input phantom (simu-
lated slice thickness = 7.8 mm/phantom slice thickness =
0.78 mm).

Modified Phantom

Initial simulations with the standard XCAT phantom gener-
ated images with a rather artificial appearance. Therefore,
we modified the phantoms to increase realism of the sim-
ulated images. We accomplished this by adding to the 40
original phantoms papillary muscles, trabeculae, and tis-
sue sublabels. The MR simulations were computed both for
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Table 1
Magnetic Resonance Parameters Per Tissue Class

Patient group Literature

Label 0 1 2 3 4 5 6 7 8
n = 17a Sublabel 0–27 28–55 56–83 84–111 112–139 140–167 168–195 196–223 224–251
[5−32]b Tissue Bkg Lung Bone Body Liver Gastric Peric Myo Blood

PD µ 0 0.12 0.08 0.25 0.45 0.71 0.20 0.50 0.90
σ 0 0.20 0.01 0.20 0.15 0.25 1.00 0.30 0.50

Max 0 0.20 0.10 0.30 0.50 0.90 1.00 0.70 1.00
Min 0 0.00 0.00 0.24 0.40 0.62 0.10 0.20 0.50

T1 µ 0 1199 269 549 586 765 500 982 1516
σ 0 117 30 52 39 75 37 46 21

Max 0 1380 329 653 664 915 574 1092 1558
Min 0 1040 209 445 508 615 426 902 1474

T2 µ 0 79 55 49 46 58 70 54 189
σ 0 29 21 20 20 24 21 12 26

Max 0 137 97 89 86 106 112 78 276
Min 0 21 13 9 6 10 28 30 115

T *
2 µ 0 30 35 16 27 30 61 30 153

σ 0 4 3.8 4 6 4 12 8 12
Max 0 38 43 24 38 38 85 49 223
Min 0 22 27.6 8 17 22 37 14 96

Each parameter was sampled from a normal distribution with mean (µ) and standard deviation (σ) within the minimum (Min) and maximum
(Max) values listed above.
Bkg = background; Peric = pericardium; Myo = myocardium.
aAverage of sample size from Refs. 8 and 20–30.
bRange of sample size from Refs. 8 and 20–30.

the 40 original and the 40 modified phantoms. Find below
a detailed explanation of the modifications.

Papillary muscles. There are two main LV papillary mus-
cles: anterior and posterior. They have been detailed in a
preliminary work by Segars et al. (16), but not yet included
in the XCAT. Therefore, we modeled them using the mea-
surements from patient group G2. Each papillary muscle
was assigned a thickness, an initial angle, an initial dis-
tance, a final angle, and a final distance (see Fig. 1b). This
allowed us to generate a 3D direction vector. At the inter-
sections of this vector with each midventricular short-axis
slice, 2D representations of the papillary muscles (disks)
were placed. The following anatomical constraints were
imposed to avoid unrealistic configurations of the papil-
lary muscles: minimal and maximal intra-papillary angle
and distance, minimal and maximal inter-papillary angle
and distance (for details see Table 3).

Three main processes occur to the papillary muscles dur-
ing cardiac contraction: shortening, thickening, and wall
attachment. We used the XCAT dynamics as a basis for
modeling these three processes. From the original XCAT
phantoms, we can calculate the position of the LV base
and the variation of the LV radius along the cardiac cycle.
Shortening was simply modeled by varying the initial lon-
gitudinal position of the papillary muscles relative to the
LV base. Because the LV base moves downward (toward
the apex) during contraction, the initial longitudinal posi-
tion of the papillary muscles does as well. Wall attachment
was modeled by reducing the distance from the papillary
muscles to the wall following the radial dynamics of the
phantom. In a similar manner, radial dynamics of the phan-
tom were used to increase the thickness of each papillary
muscle. The volume of each muscle is conserved over the

course of a cardiac cycle by adjusting its length. As a result,
at end diastole (ED) papillary muscles are thin, long, and
separated from the wall, whereas at end systole (ES) they
are shorter, thicker, and touching the wall.

Trabeculae. Besides the papillary muscles, trabeculae are
an important component of the ventricular anatomy. How-
ever, the modeling of trabeculae has been mainly focused
on oxygen delivery processes and contractile function
(17,18). To the best of our knowledge, no previous mathe-
matical model of spatial distribution of trabeculae has been
proposed. Our modeling strategy takes into account the
reported anatomical descriptions of trabeculae (19), along
with careful observation of our clinical datasets. Basically,
the amount of trabeculae increases from base to apex. They
are absent along the outflow track toward the aorta in the
LV and toward the pulmonary trunk in the right ventricle.
In addition, they are more visible at ED. During contrac-
tion, trabeculae are displaced until they are fused with the
wall.

To resemble this, we used the following procedure (see
Fig. 2):

• We selected all short-axis slices from LV base to LV
apex.

• On each slice i, we selected a region adjacent to
the wall of both ventricles. The region included all
possible locations of trabeculae on slice i, where
region thickness = 0.7 × LV wall thickness.

• Within this region, a random location was selected to
place a trabecular structure, represented as a 3-pixels-
wide disk.

• For each slice i, this process was repeated until a
desired density of myocardium (myocardium/blood
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FIG. 2. Illustration of trabeculae generation. The density of trabeculae (ρtrab = ρ(γ) · ρ(Lr)) increases with: (a and b) angular distance (γ)
from the aorta, and (c and d) longitudinal distance (L) from the base (k = 180, β = 0.5; µ = 5; s = 3).

ratio) was achieved. The desired trabeculae density
was calculated as ρtrab = ρ(γ) · ρ(Lr), with Eqs. 1 and 2:

ρ(γ) = sin
(
γ − π

2

) + 1

k
, [1]

where γ = angular distance from aorta and k = 180

ρ(Lr) = β + β tanh
(

Lr − µ

2s

)
, [2]

where β = 0.5, µ = 5, and s = 3 and

Lr = 10L
LVlength

, [3]

where L is the longitudinal distance from the base.
• To add a component in Z-direction to the trabecu-

lar structures, the obtained pattern was repeated for
the following 10 slices. Then, for slice i + 10 a new
trabecular pattern was computed.

• A myocardium label was assigned to each of the
trabecular structures.

Given the rapid change in LV radius at apical level, for
slices with Lr > 0.65 (Eq. 3), the trabecular pattern was
updated every i + 3 slices. For these same slices, ρ(γ) was
set to 0.16 to resemble the uniform radial distribution of
trabeculae at apical level.

For each subject, the trabecular pattern was determined
at ED and maintained alike for the duration of the car-
diac cycle. The process of wall thickening (as modeled by
XCAT) naturally managed to reduce the density of trabec-
ulae throughout the cycle. Meaning, as the wall thickens it
displaces trabeculae until they appear to be fused with the
wall.

Tissue sublabels. Even with the gaussian noise added by
the simulator, the variability of the intensity distributions
of simulated images based on the original phantom was
found to be limited. Mainly, the input phantom allows for a
unique label per tissue, which results in a unique intensity
value on the simulation output. In a real acquisition, how-
ever, tissues have a wider range of intensities. We aimed at

incrementing intensity realism by increasing the number
of labels in the input phantom. The modification was done
such that each original label was composed of 27 randomly
distributed sublabels (reaching the 255 maximum labels
allowed by the simulator). Afterward, magnetic resonance
properties were assigned to each sublabel according to its
original tissue class. Properties were sampled from a nor-
mal distribution with mean (µ) and standard deviation (σ),
as listed in Table 1, which were gathered from the literature
(8,20–30).

Partial volume effect. Because of the spatial resolution
inherent to every image modality, some of the pixels of
an acquired image are a contribution of multiple types of
tissue. This basically translates into blurriness and is par-
ticularly noticeable at the edges of most organs. Aiming to
resemble this effect, a higher resolution phantom was used
as input to the simulator (double the in-plane resolution).
Therefore, the intensity value of each voxel in the output
image included the contribution of 40 voxels from the input
phantom: 4 pixels in each of the 10 slices.

Experimental Evaluation

Typical intensity distributions were obtained from group
G3 to evaluate the realism of the simulated results. To cope
with the inconsistency of intensity values typical of MRI
data, intensity values of all the datasets were standardized
with the approach proposed by Nyúl et al. (31). Briefly, this
method deforms the histogram of the sample image to a pre-
viously defined histogram by using a set of landmarks. In
our case, the set of landmarks included: s1 and s2 repre-
senting the minimal and maximal intensities, respectively,
and µ01 and µ97 with µp representing the pth percentile.
The final configuration of these parameters were: min = 0,
µ01 = 2, µ97 = 53083, max = 65535.

A region-of-interest (ROI) for the most relevant tissues
for cardiac applications were outlined by a researcher
with experience in cardiac MRI in two independent ses-
sions. Each ROI included the largest possible area with
an homogeneous visual appearance. For each patient of
group G3, one basal, one midventricular and one api-
cal slice, both at ED and ES, were processed. Five ROIs
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Table 2
Anatomical Parameters for Torso and Heart Variation According to Gender

Patient group G1

Torso Heart

Torso Ribcage Breasts Size (13) Ori (14) Trans (14) Peri (15)

LA SA LA SA LA SA θ Lth Dmt φ ψ Lat P-A Thk
n = 40 (cm) (cm) (cm) (cm) (cm) (cm) (◦) (cm) (cm) (◦) (◦) (cm) (cm) (mm)

Female µ 31.4 21.3 26.0 18.1 18.2 4.8 141 7.2 4.6 27 40 5.2 −5.0 1.2
σ 2.99 2.44 2.13 2.24 2.32 1.5 2 0.5 0.3 9 13 1.1 2.6 0.8

Max 35.1 24.9 28.9 22.2 21.0 8.4 176 8.1 5.1 54 76 8.5 0.2 2.5
Min 23.8 15.0 20.7 12.5 11.5 2.0 110 6.3 4.1 8 16 3.0 −10.6 0.0

Male µ 34.6 25.2 29.8 21.5 n.a. n.a. n.a. 8.3 5.0 21 36 5.6 −6.4 1.2
σ 2.12 2.37 2.12 2.77 n.a. n.a. n.a. 0.6 0.4 9 12 1.1 2.6 0.8

Max 37.7 30.3 34.4 27.0 n.a. n.a. n.a. 9.4 5.8 41 73 8.0 1.2 2.5
Min 28.5 20.4 25.4 17.1 n.a. n.a. n.a. 7.0 4.2 0 15 3.5 −11.6 0.0

Each parameter was sampled from a normal distribution with mean (µ) and standard deviation (σ) within the minimum (Min) and maximum
(Max) values listed above. Heart parameters from (13–15); Ori = orientation; Trans = translation; Peri = pericardium; LA = long axis;
SA = short axis; Lth = length; Dmt = Diameter; Lat = Lateral; P-A = posterior-anterior; Thk = thickness; n.a. = Not applicable.

per slice were obtained: lung, pericardium, myocardium,
blood, and trabecular region of both ventricles (including
papillary muscles). This yielded 300 manually delineated
ROIs per session, for a total of 600 ROIs to be used as gold
standard. For the virtual datasets, intensity distributions
of each tissue were obtained automatically using binary
masks derived from the original labeled phantoms. After
intensity standardization, the distributions were averaged
for all the virtual subjects.

Average real distributions were compared with average
simulated distributions with (i) the original phantom and
(ii) the modified phantom as input. All of them were ana-
lyzed with histograms. All histograms were obtained with
a consistent number of bins, estimated according to Scott’s
rule (70 bins) (32). Histograms were then compared using
two distance metrics: Chi-square dissimilarity metric (χ2)
(32) and Kullback–Leibler divergence (KL) (33). χ2 was
calculated with Eq. 4 and KL was calculated with Eq. 5,
respectively. For both of them, P is the real histogram, Q is
the simulated histogram, and n is the number of bins:

χ2 =
n∑

i=1

(Pi − Qi)2

Pi + Qi
[4]

DKL(P||Q) = −
n∑

i=1

Pi log(Qi) +
n∑

i=1

Pi log(Pi) [5]

RESULTS

Anatomical Variability

Measurements describing anatomical variability of our
clinical datasets are displayed on Table 2. This table
includes parameters obtained from group G1 and from
the literature (13–15). Measurements for papillary muscles
modeling, all obtained from group G2, are summarized in
Table 3.

Simulated Images

Some examples of the simulated images with both input
phantoms are shown in Fig. 5. The simulated images based
on the modified phantom show good resemblance of the
intensity values from real images. However, mainly due
to the simplified anatomy of the virtual population, they
still have a synthetic appearance. Note that the right ven-
tricular papillary muscles, very visible in the real dataset

Table 3
Clinical Measurements for Papillary Muscles Modeling

Patient group G2

Angle Distance Thck

Ant Pos Inter Ant Pos Inter Ant Pos

Init Final Intra Init Final Intra Init Final Init Final Intra Init Final Intra Init Final
n = 10 (◦) (◦) (◦) (◦) (◦) (◦) (◦) (◦) ratio ratio ratio ratio ratio ratio ratio ratio ratio ratio

µ 64.3 50.8 n.a. 82.8 66.1 n.a. n.a. n.a. 0.50 0.20 n.a. 0.42 0.17 n.a. n.a. n.a. 0.43 0.39
σ 13.9 16.9 n.a. 21.3 24.8 n.a. n.a. n.a. 0.07 0.08 n.a. 0.06 0.07 n.a. n.a. n.a. 0.11 0.08

Max 93 88 34 121 112 29 183 158 0.51 0.32 0.43 0.52 0.29 0.35 0.29 0.18 0.57 0.57
Min 49 35 5 54 25 8 112 74 0.45 0.10 0.24 0.33 0.06 0.15 0.00 0.00 0.28 0.30

Each parameter was sampled from a normal distribution with mean (µ) and standard deviation (σ) within the minimum (Min) and maximum
(Max) values listed above.
Distance = (distance to wall)/(LV end diastolic radius); Thck = (thickness)/(LV end diastolic radius); Ant = anterior papillary muscle; Pos =
posterior papillary muscle; Inter = inter-papillary; Intra = intra-papillary; Init = value at midventricular level; Final = value at apical level;
n.a. = not applicable.
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FIG. 3. Examples of simulated images with the original phantom at
end diastole (a) and end systole (b). Examples of simulated images
with the modified phantom at end diastole (c) and end systole (d).
Examples of a real dataset at end diastole (e) and end systole (f).

(Fig. 5e,f), are not yet included in our model. Figure 3 shows
simulated images from a different virtual patient in several
stages of the cardiac cycle. We can observe the behavior of
the LV papillary muscles along the cycle.

For the original phantom, χ2 values averaged 0.65±0.06
and KL values averaged 0.69±0.38. For the modified phan-
tom, χ2 values averaged 0.34±0.12 and KL values aver-
aged 0.32±0.15. Meaning that the modifications applied to
the phantom improved the simulated histograms by 48%
according to χ2 and 54% according to KL.

Figure 4 plots the resulting χ2 and KL values for each
of the tissues at basal, midventricular, apical level, both at
ED and ES. It can be observed that the modifications of

the phantom resulted on the improvement of the inten-
sity distributions for the lung, myocardium and blood.
The pericardial tissue was not specially improved. Look-
ing at the histogram it is evident that this tissue presents a
wide range of intensity values and both real and simulated
histograms have coarse features. This is understandable
because the intensity values of the pericardium has a high
inter-patient variability given its components (i.e., fat and
fluid).

To further analyze the behavior of blood, trabecular
region, and myocardium in our data, Fig. 6 displays repre-
sentative histograms of these tissues. Simulated histograms
of blood from the original phantom are characterized by
a sharp peak at high intensity. On the other hand, in real
histograms the peak is smoother and much lower. The mod-
ified phantom better resembles this behavior, specially at
basal and midventricular level (Fig. 6a–d). Figure 6d shows
the blood histogram with the largest improvement of the
modified phantom with respect to the original phantom,
according to both metrics.

For the trabecular region, the simulated distributions
from the modified phantom improved the similarity to
the real histograms at all levels of the end diastolic
phase (Fig. 6b). The improvement of this tissue was less
noticeable at end systole. Particularly at ED apical level,
the trabecular region presents a good match of the real
myocardium/blood ratio (Fig. 4e). On the other hand, the
ES apical level, we can observe that high-intensity compo-
nents of blood were reduced, but the presence of trabecula
was not strong enough to match the darker components of
the real histogram (Fig. 6e).

For the myocardium, the simulated distributions from
the modified phantom were very similar to the real distri-
butions both at basal and midventricular levels (Figs. 4a–d
and 6c). At the apical level, however, the distribution
was slightly shifted toward higher intensities. Therefore,
regardless of its very similar shape, the metrics were not
favorable (Figs. 4e, f and 6f).

DISCUSSION AND CONCLUSIONS

Our approach has demonstrated a noticeable improve-
ment of the local appearance of the simulated images with
respect to the ones obtained initially. These are favorable
results with potential use in edge driven algorithms or
algorithms based on average intensity distributions. Fur-
thermore, the simulated images can be generated with
different MRI sequences, increasing the applicability of our
proposed strategy. These algorithms will then aid daily
clinical practice by providing accurate tools to make the
post processing of cardiac studies easier and faster.

Evidently, the amount of details found on real images
are far greater than the details obtained with the simulation
strategy proposed with our work. For instance, our research
is focused on cardiac structures, which led us to overlook
typical characteristics of other tissues, such as liver vessels
or stomach contents.

Another characteristic that gives the simulated images
still a synthetic appearance is that cardiac structures are
based on basic geometrical shapes. Therefore, despite the
positive match of real and simulated intensity distribu-
tions, the shape and dynamics of the cardiac structures
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FIG. 4. Simulated images from a virtual patient in several stages of the cardiac cycle. During contraction, trabeculae are displaced until
they are fused with the wall (a), and papillary muscles become shorter and thicker (b).

FIG. 5. Plot of the Chi–square
dissimilarity metric (χ2) and the
Kullback-Leibler divergence (KL)
at basal (a and b), midventric-
ular (c and d) and apical level
(e and f). Note that lower metric
values represent more similar his-
tograms. Histograms were com-
puted from the whole population
for each tissue and normalized
by the number of samples per
ROI. Peric = pericardium; Myo =
myocardium; Trab = trabecular
region.
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FIG. 6. Representative histograms of blood, trabecular region (trab), and myocardium (myo). Histograms were computed from the whole
population for each tissue and normalized by the number of samples per ROI. The ⇑ value represents the peak value of the histogram from
the original phantom. Blood histogram with the lowest KL value for the modified phantom (a) and the largest improvement with respect to
the original phantom (d). Trab histogram with the lowest (b) and the highest (e) KL value for the modified phantom. Myo histogram with the
lowest (c) and the highest (f) KL value for the modified phantom.

seem oversimplified. Current research on modeling of car-
diac shape and dynamics is under development world-
wide.

Finally, the modeling strategy we proposed was spe-
cially targeted to the influence of intracavitary structures
on the final appearance of cardiac MRI datasets. However,
this is a simplified approach and requires further inves-
tigation if aimed at applications with detailed anatom-
ical information (i.e., electrophysiological/mechanical
simulations).

In summary, this article presents a realistic cardiac MRI
simulation pipeline based on the MRISIM simulator and
the XCAT phantom. Phantoms were modified to include
relevant intracavitary structures, such as papillary mus-
cles and trabeculae. The modeling of all cardiac structures
was based on clinical measurements and published data.
Performance was measured by comparing data of 40 vir-
tual datasets with 10 clinical datasets. The modifications
applied to the phantom improved the simulated histograms
by 48% according to χ2 and by 54% according to KL. In
this sense, the comparison of histograms indicated a good
match between the local appearance of real and simulated
images. Results are quite encouraging for potential use in
training and evaluation of image processing and analysis
algorithms. Because our approach is based on the XCAT
phantom, and all anatomical measurements are summa-
rized, this strategy can be easily implemented by other
researchers. Further improvements may include the addi-
tion of motion artifacts due to respiration and addition of
right ventricular papillary muscles.
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