A MRI PHANTOM FOR CARDIAC PERFUSION SIMULATION
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ABSTRACT

This paper describes a realistic cardiac MR perfusion simula-
tor; both the kinematic model of the perfusion process as well
as breathing effects are described and a novel model for the
AIF is proposed. Additionally the most common degradation
factors involved in the MR image formation, such as those
derived from parallel acquisition protocols, the presence of
thermal noise and its correlation, the partial volume effect,
the field inhomogeneity and the image saturation, are also
incorporated into the simulation. Resulting images show a
strong resemblance with natural images and perfusion curves
obtained seem parallel to those that could be observed in a
real setting.

Index Terms— magnetic resonance, phantoms, noise,
cardiac perfusion.

1. INTRODUCTION

Comparison of different algorithms in medical image pro-
cessing is an issue since results are reported for different co-
horts of patients, inclusion criteria, imaging equipment and
so forth. In addition, determination of the ground truth may
also constitute a matter of discussion, since inter and intra
observer variability cannot be neglected. Therefore, simula-
tors constitute a valuable tool to that end, as well as a sim-
ple tool to find out about the algorithm behavior under con-
trolled circumstances. As a consequence, different simulators
have been reported in different application domains, such as
MRI [1] and diffusion tensor imaging [2] for the brain, or
heart motion [3, 4], just to mention a few.

Dynamic-contrast enhanced MRI images [5] are often
used to determine myocardium characterization after an is-
chemic episode has taken place. In this paper we are in-
terested in perfusion images of the heart obtained after an
injection of gadolinium. Different physical models have been
developed for perfusion, so efforts for standardization have
also been described [6]. In addition, different proposals exist
for estimating the parameters of the kinetics involved [7],
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which are then used to classify tissues into different patho-
logical stages.

In this paper we describe a realistic simulator that can help
compare processing algorithms and, specifically, different es-
timation procedures of the parameters of the kinetic model in
cardiac MRI perfusion images. To that end, we use a well-
known compartment model, although the arterial input func-
tion (AIF) we here propose is slightly more involved than the
simple model used elsewhere [7]. In addition, realistic MRI
acquisition procedures have been simulated.

2. A CARDIAC MR PHANTOM

2.1. Perfusion model

In order to simulate the perfusion of Gadolinium to the tis-
sues, a perfusion model must be adopted. We have assumed
the following differential equation [6]:

de(t)
dt

= K7 ¢,(t) — Kec(t) ()

where ¢, (t) is the concentration of Gadolinium in the blood
(the so-called AIF), ¢(t) is the concentration of Gadolinium
in the tissue, and K7 and K. are constants (expressed in
min~ 1), the values of which depend on the tissue itself.

From eq. (1), assuming initial rest, the solution ¢(¢) turns
out to be the convolution of ¢, (¢) with an impulse funtion
r(t) = Kpe Ketu(t), with u(t) the Heaviside step function.
The AIF has been modeled as a Gamma distribution

ta—le—t/b

Ca(t) = M1 . W

u(t) 2

with M7 a normalization constant and a and b the shape and
amplitude parameters, respectively, of the Gamma function;
yet simple, this approximation shows more flexibility than
the bi-exponential model sometimes used [7], which only ap-
proximates the decaying part of the perfusion process. More
involved models may be used, such as a linear combination of
Normal or of Gamma distributions; in fact, in Fig. 1-(a) an ex-
ample of the AIF model with one Gamma is shown. Although
the shape may fit a real AIF, the final state differs. In Fig. 1-
(b) a more realistic model is obtained by using two Gamma
distributions.
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Fig. 1. Gamma model for continuous AIF simulation. Left:
One Gamma model. Right: Two Gamma model.
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Fig. 2. Different tissues considered in the phantom. The im-
age is created from a segmented real MR acquisition.

The concentration in the tissue, ¢(¢) is obtained via the
analytical convolution with 7 (¢):

i (0.t (5 — Ke))
(1- K, b)

c(t) = My - r(t) 3)

with ~; () the incomplete Gamma function. The concentration
of blood and tissue in each point will be given by the discrete
sampling of the continuous values in eq. (2) and eq (3), i.e.
cq(nAt), c(nAt).

2.2. Definition of areas of interest

As a seed point, a segmented cardiac image from a real ac-
quisition is considered, as shown in Fig. 2. The main areas
considered are the left and right ventricles, where the wall
and the tissues are differentiated. A scar is also defined in
the myocardial tissue. This initial image can be changed if
needed.

To further simulate the perfusion, each tissue is assigned
a different initial gray level, taken the average values found in
these kind of sequences: assuming a dynamic range between
[0-255], the myocardial tissue is initially set to 32, blood to
240 and air to 0.

2.3. Simulation of the MR acquisition

Let Io(x) be the original synthetic image as defined in the
previous section. This image is to be corrupted in order to
replicate the procedure in a MR acquisition. To that end, the
following options were considered:

Perfusion sequence scans: Each area within the original im-
age is assigned a pair of perfusion parameters (K and K.).
Only the right and the left ventricles, the blood and the scar
will be affected by perfusion. The area of blood inside each
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ventricle is modeled using the AIF defined in eq. (2) with
some delay between ventricles. The perfusion in the endo-
cardium and scar are modeled using eq. (3).

The total number of scans N; and the sampling time At
must be defined. The concentration of Gadolinium in each
point of the image is calculated using eq (3) and the partic-
ular values of the parameters, so a concentration value for
each point and each time instant is obtained, i.e., ¢, (x) =
c¢(nAt), n=0,---,N.

From the concentration we create the T1 maps using

1 1

= . 4

.~ T +enem “
with 1% the 7} value before the contrast injection and 7; a
relaxitivity parameter expressed in I/s/mmol; then the signal
images are obtained assuming the following model

T
I(x) = M, (k{iﬂﬁw), n=0,---,N. (5

Acquisition coils: The phantom can be acquired in a single
coil scanner or using a multiple coil head. In the case of sin-
gle coil, the synthetic image I,,(x) is corrupted with complex
Gaussian noise with zero mean and variance 2. The enve-
lope is calculated, resulting that the signal M,,(x) is Rician-
distributed [8].

If multiple coils are considered, the image at the [-th coil
I! (x) is obtained by multiplying I,,(x) by a simulated sensi-
tivity map S;(x) of the coil. The maps are designed so that
the Sum of Squares (SoS) [10] in index [ is one. An exam-
ple of these simulated sensitivity maps is given in Fig. 3. In
addition, data in each coil is corrupted with complex additive
Gaussian noise with covariance matrix X [9]. If this matrix is
not diagonal, correlation is assumed between coils, which is
closer to reality. If no acceleration is assumed, the composite
magnitude signal is obtained using SoS:

L
My (x) = | D HL(x) + 0k (D) + jnk ()2
=1

resulting in a non-central Chi [10] model. Examples of acqui-
sitions are shown in Fig. 4 and Fig. 5.

Parallel imaging: When multiple coils are considered
the acquisition may be accelerated by subsampling the k-
space. In the phantom, subsampling and reconstruction with
SENSE [11] and GRAPPA [12, 13] is available for simula-
tion. Examples of parallel acquisitions are shown in Fig. 5.
Spatially correlated noise: The noise added in the single
and multiple coil simulation can also be spatially correlated.
Examples are shown in Fig. 4.

Partial Volume Effect (PVE): Due to the resolution in MR
scans, there are voxels in which different tissues are mixed
up. To simulate this effect, a convolution of the original image
with a Gaussian kernel Ggg is used:



Fig. 3. Synthetic sensitivity map for an 8-coil system, created
so that the SoS of the maps gives a constant image.
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Fig. 4. Example of noise corruption assuming a single coil
acquisition. (a) Original synthetic image. (b) Image corrupted
with Rician noise, o,, = 20. (c) Image corrupted with Rician
noise, o, = 20 assuming that the noise is spatially correlated.
(d) Rician noise (o, = 10) assuming spatial correlation and
Partial Volume Effect (0, = 1.5). (e) Rician noise (o,, = 10),
spatial correlation, PVE and an inhomogeneous field.

Breathing movement: One of the main problems when ana-
lyzing heart MR data is the mismatch of the different images
due to the breathing movement (as well as the heart movement
itself). This motion is simulated by using a random affine
transformation. An example is shown Fig. 6.

Field inhomogeneity: Image I, (x) is multiplied by a non
uniform illumination F'x. An example is shown in Fig. 4-(e).
Saturation: Some acquisition schemes are designed to satu-
rate the signal in the image. A maximum value can be set, so
that the image is cropped to that value Spax:

MS(X) = min {Mn(x)vsmax}

3. SIMULATION AND EXPERIMENTS

For the sake of illustration some experiments and examples of
the phantom behavior are now described.

() (b) (© (d) (e)

Fig. 5. Multiple coil acquisition simulation. All the exam-
ples are spatially correlated, assuming PVE and o,, = 10 in
each coil. (a) Single coil acquisition. (b) 8-coil acquisition,
no correlation between coils. (c) 8-coil acquisition assum-
ing a coefficient of correlation between coils p> = 0.1. (d)
8-coil acquisition with p? = 0.1, a 2x subsampling of the k-
space and SENSE reconstruction. (d) 8-coil acquisition with
p? = 0.1, a 2x subsampling of the k-space and GRAPPA re-
construction.

640

Fig. 6. Simulation of the breathing movement in a single

slice.
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Fig. 7. Simulation of the perfusion: estimated concentration
of Gadolinium in tissue. Estimated from simulated MR single
coil acquisition with o,, = 10. (a) Selection of points (b) Av-
erage for all the points in each tissue (obtained by clustering).

First, to illustrate the importance of degradation in MR if
realistic images are to be generated, we create a simple per-
fusion sequence. Noise is not added and no PVE or breathing
movement are accounted for. We consider N = 17 images
with a sampling rate of At = 2.5 secs, 71 = 4.5 TR= 2.7290
(msec) and we define the myocardial tissue with K7 = 0.8
and K. = 0.3; the scar is modeled with K7+ = 0.5 and
K. = 0.4. Results are shown in Fig. 8-top. The the effect of
the perfusion within the tissue and blood is simulated. How-
ever, the resulting image is far from a real MR acquisition.

More realistic images can be obtained via a controlled
degradation of the data. Using the same perfusion parameters,
the image is now assumed to be Rician, from a single-coil ac-
quisition. Noise with 0,, = 15 is added to the complex x-
space, the breathing movement is simulated, and finally, PVE
and an inhomogeneous field are considered. The resulting se-
quence (Fig. 8, two bottom lines) is now much closer to what
a real perfusion MR sequence looks like.

The concentration ¢(t) curves are estimated from the data
in the myocardial tissue and in the scar. For a clearer illus-
tration new images are generated with o,, = 10, N = 20,
Kpr = 0.1.3 (tissue), K7 = 0.5 (scar), K. = 0.8 (tissue),
K. = 0.4 (scar). The c(t) curves of a selection of points
within the tissue and scar are shown in Fig. 7-(a). As an ef-
fect of the degradation the curves show a noisy behavior. To
separate and average the curves belonging to each tissue a
clustering algorithm (k-means) is used to search for the two
final sets. The results are shown in Fig. 7-(b).

4. CONCLUSIONS

A realistic perfusion MR cardiac simulator has been de-
scribed; different realistic effects on the perfusion process,



Fig. 8. Simulation of the perfusion with MR acquisition. N = 16, At = 2.5 sec., K = 0.8 (tissue), K7 = 0.5 (scar),
K. = 0.3 (tissue), K. = 0.4 (scar). Top: No degradation of the image. Bottom: MR simulation, single coil adquisition, Rician
noise (o, = 15), PVE, spatial correlation, inhomogeneous field and respiration movement.

breathing motion as well as on the MRI adquistion have been
included. A novel AIF model has been proposed, which lets
the designer model the perfusion procedure since the gadolin-
ium onset until it is eventually washed out. Further research
may focus on more realistic models for the AIF function here
proposed.
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