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Purpose: Optimizing CT brain perfusion protocols is a challenge because of the complex interaction
between image acquisition, calculation of perfusion data, and patient hemodynamics. Several digi-
tal phantoms have been developed to avoid unnecessary patient exposure or suboptimum choice of
parameters. The authors expand this idea by using realistic noise patterns and measured tissue atten-
uation curves representing patient-specific hemodynamics. The purpose of this work is to validate
that this approach can realistically simulate mean perfusion values and noise on perfusion data for
individual patients.
Methods: The proposed 4D digital phantom consists of three major components: (1) a definition
of the spatial structure of various brain tissues within the phantom, (2) measured tissue attenuation
curves, and (3) measured noise patterns. Tissue attenuation curves were measured in patient data us-
ing regions of interest in gray matter and white matter. By assigning the tissue attenuation curves
to the corresponding tissue curves within the phantom, patient-specific CTP acquisitions were retro-
spectively simulated. Noise patterns were acquired by repeatedly scanning an anthropomorphic skull
phantom at various exposure settings. The authors selected 20 consecutive patients that were scanned
for suspected ischemic stroke and constructed patient-specific 4D digital phantoms using the individ-
ual patients’ hemodynamics. The perfusion maps of the patient data were compared with the digital
phantom data. Agreement between phantom- and patient-derived data was determined for mean per-
fusion values and for standard deviation in de perfusion data using intraclass correlation coefficients
(ICCs) and a linear fit.
Results: ICCs ranged between 0.92 and 0.99 for mean perfusion values. ICCs for the standard devia-
tion in perfusion maps were between 0.86 and 0.93. Linear fitting yielded slope values between 0.90
and 1.06.
Conclusions: A patient-specific 4D digital phantom allows for realistic simulation of mean values
and standard deviation in perfusion data and makes it possible to retrospectively study how the inter-
action of patient hemodynamics and scan parameters affects CT perfusion values. © 2014 American
Association of Physicists in Medicine. [http://dx.doi.org/10.1118/1.4881520]
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1. INTRODUCTION

Computed tomography (CT) scanners are making fast tech-
nological advancements that allow for dynamic CT imaging.
The detector size and rotation speed are increasing and mod-
ern scanners have now reached the point that dynamic imag-
ing with a large coverage is possible at high spatial and tem-
poral resolution. Static acquisitions are critically dependent
on the peak arrival time, which can be overcome by replacing

them by a dynamic acquisition and reconstructing the static
image by means of post processing.1 In fact, this dynamic
CT angiography approach has the potential to replace static
CT angiography altogether if it can be performed at a similar
total dose level because it provides both morphological and
functional vascular information from a single study.2

An example of such a dynamic acquisition is computed to-
mography perfusion (CTP). CTP is an imaging technique that
calculates perfusion values from the dynamic enhancement
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of tissues after injection of contrast material. Deconvolution
methods can be used to estimate cerebral blood flow (CBF),
cerebral blood volume (CBV), and mean transit time (MTT)
based on the tissue TACs, arterial input function (AIF), and
venous output function (VOF).3–6 A key application of per-
fusion imaging is the ability to differentiate between infarct
core and penumbra in acute stroke patients.7–11

The main disadvantage of dynamic scanning in CT is
the additional radiation exposure to patients. This exposure
should be minimized. Ideally, the total dose of the multiple
scans in a dynamic acquisition is equal to or less than the dose
of one scan in a static acquisition. Simply decreasing the radi-
ation dose leads to an increase in image noise and negatively
affects the calculation of perfusion values. It is a challenge to
optimize the acquisition protocol for a good compromise be-
tween low radiation dose and good image quality: the imple-
mentation of CTP calculations is complex and contains var-
ious noise-reducing steps that make intuitive understanding
of the process difficult.12–15 Examples of important issues are
the optimal amount of total dose, and how this dose should be
divided over the several acquisitions. Trial and error in a clin-
ical setting raises ethical questions and is not always feasible,
nor does it offer the flexibility to vary input parameters. These
challenges may be assessed by phantom simulations.

Real physical 3D phantoms made of plastic or other mate-
rial, as for example, the CatPhan (Phantom Lab, USA, Japan,
http://www.phantomlab.com/products/catphan.php) are typi-
cally used for scanner calibrations, observer studies, or con-
trast to noise studies.15–17 Extending a 3D physical phantom
to the dynamic 4D situation representing an accurate and re-
producible hemodynamic measure of tissue is not trivial.18, 19

Such a 4D phantom will not be as flexible, with regards to size
and location of various tissues and tissue attenuation charac-
teristics, as compared to a digitally simulated phantom. In
a recently updated guideline, the Stroke Imaging Research
Group (STIR) advocates the use of 4D digital phantoms.20

A digital phantom cannot only be used for protocol optimiza-
tion and standardization, but also to assess the variability and
stability of perfusion software algorithms.22

A digital phantom has been proposed before in the litera-
ture, with related works by Uwano et al.,13 Riordan et al.,21

Kudo et al.,22 and Pianykh.23 Most works describe digital
phantoms that use both simulated TACs and simulated noise
patterns.13, 22, 23 Riordan et al. use simulated TACs and mea-
sured noise patterns, obtained by scanning a physical, anthro-
pomorphic phantom.21 We propose a digital phantom that is
constructed using measured TACs and measured noise pat-
terns. We propose to use TACs obtained from patient data
rather than by simulating curves,24 such that the resulting 4D
digital phantom reflects the hemodynamic behavior of a pa-
tient as realistic as possible.

In this work we propose a 4D digital phantom that is a
combination of spatial structure, tissue attenuation curves ob-
tained based on patient data, and noise patterns obtained by
scanning a physical phantom. If a patient has been scanned,
then our phantom approach enables to simulate another scan
protocol by modifying the dose levels and sampling interval,
as if the patient had been scanned with the modified protocol.

The digital phantoms are patient specific and by construct-
ing multiple digital phantoms, the patient variability can ret-
rospectively be simulated. For example, to optimize the CT
scan protocol of acute stroke patients, a representative subset
of stroke patients can be selected of which their correspond-
ing digital phantoms are built, and the dose experiments can
then be done, retrospectively, on these phantoms. To validate
the use of a 4D digital phantom for simulating patient data,
we have to ensure that the perfusion maps of the 4D digital
phantom are similar to the perfusion maps of patient data.

The purpose of this study was to show that CTP acquisition
data can realistically be simulated using a 4D digital phantom
that is based on measured noise patterns and measured tissue
curves.

2. MATERIAL AND METHODS

Our proposed 4D digital phantom consisted of three parts:
spatial structure, tissue attenuation curves, and noise patterns.
This is illustrated in Fig. 1 and explained below.

2.A. Spatial structure

The spatial structure of the digital phantom defined the
location and types of the various anatomical structures that
should be present. In order to let the digital phantom be ac-
cepted by a wide range of perfusion analysis software pack-
ages, it should always contain regions that contain the AIF,
VOF, and at least one tissue curve. Furthermore, a skull was
included, as some perfusion packages need a skull-like struc-
ture to mask the brain tissue. We chose an anatomical struc-
ture of the digital phantom, which separated the brain tissue
into gray matter (GM), white matter (WM), and cerebrospinal
fluid (CSF). A 3D atlas of normal human brain anatomy was
used to divide the brain tissue in these three components.25

The brain atlas was rigidly registered to fit inside the skull
that was used in this work (see Sec. 2.C). Since the transition
between tissues in this atlas is immediate (one voxel WM, the
next GM) and therefore unrealistically sharp, we used a Gaus-
sian kernel (σ = 1.5 mm) to blur the transitions and create
a more realistic representation. Two cylindrical objects were
added to this structure to simulate an artery and a vein for AIF
and VOF selection, respectively.

2.B. Tissue attenuation curves

A tissue attenuation curve (TAC) was digitally added to
each voxel, based on the classification of that voxel as GM,
WM, or CSF. The TAC represented the dynamic behavior of
the tissue. This step effectively converted the 3D structure
into a noise-free 4D digital phantom. We used TACs based
on measurements in patient data. One observer with 2 years of
experience [MO] annotated regions of interest (ROIs) for each
patient in normal appearing WM and normal appearing GM in
the basal ganglia on 5 mm slabs. ROIs in WM had an average
size of 4382 ± 2231 voxels; ROIs in GM had an average size
of 524 ± 187 voxels. The average TACs for the WM and GM
ROIs were calculated by averaging the HU values. The pa-
tient TACs are considered approximately noise-free, because
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FIG. 1. Overview of the 4D digital phantom. Spatial structure, tissue attenuation curves, and noise patterns are combined to obtain a 4D digital phantom. In
each of the three parts, various options are available. In our proposed digital phantom, we use tissue curves measured in patient data, an anatomical structure
obtained from a publicly available MR brain atlas, and measured noise patterns. An epoxy filled human skull was scanned to obtain these noise patterns.

these TACs are averaged over large ROIs. An example of an-
notations and TACs is shown in Fig. 2. The TACs of WM
and GM were added to the WM and GM area, respectively.
A constant TAC with value zero was added to the CSF area.
Mixture curves were calculated and added in transition re-

FIG. 2. (a) Annotated patient data in white matter (left) and gray matter
(right) on 5 mm slabs. Annotations shown in the image are a subset of the
annotated ROI, which was placed on multiple axial cross sections. Note that
the gray matter curve contains residual noise because fewer voxels were used
for the averaging. Window level/width: 110/150 HU. (b) Tissue attenuation
curves of the corresponding annotations, with top line representing the gray
matter, and bottom line the white matter.

gions between two different tissue types, based on a probabil-
ity map obtained by smoothing as explained in Sec. 2.A.

2.C. Noise patterns

Noise patterns were added to simulate a clinical CTP ac-
quisition protocol. Measured noise patterns were obtained by
scanning a physical 3D skull phantom. This phantom was
filled with epoxy that has approximately the same density
as brain tissue, to simulate noise patterns in a real human
skull. The anthropomorphic head was scanned 31 times at 23
exposure settings ranging from 10 to 230 mAs. The anthropo-
morphic head was scanned multiple times at the same expo-
sure setting to capture the random variation of the noise. The
physical 3D phantom was scanned using the same scanner
and parameters as used for the patient data. The scanner had
16 cm coverage enabling the acquisition of complete noise
pattern in only one rotation. The exposure settings included
200, 100, and 75 mAs which correspond to the mAs settings
of our clinical CTP protocol.

In the next step, the noise pattern was added to the 4D dig-
ital phantom. The average HU value of these noise patterns
had to be 0, because the tissue curves already had a realis-
tic baseline, as they were measured in patient data. Therefore,
the HU value of the noise patterns had to be corrected for the
intensity of epoxy. The average HU value of the noise pat-
terns epoxy was calculated in regions where the HU was be-
tween −200 and 600, which corresponds to the epoxy region
of the noise pattern. This average was subtracted, only from
the epoxy part of the noise pattern. After the correction for
the intensity of epoxy, the scans of the physical 3D phantom
could directly be used as noise patterns (Fig. 3).

2.D. 4D digital phantom

The final 4D digital phantom was a combination of the spa-
tial structure, the TACs, and the noise patterns. In this work,
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FIG. 3. The noise images were corrected for the intensity of epoxy. The average of the 31 scans of the human skull phantom scanned at 230 mAs was used, to
obtain a scan with the least noise as possible. A tissue mask was constructed by using only the HU values between −200 and 600. The mean value of the tissue
mask was subtracted from each individual scan. The bottom row shows three examples of such intensity corrected noise patterns. Top row window level/width:
80/100 HU. Bottom row window level/width: 0/100 HU.

we wanted to compare the resulting 4D digital phantoms with
the corresponding patient data, to show that the perfusion
values of the 4D digital phantoms agree with the perfusion
values of the patient data.

First, a 3D dataset was created of the digital phantom, con-
taining the location of the various tissues, the AIF, the VOF,
and the skull. We chose two cylinders with diameters of 8 mm
for the AIF and VOF. A patient-specific dataset was created
by assigning a TAC to every tissue in the 3D dataset, obtained
from the patient dataset. The CT numbers in the various tis-
sues were varied over time according to the TAC measured
in that patient. This converted the 3D dataset to an approxi-
mately noise-free 4D digital phantom. Next, the noise patterns
were added to the 4D noise-free dataset. Thirty-one noise pat-
terns were available per mAs setting. For each time point, one
of these 31 noise patterns was selected randomly. We ensured
that the same noise pattern was not taken twice in one sim-
ulated CTP sequence. This process was repeated 10 times to
yield ten permutations of one 4D CTP acquisition protocol
per patient.

3. EXPERIMENTS

3.A. Patient data

Institutional review board approval was waived for this ret-
rospective study. TACs were derived from CTP data of 20
consecutive patients (7 men, 13 women, mean age 62 years,
age range 35–88 years) who were examined at our radiol-
ogy department for suspected stroke. CTP data were acquired
on a 320-row CT scanner (Toshiba, Aquilion ONE, Toshiba

Medical Systems Corporation, Otawara, Japan) at 80 kV with
0.5 mm slice thickness and a scan length of 160 mm, result-
ing in a 512 × 512 × 320 matrix with voxels of 0.5 × 0.5
× 0.5 mm. We used the following stroke imaging protocol: a
200 mAs baseline scan, after 4 s followed by 13 scans us-
ing 100 mAs every 2 s, 5 scans using 75 mAs every 5 s,
and 5 scans using 75 mAs every 30 s, all at 0.5 s rotation
time. The total scanning time was 202 s. Images were recon-
structed using an iterative reconstruction method (AIDR3D).
A bolus of 50 ml nonionic contrast agent (300 mg iodine/ml
Xenetix 300, Guerbet, France) was injected into an antecu-
bital vein at a rate of 5 ml/s followed by a 40 ml saline flush
at the same rate. Acquisitions started 5 s after contrast fluid
injection. The 24 volumes in the CTP sequence were regis-
tered rigidly to correct for possible patient movement.2, 26 In
our experience with large stroke patient databases, rigid reg-
istration gives good results, which is in line with previously
published methods.27, 28 We do not expect that nonlinear reg-
istration will have major improvements on the results, except
for the situation in which the head may have tilted during
scanning, e.g., sideways (and the neck has slightly bent). That
type of motion will probably have more effect on the quality
of the head-neck angiography, then on the brain perfusion.

3.B. Noise properties

In our digital phantom we used measured noise pat-
terns rather than simulated noise patterns. In related work, it
was assumed that the simulated noise followed a Gaussian
distribution.13, 22, 23 We have tested this in one patient. Since
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we expect the least tissue variation inside the ventricle, a ROI
was placed in a 5 mm slice inside the ventricle [Fig. 5(a)].
Care was taken to stay in the ventricle and avoid partial vol-
ume effects at ventricular borders. The histogram of this ROI
was plotted for the first time point, which was a scan at
200 mAs. A Shapiro–Wilk test was done to test if the his-
togram had a normal distribution. Statistical analysis was per-
formed using IBM SPSS Statistics version 20 (SPSS Inc.,
Chicago, IL).

To investigate the dependency of standard deviation on
spatial location, we measured the standard deviation in the
31 scans of the human skull phantom, for 230, 100, and
30 mAs. Measurements were all done at the same 5 mm
slice, in five circular ROIs within the skull in the noise pattern
[Fig. 6(a)]. Each ROI consisted of 728 voxels. Standard devi-
ations of all 31 noise patterns per mAs setting were averaged
and reported.

3.C. Validation study

We used the first 19 time points of the acquisition, which is
equal to approximately 60 s, for the perfusion analysis. Perfu-
sion values were calculated for the patient data and the ten 4D
digital phantoms per patient. The perfusion analysis was done
using an academic program [perfusion mismatch analyzer
(PMA), version 4.0.3.3, Acute Stroke Imaging Standardiza-
tion Group (ASIST), Japan, http://asist.umin.jp/index-e.htm].

The AIF and VOF were automatically detected from the
patient data using the PMA software. These functions were
stored and used in the 4D digital phantoms as well, no noise
was added to the region where the AIF and VOF were placed.
This excluded the influence of the shape of the AIF and VOF
on the results. Perfusion values of patients were evaluated
only at voxels inside the ROIs of WM and GM used to con-
struct the TACs. Perfusion values of the 4D digital phantoms
were analyzed in regions inside the WM and GM structure.
Examples of a patient dataset and a digital phantom dataset
and their resulting perfusion maps are shown in Fig. 4.

For this study we used the delay insensitive block-circulant
singular value decomposition (bSVD) method.29 The follow-
ing perfusion values were analyzed: CBF, CBV, and MTT.
We imported the perfusion maps calculated in PMA Asist
into MeVisLab.30 In case of the patient data, we loaded the
same ROIs that were used to obtain the TACs and determined
the mean and standard deviation in these ROIs. In case of the
phantom data, we loaded the mask that was used to define the
structure in the phantom, which was stored during the digital
phantom construction process. This mask was eroded to ex-
clude the effect of partial volume voxels. The mean and stan-
dard deviation of the perfusion values were then determined
within this eroded mask.

Mean values and standard deviation of the perfusion val-
ues in patient data were compared to those of the perfusion
values of the 4D digital perfusion phantoms. We evaluated the
absolute mean values in CTP maps (CBF, CBV, MTT) and the
corresponding standard deviations in these perfusion maps for
both the patient data and the phantom data.

FIG. 4. From left to right: an example of a patient dataset and a digital phan-
tom dataset. Window level/width 80/100 HU. The upper row shows one time
point of the 4D dataset. The lower row shows the resulting CBF maps, using
identical color scales.

Two tests were performed to examine whether the perfu-
sion maps of the 4D digital phantoms were similar to the
perfusion maps of the patient data. An intraclass correlation
coefficient (ICC) was estimated for patient and phantoms re-
sults to assess the agreement between perfusion values ob-
tained in patient data and phantom data. The linear relation-
ship between the patient results and the phantom results were
assessed by examining the slope of a linear fit intersecting the
origin. Statistical analysis was performed using IBM SPSS
Statistics version 20 (SPSS Inc., Chicago, IL).

3.D. Patient variability due to dose reduction

We used the digital phantom to investigate the effect of
dose reduction on CBF values. Digital phantoms were con-
structed using the TACs of five different patients. By adding
noise patterns measured at decreasing dose levels, we simu-
lated CT acquisition protocols with decreasing exposure set-
tings. We simulated the protocol at original dose (indicated
with 100% dose), and decreased the exposure settings of each
individual time point in steps of 10% down to 10% of the
original exposure setting. For each protocol, we simulated ten
permutations. In total we constructed 500 phantoms: five pa-
tients, ten acquisition protocols, and ten permutations. Perfu-
sion maps were calculated in the same way as explained in
Sec. 3.B. Absolute values of CBF in WM were reported.

4. RESULTS

4.A. Noise properties

Figure 5(b) shows the histogram of the HU values of the
ROI in the ventricle [Fig. 5(a)]. A Shapiro–Wilk test showed
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FIG. 5. (a) Visualization of the ROI placed inside the ventricle of one
patient. (b) Histogram of the HU values within the ROI.

that the histograms do not follow a normal distribution
(p-value patient data: 0.00015).

Average standard deviations of the five ROIs in the mea-
sured noise patterns at 230, 100, and 30 mAs are shown in
Fig. 6(b). The standard deviations are only slightly dependent
on the spatial location within the brain. Object number five
had a higher standard deviation than the other four objects.
This difference is due to cupping artifacts, since object num-
ber 5 was much closer to the bone than the other objects.

4.B. Validation study

The perfusion maps obtained from the 4D digital phan-
toms provided the same mean perfusion values as the clini-
cal patient data, with high intraclass correlation coefficients.
Table I shows the results of the intraclass correlation coeffi-
cients. ICC values for the mean perfusion values ranged from
0.92 to 0.99 for the digital phantoms based on measured noise
patterns. Noise values ranged from 0.86 to 0.93 for the digital
phantoms based on measured noise patterns. Linear fits ide-
ally have a slope of 1 and intercept of 0. We fitted lines with
intercept 0; the resulting slopes for all fits ranged from 0.90
to 1.06. These results are visualized in Fig. 7.

4.C. Patient variability due to dose reduction

Figure 8 shows results of the CBF values of our simulated
clinical acquisition protocols at original dose (100%) and at
reducing dose with steps of 10% down to 10% of the orig-

FIG. 6. (a) Noise pattern measured at 100 mAs. Window level/width 0/100.
Standard deviations were measured within the five objects for noise patterns
at 230, 100, and 30 mAs. (b) Average of 31 standard deviations measured in
the five objects.

TABLE I. ICCs and the slopes and R2 of the linear fits for the mean and
standard deviation values in CBF, CBV, and MTT maps.

Linear fit

ICC Slope R2

Mean CBF 0.99 1.03 0.96
CBV 0.99 1.06 0.97
MTT 0.92 1.02 0.73

Standard deviation CBF 0.93 0.90 0.78
CBV 0.86 0.92 0.55
MTT 0.93 1.05 0.78

inal dose. The figures show the effect of dose reduction for
five patients with each line representing one patient. Clearly,
the perfusion values are patient dependent. For four out of
five patients, dose reduction led to increased CBF values. The
amount of reduction required to see this increase varied be-
tween 60% and 80%.

5. DISCUSSION

Optimizing CT perfusion protocols is a challenge and has
to rely on phantom models to avoid unnecessary radiation ex-
posure to patients. These models have to be sufficiently real-
istic to gain insights that can be translated back to a clinical
setting. We have presented a patient-specific 4D digital phan-
tom that can be used to generate realistic 4D acquisitions of
the head. In other words, this digital phantom allows for retro-
spective simulations as if a specific patient was scanned using
different parameter settings. Assessing these different param-
eter settings may help to find the optimal protocol for specific
patients groups and pathology. In this study we chose to sim-
ulate a clinical protocol, but this digital phantom setup has
the potential to simulate an arbitrary protocol at any of the 23
measured dose levels and at timing. We validated the 4D digi-
tal phantom by testing whether absolute perfusion values and
standard deviations of CTP maps are correctly predicted from
TACs derived from patients and noise derived from repeat-
edly scanning a realistic skull phantom. The flexible digital
phantom setup allowed us to combine a spatial structure with
TACs obtained from patients and noise patterns obtained by
scanning a human skull phantom. For this study we chose to
fill the digital phantom with WM and GM with TACs derived
from patient data. We then showed that the resulting perfu-
sion values as well as the standard deviation on the resulting
perfusion maps correlated well with data primarily measured
in the patients.

The slope of the linear fit through the origin was very close
to 1 in all cases, indicating nearly identical values in the dig-
ital phantom and in the patients. Intraclass correlation coeffi-
cients were excellent: values for both the mean and standard
deviation were all higher than 0.80 for CBF, CBV, and MTT.
This means that the digital phantom data correlate well with
the patient data. The correlation for the standard deviation was
a bit lower than for mean values. This means that the noise is
more difficult to simulate than the perfusion values.
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FIG. 7. Absolute mean perfusion values for (a) CBF, (c) CBV, and (e) MTT of the digital phantoms vs the patients. Values of patient data are measured inside
the annotated ROI. Values of digital phantom data are the mean and standard deviations of ten permutations. Standard deviation values in (b) CBF, (d) CBV, and
(f) MTT maps of the digital phantoms vs the patients. Values of patient data are measured inside the annotated ROI. Values of digital phantom data are the mean
of ten permutations.

The importance of using digital phantom models for op-
timizing radiation dose in CTP has been recognized before
in work of Uwano,13 Riordan,21 Kudo,22 and Pianykh.23 In
previous work, TACs were simulated using the tracer kinetic
theory. The tracer kinetic theory is based on the assumption
that a TAC can be constructed using the deconvolution of the
AIF and with a residue function. An advantage of these sim-

ulated curves is that the perfusion values for CBF, CBV, and
MTT are the input for a resulting tissue curve. A drawback of
modeling the tissue curves in this way is that assumptions are
needed to generate curves. These assumptions are (1) an AIF,
which is often modeled using a gamma-variate fit,31 (2) hemo-
dynamic characters like hematocrit values for both small and
large vessels, and (3) a mathematical function describing the

Medical Physics, Vol. 41, No. 7, July 2014



071907-8 van den Boom et al.: A patient-specific 4D CTP phantom 071907-8

FIG. 8. CBF values of white matter as function of the total dose. The original
acquisition protocol is at the 100% setting. The five lines represent a subset
of five patients, selected randomly from our group of 20 patients. The CBF
values are the mean values of ten permutations.

shape of the residue function. This means that perfusion algo-
rithms with the same assumptions will return perfusion values
close to the input values, while these values are not necessar-
ily the correct values for real patient data. This is called an
inverse crime in mathematics.32 Another drawback is that the
resulting curve may be a theoretic approximation of a tissue
curve, but in practice, even more effects play a role in how the
tissue curve looks like. For example, recirculation of blood,
leakage of tracer out of the vessels, and low cardiac output.
Obtaining the TACs from patients has some advantages: (1)
the curves are realistic, as they are obtained from real clinical
scans; (2) by obtaining TACs from multiple patients, realis-
tic patient variability can easily be included. As shown in our
experiments, different patients respond different to changes
in scanning protocols. A disadvantage compared to simulated
curves is that there are no reference values for CBV, CBF,
and MTT. But even simulating curves do not provide real ref-
erence values, as these are dependent on the underlying as-
sumptions and parameter settings. Therefore, we propose to
use measured TACs obtained from patient data.

A limitation of our method to obtain TACs is that spatial
tissue variation is neglected. The averaging values in the ROIs
of the patient will average the spatial properties and therefore
perfusion properties within a tissue. In CT images, the stan-
dard deviation of the tissue is typically much smaller than the
standard deviation due to the noise. Therefore, the effect of
tissue variation is small.

TACs based on ROIs in patient data are considered approx-
imately noise free, although there is a small amount of noise
present in these TACs, especially in the GM curves. A way to
exclude this noise is by fitting, for example, a spline function
or a gamma-variate function based on the measured TACs. In
this work we did not do that because we wanted the TACs to
be as similar to the patient TACs as possible, to exclude any
additional effect of curve fitting or smoothing.

Two methods for adding noise patterns are proposed in
literature: one method is by simulating noise patterns us-

ing Gaussian noise13, 22, 23 and the other method is measuring
noise patterns in a 3D physical, anthropomorphic human skull
phantom.21 While simulating noise patterns provides an in-
sight into general noise-related behavior of CTP acquisitions.
As shown in our experiment, this is not a realistic approxima-
tion of the noise present in clinical CTP acquisitions. More
realistic noise has to take into account the complex influence
of highly attenuating structures, such as the skull on the noise
inside the brain. A hybrid digital perfusion phantom was first
suggested by Riordan.21 Such a phantom takes care of the
complex noise patterns in the skull and allows for simulat-
ing various structures that can be used to study the effect of
acquisition parameters on CTP maps. We constructed our 4D
digital phantom using the noise patterns that were measured
in the human skull phantom to obtain the most realistic possi-
ble noise patterns.

For this study we wanted to minimize the effect of AIF and
VOF on the final perfusion maps. Therefore, we chose to not
add noise to the AIF and VOF regions, such that the exact
AIF and VOF curve used for calculating the patient perfusion
maps could be used for calculating the digital phantom per-
fusion maps. Furthermore, we chose cylindrical objects with
a diameter of 8 mm for simulating the AIF and VOF, which
is not a realistic diameter. By choosing a large diameter, the
effect of spatial smoothing in the perfusion software on the
AIF is minimized.

The fact that correlation between digital phantom and clin-
ical data was less for the standard deviations than the mean
perfusion values might be due to averaging of multiple ROIs
to derive WM and GM TACs. Another partial explanation is
that we used only one skull phantom. In real patients, shape,
size, and thickness of the skull will influence noise. Therefore,
our model will provide data in a similar order of magnitude
but will not be able to specifically reproduce standard devi-
ations on perfusion maps in those patients whose skull devi-
ates substantially from that of the digital phantom. We only
included TACs from GM and WM. This could be expanded
by using also curves from regions of penumbra or infarct core
as well. Since prediction of perfusion values and standard de-
viation worked for a wide range of values, we expect it to also
work for infarct and penumbra areas.

Absolute perfusion values reported in this work are
relatively low compared to values reported in literature
[10-–35 versus 25–60 for CBF and 1–3 versus 2–5 for CBV
(Ref. 33)]. This is a known property of the PMA perfusion
software. Various perfusion analysis software packages use
various methods and assumptions. Comparison studies point
out that there are large differences in results of different soft-
ware packages, depending on the underlying methods and pa-
rameter settings.12, 13 Software settings like spatial and tempo-
ral smoothing, hematocrit values, and scaling of the AIF can
have large effects on the resulting perfusion values as well.

Although optimization of CTP acquisition protocols is the
main goal of this 4D digital perfusion phantom, there are
other interesting research directions where our digital phan-
tom could be useful. This includes testing of perfusion soft-
ware packages and the evaluation of the effect of noise on
derived perfusion parameters. With our phantom, a reference
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standard without noise can be created. Furthermore, the dig-
ital phantom can be used in observer studies, for example, to
train radiologists.

6. CONCLUSION

To conclude, this work shows that that patient-specific 4D
digital phantom allows for realistic simulation of mean values
and standard deviation in perfusion data. This is an important
property as this 4D digital phantom can be used for retrospec-
tive protocol optimization without unnecessarily exposing pa-
tient to radiation dose. Furthermore, this 4D digital phantom
makes it possible to retrospectively study how the interac-
tion of patient hemodynamics and scan parameters affects CT
perfusion values.
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