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Abstract

Prostate cancer is one of the commonest cancers in the wbgtdamic contrast enhanced MRI (DCE-MRI)
provides an opportunity for non-invasive diagnosis, stggand treatment monitoring. Quantitative analysis of PCE
MRI relies on determination of an accurate arterial inputction (AIF). Although several methods for automated
AIF detection have been proposed in literature, none areng@d for use in prostate DCE-MRI, which is partic-
ularly challenging due to large spatial signal inhomogsgnein this paper, we propose a fully automated method
for determining the AIF from prostate DCE-MRI. Our methoda&sed on modeling pixel uptake curves as gamma
variate functions (GVF). First, we analytically computeubhds on GVF parameters for more robust fitting. Next,
we approximate a GVF for each pixel based on local time donmdgrmation, and eliminate the pixels with false
estimated AlFs using the deduced upper and lower bounds.ridkes the algorithm robust to signal inhomogeneity.
After that, according to spatial information such as sinityaand distance between pixels, we formulate the global
AIF selection as an energy minimization problem and solussiihg a message passing algorithm to further rule out
the weak pixels and optimize the detected AIF. Our methodlig A&utomated without training a priori setting of
parameters. Experimental results on clinical data have/shioat our method obtained promising detection accuracy
(all detected pixels inside major arteries), and a very goatth with expert traced manual AlF.

1 Introduction

Prostate cancer is one of the commonest cancers in the withdery high incidence and prevalence rates. Dynamic
contrast enhanced MRI (DCE-MRI) has shown promise in diagnstaging, and monitoring response to therapy, and
has the potential to be a non-invasive biomarker of diseHs&)uantitative analysis of DCE-MRI provides estimates
of tumor pathophysiological properties such as permeaghiilood volume, and extra cellular volume fraction. This
analysis relies on the determination of an arterial inpuicfion (AlIF), which is an estimate of the contrast agent
concentration in the capillaries feeding the tumor. AlFdsally measured in a nearby major artery. Reliably selgctin
the AIF is one of the most important factors in the accuraa/@producibility of DCE-MRI.

Manual methods of selecting the AlIF are time consuming affférsitom inter-observer variability. Automated
AIF detection is desirable for reasons of speed and repiéigtaBeveral methods for automated AIF detection have
been proposed in the literature [2, 3, 4, 5]. Most of theséhotiz focus on brain anatomy, and none are optimized for
use in prostate DCE-MRI. Prostate DCE-MRI suffers fromexte spatial inhomogeneity in signal intensities due to
the use of endo-rectal coils. Therefore, a global signahisity based method may not be able to detect arterial pixels
located far away from the coil. Intensity normalization huds result in amplification of noise and can yield poor
results. In this paper, we propose a fully automated metbaltermine the AIF from prostate DCE-MRI data. Our
method is based on the use of gamma variate functions (GVIEjvgerve as a good approximation of AlF [6], and
find the upper and lower bounds for its parameters to resiticapproximated AlF to desired shapes. Next, we set up
a model to fit the GVF for each pixel in time dimension from tli2 BCE-MRI data, and eliminate the false positive
pixels by using the deduced upper and lower bounds. Aftey toasidering the estimated AlF candidate pixels may
represent various large and small vessels, we formulate@myy function to detect AIF by using global information
and optimize it using a message passing algorithm [7] toioitee pixels in major arterial vessels.

The advantages of our method can be summarized as followst dfiall, the estimation of parameters in our
method is based on analytically computed bounds, whichagitees the generated GVF is consistent with the proper-
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Figure 1: Summary of approach in determination of AlIF fromBNIRI prostate data.
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Figure 2: lllustration of a typical AlF curve (signal intétysover time axis).

ties of AIF. Secondly, each pixel of the data is analyzedllgda time dimension, which is robust to global inhomo-
geneity effect. Third, the message passing algorithm rateg the global information such as similarity and diséanc
between pixels to improve the accuracy of AIF determinatddoreover, our method does not need any training data
or a priori setting of parameters, and is fully automated.

2 Methods

From DCE-MRI datasets, we extract signal intensity vergne tlata for 3D volumes depicting wash-in and wash-out
of contrast agent concentration. In our method, we use GVd ragerence, and look for pixels which have a good
fit with GVF in the time dimension. These pixels will be the datates to determine the final AIF. Figure 1 shows
a summary of our method. After pre-processing which incdugienoising and smoothing, the GVF for each pixel is
estimated, and unsuitable pixels are ruled out if the parammef their GVFs are not between the upper and lower
bounds. In order to further refine candidate pixels, and salgct those that fall in major vessels free of flow and
motion artifacts, a message passing algorithm is used tatiitely update the probability of being a suitable AlF
candidate for each candidate pixel based on the distancsienildrity between pixels. Resulting pixels with larger
probabilities are used to determine the final AlF.

Specifically, given a 4D DCE-MRI datasef u(p,t) : Q — R represent the intensity value of pointt timet,
wherep = (z,y, z) € Q andQ C R3. Moreovery, is the bonus arrival time,,,... is the time when the AIF obtains
its peak value, ant is the last observed time. Figure 2 illustrate an AIF curvetd(p, t) represent the GVF of pixel
p in time domain,g(p, t) be the corresponding approximation valueg@p, t) according tou(p,t). In this section,
since each pixel has its own GVF fitting curve, we simply yig@ to represeny(p, t), andu(t) to describeu(p, t).



The GVF for a pixel in time domain can be presented as follows,
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whereA > 0, and the paramater can be determined by the following equation [8],
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Here,u(t) is used ag(t) to estimate the parameters for a pixel. The maximum valueefiF can be obtained
by ¢'(t) = 0, i.e.,af = tmae — to. Technically, as(¢) is given, a GVF can be estimated for each pixel by Equation
(2).

The curve ofy(t) in Equation (1) can represent different shapes by varygigarameters. In order to restrict the
GVF to typical blood pixel shapes, we deduce the lower ancuppunds ot for ¢ > 0 as follows.

Proposition 1.
0<a< tmax - t(). (3)

Proof. From Equation (1), we have
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Ast — +oo, and letAt = 1 as the step size in time dimension, we have t,,4. — to.
FOrt > timae, andAt(;%- — =) + 1> 1, Ata% > 0, soa > 0. Similarly, ast < t,,4., We
also havex > 0.
Overall,
0 < a<tmaz —to- (9)
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Next, we show thatv can be futher constrained by considering the decrease in &yffal aftert, .., i.e., the
faster and slower wash-out can be modeledb¥he following proposition can be proven.

Proposition 2.
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wheret; is the time of the last value, arid= ™
specific pixel in the dataset.

In k(1 + In( )< a < (tmae — to), it > tmae. (10)

is the intensity ratio of the last value and maximum value of a
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Proof. According to Equation (2),
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Therefore, as we know(t;) andu(t..) of the data, with Equation (3), we have another lower bound éér
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Although we are using this method for prostate DCE-MRI, Biue(10) can be used to generalize the method for
other application by adjusting parameter
We summarize of our algorithm for AlIF determination as faolo

e For each pixel, calculate the first and second derivative@time curve. Determing,,,,, andy;, . using the
curvature.

e Determinety by searching for the maximum curvature beferg...

e Computen(t) for tg < t < tmaz + (tmaz — to) according to Equation (2), and use their average.as

e Compare the obtainedwith upper and lower bounds as above, and rule out pixelsatisfging the conditions.

e Determines andA according tg5 = w andA = u(tmw)(m)“.

e Use the parameters to generate) for all time samples at

e Add a constant with heaviside function for the valugj@fftert = ¢,,,42 + (tmaz — to) t0 Optimizeg. This step
is done to model the fact that the observed signal curves teeturn to zero in the imaging time but show a
non-zero baseline.

e Set up an energy functiod = F,(v) + AF4(v), whereFy(v) represents the difference between intensity
values and the approximated GVHg,(v) represents the distance between pixels, &ad 1 is an empirically
determined constant. Solve this energy function by usingssiaiges passing algorithm to pick the most robust
set of pixels located in a major vessel free of motion and flaifeets. This paper focuses on introducing the
GVF fitting algorithm, we refer the reader to [9, 7, 10] for raafetails about message passing algorithm.

3 Experimental Results

Our method is validated on clinical prostate DCE-MRI datsif®m 5 patients. All patients were scanned under IRB
approved protocols after informed consent using a cliddalGE MRI scanner and an endo-rectal receive coil and
standard DCE-MRI protocols.

Figures 3 and 4 show the results of our algorithm on 3 casethebe figures, each column shows the results of
one dataset, and each row displays the results in one adpa@ceach case, the figures include one of the original
images, 2D views of slices of the AIF pixels determined by algiorithm, the corresponding AlFs and GVFs, the
images of Ktrans and IAUC90, which are 2 main accepted pasmé&om DCE-MRI with best correlation with
therapy response clinically. The original images showris figures are selected from each 4D dataset, which have
clear display of arteries and are very likely to be selectethb user to determine the AIF manually. All these images
are shown in original gray scale without any adjustmentiansity values for clear display purpose. The 2D displays
show the selected AIF pixels in the original images as greémtg, where the intensity values of the original images
are adjusted for display. The "AUTO AIF" in green of third refiFigure 3 is the AlIF determined by calculating the
average AIF of the AIF voxels, and the "AUTO GVF" in blue is the average values of the approximated GVF. The
curves of "Manual AIF" in red are obtained by manually seferthe points in artery.

The first row of Figure 3 shows the original images, each opeesents a slice in the 4D data at a specific
time. From these original images, we can see that the imaféP @rostate DCE-MRI have extreme intensity
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Figure 3: The original images (a)-(c), detected arterigelsi (d)-(f), and the corresponding averages of AlFs and
GVFs (g9)-(i).

inhomogeneity. Though the original images are all dark¢tiieareas of these images are much brighter than any other
areas. With contrast agent, the arteries can be recogmizbdse images, though it may be cumbersome to manually
locate an artery in this kind of images in a large 4D datasetmithese images, we can also see the scattering spots
of small vessels which are also very bright comparing to #ekground.

The second row of Figure 3 displays the detected AIF pixelskathin green (all located in the left femoral
arteries). These AIF voxels are shown as green points ondiresponding original images. From these images,
comparing to the images in the first row, We can see that deggibmogenous intensity values, the selection of
arterial pixels (the green points) are correct and the detexd AlFs are very close to the manually selected ones.

The curves of AIF and GVF determined by our method and by miaslection are compared in the right column
of Figure 3. In these figures, the approximated GVFs are Vesgedo the AlFs, and the automatic determined AlFs
are similar to the manually selected AlFs. According to ¢hessults, we can see that the GVF fitting in our algorithm
locates the voxels which have curves as AlF's. The messaggngpalgorithm exchanges location and intensity
information between AIF candidates, and finally selects/thesls in the arteries to determine the AlF. Moreover, the
AlFs determined by manual selection usually only presemtit voxels in one slice, but the AlFs obtained by our
method contain the information of AIF voxels in the whole 4&aket.

Figure 4 shows the displays of Ktrans and IAUC90 of the autarally and manual determined AlFs, correspond-



ing to each case in Figure 3. From the first to the last row affilgure displays the Ktrans obtained by manual ROI
method, Ktrans obtained by our method, IAUC90 determinechbyual ROI method and IAUC90 determined by our
method, respectively. In this figure, we can see that the 19Q{nages are identical in all cases with manual ROI
method and automatic method. And the Ktrans images ardyasigeailar. It is worth mention that, in one of the cases,
shown in the first column, the result of automatic AIF Ktrarclisarly better than that of manual ROI. This example
shows that, the manual ROI may generate large flow artifadétarmining AlFs, while our automatic AlF algorithm
picks appropriate pixels in vessels to determine the AlF.

We implemented our algorithm in Matlab and performed experits on a machine with 2.53 GHz CPU with 2G
of RAM. The computation took about 30 seconds for each steghedding on the size of volume.

4 Summary

In this paper, we have developed a fully automated methoddtermining the AIF of DCE-MRI prostate data, and
validated our method on clinical data. The method uses leatiporal and spatial information and is robust to inten-
sity non-uniformity in the prostate DCE-MRI images. The Igtieally derived GVF parameter bounds significantly
increase the accuracy and reduce the computation time. &tilnoahis fully automatic without using any training data
or prior information. Moreover, although our method is derstoated for prostate DCE-MRI, it is directly applicable
to other body dynamic data.
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Figure 4: Comparison of Ktrans and IAUC90 determined by oatirad and manual ROI method.




