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Abstract

In this paper an evaluation of methods determining the bolus
arrival time (BAT) using a four-dimensional flow phantom to
simulate 4D MR angiography is presented. Spatiotemporal 4D
MRA images were acquired for analyzing the hemodynamic
characteristics of cerebral vessel anomalies. Model-
independent and model-dependent methods for BAT extrac-
tion are published. Generally, for the evaluation no gold stan-
dard exists and datasets with known BAT values are required.
Here, a 4D flow phantom is generated based on a synthetic
3D MRA dataset with BAT values defining the time point of
blood inflow for each voxel. Then, voxel-by-voxel concentra-
tion-time curves based on the gamma-variate function were
computed leading to a simulated 4D MRA dataset. Addition-
ally, partial volume effects and Gaussian noise were inte-
grated. The simulated 4D MRA was visually inspected and
regarded as similar to clinical data. Finally, phantom datasets
with different vessel diameter and signal-to-noise ratio are
computed. Three state-of-the-art methods were used to extract
BAT values. Computed and known values were compared. The
results suggest that model-dependent approaches perform
better than the model-independent method.
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Introduction

Cerebral vascular diseases like aneurysms or arteriovenous
malformations are one of the major causes of death worldwide
[1]. For an improved rating of the disease and therapy plan-
ning detailed knowledge about the individual vessel anatomy
and hemodynamic situation is needed [2].

Generally, imaging techniques like 3D computer tomography
(CT) or digital subtraction angiography (DSA) are clinical
standard for the analysis of the hemodynamics. Unfortunately,
those techniques are based on ionizing radiation. Furthermore
Warnock et al. [3] reported that the DSA as an invasive proce-
dure has a complication rate of approx. 3.8% and supplies only

2D projections of the vessel system. Recently, new parallel
MR image acquisition techniques enables the time resolved 4D
MRA imaging of the blood flow. In clinical practice these spa-
tiotemporal 4D MRA images were acquired for the qualitative
and quantitative analysis of hemodynamic characteristics of
cerebral vessel anomalies like arteriovenous malformations
(AVMs) or aneurism. Figure 1 shows an image sequence of a
4D TREAT MRA dataset from a patient with AVM.
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Figure I- Temporal image sequence of a 4D TREAT MRA

Detailed evaluation of the arterial inflow and venous drainage
of AVMs is important for clinical evaluation and management
[4,16]. A lot of research has been done on simulation and de-
termination of the cerebral blood flow. In 3D datasets often
computational fluid dynamics (CFD) [S] were used to simulate
the blood flow. Unfortunately, these approaches are computa-
tional expensive and due to acquisition time requirements the
vascular system is often not completely covered by the result-
ing images [8].

In 4D image sequences BAT values can be determined by ana-
lyzing the concentration time curves after bolus-injection
[6,7]. Here, the tracking of the signal changes provided by an
injected bolus of contrast agent travelling through the vessels
is used for further analysis. The focus of this work is the ev-
aluation of methods that extract hemodynamic characteristics
based on the concentration-time curves of 4D MRA.

State-of-the-art Methods for Determination of Bolus
Arrival Time in 4D MRA Image Sequences

The number of publications dealing with determination of the
bolus arrival time in 4D MRA is high [8]. Commonly used



1264 D. Sdiring et al. / Evaluation of Methods for BAT Determination Using a Four-Dimensional MRA Flow Phantom

approaches for analysis of concentration-time curves can be
classified as model-independent or model-dependent.
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Figure 2- Concentration-time curve with criteria TTP, TTPG
and TLHP (left) and the unexpected time difference of two
neighbouring vessel voxels using TTP as BAT (right)

Model-independent approaches estimate the BAT directly
based on the concentration-time curve. Therefore several crite-
ria have been proposed e.g. time to peak (TTP), time to peak
gradient (TTPG) or time of leading half-peak (TLHP) [9]. The
major drawback of the model independent criteria is the fixed
discrete BAT estimation which depends on the temporal reso-
lution of the used data. Furthermore, it has been reported that
due to noise and artefacts e.g. interpolation during the image
acquisition these parameters lead to insufficient results, in
terms of strong temporal differences between the bolus arrival
times of neighbouring voxels [10]. Figure 2 shows the pro-
posed criteria TTP, TTPG and TLHP (left) and the concentra-
tion-time curves of two vessel voxels and their temporal dif-
ference using TTP as BAT (right).

One model-dependent approach is the BAT estimation based
on the fit of a gamma variate function

C(t) = K(t — AT)* e =4AD/8 )

to the concentration-time curve [10,11]. Eq. 1 is valid for t >
AT where t is the independent variable, AT the appearance
time, K the constant scale factor and o and f are arbitrary
parameters describing the shape. After fitting the gamma vari-
ate function to the concentration-time curve the BAT value is
determined by extracting one criterion e.g. TTP, TTPG or
TLHP of the fitted gamma variate function. Due to the mathe-
matical properties of this function the extracted BAT value is
not constrained by the temporal resolution of the given 4D
MRA dataset. Unfortunately, the gamma variate fitting can
lead to unsatisfying results when applied to concentration-time
curves resulting from a rapid injection of a small bolus like in
4D TREAT MRA [12]. Additionally, due to the blood recircu-
lation the realistic concentration-time curves do usually not
only consist of the first pass bolus but do also show following
bolus passages. So, the concentration-time curve is not as
steep as the assumed hypothetical exponential decay [13].

Another model-dependent approach was published by Forkert
et al. [8]. Here, a patient-individual reverence curve r(z) is
generated based on a collection of present concentration-time
curves s;(¢). Based on r(f) one criterion is e.g. TTP, TTPG
or TLHP is used to define the BAT. Estimating a linear trans-
formation f(x) = Ax+ B the concentration-time curves of all

vessel voxels were fitted to the reference curve such as
r()~s;( f(2)). The estimated fitting parameter A and B can

be used to adapt the extracted criterion to determine the BAT
value for the signal curve.

In order to assess the accuracy and precision of the presented
methods different approaches were used. In general a qualita-
tive evaluation was done by obtaining clinical datasets from
normal volunteers. The results were compared with predicted
values based on physiological and anatomical findings [6].
Additionally, series of Monte Carlo simulations were per-
formed using realistic synthetic concentration-time curves with
known parameters and covering a range of signal-to-noise ra-
tios (SNR) [14]. As a drawback most studies focused only on
the determination of the cerebral blood volume. Also the im-
pact of selecting the optimal criteria, e.g. TTP, TTPG or
TLHP for BAT estimation was not investigated.

Aim of this Work

In this paper we evaluate the aforementioned three state-of-
the-art approaches with three different BAT criteria and three
different pre-processing approaches for determining BAT val-
ues in 4D MRA concerning quality and robustness. Therefore,
we generate a four-dimensional flow phantom to simulate 4D
MRA using an extended version of the established gamma
variate function. The quality is assessed by calculating and
analyzing the differences between synthetic and extracted
BAT values. For the robustness the chosen methods are ap-
plied to phantom datasets with different vessel diameter and
varying signal-to-noise ratio (SNR). Additionally, we evaluate
the optimum criteria for BAT determination.

Materials and Methods

Generation of a 4D MRA Flow Phantom

For generation of a synthetic 4D MRA flow phantom the fol-
lowing steps are applied.

e  Extraction of realistic geometric vessel structures
based on clinical three-dimensional time-of-flight
MRA (3D TOF MRA).

e Generation of a synthetic 3D MRA dataset and defi-
nition of bolus-arrival-time for each vessel voxel.

e Simulation of 4D MRA datasets based on the gamma
variate function considering the partial volume effects
(PVE) and the signal-to-noise ratio (SNR)

These steps are described in detail in the following.
Extraction of Realistic Geometric Vessel Structures

Providing realistic geometric vessel structures a vessel system
was segmented based on clinical 3D TOF MRA and a 3D
model of a part of the system was generated. Then, a center-
line was computed and the vessel bifurcations as well as the
endpoints of the branches were detected and organized in a
network. The geometrical characteristics of the bifurcations of
the 3D vessel model are represented in this network by a pa-
rameter set including the position and the diameter. Based on
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this information tube structures are used to build a synthetic
representation of the original vessel structure. The parameter
set e.g. the diameter value for each bifurcation can be adjusted
for further evaluation.

reconstructed

Figure 3- 3D surface model of the original (left) and the re-
constructed geometric structure of the vessels (right)

Generation of the 3D MRA and BAT

The generation of a 4D MRA flow phantom dataset requires
the definition of bolus arrival times. Therefore, the parameter
set was extended by a new BAT entry. Then, the synthetic 3D
vessel representation was transferred to a 3D image dataset
with high spatial resolution. The image extents and voxels size
as well as the intensity values for the vessels, brain structures
and background were chosen based on clinical 3D TOF MRA.
Additionally, a BAT value was computed for each vessel vox-
el. Here, a linear interpolation of the BAT of the neighboring
bifurcation or end points is used. Figure 3 shows the 3D sur-
face model of the original (left) and the reconstructed geomet-
ric structure of the vessels with different diameter (right).

Simulation of 4D MRA

The simulation of spatiotemporal 4D MRA image sequences
based on a synthetic 3D MRA dataset requires the simulation
of concentration-time curves for each vessel voxel. Therefore,
the established gamma variate function (1) is used with
a=3.0 and f=1.5 regarding to the values published by
Chen et al. [15]. In order to address the effect of recirculation
of the contrast agent bolus the final concentration-time curve is
computed by adding two gamma variate functions with differ-
ent scaling factors K; =400 and K, =80 as well as different

appearance time points AT, = BAT and AT, = BAT + ot

with 0f = 8 frames. Figure 4 shows a clinical concentration-
time curve with a fitted gamma variate function (left) as well
as a generated signal curve C(#) (right).

Then, a temporal sequence of 3D MRA images is generated
where the intensity of each vessel voxel V' at time point ¢;
with i=0...n are defined by its concentration-time
curve Cy, (¢;) leading to a 4D MRA with high spatial resolu-
tion.
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Figure 4- A clinical concentration-time curve with a fitted
gamma variate function (left) as well as a generated concen-
tration-time curve (vight).

The acquisition of clinical 4D MRA datasets has a tradeoff
between temporal and spatial resolution. To improve the tem-
poral resolution the spatial resolution is decreased leading to a
partial volume effect (PVE) that can have a significant impact
on the accuracy of blood flow measurement [15]. To get real-
istic synthetic datasets the PVE is simulated be reducing the
spatial resolution of the generated 4D MRA as described in
[15]. Finally, Gaussian noise with different standard derivation
o is added to simulate the variance of SNR in clinical data-
sets.

Evaluation Procedure

4D MRA Phantom Datasets

Firstly, the quality of the generated 4D MRA was rated. There-
fore, the synthetic image data was visually inspected and com-
pared to clinical image data by two medical experts with ex-
perience in 4D MRA image analysis. Related to the clinical
datasets the voxel size of the phantom was computed using a
spatial resolution of 0.47x0.47x0.5 mm’ for 3D MRA and
1.88x1.88x4.0 mm® with 50 time frames for 4D MRA.

Secondly, different 4D MRA datasets for the evaluation of the
BAT determination were generated, one dataset representing
four vessels without bifurcation but different diameters (d =
0.5, 1.0, 2.0 mm) to evaluate the robustness concerning vessel
thickness and image artifacts e.g. noise. Another dataset was
generated representing a part of a vessel system with one bi-
furcation and different BAT values for each draining vessel to
evaluate the quality concerning different flow characteristics.

Also, each dataset is generated with different signal-to-noise
ratio (SNR = 5, 10, 20) to evaluate the quality concerning dif-
ferent noise levels. This leads to 20 synthetic 4D MRA data-
sets for the evaluation process.

Image Pre-Processing

The model-independent and the model-dependent methods
were used to compute the BAT values based on the raw con-
centration-time curves derived from the generated 4D MRA
phantom datasets. Furthermore, since concentration time
curves are usually affected by noise and other artifacts, the
BAT values were also extracted based on B-Spline approxi-
mated (degree of 4) and binomial smoothed (1-4-6-4-1) signal
curves in order to investigate whether smoothing is useful to
improve robustness.
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Similarity Measurement

For quantitative evaluation a regression analysis of the ex-
tracted and the defined BAT values of all vessel voxels is
computed. Here, the correlation coefficient R? is used to quan-
tify goodness of the fit. Whereas, a R* value near to one indi-
cates a good fit.

For qualitative evaluation the 3D visualization was used. Here,
the extracted BAT values are mapped color-coded on the 3D
surface model of the vessel system. Due to the fact that the
BAT values in between the bifurcations and endpoints are lin-
ear interpolated the color gradient should be homogeneous in
case of optimal BAT determination.

Results

Quality of 4D MRA Flow Phantom

The generated 4D MRA image sequences were visually in-
spected by two medical experts. Therefore, 4D TREAT MRA
datasets acquired on a 1.5T MR scanner with SNR between 10
and 25 of 20 patients with known AVM are used to compare.
Figure 5 shows the comparison of clinical and simulated 3D
and 4D MRA images (left) and the color-coded BAT values
(right). The images with SNR = 10 were rated as most similar
to the clinical one.
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Figure 5- Comparison of clinical and simulated MRA images
(left) and its color- coded BAT values (right).

Comparison of the Methods

For comparison of the model-independent (MI), gamma vari-
ate fit (GV) and reference based curve fitting (RCF) ap-
proaches with three different BAT criteria and three different
pre-processing approaches were used to extract BAT values

Table 1 — R values for the BAT determination using different
criteria (TTP = 1, TTPG = 2, TLHP = 3) computed based on
a phantom dataset with SNR = 10.

MI GV RCF
1 2 3 1 2 3 1 2 3

RAW | 985 | .960 | .967 | .932 | .971 | .986 | .991 | .981 | .987

BIN | .970 [.970 | .977 | .975|.968 | .978 | .977 | .980 [ .979

SPL | .986 |.962|.966 | .949 | .970 | .969 | .987 | .970 | .987

based on the simulated datasets with bifurcation. Table 1
shows the results of the regression analysis (R?) using different
criteria based on the phantom dataset with SNR = 10.

Figure 6 shows the regression analysis of MI, GV and RCF
using the THLP criteria and the RAW pre-processing (left).
The model-independent approach depends on the discrete time
points which leads to a step function line representation of the
BAT times (R? = 0.967). The results in Figure 6 (right) show
that the model-dependent methods have the best fit. Generally,
the combination of reference-based curve-fitting, RAW pre-
processing and the TLHP or TTP criterion leads to the highest
accuracy.
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Figure 6- Regression analysis of MI, GV and RCF using the
THLP criteria based on the RAW signal curves (left) and the
calculated R’ values for the approaches using THLP (right).

Influence of SNR

For evaluation of the influence of SNR the simulated datasets
with tubes generated with different diameters and disturbed by
Gaussian noise were used. Figure 7 shows the R* values of the
regression analysis for MI, GV and RCF using THLP based on
a tube structure with d = 1mm. The results show the quality
and the robustness of the RCF approach concerning image
artifacts in comparison to the other approaches. For SNR = 5
and d > 2 mm the R? values of all methods get similar. But,
with vessel structures of d = 0.5 mm the value for the MI ap-
proach decreased to 0.929 (GV = 0.996 and RCF = 0.998).
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Figure 7- R values of the regression analysis for MI, GV and
RCF using THLP based on a tube structure with d = Imm.

Discussion

We have evaluated three methods for BAT determination
based on a 4D MRA flow phantom. Based on the gamma vari-
ate function for each vessel voxel a realistic concentration-
time curve including the recirculation effect was generated. In
a post-process these curves were disturbed by Gaussian noise
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and partial volume simulation. The synthetic 4D MRA datasets
were rated as similar to clinical 4D MRA by two medical ex-
perts.

For the evaluation process a number of 4D MRA datasets were
generated with varying parameters like SNR or vessel diame-
ter. The voxel-by-voxel definition of the BAT values enables
the validation of BAT determination methods concerning ro-
bustness and accuracy. Three state-of-the-art approaches with
different BAT criteria and different pre-processing were eva-
luated based on the 4D flow phantom. The results show that
the model-dependent methods have the best potential for ex-
traction of hemodynamic characteristics. In particular the ref-
erence-based curve-fitting obtains the most accurate results.

Due to the fact that the gamma variate function is used to gen-
erate the concentration time curves the best result was ex-
pected to be based on the GV approach. Nevertheless, the si-
mulation of the second bolus and the image artifacts leads to a
realistic modified signal curve enabling the evaluation of dif-
ferent methods for BAT determination.

In future the accuracy of the 4D flow phantom concerning
physiological aspects should be improved by integrating e.g.
poiseuille flow conditions to simulate the dispersion of a bolus
during a flow down a tube. Furthermore, the recirculation
process should be extended by varying the peak of first and
second bolus regarding to the vessel diameter. For the evalua-
tion process more parameters describing hemodynamic charac-
teristics like cerebral blood volume, cerebral blood flow and
mean transit time should be integrated.
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