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4 Introduction

This predoctoral fellowship research project is concerned with the problem of dynamic
magnetic resonance imaging (MRI). The potential application of dynamic MRI to breast
cancer is to repeatedly image the breast following injection of a contrast agent. The
interest in this lies in the possibility that breast tumors could be characterized nonin-
vasively using both the temporal enhancement curve in the lesion as well as the spatial
pattern of enhancement in the lesion [1-9]. This application would require high tem-
poral resolution in the sequence of images, since the period of greatest differentiation
between malignant and benign tumors is the first one or two minutes following injec-
tion of the contrast agent [10,11]. In addition, high spatial resolution is imperative so
that small tumors will not be missed. The ability to acquire rapid, high-quality images
would also have application in monitoring the effects of treatment [12] and watching

for recurrence [13].

However, with the conventional MRI technique, the requirements for obtaining high
spatial and temporal resolutions are conflicting. For example, if the Fourier reconstruc-
tion method is used, the spatial resolution will be 1/(MAk) where M is the number of
encodings acquired and Ak is the step between data points in the spatial frequency space
(commonly called k-space [14]). In this case, the temporal resolution will be limited
to MTg where Ty is the time to collect one encoding, which may not be sufficient if a
large M is used to obtain high spatial resolution. Clearly, the temporal resolution can
be improved by either reducing Tx or reducing M. The first strategy leads to fast-scan
techniques, which try to acquire a full data set in a time that is short compared to the
dynamic process. However, these techniques may require specialized hardware and have
a reduced signal-to-noise (SNR) ratio. In addition, there may be power deposition prob-
lems in dynamic imaging due to the sequence of images that are acquired. The second
strategy leads to reduced-scan techniques. The data acquisition strategy of many of
these techniques is illustrated in Fig. 1. A high-resolution reference data set is acquired,
usually with standard phase encoding, followed by a sequence of reduced dynamic data
sets during the dynamic imaging period. To avoid the loss of spatial resolution that
can occur with the reduced number of encodings, many of these techniques use a priori

information in the data acquisition or image reconstruction steps. This research project




involves a systematic evaluation of the advantages and limitations of these reduced-scan
methods, as well as the development of several techniques to improve the Reduced-

encoding Imaging by Generalized-series Reconstruction (RIGR) method [15,16].

o Completed Research

5.1 Reduced-Encoding Data Acquisition

With the tremendous flexibility of MRI, it is natural to wonder if there is a better
way to collect the information than by using the infinite complex exponential basis
functions of the standard Fourier or phase encoding method. This is the motivation
behind the wavelet [17-41] and singular value decomposition (SVD) [42-54] methods,
which use a wavelet decomposition or the SVD of a reference image to determine the
reduced encoding vector set. The former method is of interest due to the localized
nature of wavelet basis functions, and the latter is of interest due to the fact that the
truncated SVD is the optimal truncated representation of a matrix (in the least squares
error sense) [55]. The hope is that, by using these basis sets, the image can be well-
represented with fewer encoding vectors than is possible with Fourier encoding. For
this reason, the wavelet and SVD encoding methods were investigated in comparison to

phase encoding for dynamic imaging applications.

The wavelet and SVD encoding methods use the following steps to try to exploit the

desirable truncation properties of the encoding vector sets:

1. Acquire a high-resolution reference data set using phase encoding and reconstruct

using the Fourier reconstruction method.

2. Decompose the reference image using the appropriate basis set (either the chosen

wavelet basis set or the SVD).

3. Select the “most significant” encoding vectors from the decomposition of step 2.
For the wavelet encoding method, the truncated set is chosen based on the largest
reference wavelet coefficients. For the SVD encoding method, the truncated set is

chosen based on the largest reference singular values.




4. Use the selected set of encoding vectors from step 3 to acquire the reduced-encoding

dynamic data set using spatially selective RF excitation pulses.

5. Reconstruct the dynamic image using the appropriate synthesis procedure (the

inverse wavelet transform or SVD synthesis).

Note that with the wavelet encoding method, the choice of wavelet basis set will
affect the results due to implementation issues, as well as the ability to represent the
dynamic image with a truncated basis set. In selecting a particular wavelet basis set
for experimental MR encoding, a smoother wavelet is preferred, because it requires a
shorter RF pulse [24] and reduces the bandwidth requirement of the RF pulse [36].
In addition, a more accurate wavelet-shaped profile can be excited, which will result in
better images [24]. However, there is a trade-off between the length of the required
RF pulse and the spatial support of the wavelet. This research utilized the orthogonal®
Daubechies D18 wavelet basis set [56] and the biorthogonal Cohen 7/9 wavelet basis
set [57], which are considered by many to be among the best for image compression [58].
This research focused on the theoretical power of the basis set for encoding dynamic
images and chose to ignore the long RF pulse that would be required to excite the

profiles associated with these wavelets.

It is important to note that the simulations in this study did not take into account
several factors that would degrade the performance of the non-Fourier encoding meth-
ods. First, it was assumed that the spatially selective RF encodings could be exactly
excited. This is difficult in practice, and imperfect excitation will degrade the resulting
image [24,51]. In addition, T} variations across the image will further distort the en-
coded profile when a short T is used, which is especially a problem when a T} contrast
agent is injected. The use of RF encoding with the non-Fourier methods also limits the
application to single slice or 3D spin echo imaging, and it is not easy to implement 2D
or thin slab 3D gradient echo sequences [45]. Another point is the signal-to-noise ratio
(SNR) loss due to the use of spatially selective excitation for the non-Fourier encoding
methods [24,31]. These problems do not arise with Fourier encoding, which uses linear

gradients to encode the image information rather than spatially selective excitation.

In addition, the non-Fourier encoding methods described here use the reference data

10rthogonal and biorthogonal wavelets are the two main classes of traditional wavelets.




set to choose the encoding vectors for the entire dynamic imaging period. A modification
of this technique is to use a reconstructed dynamic image to select the encodings for the
subsequent dynamic image. Although this should help to increase the similarity between
the image used to truncate the encoding vector set and the image acquired with the
selected dynamic encodings, it would reduce the achievable temporal resolution due to

the computation and magnet setup required between successive dynamic data sets.

As discussed earlier, the truncated wavelet and SVD representations have the desir-
able property of representing an image well with fewer encodings than are necessary with
the Fourier representation. To exploit these desirable properties for reduced-encoding
dynamic imaging, the current methods use a reference image to guide the truncation of
the set of encoding vectors. The danger in doing that is that the selected encodings may
not be optimal for the representation of the dynamic image and, at times, the reference-
based truncation can introduce dangerous artifacts. To illustrate this, simulations of two
important dynamic breast imaging applications, a contrast-enhanced dynamic study and

an interventional MRI needle biopsy procedure, are shown below.

Figure 2 shows the different reduced-encoding methods applied to the breast sim-
ulation developed for this project. The dynamic changes between the reference and
dynamic images include a variable rate of enhancement in each of the “lesions” as well
as a slow overall increase in the background “tissue”. Figures 2(a)-(b) are the reference
and dynamic images, respectively, reconstructed using 128 phase encodings. Figure 2(c)
shows the dynamic image reconstructed using the 16 phase encodings from the center of
k-space. Figures 2(d)-(e) show the dynamic image reconstructed using 16 orthogonal and
biorthogonal, respectively, wavelet encoding vectors. Figure 2(f) shows the dynamic im-
age reconstructed using 16 SVD encoding vectors. The average signal magnitude in the
four lesions for each of the methods is quantified in Fig. 3. Note that the SVD method
assigns nearly the same signal magnitude to all four lesions in the dynamic image, as is
the case in the reference image. This is obviously undesirable for this application since
the goal is to accurately track the spatial and temporal variation of the signal magnitude

in the lesions.

An interventional MRI needle biopsy procedure is illustrated in Fig. 4. Figures 4(a)-

(b) are the reference and dynamic images, respectively, reconstructed using 256 phase
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encodings. Note the additional dark line feature in the dynamic image, supposedly
created by the insertion of a biopsy needle. The arrow indicates the center of the nee-
dle track. Figures 4(c)-(f) were reconstructed using 32 encodings with phase encoding,
orthogonal wavelet encoding, biorthogonal wavelet encoding, and SVD encoding, respec-
tively. In the phase encoded image, Gibbs ringing results from the sharp needle feature
as would be predicted by Fourier theory. The wavelet encoding method results in a
blurred needle reconstruction. In the SVD image, note the apparent displacement of the
reconstructed needle from the proper position. This is a dangerous artifact since, for
this application, the purpose of MRI is to ensure that the lesion is biopsied, as opposed

to the surrounding normal breast tissue.

The artifacts seen with the wavelet and SVD encoding methods are not due to
the truncation of the basis sets, but are due to the particular encoding vectors that are
selected based on the reference image. This is illustrated in Figs. 5(a)-(c) which show the
dynamic image reconstructed using the optimal orthogonal wavelet, biorthogonal wavelet
and SVD encoding vectors, i.e., the encoding vectors selected based on the dynamic
image itself, as opposed to the reference image. The greatly improved reconstruction of
the needle over that seen in Figs. 4(d)-(f), respectively, attests the non-optimality of the

reference-based truncation.

Based on this work, we have shown that, if the a priori information that is available
is a reference image, the current wavelet and SVD encoding methods do not achieve the
desired result of exploiting the desirable truncation properties of these basis sets, and,
at times, can result in undesirable artifacts. For this reason, we continue to use phase

encoding to collect the reduced encoding dynamic data sets.

5.2 Reduced-Encoding Image Reconstruction

Given that the available reduced encoding dynamic data sets are Fourier encoded data,
several available image reconstruction techniques were investigated, including zero-padded
Fourier series, the Fourier-keyhole method? [59,60], and the Reduced-encoding Imaging
by Generalized-Series Reconstruction (RIGR) method [15,16].

2The keyhole method can also be used with the wavelet and SVD [51] encoding methods, although
that will not be discussed here since we are only considering phase encoding at this point.
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The zero-padded Fourier series simply replaces the unmeasured dynamic data with
zeros, whereas the Fourier-keyhole method directly replaces the unmeasured dynamic
data with the corresponding reference data. The data sets thus created are input to the
inverse Fourier transform for reconstruction. Note that, although the resulting images
may look quite different, the zero-padded Fourier series and Fourier-keyhole methods
follow the dynamic changes at the same low resolution. On the other hand, the RIGR
method uses a generalized-series (GS) model to reconstruct the dynamic changes at a
higher resolution than is possible with the zero-padded Fourier series or Fourier-keyhole
techniques. The generalized-series model can be expressed as [15]

N/2-1
Layn () = Lret() Z Cp €A (1)
n=—N/2
where Ie¢(x) is the reference image and N is the number of dynamic encodings. The
coefficients c, are obtained by fitting the dynamic data to the following equation to
maintain data consistency [15]

N/2-1
ddyn(m) = Z Cndref(m - TL) (2)
n=—N/2
where dyef(m —n) is the reference data. Plugging these coefficients into Eq. (1) will yield

the desired dynamic image.

Typically, imaging methods are compared using a point spread function (PSF) anal-
ysis, which gives a measure of the attainable spatial resolution of a method. However,
with constrained reconstruction methods such as RIGR, the PSF will depend not only
on the number of dynamic encodings available, but also on the reference image that is
used. Therefore, the methods were compared using a generalized point spread function
analysis which investigated the reconstruction of a point change using a boxcar reference
image. The width of the boxcar, the location of the point change and the number of
dynamic encodings were varied to determine the affect of these factors on the general-
ized PSF width. An example of the results are shown in Fig. 6 rows 1-3 for a centered
point change, a point change shifted one-fourth the width of the boxcar from the center,
and a point change shifted just under one-half (0.49) the width of the reference boxcar

from the center, respectively. In the case shown, the width of the reference boxcar was

10




0.03125 (FOV=1), but only the center fourth of the plot is shown for better visualiza-
tion. Also note that (a)-(c) are on a different scale than (d)-(e). In all rows, (a)-(c) are
the reference function, the dynamic image, and the point change, respectively, recon-
structed using 512 phase encodings. Plots (d)-(e) show the point change reconstructed
using Fourier-keyhole (or, equivalently, zero-padded Fourier series) and RIGR, respec-
tively, using eight dynamic encodings. Although the reference boxcar contains no edge
information about the point change, nearby edges help constrain the reconstruction of

the point change in the RIGR technique.

The relationship between the number of dynamic encodings and the width of the
generalized PSF for the centered point change case is shown in Fig. 7 for Fourier-keyhole
and for RIGR with a reference boxcar of various widths. The GS approach used in
RIGR results in a narrower generalized PSF for all reference boxcar widths and for all
numbers of dynamic encodings. As the width of the reference boxcar approaches the
FOV, the generalized PSF width of the RIGR method approaches that of the zero-
padded Fourier series reconstruction. This is expected since, in this case of no effective

a priori information, the GS reduces to the Fourier series.

Figure 8 shows the relationship between the width of the generalized PSF and the
width of the reference boxcar for Fourier-keyhole (or zero-padded Fourier series) and for
the RIGR method with various locations of the point change. Note that the width of the
generalized PSF decreases with the width of the reference boxcar and also with greater
proximity of the point change to a boxcar edge regardless of the width of the reference
boxcar for the RIGR method. This is another illustration of how nearby edges in the
reference image help constrain the reconstruction of the point change with the RIGR

method.

If the reference boxcar does contain edge information for the point change, the gen-
eralized PSF obtained with RIGR can be further improved. This is illustrated in Fig. 9
in which rows 1-3 show the case of a point change that is centered, shifted by one-fourth
the reference boxcar width from the center, or shifted by just under one-half (0.49) the
reference boxcar width from the center, respectively. Plots (a)-(d) show the baseline
reference, active reference, dynamic image, and point change (the change between the

baseline reference and the dynamic image), respectively, reconstructed with 512 phase
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encodings. Plot (e) shows the point change reconstructed using RIGR with the active
reference image and eight dynamic encodings. The edge information for the point change

in the active reference image helps to further reduce the width of the generalized PSF.

The effects of the narrower PSF obtained with the RIGR method can be seen in the
reconstruction of dynamic changes in MRI images. This is illustrated in Fig. 10 in which
(a)-(c) are the reference image, the dynamic image, and the difference between the two
images, respectively, reconstructed using 256 phase encodings. Figure 10(d)-(e) show the
difference image reconstructed using Fourier-keyhole (or the zero-padded Fourier series)
and RIGR, respectively, using 32 dynamic encodings. Note the improved reconstruction

of the dynamic changes with RIGR.

In addition, image artifacts can arise from the use of Fourier-keyhole due to in-
consistency between the reference and dynamic data sets. With RIGR, the GS model
guarantees a (N — 1)™ order continuity between the measured and extrapolated data if
N dynamic encodings are used [16]. On the other hand, with Fourier-keyhole in which
the reference data is simply pasted onto the dynamic data, there is no guarantee of data
consistency. This is especially a problem in contrast-enhanced dynamic imaging in which
the contrast agent can cause an overall background signal increase as well as localized
increases in the tumor regions. The nature of the artifacts will depend on whether the
reference image is more or less enhanced than the dynamic image. The latter case is
shown in Fig. 11 in which (a)-(b) are the reference and dynamic images, respectively,
reconstructed using 256 phase encodings. Figures 11(c)-(d) show the dynamic image re-
constructed using 16 dynamic encodings using Fourier-keyhole and RIGR, respectively.

Note the edge-type artifacts in the Fourier-keyhole image which are not visible in the
RIGR image.

This work has shown that, for image reconstruction with Fourier encoding, the RIGR
method is the best way to extrapolate the unmeasured data using the a priori constraints

due to the higher resolution tracking of the dynamic changes and the reduced data

inconsistency artifacts. The remainder of the project focused on further improvements

to the RIGR technique.




5.3 Two Reference RIGR (TRIGR)

The two reference RIGR (TRIGR) method was developed as an offshoot from the original
research proposal. The TRIGR method results in improved dynamic images over the
original RIGR method due to suppression of the background information through the
use of a second high-resolution reference image. As a result, the GS basis functions need
only represent the areas of change and not the static parts of the image. Consequently,
the method directly reconstructs an image of the dynamic changes. If the dynamic image
itself is desired, it can simply be obtained by adding the dynamic change image to the

baseline reference image.

Specifically, the data acquisition procedure for the TRIGR method involves the fol-
lowing steps which are illustrated pictorially in Fig. 12:

1. Acquire a high-resolution baseline reference data set in which the number of en-

codings is determined by the desired spatial resolution.

2. Acquire a sequence of low-resolution dynamic data sets in which the number of

encodings is chosen with respect to the desired temporal resolution.

3. Acquire a high-resolution active reference data set.

Note that the active reference data set need not be acquired at the end of the dy-
namic imaging period, but can be obtained at any appropriate point in the experimental
procedure. For some applications, it may be desirable to acquire reference data sets at
various points during the experimental protocol, and then use the appropriate two refer-
ence data sets to reconstruct a given dynamic image. This is especially attractive since
the reconstructed dynamic image improves as the active reference image becomes more

similar to the dynamic image.

Reconstruction of the dynamic images is accomplished using the generalized series
model with a reference image in which the background has been suppressed. Specifically,

the reconstruction steps are:

1. Construct the difference reference image by subtracting the full baseline and active

reference data sets and reconstructing using the traditional Fourier method.

13




2. Create the dynamic difference data by subtracting from the dynamic data the

corresponding encodings of the baseline reference image, namely
daiet(z) = dayn (k) — dpasetine (k) (3)

where dgyn(k) is the dynamic data and (ibasenne(k) represents the corresponding

baseline reference encodings.

3. The GS model then becomes

N/2-1
Laia() = L (2) Z ¢, &2k (4)
n=-N/2
where [¢(x) is the difference reference image of step 1 and N is the number of
dynamic encodings. The coefficients ¢, are obtained by fitting the difference data
of Eq. (3) to the following equation to maintain data consistency

N/2-1
dag(m) = Y cndret(m — n) ()

n=—N/2
where dyef(m — n) is the difference data created by subtracting the baseline and
active reference data sets. Plugging these coefficients into Eq. (4) will yield the

reconstructed dynamic difference image.

4. If the dynamic image itself is desired, it can be generated by adding the complex

dynamic difference image of step 3 to the baseline reference image, i.e.,
Idyn (LU) = Ibaseline(x) + Idiff(.’l?) (6)

where Iyaseline(Z) is reconstructed using the standard Fourier technique with the

full set of baseline reference encodings.

The effect of the background suppression provided by the TRIGR method can be seen
in the generalized PSF. Figures 13(a)-(c) are the baseline reference, active reference and
dynamic images, respectively, reconstructed using 512 phase encodings. Figures 13(d)-
(e) show the ideal point change reconstructed with 512 phase encodings and the point
change reconstructed using TRIGR with 8 dynamic encodings, respectively. The im-

provement due to the background suppression can be seen by comparing Fig. 13(e) to
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Fig. 9(e). Although the reference image in the TRIGR technique contains no additional
information about the point change than the active reference image used with the RIGR

method in Fig. 9, the background suppression improves the reconstructed generalized
PSF.

Of course, this is the ideal case of complete background suppression. As the back-
ground information is less effectively suppressed, the improvement obtained through
using TRIGR will not be as great. This is illustrated in Figs. 14 and 15 which show
cases of complete and incomplete background suppression, respectively, in the breast
simulation developed for this project. In both figures, (a)-(c) are the precontrast refer-
ence, postcontrast reference and dynamic images, respectively, reconstructed using 128
phase encodings. Images (d)-(e) are the dynamic image reconstructed using the original
RIGR method with the precontrast and postcontrast reference images, respectively, and
16 dynamic encodings. Image (f) is the dynamic image reconstructed using the TRIGR
method with 16 dynamic encodings. As can be seen through comparison of Figs. 14(d)-
(f) and Figs. 15(d)-(f), the improvement obtained through the use of the TRIGR method

is greater as the background information is more completely suppressed.

The effect of this improved PSF can be seen in dynamic MR images. Figure 16 shows
images obtained from a dynamic contrast-enhanced data set of a rat with a large breast
tumor (data provided by Dr. Erik Wiener of Dr. Paul Lauterbur’s group). A spin echo
sequence (TR300/TE20) was used to collect a high-resolution baseline reference data
set. The contrast agent was then injected and a sequence of dynamic data sets was col-
lected as the contrast agent washed into the tumor. A second reference data set was then
collected while the contrast agent was still strongly visible in the slice. Figures 16(a)-(b)
show the baseline and active reference images, respectively, and (c) shows the difference
between the dynamic image (not shown) and the baseline reference image. These three
images were reconstructed using 256 phase encodings. Figures 16(d)-(f) show the differ-
ence image reconstructed with 8 dynamic encodings using Fourier-keyhole, the original
RIGR method, and the TRIGR method, respectively. In the TRIGR image, note the
improved delineation of the internal details of the tumor, such as those indicated by the
arrows. In this case, the temporal resolution could be improved 32-fold (256/8) while

maintaining high quality in the dynamic image through the use of the TRIGR method.
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5.4 RIGR/TRIGR with Explicit Edge Constraints

Since the GS model has a limited number of terms (see Eq. 1), the dynamic change that
is “registered” on the reference image may not be high-resolution. Therefore, in order
to improve the reconstruction of the dynamic image, it is desirable to inject dynamic
information into the GS basis functions, as opposed to deriving them solely from the
reference information. If the contrast behavior of the reference image is the same as that
of the dynamic image, it is useful to use this information in the GS basis functions. On
the other hand, if the contrast behaviors are different, it would be better to use only
the edge information from the reference image and to derive the contrast information
from the dynamic data. In order to do this, two steps are required: the determination
of the boundary locations and the incorporation of this information into the GS basis

functions.

To determine the location of the edges, it is desirable to use a multiscale approach
since the edges in an MRI image are expected to occur at different scales. Two available
methods of doing that are wavelet edge detection [61-63] and the multiresolution edge
detection approach [64,65]. The concepts of scale in the two methods are slightly dif-
ferent. In the wavelet edge detection methods, the idea of scale relates to the size of the
edge itself, whereas in the multiresolution approach, scale relates to both physical prox-
imity and greyscale “closeness”. Another difference is that the multiresolution approach
does not involve an a priori model of the edge, which is beneficial since the shape of the
edges in MR images are not known a priori. For this application, the multiresolution
approach was selected because it resulted in more continuous edges and detected edges

which were missed by the wavelet edge detection approach.

Various methods were investigated for incorporating the edge information from the
reference image and the contrast information from the dynamic data into the GS basis
functions. These included fitting various basis function sets to the regions defined by the
edges, including the Haar and Daubechies D20 wavelets and the localized polynomial
approximation (LPA) [66]. The results of these fitting steps were used either as the new
reference image or used to scale the reference image. However, even the most promising
of these techniques, the LPA approach, resulted in a smoothing effect, because the

number of regions had to be limited to obtain reliable fitting with the small amount of

dynamic data available.
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To alleviate this problem, the proposed method calculates the average signal differ-
ence in each region detected in the reference image using the dynamic data and the
corresponding encodings of the reference data. Therefore, since no fitting step is re-
quired, all of the regions can be used which reduces the blurring effect. In addition,
since the method is used to calculate the difference image as opposed to directly calcu-
lating the new reference image, the effect of edges that are missed or slightly off will be

reduced.

Specifically, the steps for applying this method during the reconstruction of the
dynamic image are:

1. Reconstruct the high-resolution reference image and extract the regions using the

multiresolution edge detection approach.

2. Reconstruct a zero-padded difference image from the low-resolution dynamic data
and the corresponding encodings of the reference data using the Fourier recon-

struction technique.

3. Impose the region structure from step 1 on the image of step 2 to determine the

average signal magnitude difference in each of the regions.
4. The new reference image is then created as, for a baseline reference image,

Tiet = It + Ly avee“1dift (7)
or, for an active reference image,

Tret = Les — Laift o€ < diff (8)
where lgifave is the result of step 3 and Zlyg is the phase of the zero-padded
difference image of step 2.

The method can easily be incorporated into the TRIGR method by modifying the post-

contrast reference image as described above.

The effects of applying this method to the contrast-enhanced dynamic imaging ex-

periment conducted by Dr. Erik Wiener is shown in Fig. 17. Figures 17(a)-(b) are the
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precontrast reference and dynamic images, respectively, reconstructed with 256 phase
encodings. Figures 17(c)-(d) show the dynamic image reconstructed using eight dynamic
encodings with the original RIGR method and the RIGR method with explicit edge in-
formation, respectively. Image (d) has a more accurate reproduction of the contrast
behavior in the dynamic image than (c). However, some blurring can still be seen due
to edges that are not detected in the precontrast reference image. This suggests that a
postcontrast reference image should be used for the edge extraction step when possible
because it may contain additional edges introduced by the dynamic changes. This is
illustrated in Fig. 18 in which (a)-(b) are the postcontrast reference and dynamic im-
ages, respectively, reconstructed using 256 phase encodings. Figures 18(c)-(d) show the
dynamic image reconstructed using the original RIGR method and the RIGR method
with explicit edge information, respectively, with eight dynamic encodings. As expected,
the postcontrast reference provides additional edges which reduces the blurring, as can
be seen by comparing Fig. 17(d) and Fig. 18(d). However, in this case, the improvement
in using explicit edge information is not as great as in the precontrast reference case,
since the contrast behavior in the dynamic image is closer to that of the postcontrast
reference image than that of the precontrast reference image. In any case, these ex-
amples illustrate that the use of this technique can improve the dynamic image quality
while maintaining the improved temporal resolution available from the RIGR or TRIGR

methods.

5.5 Motion Compensated Dynamic Imaging

Motion has long been a problem for MRI, because it destroys the encoding relation-
ship between the signal and the location of the spins. With constrained reconstruction
methods such as RIGR, additional artifacts can be created by motion which occurs
between the acquisition of the reference and dynamic data sets, because the reference
image may no longer be a valid constraint for the image reconstruction step. An ap-
proach to overcome this problem is to detect and correct the object motion before the
constrained reconstruction step is performed. However, detection of object motion in
reduced-encoding dynamic imaging is nontrivial due to several factors. First, dynamic
image contrast changes and object motion are mixed together. This is especially a

problem in contrast-enhanced dynamic imaging of the breast due to the large, rapid
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contrast changes that can occur in the tumor regions. Second, the dynamic data sets
are low-resolution, and it is usually necessary to detect motion to a higher accuracy
than that dictated by the low-resolution Fourier pixel size. To overcome these problems,
we propose to use a similarity norm which can accurately detect the motion in spite of
the contrast changes and the low-resolution nature of the dynamic data. The similarity
norm tries to remove the effects of the contrast change by using only the edges from the

high-resolution reference image for the motion estimation.

The approach we propose assumes relative rigid-body motion which occurs between
the acquisition of the reference and dynamic data sets. Possible methods of addressing
the problem if these assumptions do not hold will be discussed at the end of this section.
The proposed method is applied to a sequence of dynamic images in turn, so that
the dynamic data set is compared to a high-resolution image that should have a more
similar edge structure than the original reference image. First, the motion between
the high-resolution reference image and the first dynamic data set is measured. These
measurements are used to correct and reconstruct the first GS dynamic image. This
high-resolution GS image is then used with the second dynamic data set to determine
the motion that occurred between these two acquisition times. The cumulative motion
measurements are used with the reference image to reconstruct the second GS dynamic
image. This procedure is repeated for the entire image sequence. Note that the dynamic
image is reconstructed using the original high-resolution reference image to reduce errors

that could arise due to the accumulated motion correction.

As mentioned before, we assume that there is relative rigid-body motion between the
low-resolution image I, and the high-resolution image I;. In other words, the relationship

between the images can be written as
Iy(z,y) ~ Li(z cosby — ysinby + xo, zsin Oy + y cos by + yo) (9)

where the relative rigid-body rotation and translation are specified by zg, 3o, and 6y and
the tilde signifies that I; and I, can have different contrast behavior. Therefore, the
goal of the motion-estimation step is to find zg, vy, and 6y. Specifically, the following

steps are used:

1. Reconstruct the high-resolution image I; using the Fourier reconstruction tech-

nique and segment it into a number of “homogeneous” regions. The strategy here
is to use these region boundaries as landmark features.
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. Reconstruct the low-resolution image I, using the zero-padded Fourier reconstruc-

tion method.

. Superimpose the region structure of step 1 onto the image of step 2 and calcu-
late the regional intensity inhomogeneity o7, which is used as an indicator of the

misalignment between the two images.

. The misalignment error F, is calculated as

(10)

where N is the number of regions, m; is the number of pixels in each region and
N is the total number of pixels. Clearly, the value of E, is a function of the motion

parameters. E, is minimized to find the values of zg, v, and 6.

. The estimated-motion parameters from step 4 are then used in the GS model as

fdyn(r) :Test-[ref(T) Z cne—i27mAkT7 (11)
'rLENdyn

where T, is the transformation that corresponds to the estimated-motion param-

eters.

The results of applying the proposed method to the contrast-enhanced dynamic study

of a rat with breast cancer are shown in Fig. 19 in which (a) is the reference image that

was reconstructed using 256 phase encodings. Images (b)-(d) were reconstructed using

RIGR with 32 dynamic encodings. In image (b), there was no motion between the

reference and dynamic data sets, and therefore, it represents the ideal RIGR reconstruc-

tion. The remaining images represent a case in which the position of the object during

the dynamic data acquisition has changed from the reference position by a rotation of

3 degrees and shifts of 5 and -3 pixels in the phase encoding and frequency encoding

directions, respectively. Figures 19(c)-(d) were reconstructed with no motion correction

and with the proposed method, respectively. Note the reduced motion artifacts in the

corrected image (d).
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If it cannot be assumed that no appreciable motion occurs during the collection of a
particular reduced-encoding dynamic data set, other methods will have to be employed
to measure this intraset motion. One possible way to do that is by using navigator
techniques [67] that acquire a “navigator echo” during each view in addition to the image
information. Each navigator echo is then compared to an initial reference navigator echo
using correlation [67] or a least squares technique [68-70] to determine the motion along
the navigator direction. Additional navigator echoes can be used to measure motion
in the other directions, or orbital navigator echoes [69] can be used to simultaneously
measure the two directions of translation and rotation in a plane. Although the navigator
techniques are being used in many applications, the methods cannot be directly applied
to dynamic imaging, because the basic assumption of the navigator echo method will be
violated; namely, that all of the changes in the navigator data are due to motion of the
object. This causes a problem in contrast-enhanced dynamic imaging of the breast, as
well as other dynamic imaging applications, in which the navigator data from each view

can look very different even without motion, leading to incorrect motion estimates.

We considered trying to get around this by comparing a navigator to the immediately
preceeding navigator to determine the motion parameters, as opposed to an initial refer-
ence navigator. However, although this should reduce the effect of the dynamic changes
on the navigator data, the incremental motion may be too small to be detected with
this method. Then, because the motion at a point in time would be the accumulation
of the measured incremental motions up to that time, the error in the motion estimate

may become quite large.

Perhaps a better way to use the navigator method with dynamic imaging applications
is to design the pulse sequence such that the navigator signal is not sensitive to the
contrast changes. For example, consider a contrast-enhanced dynamic study using a
T, contrast agent. The 75 contrast agent modifies the appearance of the tissues which
take it up by changing the 75 relaxation constant. Therefore, the image data should
be sensitive to the change in T, but the effect of T5 on the navigator data should be
minimal. A possible way to accomplish this is to acquire the FID signal following the
RF excitation pulse as the navigator data and use the echo signal as the image data.
In this way, the image can be T, weighted, but the navigator signal will be proton

density weighted. This method would require careful design of the pulse sequence with
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the given application in mind. The optimal solution for dynamic imaging may be a
combination that utilizes the strengths of both the navigator method and the similarity

norm technique.

In many cases, the motion may occur in three dimensions, as opposed to the planar
motion discussed here. In this case, the solution will depend upon whether the imaging
sequence is acquiring 2D slices or a 3D volume. In the case of 2D slices, the excitation and
signal reception locations will need to be dynamically adapted based on the detected
motion perpendicular to the imaging plane [71]. The in-plane motion can then be
addressed, as discussed previously. For 3D imaging, the motion detection scheme would
have to be expanded to detect all six degrees of motion (three translations and three

rotations).

6 Conclusions

The goal of this predoctoral fellowship research project is to obtain simultaneously high
temporal and spatial resolutions in reduced-encoding contrast-enhanced dynamic imag-
ing of the breast. As can be noted, the project expanded from the original proposal as

I progressed through my graduate studies. The contributions of this work include:

1. The issues involved in reduced-encoding data acquisition were analyzed with the
conclusion that the use of a reference image as the a priori information to guide the
reduced-encoding data acquisition process does not achieve the goal of exploiting
the desirable truncation properties of the non-Fourier basis sets and, at times, can

create dangerous artifacts.

2. The RIGR method was shown to result in higher resolution tracking of the dy-
namic changes and reduced data inconsistency artifacts when compared to the

zero-padded Fourier series or Fourier-keyhole methods.

3. The TRIGR method was developed which uses the additional information available
from a second high-resolution reference image to suppress the background informa-
tion in the GS basis functions, resulting in improved dynamic images with minimal

increase in imaging time. Dr. Noam Alperin and Dr. Michelle Vaughan at the
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University of Illinois at Chicago have begun an investigation into the application
of the TRIGR technique to human contrast-enhanced dynamic breast imaging,
in collaboration with Dr. Paul Lauterbur’s group at the University of Illinois at
Urbana-Champaign. However, as of the date of this report, no data involving
contrast-enhanced dynamic imaging of human breast cancer was yet available for

my use.

4. A technique was developed to inject dynamic information into the GS basis func-
tions, as opposed to deriving them solely from the reference image, through the
use of explicit edge information. The method can help improve the reproduction

of the contrast behavior in the dynamic images.

5. A method was proposed for accurately detecting the motion between the reference
and dynamic data sets in spite of the contrast changes and the low-resolution

nature of the dynamic data.

And last, but not least, I successfully completed the requirements for my Ph.D. in
electrical engineering while working on this predoctoral fellowship research project. I
am very grateful for the opportunity that was afforded me by the Army Breast Cancer
Research Program. The financial support, as well as the opportunity to work on such

an exciting project these last three years, are deeply appreciated.
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Figure 1: Data Acquisition Strategy for Reduced-encoding Techniques
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Figure 2: Non-Fourier Encoding Applied to Contrast-Enhanced Imaging: (a)-(b) The
reference and dynamic images, respectively, reconstructed using 128 phase encodings.
The remaining images were reconstructed with 16 dynamic encodings using different
encoding methods: (c) phase (Fourier), (d) orthogonal wavelet, (e) biorthogonal wavelet
and (f) SVD. The phase, wavelet and SVD encoding directions are vertical. Note that
the SVD method assigns nearly the same signal magnitude to all four lesions.
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Figure 3: Average Signal Magnitude of the Lesions of Fig. 2(b-f). Regions 1-4 correspond
to the upper left, upper right, lower left and lower right lesions, respectively, in Fig. 2.
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Figure 4: Non-Fourier Encoding Applied to Interventional MRI: (a)-(b) The reference
and dynamic images, respectively, reconstructed using 256 phase encodings. The re-
maining images were reconstructed using 32 dynamic encodings with different encoding
techniques: (c) phase, (d) orthogonal wavelet, (e) biorthogonal wavelet and (f) SVD.
The phase, wavelet and SVD encoding directions are horizontal. The arrow indicates

the center of the needle track. Note the apparent displacement of the needle center in
the SVD reconstruction.
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Figure 5: Optimal Non-Fourier Encoding: Dynamic image reconstructed with 32 opti-
mal encodings as derived from the dynamic image itself using (a) orthogonal wavelet,
(b) biorthogonal wavelet and (c) SVD. The wavelet and SVD encoding directions are
horizontal, and the arrow indicates the center of the needle track. Note the improve-
ment over the images in Figs. 4(d)-(f),respectively, which were reconstructed using the
32 sub-optimal encodings as determined from the reference image in Fig. 4(a).

(a) (b) (c) (d) (e)

ﬂ h | 1)
ﬂ | h L 2

3)

- N

Figure 6: PSF Profiles with Baseline Reference: Rows 1-3 show the PSF results for
a delta function change that is centered in the reference boxcar, shifted by one-fourth
the width of the reference boxcar from the center, and shifted by just under one-half
(0.49) the width of the reference boxcar from the center, respectively. The width of the
reference boxcar was 0.03125 (FOV=1), but only the center fourth of the plot is shown
for better visualization. (a)-(c) The baseline reference image, the dynamic image, and
the point change reconstructed using 512 phase encodings. (d)-(e) The point change
reconstructed using Fourier-keyhole (or, equivalently, zero-padded Fourier series) and
RIGR with 8 dynamic encodings. Note that (a)-(c) are on a different scale than (d)-(e).
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Figure 7: PSF vs Number of Dynamic Encodings: This plot shows the relationship
between the width of the PSF and the number of dynamic encodings used for Fourier-
keyhole (or, equivalently, the zero-padded Fourier series) and RIGR. In the simulations
used to generate this plot, the point change was centered in the reference boxcar. Note
the reduced PSF width of RIGR as compared to Fourier-keyhole for all reference boxcar
widths and all numbers of dynamic encodings.
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PSF vs. Width of Reference Boxcar
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Figure 8: PSF vs Width of Reference Boxcar: This plot shows the relationship between
the width of the PSF and the width of the reference boxcar for Fourier-keyhole (or,
equivalently, the zero-padded Fourier series) and RIGR for three locations of the point
change. The simulations to generate this plot used 64 dynamic encodings.
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Figure 9: PSF Profiles with Active Reference: Rows 1-3 show the PSF results for a
delta function change that is centered in the reference boxcar, shifted by one-fourth
the width of the reference boxcar from the center, and shifted by just under one-half
(0.49) the width of the reference boxcar from the center, respectively. The width of the
reference boxcar was 0.03125 (FOV=1), but only the center fourth of the plot is shown
for better visualization. (a)-(d) The baseline reference image, the active reference image,
the dynamic image, and the point change reconstructed using 512 phase encodings. (e)
The point change reconstructed using RIGR with the active reference image and 8
dynamic encodings. Note that (a)-(c) are on a different scale than (d)-(e).




Figure 10: Dynamic Change Images: (a)-(c) The reference and dynamic images and
the difference between the two, respectively, reconstructed using 256 phase encodings.
(d)-(e) The difference image reconstructed using 32 dynamic encodings with Fourier-
keyhole (or, equivalently, zero-padded Fourier series) and RIGR, respectively. Note the
improved reconstruction of the dynamic changes with the RIGR method.

Figure 11: Keyhole Data Inconsistency Artifact: (a)-(b) The reference and dynamic im-
ages, respectively, reconstructed using 128 phase encodings. (¢)-(d) The dynamic image
reconstructed with 16 dynamic encodings using Fourier-keyhole and RIGR, respectively.
The phase encoding direction is horizontal. Note the edge artifacts that appear in the
Fourier-keyhole image.
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Figure 12: Data Acquisition Strategy for TRIGR

Dynamic data
N encodings

Reference 2 data
M encodings

(@

(b)

(c)

(d)

(e)

1

A

|

33

1)

)

3

Figure 13: PSF Profiles For TRIGR: Rows 1-3 show the PSF results for a delta function
change that is centered in the reference boxcar, shifted by one-fourth the width of
the reference boxcar from the center, and shifted by just under one-half (0.49) the
width of the reference boxcar from the center, respectively. The width of the reference
boxcar was 0.03125 (FOV=1), but only the center fourth of the plot is shown for better
visualization. (a)-(d) The baseline reference, active reference, dynamic image, and the
point change image, respectively, reconstructed using 512 phase encodings. (e) The
point change reconstructed using TRIGR and 8 dynamic encodings. Note that (a)-(c)
are on a different scale than (d)-(e).
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Figure 14: TRIGR with Complete Background Suppression: Images (row 1) and profiles
through the upper and lower set of lesions (rows 2-3, respectively). (a)-(c) The baseline
reference, active reference and dynamic images, respectively, reconstructed using 128
phase encodings. (d)-(e) The dynamic image reconstructed using 16 dynamic encodings
with RIGR using the baseline and active reference images, respectively. (f) The dynamic
image reconstructed using 16 dynamic encodings with TRIGR.

Figure 15: TRIGR with Incomplete Background Suppression: Images (row 1) and pro-
files through the upper and lower set of lesions (rows 2-3, respectively). (a)-(c) The
baseline reference, active reference and dynamic images, respectively, reconstructed us-
ing 128 phase encodings. (d)-(e) The dynamic image reconstructed using 16 dynamic
encodings with RIGR using the baseline and active reference images, respectively. (f)
The dynamic image reconstructed using 16 dynamic encodings with TRIGR.
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Figure 16: TRIGR Applied to Contrast-Enhanced Dynamic Imaging Experiment on Rat:
(a)-(b) The precontrast and postcontrast reference images, respectively, reconstructed
using 256 phase encodings. (c) The difference image between the dynamic image (not
shown) and the precontrast reference image, reconstructed using 256 phase encodings.
(d)-(f) The difference image reconstructed using 8 dynamic encodings with Fourier-
keyhole, the original RIGR method and the TRIGR method, respectively. In the TRIGR
image, note the improved delineation of the internal details of the tumor, such as those
indicated by the arrows.
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Figure 17: Explicit Edge Information with Precontrast Reference Image: (a)-(b) The
original precontrast reference and dynamic images, respectively, reconstructed using 256
phase encodings. (c)-(d) The dynamic image reconstructed using 32 dynamic encodings
with the original RIGR method and the RIGR method with explicit edge information,
respectively.
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Figure 18: Explicit Edge Information with Postcontrast Reference Image: (a)-(b) The
original postcontrast reference and dynamic images, respectively, reconstructed using 256
phase encodings. (c)-(d) The dynamic image reconstructed using 32 dynamic encodings
with the original RIGR method and the RIGR method with explicit edge information,
respectively.
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model with (a) as the reference image and 32 dynamic encodings. (b) The dynamic
image that results with no motion between the reference and dynamic data sets. The
remaining images show the dynamic image reconstructed with a 5 pixel shift in the
phase-encoding direction (vertical), a -3 pixel shift in the frequency-encoding direction
(horizontal) and a 3 degree clockwise rotation between the reference and dynamic data
sets. (c)-(d) The dynamic images that result with no motion correction and with the
proposed method, respectively. Note the reduced motion artifacts in (d) as compared

|
|
|
|
|
Figure 19: Motion Corrected Dynamic Images: (b)-(d) were reconstructed using the GS
to (c).
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7 Appendix A - Acronyms

BMRL - Biomedical Magnetic Resonance Laboratory

FOV - Field of View

ISMRM - International Society for Magnetic Resonance in Medicine
LPA - Localized Polynomial Approximation

MR - Magnetic Resonance

MRI - Magnetic Resonance Imaging

PSF - Point Spread Function

RIGR - Reduced-encoding Imaging by Generalized-series Reconstruction
RSNA - Radiological Society of North America

SMR - Society of Magnetic Resonance

SMRI - Society of Magnetic Resonance Imaging

SMRM - Society of Magnetic Resonance in Medicine

SNR - Signal to Noise Ratio

SVD - Singular Value Decomposition

TRIGR - Two reference Reduced-encoding Imaging by Generalized-series Reconstruction
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