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DATA RECONSTRUCTION USING
DIRECTIONAL INTERPOLATION TECHNIQUES

CROSS REFERENCE TO RELATED APPLICATIONS

This application claims the benefit of U.S. provisional patent application serial
numbers 60/478,547 and 60/478,665, both filed on June 13, 2003, which are incorporated
herein by reference as if set forth in their entireties.

The following document is also incorporated herein by reference, as if set forth in
its entirety: Frakes, D. H., "An Adaptive Control Grid Interpolation Technique for the
Three-Di;nensional Reconstruction of MRI Data," Ph.D. Thesis, Georgia Institute of

Technology, October 2003, referred to hereinafter as "the Frakes thesis."

STATEMENT REGARDING FEDERALLY-SPONSORED RESEARCH OR
DEVELOPMENT

The U.S. government has a paid-up license in this invention and the right in
limited circumstances to require the patent owner to license others on reasonable terms as
provided for by the terms of contract number RO1-HL-67622 awarded by the National
Institutes of Health (NIH), a part of the U.S. Department of Health and Human

Resources.

FIELD OF THE INVENTION
The present disclosure relates generally to data reconstruction and, more

particularly, to data reconstruction using directional interpolation techniques.

BACKGROUND
Data reconstruction is an important issue in a variety of applications. For

example, such as in medical imaging applications, raw data is often acquired over a three-
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dimensional (3D) anatomical space. Using magnetic resonance (MR) imaging, in
particular, 3D data is often acquired as a sequence of 2D images obtained as contiguous
slices. The 3D image is reconstructed by concatenating the contiguous 2D slice images.

Often, the resolution of the data in one or more dimensions of the 3D data set is
not comparable to the resolution in the remaining dimensions. For example, in medical
imaging, such as in MR imaging, the in-plane resolution of the 2D MR image may be
much finer than the slice resolution. In other words, the pixel dimensions within the MR
image plane may be much finer than the slice thickness that extends normal to the MR
image plane. For simplicity, the dimension having a coarser resolution is referred to
herein as the "deficient dimension,” while the other dimensions are referred to herein as
"non-deficient dimensions."

Given the mismatch in resolution, it is desirable.to increase the resolution in the
deficient dimension to match the resolution in the non-deficient dimensions. Thus,
various interpolation techniques have been developed to enhance the resolution in the
deficient dimension.

Unfortunately, there is still much room for improvement in known interpolation

techniques.

SUMMARY

Approaches to three-dimensional (3D) data reconstruction are presented. The 3D
data comprises 2D images. In some embodiments, the 2D images are directionally
interpolated to generate directionally-interpolated 3D data. The 2D images comprising
the directionally-interpolated 3D data are then segmented to generate segmented 3D data.
The directionally-interpolated and segmented 3D data is then meshed. In other

embodiments, the 3D data set, which includes 2D flow images, is accessed. The accessed
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2D flow images are then directionally interpolated to generate 2D intermediate flow
images.

Other systems, devices, methods, features, and advantages will be or become
apparent to one with skill in the art upon examination of the following drawings and
detailed description. It is intended that all such additional systems, methods, features, and
advantages be included within this description, be within the scope of the present

invention, and be protected by the accompanying claims.

BRIEF DESCRIPTION OF THE DRAWINGS

Many aspects of the disclosure can be better understood with reference to the
following drawings. The components in the drawings are not necessarily to scale,
emphasis instead being placed upon clearly illustrating the principles of the present
disclosure. Moreover, in the drawings, like reference numerals designate corresponding
parts throughout the several views.

FIGS. 1A through 1E are flowcharts illustrating one embodiment, among others,
of a process for directional interpolation of a three-dimensional (3D) data set.

FIG. 2 is a flowchart illustrating another embodiment, among others, of a process
for directional interpolation of a 3D data set.

FIG. 3 is a diagram illustrating apparent motion of brightness gradient due to
linear illumination change.

FIG. 4 is a diagram illustrating one example, among others, of an aperture
problem.

FIG. 5 is a diagram illustrating one example, among others, of a full search block-

matching algorithm (FSBMA). .
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FIG. 6 is a diagram illustrating motion vector fields derived using block matching
with different block sizes.

FIG. 7 is a diagram illustrating control point coordinates for a given region in a
control grid interpolation (CGI) representation.

FIG. 8 is a diagram illustrating both connected and disconnected CGI
representations.

FIG. 9 is a diagram illustrating control points for which weighted square errors
(WSE) are successively minimized.

FIG. 10A is a diagram illustrating quadtree subdivision resulting from adaptive
subdivision algorithms.

FIG. 10B is a diagram illustrating quadtree subdivision resulting from uniform
subdivision algorithms.

FIG. 11 is an example plot showing computation time plotted as a function of
block size bounded by control points for a sample reconstruction image set.

FIG. 12 is an example plot showing total squared error as a function of block size
bounded by control points for a sample reconstruction image set.

FIG. 13 is a diagram showing one example, among others, of a downsampled and
magnitude enhanced motion vector field derived from adaptive control grid interpolation

(ACGI) processing of a video sequeﬁce disturbed by atmospheric turbulence.

DETAILED DESCRIPTION OF THE EMBODIMENTS
Reference is now made in detail to the description of the embodiments as
illustrated in the drawings. While several embodiments are described in connection with

these drawings, there is no intent to limit the invention to the embodiment or
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embodiments disclosed herein. On the contrary, the intent is to cover all alternatives,
modifications, and equivalents.

As noted above, various interpolation techniques have been previously proposed.
However, each of those interpolation techniques suffers from various drawbacks. The
disclosed systems and methods provide alternative approaches that remedy the various
drawbacks existent in those previously-proposed techniques.

Some embodiments provide approaches for performing directional interpolation
on various three-dimensional (3D) data sets. These 3D data sets can include
morphological data, velocity data (e.g., magnetic resonance (MR) imaging velocity data),
sequential video frames, efc. FIGS. 1A through 1C show one embodiment, among others,
of a method for performing directional interpolation on such 3D data sets.

As shown in FIG. 1A, the method begins by accessing (110) a 3D data set, which
is comprised of multiple 2D images. Upon accessing (110) the 3D dgta set, in some
embodiments, the method branches to two separate processes. The results of these two
processes are later combined.

In the first process, which continues in FIG. 1A, each of the 2D images in the 3D
data set is segmented (120). Preferably, the 2D images are automatically segmented
using, for example, a rolling ball algorithm, such as that described in the Frakes thesis.
Contour images are then generated (130) from each of the segmented (120) images. In
that regard, each contour image corresponds to one of the segmented (120) images from
the 3D data set. For simplicity, the contour images are preferably binary images, in
which a desired region of interest tROI) is designated with a binary "1," while an
undesired region is designated with a binary "0."

Continuing in FIG. 1B, once the contour images are generated (130), the contour

images are interpolated (140) to generate intermediate contour images. Since the contour
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images are used as masks in subsequent steps, the interpolation of the contour images
need not be as precise as the interpolation of the actual 2D images from the 3D data set.
In that regard, in some embodiments, among others, a shape-based interpolation can be
implemented to interpolate (140) between the two binary contour images.

Upon completion of contour interpolation (140), the resulting contour interpolated
images are combined (149) with the original set of binary contour images, which were
previously selected (142). Given the result of the contour interpolation (140), the first
process continues to FIG. 1D.

In the second process, which is shown in FIG. 1D, the 2D images from the 3D
data set are directionally interpolated (150). For some embodiments, the directional
interpolation (150) can be performed using a block-based motion estimation algorithm.
In other embodiments, the directional interpolation (150) can be performed using an
optical flow-based motion estimation algorithm. Preferably, however, the directional
interpolation (150) is performed using either a control grid interpolation (CGI) or an
adaptive control grid interpolation (ACGI) approach, such as those described below.

The directionally interpolated (150) 2D images are combined (160) with the
original 2D images to generate a 3D volumetric image. Specifically, for velocity images,
each of the three orthogonal directions (e.g., x-direction, y-direction, and z-direction) of
the velocity data are combined during this step. Upon completion of the directional
interpolation (150), the second process also continues to FIG. 1D.

As shown in FIG. 1D, both the contour interpolation (140) and the directional
interpolation (150) processes combine to the masking (170) step. The masked (170) data
is then supplied (185) to a mesh algorithm, and the application (190) of the mesh

algorithm generates a 3D meshed volume. Since meshing techniques are known in the
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art, further discussion of such processes is omitted here. Upon meshing (190), the
meshed 3D data can, optionally, be visualized.

The process of directionally interpolating the 2D images produces markedly
improved 3D data, as noted in the Frakes thesis and, also, in U.S. provisional patent
application serial numbers 60/478,547 and 60/478,665, which are incorporated herein by
reference as if set forth in their entireties. Additionally, the segmenting of the data prior
to interpolation results in improved computational time, since fewer images are
segmented prior to the directional interpolation. Moreover, the segmentation prior to
interpolation results in a lesser probability of segmentation error, since fewer images are
segmented.

For some embodiments, the image segmentation (120) step can be seen as a multi-
step process. For example, as shown in FIG. 1A, in one embodiment, among others, the
image segmentation step (120) includes the selection (122) of each 2D image, and a
segmentation (124) of each of the selected 2D images. Preferably, the segmentation is
performed automatically using, for example, a rolling ball approach, such as that
described in greater detail in the Frakes thesis. The image segmentation step (120) ends
when all of the 2D images have been segmented.

The contour-image generation step (130) can also be seen, in some embodiments,
as émulti-step process, such aé that shown in FIGS. 1A and 1B. Thus, in one |
embodiment, a contour image is generated from each 2D image by selecting (132) a
segmented image, and generating (134) a binary image from the selected segmented
image. Subsequent segmented images are selected (138) for binary contour image
generation (134), until contour images have been generated for all segmented images.

The contour interpolation step (140) of FIG. 1B, likewise, can be seen as a multi-

step process, which includes the steps of selecting (142) two contour images, and
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interpolating (144) between the selected contour images to generate intermediate contour
images. Subsequent contour images are selected (148) and interpolated (144) until
intermediate contour images have been generated from all contour images. As noted
above, since the interpolation of the contour images need not be as precise as the
interpolation of the 2D images from the 3D data set, conventional shape-based
interpolation techniques can be employed for the contour interpolation step (140). Since
such shape-based interpolation techniques are known in the art, and, also, since such
techniques are discussed in the Frakes thesis, further discussion of such techniques is
omitted here.

The directional interpolation step (150), in the second process branch of FIG. 1C,
can also be viewed as a multi-step process, including the steps of selecting (152) a first
set of 2D images, and directionally interpolating (154) between the selected 2D images to
generate a directionally-interpolated intermediate 2D images. The selected 2D images are
adjacent images. Hence, the generated intermediate 2D images are located between the
two adjacent selected 2D images. Subsequent 2D images are selected (158) for
directional interpolation (154) until all intermediate 2D images have been generated from
the 3D data set. In other words, the directional interpolation (150) step results in
directionally-interpolated 3D data.

For some embodiments, in which the contour masks are binary masks, the
masking step (170) can be seen as a simple multiplication of the segmented images with
the generated masks. Since the masks are binary masks, the multiplication of the masks
with the segmented images results in a preservation of all pixels/voxels that are multiplied
by "1," and a removal of all pixels/voxels that are multiplied by "0." Since this and other
masking techniques are known in the art, further discussion of masking techniques is

omitted here.
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FIG. 1E shows, in greater detail, an embodiment of the directional interpolation
(154) step of FIG. 1C. As shown in FIG. 1E, some embodiments, among others, of the
directional interpolation (154) step include the step of performing (196) a forward
directional interpolation between two selected images (e.g., image A and image B).
Additionally, the directional interpolation (154) step, for that embodiment, includes the
step of performing (197) a backward directional interpolation between the two selected
images. The forward directional interpolation (196) can be seen as a directional
interpolation from image A to image B, while the backward directional interpolation
(197) can be seen as a directional interpolation from image B to image A. In other words,
the two selected images are interpolated in both directions. The reason for performing the
bi-directional interpolation is because, typically, the results from the two directional
interpolations (196, 197) are not the same. Upon performing both the forward and
backward directional interpolation (196, 197), a weighted sum is calculated‘(198) from
both of the results. That weighted sum is selected as the interpolated 2D image. The
weighted sum is advantageous because it takes into account the results from both the .
directional interpolations. Further details of the process for calculating the weighted sum
are described below.

While the method of FIGS. 1A through 1D show two parallel processes, it should
be appreciated that, for other embodiments, the two processes can be performed
sequentially. For example, the directional interpolation step (150) and the segmentation
step (120) can be switched. Such an embodiment, among others, is shown in FIG. 2. As
shown in FIG. 2, a 3D data set is accessed (205). From that 3D data set, two adjacent 2D
images are selected (210). Thereafter, a directional interpolation (215) is performed
between the two selected 2D images to generate one or more intermediate images. As

noted above, the directional interpolation (215) can include an execution of a block-based
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motion estimation algorithm or an optical flow-based motion estimation algorithm, both
of which are known in the art. Alternatively, the directional interpolation (215) can
include CGI or ACGI approaches, such as those discussed in the Frakes thesis and U.S.
provisional patent application serial numbers 60/478,547 and 60/478,665.

As shown in FIG. 2, the process determines whether directional interpolation
(215) has been performed on all images. If the directional interpolation has not been
completed for all images, then the process selects (225) the next set of two adjacent
images, and directionally interpolates (215) between those images. Once the directional
interpolation (215) has been comple;ced on all images, the process segments all of the 2D
images. In other words, the original 2D images are segmented, and, also, the intermediate
2D images are segmented. Preferably, these images are automatically segmented, rather
than manually segmenting each image.

The process continues by generating (235) contour images. Each of the contour
images corresponds to one of the segmented images. Thus, each segmented image has a
corresponding contour image. The contour images are then used to mask (240) their
corresponding segmented 2D images.

In some embodiments, the masked images are then combined (245) to generate a
resulting 3D image, which is then meshed (250) in accordance with known techniques.

One advantage of performing the directional interpolation prior to segementation
is that segmentation errors are isolated and do not propagate to other slices. To the
contrary, if the raw images are segmented before interpolation and the segmented images
are used to interpolate, then any error in segmentation will propagate to the intermediate

images that are generated from the incorrectly-segmented images.

10
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Having generally described several embodiments for performing directional
interpolation on 3D data sets, the specifics of such processes are discussed in greater
detail below.

As noted above, there has been a well-established need for estimating motion
from frame to frame in video sequences. Usually this need has applied to the common
case where an object is moving within the scene captured by a video sequence. More
recently alternative scenarios have evolved, in which the concept of motion is less
intuitive, but where the computed motion vector field remains useful. Motion estimation
as a precursor to interpolation for data reconstruction is one such case.

Two similar perspectives on motion characterization often arise in the motion
estimation context. The first, referred to here as image flow, is the projection of three-
dimensional velocities onto the two-dimensional observation plane. Image flow is the
desired result of motion estimation algorithms. Unfortunately, direct determination of
true three-dimensional image flow from video often requires additional information that
is unavailable in most cases. Accordingly the notion of optical flow, the second
commonly referenced motion perspective, is convenient for motion to be estimated with
the available information.

More specifically, optical flow refers to the apparent motion of brightness patterns
in an image sequence. To underscore the difference between the two referenced
perspectives of motion, the example of illumination change is useful. When the
illumination of a scene alone changes, there are noticeable differences in the image
sequence. These changes are clearly not due to any true motion of objects within the
scene. However, when only two-dimensional images displaying an illumination change
are available, the variation can be indistinguishable from real motion both visually and

from a mathematical standpoint. Consider the example displayed in FIG. 3, in which

11
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apparent motion of the brightness gradient downward is due only to a linear variation in
the illumination. As shown in FIG. 3, as the intensity of the frame is darkened (from left
to right), it appears that the grayscale is moving downward.

The origin of the apparent motion is known in this case, but such information is
not always available. Accordingly, the variation present in FIG. 3 could be described as
either an intensity change or motion. Unless otherwise indicated in this disclosure,
references to motion are viewed in terms of optical flow.

The intensity of a digitized image can be expressed in terms of spatial locations
and time by the expression I[n;,ny,k] where the vector (n;,n,) describes a spatial location
within the image matrix and the variable k represents the time index corresponding to a
specific frame within an image sequence. For simplicity, the brightness constraint is
assumed to hold throughout an image sequence. This means that the luminance of each
point is assumed to remain fixed as it undergoes motion. Taking this assumption into
consideratipn, the motion estimation problem is to find the appropriate vector field
(di[ny,00,k],dz[n1,02,k]) such that:

1, m, k] = I(n, +dy[1, 1, K} 1, + d, [, 1y, K] Ko+ ). 1

It is noteworthy that the displacement field is not confined to integer values, so
that the image at time k+3k is assumed to be continuous.

There are numerous inherent problems associated with trying to determine the
appropriate displacement field, one of which is the aperture problem. The aperture
problem states that motion cannot be uniquely determined by local observation alone.

The aperture problem is demonstrated in FIG. 4, in which a line capable of
moving in two dimensions is displayed. The motion of the line is viewed through the
aperture 405a indicated by the circular region. This aperture 405 is clearly smaller than

the length of the line 410a. When the line motion is viewed through this aperture 405

12
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there is no detectable difference between the motion of a point on the line when the line is
moving with velocity [1 0]T or velocity [1 1]T. Accordingly, for that case, it is impossible
to determine the motion uniquely when the system is viewed through the given aperture
405. As with most problems, an aperture with certain characteristics could be chosen to
avoid the problem. Specifically, a larger aperture or one located at the endpoints of the
line would allow the determination of a unique motion vector.

The aperture problem is customarily addressed by making assumptions about the
motion field and imposing constraints. Structure may be imposed upon the motion field
either explicitly by specifying a defined motion model or by applying smoothness
constraints to the field of displacement vectors.

Motion estimation strategies are typically distinguished by the motion model used
and the estimation process. With respect to the motion model there are two primary
categories: pixel-based and block-based strategies. Since both methods are known in the
art, only a truncated discussion is provided herein. Both techniques describe the
movement of pixels from one image to another, but pixel-based methods assign
independent vectors to each pixel while block-based methods assume a constant
parametric representation of motion that holds for regions composed of more than one
pixel.

Similarly, different estimation processes can be employed. Again block-based
and pixel-based techniques characterize different approaches. Block-based models use
well-defined parameter search techniques. Alternatively, for optical flow based motion
estimation, which is a form of pixel based motion estimation, the optical flow equation is
used. Although they both serve to estimate pixel motion, block-based and optical flow-
based motion estimation strategies attack the problem differently in terms of both the

motion model employed and the estimation procedure.

13
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Block-Based Motion Estimation

Block-based motion estimation routines are normally characterized by two main
properties. First, a motion model describing pixel movement is imposed upon each
specific block or region of an image. This motion model is typically constrained to the
translational case so that only two parameters are estimated for each block.
Parameterization of the motion field results in a compact representation of motion.

The second characteristic defining block-based strategies is the implementation of
a search strategy for determining the optimal model parameters. The simplest case is the
full search block matching algorithm (FSBMA). Using this search procedure the optimal
motion vector is determined by shifting a block of pixels 505 from an image 510 at time k
to all allowable locations 515 in the image 520 at time k+8k. For each possibility, the
shift vector 525 is evaluated based on the collective error between the original block of
pixels and that found at the shifted location in the next image. The allowable shift
corresponding to the minimum error is selected as the optimal motion vector. This
process is illustrated graphically in FIG. 5.

The search region size and the resolution of the image are both significant factors
in determining the complexity of block matching algorithms (BMAs). The search sizé is
determined by the maximum displacement magnitude that is allowable. This usually
corresponds to the range allowed for each individual motion parameter. The resolution in
turn determines the quantized step size of sequentially increased parameters. Within that
framework, larger search regions and higher resolution correspond to increased
computational complexity. Thus, given a fixed complexity constraint, there is a tradeoff
between the search region and the degree of displacement resolution. The optimal

tradeoff depends on the specific application.

14
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Typical BMAs partition the image at time k into uniform sub-regions of size N x
N. Smaller block sizes tend to result in fewer instances where assumptions about the
motion field are invalid, but also result in a larger number of fundamentally incorrect
motion vectors. This latter drawback is a manifestation of the aperture problem,
illumination changes, and image noise. In general, smaller block sizes result in higher
resolution motion fields that capture finer characteristics of the true motion, but make the
algorithm more likely to produce isolated erroneous motion vectors, or outliers. These
facts are illustrated by the respective motion fields 610, 620 in FIG. 6. Specifically, FIG.
6 shows two contiguous frames 605, 615 from a video sequence. The vector field 610 for
the first frame 605 was estimated using a 2 x 2 pixel block, while the vector field 620 for
the second frame 615 was estimated using a 16 x 16 pixel block. In both cases, the
motion fields have been downsampled for ease of visualization.

As previously outlined, BMAs determine optimal motion vectors from the set of
candidates based on a computed error function. The most commonly used error function

is the mean squared error (MSE) given by:

% Z(I[nl,nz,k]~l[nl+d1,n2+d2,k+5k])2. 2
(ny,1)eR

In real implementation, algorithms are more likely to employ the mean absolute
difference (MAD) criterion given by:

1

(ITny, 1y, K] = I, + dy 1y + dy Ko+ 5K 3
N (m,my)ER

In both cases the 1/N scaling factor is typically omitted in implementation. The
MAD error measure performs similarly to the MSE but requires less computation. In
compression applications for example, the MSE and MAD yield similar subjective
performance results.

BMAs are well suited to handle a variety of common motion scenarios.

15
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To address the noise sensitivity of BMAs, spatial filtering is sometimes applied
prior to motion estimation. Such techniques designed to address noise sensitivity are
often accompanied by a decrease in computational complexity as well. Simple
techniques such as median filtering can be effective. This allows the algorithm to avoid
the computation of parameters unrelated to the true motion present in a scene.

Another technique that has worked well in particularly noisy environments is
hierarchical motion estimation using the Gaussian pyramid. In that implementation,
initial motion estimates are made based on the lowest resolution images in the hierarchy.
Then the search procedure continues at successively higher resolution subject to the
previous estimation.

Blocks of adaptive size can reduce the number of instances where blocks straddle
discontinuous motion regions and/or lessen error associated with complex motion.
Adaptive grid structures allow the corners of block regions to move slightly in order to
better match sub-regions of the grid to regions of uniform motion within the image.

The concept of image segmentation prior to creation of the BMA grid is also
disclosed herein. Segmentation based on intensity information, however, is not
guaranteed to create sub-regions corresponding to regions of uniform motion.
Segmentation based on regions of uniform motion solves this problem, but requires an
initial motion estimation, resulting in a corresponding increase in computational
complexity.

Another technique used to increase the flexibility of BMAs is the incorporation of
more complex motion models that allow non-translational displacement within each
block. Several such options include, among others, affine, bilinear, quadratic, cubic, and

others. Since these options are discussed in the Frakes thesis and the provisional patent
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applications, which are incorporated herein by reference, further discussion of these
options is omitted here.

Unfortunately, the use of more robust motion models with BMAs can lead to
significantly more complicated estimation. For example, computational complexity
associated with the FSBMA is exponentially related to the model order. This makes the
full search option largely impractical for higher order models. In practice, most
approaches treat the incorporation of higher-order model parameters as only a modest
improvement to minimize computation.

Block-based motion models impose an explicitly defined motion model on
specific regions within an image and determine the model parameters from the set of
allowable solutions for each region based on an error function. Block-based models have
traditionally been implemented assuming simple translational motion within each region
of support. The block-based approach is effective in many applications, specifically if the
block size is kept small. When large block sizes are used, or when more complex

motions such as scaling and rotation are present, these models perform poorly.

Optical Flow-Based Motion Estimation

Another approach to accomplishing motion estimation is with pixel-based
methodologies. The primary member of this class that will be discussed in the context of
this work is optical flow-based motion estimation. In contrast to block-based motion
estimation strategies, optical flow-based techniques allow each pixel within an image to
travel along a unique motion vector. This fact allows optical flow-based techniques to
describe complex non-translational motion well, but prohibits the use of a compact set of
motion parameters to describe motion. Two primary components of optical flow-based

strategies define the technique. The first is the optical flow equation.
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The optical flow equation serves to relate the temporal and spatial derivatives of a
point within an image sequence frame to the instantaneous velocity of that point. The
equation is derived by considering a point whose location within a given image is given
by (x(t),y(t)). Taking the complete derivative of the intensity expression of the image,

I(x(t),y(t),t), with respect to time yields,

dI(x(), y(),1) _ oIx(@),y®),0) o0, y(D.0) L oI, y0,0)
dt ox * dy Y ot ’

where v,=d(x(t))/dt and vy=d(y(t))/dt respectively are the horizontal and vertical
components of the instantaneous velocity. Accordingly Eq. 4 relates the instantaneous
velocity of each point to the total change in intensity. This alone is typically insufficient
to determine motion, but the assumption that the luminance of each point remains
constant as it undergoes motion provides an additional constrairﬁ. Explicitly the

brightness constraint is described by

di(x*®),y* 0.1 _, 5
dt ’

where (x*(t),y*(t)) describes the true path of each point. Combining the total derivative

with the brightness constraint yields the optical flow equation (OFE):

oA p,0) 4 [ OIGuy.0) o  OG3.0) 6
o * oy Y ot

Note the abbreviated expressions x and y in Eq. 6 are synonymous with the
expressions x(t) and y(t) listed previously in Eq. 4. This equation is underconstrained and
thus does not have a unique solution. Additional constraints are required to determine the
appropriate solution uniquely.

Eq. 6 describes a relationship between the instantaneous velocity and partial

derivatives at a particular spatio-temporal location within the image sequence.

18



WO 2004/114063 PCT/US2004/018525

Alternatively the general expression given in Eq. 1 involves displacement at discrete

times k and k+8k. These two equations can be connected using the approximations,

Ay ,
ok
vyzdzg;c’y), 8

and,

al(xaynt) ~ I(xay:k)_j(x:yak+67c)
or e '

Substituting these approximate expressions into the optical flow equation yields:

_61(_’2]3’_’@611(36,)/)+6_1(%:_’Qd2(x,y)—l(x,y,k+ék)+1(x,y,k):0. 10

079] The additional constraints imposed on the motion field in order to solve the OFE
are referred to as neighborhood constraints. Specifically, such constraints usually dictate
that the motion field must be smoothly varying across an image. These constraints are
incorporated into the motion estimation routine via the minimization of an error function.
Several popular smoothness constraints, which are known in the art, are listed in the
Frakes thesis and the provisional applications. Since those documents are incorporated
herein by reference in their entireties, further discussion of smoothness constraints is
omitted here.

080] The determination of image gradients at arbitrary locations in the image is
typically required for parameter estimation using the optical flow equation. For
simplicity of computation, gradients in reference to the optical flow equation can be
approximated by averaging backward and forward differences. This approximation

yields the following expressions for image gradients:

o(ny,n,) :I(nl—l,nz)-—l(nl+1,nz) 1
on, 2 ’
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ony,1,) _ I(n,n, —1)— I(ny,n, + 1)
on, 2 '

12

In the context of certain problems there are additional motion estimation
techniques that have proven effective. For example, the application of level set methods
has been popular in applications aimed at reconstructing three-dimensional morphologies
from planar images. It is noteworthy that such methods are not commonly labeled as
motion estimation techniques, as they are applicable only under specific circumstances
and could not be used to estimate motion in other scenarios.

Level set methods describe the motion of contours within a set of two-dimensional
planes as if those contours were cross sections of a three-dimensional shape intersected
by the numerous parallel image planes.

A single equation representing the surface of the three-dimensional object in
conjunction with a plane progression step size then suffices to describe contour motion.
It is noteworthy that the level-set method can still be employed when a sequence of
images is taken from a single plane over time, the sequence is then modeled as varying
spatially rather than temporally. This is analogous to the manner in which motion
estimation can be used to model spatial variation within a morphological structure, even
though by definition it models time varying motion.

One important characteristic of that methodology, in contrast to the other motion
estimation approaches, is that it describes the motion of only a small subset of points
within each image, namely, those that compose a contour. Level set methods are
employed in many applications, including interpolation problems, but not usually in those
requiring motion estimation in a purer sense.

The optical flow-based strategy allows the description of complex non-

translational motion with high resolution by assigning each individual pixel a unique
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motion vector. For scenarios involving complex motion that require high motion vector

accuracy, optical flow methods can be attractive.

Control Grid Interpolation (CGI) and Adaptive Control Grid Interpolation (ACGI)
Control grid interpolation (CGI) is a technique that is known to those having skill

in the art. Thus, only a truncated discussion of CGI is presented herein. The CGI

implementation assumes that the pixel displacement functions within some region R can

be written as
p

d, (n) = Zi:l a0, (n) 13
and

dz (Il) = z; ﬂi¢i (Il) > 14
where A(n) and ¢i(n) are independent basis functions used to describe the displacement
field, n=(n;,n2), and @; and f; are the displacement parameters to be estimated.
Equivalently these displacement equations can be written in vector form as

_T —
d(n)=c 6(n) 15

and

.—-T_
dy(n)=p #(n), 16
where o , ﬁ , 0 ,and 5 denote vectors with elements ¢;, f3;, 0; , and ¢; respectively.
For rectangular regions, the basis functions within each region R can be written explicitly

as

2
n-nm
)

2 2
no—n Ny —H,

2
ny — N,
D)

491(n1,112):¢1(ﬁ1,n2)=( 17
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—n n n
0,(n,n,)=¢,(m,n,) =( 12 1)( 2 1) 18
n—n ’77_’2
1 2
n —n n, —n
O;(ny,n,) = ¢y (ny,n,) = ( l 11)( é 2 , 19
I’ll 122 —112
and
1
—-n' n,—n
0,(n,n,) =¢,(m,n,) = ( 1)( 2 %), 20
2 2

where (}11l , n;) denotes the coordinates of the upper left corner of the rectangular region

and (I’Ii2 ,71% ) the coordinates of the lower right corner. An example of a rectangular

region labeled with this coordinate system is displayed in FIG. 7. Specifically, the
control points 710, 720, 730, 740 define the corners of the shaded region R.

089] It is noteworthy that, at each corner of a region, only one of these basis functions
is equal to one, while the others have a value of zero. This corresponds to a bilinear

model governing variation of the displacement field within each region. As dictated by

the basis functions, the displacement parameter vectors & and ,—5— each have four

components as well.

090] The motion model disclosed herein is a connected model, meaning that the
parameters associated with a given region's corner point are also valid for that point in the
other three regions of which that point is a member. This relationship between
neighboring regions contributes to the smoothness of the displacement field, as local
displacements in separate regions are not totally independent and adjacent regions, as a
whole, are guaranteed to be continuous with respect to motion. Global information is
thus incorporated in local displacement estimates and the entire resultant displacement
field varies smoothly as it should, given the typically-smooth variation of the imaged

morphology. Alternatively, the model need not necessarily be implemented in a
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connected fashion for desirable results to be obtained. In many cases, a disconnected
model, in which control points for neighboring regions are calculated independent of each
other, yields similar results. The disconnected-model approach involves less computation
because the effects of altering a single control point are less widespread. However, the
disconnected model does result in a slightly less compact representation of the motion
field, as each set of nine regions will contain 36 independent motion vectors as opposed
to 16 in the connected case. This fact is displayed in FIG. 8. The 16 motion vectors for
the left-hand side, as well as the 36 motion vectors for the right-hand side, are
numerically labeled in FIG. 8.

The use of generalized motion models or equivalents is also known to those
having skill in the art. In the generalized motion model described here, the displacement
vector at each pixel is represented as a linear sum of the previously outlined basis
functions. The p+q model parameters from Eqgs. 13 and 14, in this case eight of them, are
estimated within each region of support. To do this efficiently the optical flow equation
at time k+8k is represented with a first order Taylor series expansion. Making this

substitution, the brightness constraint given by

I[nl,nz,k]-—-l(nl +dl[nl,n2,k],n2 +d2[nl,n2,k],k+ﬂc), 21

is converted to

ol [n, k+67€] dl(n) +M d, (n) 22

5!72 s

where, again, n=(n;,ny). Thus Eq. 22 provides a discrete-time approxiniation of the

1o, k|~ 1[0, k+]

optical flow equation:

al(x,y,t)v*x+6I(x,y,r)v*y+6l(x,y,t)zo. 6
ox oy ot
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Expressing this equation explicitly in terms of the model parameters from Eqs. 15 and 16

we obtain

Alnk+&_r )+ Al k+&] -
an,

Eq. 23 is assumed to hold for all pixels within R. In order to calculate the optimal

InA~Ink+d]+ —— 0 5

displacement model parameters, the weighted squared error function (WSE)

(1[n,k] ’
—In K+ ]

He )=, o] -2 Ear )
_dlnk+ &z
T, P

is minimized where W(n) is a weighting function. This function is chosen to be uniform

if there are no displacements to be emphasized or de-emphasized. Algorithm
performance can be increased for medical image processing by weighting insignificant
regions outside of the patient's body accordingly. The minimization of Eq. 24 applies the 4
previously mentioned smoothness constraint required to satisfy the optical flow equation
listed in Eq. 6. Thus Eq. 24 ensures that incoherent displacement vectors are avoided and
that the displacement field is locally coherent as dictated by the anatomy. There are
several iterative loops within the error minimization routine. The inner most loop is an
optimization algorithm, such as a gradient descent minimization algorithm or a conjugate
gradient approach, which are both known in the art.

Minimizing the WSE within each region is an iterative process. In some
embodiments, a multivariate conjugate gradient descent methodology is employed.
During that process the parameters for all but one control point are held constant so that

the number of unknowns is limited and a solution may be obtained.

24



094]

095]

WO 2004/114063 PCT/US2004/018525

Each time a minimization is performed, the acquired values for the parameters
associated with a given control point are used in the error minimization for the next
control point. In the connected motion model scenario the WSE expression is
successively minimized for each of the control points numbered 910, 920, 930, 940 in
FIG. 9. Note that because of the connected nature of the algorithm, the WSE expression
applies to the entire nine-block neighborhood displayed in FIG. 9, even though the
control points bound only the inner black block 950. This results in more computation in
evaluating the WSE than would be associated with a disconnected model, but offers a
more compact representation of the motion parameters and ensures motion field
smoothness.

Once the WSE has been minimized for each of the control points illustrated
above, updated values for the displacement functions di(n) and dx(n) are available.
Successive iterations of the parameter estimation routine are conducted by repeating the
Taylor series expansion at (n;+d;(n),ny+dy(n)) instead of (ny,nz). Termination is based on
the true error rather than the error approximation. To evaluate this criterion, the mean-
squared error (MSE) between the actual acquired image and the displacement corrected

version of its adjacent neighbor

I[n,k] \?
2 i
E@.B)=2,. ") _|+a'dm)n, 25
+ B9 (n)k
|+ 0k

is computed. The update procedure is carried out by minimizing the predicted or
estimated error given in Eq. 24. Minimization of this function does not necessarily
guarantee minimization of the true error as described by Eq. 25. Typically, however, the

minimization of the error approximation does coincide with a corresponding decrease in
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the true error. To ensure this is the case, the true error itself is used as the termination
criterion while the more efficiently computed error estimation is used in the parameter
update routine because it is frequently calculated. Experimental results have shown that
use of the true error function in the parameter estimation routine leads to marginally
better results in some cases, but demands considerably more computation. Conversely,
the use of the error approximation as the termination criteria yields lower quality results,
but is not accompanied by a significant increase in efficiency. For these reasons, the
algorithm is best configured with the true error function serving as the termination
condition and the error approximatidn functioning in parameter estima;tion.

In summary, a preferred embodiment of the parameter estimation routine for a

given single region of the image is characterized by the following steps:
1. Initialization: Initialize the parameter vectors a0 and f3, and set the

intermediate iteration counter to z=0. Evaluate the true error function with the initial
values and store the result.

2. Error approximation: Perform the Taylor Series Expansion and evaluate Eq. 24
to determine the approximate error function given the current parameters.

3. Conjugate Gradient Descent and Update: Execute the gradient descent
algorithm, minimizing the approximate error function for each of the control points for a
given region in succession, while holding the other three constant. Here the incremented

motion parameters for a given control point are used in the error minimization for the
next. This step results in the update of the motion parameter vectors aand ﬁz .

4. Evaluation: Evaluate Eq. 25 in order to assess the true error associated with the
current motion parameters, and store value.
5. Termination Testing: Initially the true error value from step 4 is compared to

that computed in step 1. For successive iterations the true error from step 4 is compared
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to the true error from step 4 of the previous iteration. If a sufficiently small error decrease
is achieved then terminate. If not then increment the outer iteration counter z and return
to step 2.

The displacement field associated with inter-slice reconstruction can be complex,
in which case large blocks may not adequately capture the motion information. High
WSE values indicate such situations. In one embodiment of the inter-slice reconstruction
application these regions are typically localized, hence, the need for block subdivision is
present only in certain regions of the image. Simply put, it does not make sense to further
subdivide regions where error will not be decreased by subdivision. In the interest of
efficiency the algorithm forgoes subdivision of such regions. The algorithm begins with
an initial partitioning of the image. Blocks are subdivided using quad trees when the
WSE exceeds an empirically determined threshold, hence the name adaptive control grid
interpolation (ACGI). Block subdivision is terminated when a minimum block size is
reached or when the WSE falls below a pre-specified distortion threshold. This approach
makes the algorithm as a whole more robust and suitable for a variety of applications.

This adaptive component is implemented in a loop outside the parameter
estimation routine. The parameter estimation routine is applied to a single block within
the image. After convergence has been reached, the magnitude of the true error function
is considered. If subdivision occurs, the parameter estimation routine is then applied to
each of the resultant blocks.

In one embodirﬁent, among others, termination may also be reached when a
minimum block size has been obtained. Through this process the motion field for the
entire image is acquired. The adaptive component of the algorithm ensures that block
subdivisions, and the computations that accompany them, are performed only where they

are beneficial. An illustration of a case where subdivision was warranted in some regions
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and not in others is displayed in FIG. 10A, where an asymmetric quad tree is observed.
Alternatively the symmetric quad tree displayed in FIG. 10B results without the adaptive
component of the algorithm, and requires additional computation with little benefit.

In summary, a preferred embodiment of the entire motion field derivation process
is characterized by the following steps:

1. Image Subdivision: Subdivide image using the quadtree structure. Evaluate
block size and store value.

2. Parameter Estimation: Perform estimation of motion parameters for each of the
current subdivisions.

3. Termination Test: Taking the true error determined in step 2, test to see if the
true error for each region is sufficiently small to fall below the specified threshold. If the
error for a given region remains excessive, then return that region to step 1. The
exception to this rule occurs when the minimum specified block size is reached. In this
case the algorithm terminates for the specified region regardless of error.

In the ACGI representation, the displacement field is obtained by partitioning the
image into contiguous rectangular regions. The corners of these regions form control
points that are used as the anchors from which the displacement vectors in between are
derived via bilinear interpolation.

There is a tradeoff between computation time and the error associated with the
resultant displacement ﬁeid when the block size bounded by control points is varied.
Smaller block sizes lead to a more accurate displacement field, but require more
computation. In situations that are not time-sensitive the block size can be chosen such
that each pixel acts as a control point. When the amount of time devoted to computation
is a more significant consideration, larger block sizes can be selected to decrease

computation time, typically with only a small increase in the motion field error. These

28



111]

112]

WO 2004/114063 PCT/US2004/018525

facts are illustrated in FIG. 11 and FIG. 12 where computation time and total squared
error for a sample image set are plotted as a function of pixel block size. In both figures
pixel block size on the horizontal axis is expressed as the total number of pixels contained
within a square region bounded by control points.

The displacement of pixels from one slice to the next is modeled as a time varying
process. This allows two slices acquired from different spatial locations to be connected
in the sense of optical flow. In the reconstruction scenario the out-of-plane spatial
coordinate corresponds directly to the time variable associated with optical flow. Two
characteristics of the data to be reconstructed are noteworthy. First, all images
composing a data set for reconstruction are available simultaneously. Second, the
reconstruction of data between any two neighboring images is unaffected by other
images. Because of these facts, there are typically no causality implications involved in
reconstruction; each image pair is available and the calculations associated with it are
independent. For these reasons the application of ACGI to data reconstruction is a
suitable candidate for parallelization. Furthermore, there is no directional bias associated
with reconstruction. Execution of the algorithm in either direction through an image set
yields identical results.

An issue completely separate from the motion associated with ACGI is patient
movement during MR data acquisition. Since MR data acquisition is known in the art,
only a cursory discussion of various issues associated with MR data acquisition is
provided herein. Our general assumption is that the patient remains still during the image
acquisition phase. Furthermore the assumption is made that the imaged anatomy itself
remains stationary during data acqusition. Truly speaking, this assumption is flawed as
vascular structures within the chest do undergo some periodic motion. Cardiac and

respiratory gating during MR data acquisition help alleviate this problem.
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In the context of optimization it is clear that an initial guess far from the desired
minimum may require that the algorithm converge over a greater distance. Under these
circumstances improved efficiency in minimizing WSE can be achieved by refining the
starting point. Because motion parameters for certain regions are calculated prior to the
determination of motion vectors for other regions, some a priori information is available
for subsequent calculations.

Since the motion model is "connected" the vectors associated with a control point
in a neighboring region, although not directly involved in the WSE minimization for
another region, can offer some insight into the values that will be obtained for motion
vectors in that other region. Given the smoothness of the motion field, previously
calculated motion vectors from neighboring regions could be used to obtain a better initial
guess for the values of motion vectors in other regions. This would effectively decrease
the distance over which the gradient descent al goﬂth;n must converge.

It is also clear that efficiency is affected by the step size that the optimization
algorithm takes toward convergence. The avaialable a priori information may also be
useful in determining more appropriate values for this quantity. Specifically, a
discretized strategy in which neighboring control point motion vectors are used to select
between alternative increment thresholds could prove to be an improvement over the
generalized case.

The approximate error function in Eq. 24 relates error to a number of variables
and is not readily amenable to explicit minimization. However, the values for three of the
four control points are held constant while the error function is minimized with respect to
the parameters of a single control point. Within that framework, it is possible to derive an
explicit solution for the minimization of the error function with respect to a single

parameter. Although such a calculation is complex, it would replace the entire
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multivariate gradient descent in this application. Within that framework, a matrix inverse
is employed to determine the parameters associated with error minimization directly.
Since such processes can be readily appreciated by those having skill in the art, only a
truncated discussion of such processes is provided herein.

The prospect of computing motion vectors with fixed point precision could offer a
significant improvement for ACGI in terms of efficiency. The technique, disclosed
herein, calculates the motion vectors to an arbitrary precision based on minimizing the
approximate error. This arbitrary degree of sub-pixel accuracy is valuable in applications
where very high quality is desired. If motion vectors were limited to a fixed precision
prior to interpolation, then the resultant precision of the interpolated motion vectors
would be known. In this scenario the greatest possible resolution in terms of where any
given motion vector might point would also be known. With images interpolated to
sufficient resolution prior to motion estimation, one could ensure that any given control
point motion vector, or interpolated motion vector, would point to a discrete location on
the super-resolution grid. Eliminating the prospect of any motion vector pointing to some
location off the predefined dense grid would greatly simplify the error estimation
calculation. It is likely that this improvement would offer the greatest benefit in terms
efficiency in comparison to the other prospective improvements outlined in this section.

Thus far, all of the proposed improvments for ACGI have been associated with
efficiency. Alternative forms of the optical flow equation may have a negative impact in
terms of efficiency, but might produce a more accurate motion field. More complex
optical flow models are typically accompanied with increased computation. With ACGI
however, optical flow calculations are not performed for every pixel as in traditional
implementations. As a result it might be possible to incorporate a more complex optical

flow model, leading to higher accuracy interpolated motion fields, without the associated
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Joss of efficiency that has been normally observed with such models. Two potential
variations that could produce such benefits are the use of an altered form of the optical
flow equation itself and the use of a modified smoothness contraint.

The extended optical flow constraint (EOFC) is an alternate form of the optical
flow constraint equation that includes additional terms. As with the continuity equation,
the EOFC allows the representation of motion both within and across boundaries. The
basic optical flow equation is more limiting, so some available information is not used in
deriving the motion field. Use of the EOFC has been shown to capture more detail in
complex motion fields than the basic optical flow equation.

Another option for improving the accuracy of the optical flow component of the
proposed methodology may be the use of a modified smoothness constraint. In general
this approach allows the preservation of motion resolution near edges, contrary to the
traditional optical flow implementation that can overly smooth motion information in
such regions.

The ACGI implementation, disclosed herein, offers an attractive solution for inter-
slice MR image reconstruction. ACGI has the ability to describe complex non-
translational motion like that observed in anatomical variation from slice to slice in
contiguously acquired MR image sets. Additionally, ACGI is able to perform in this role
with greater computational efficiency than other methods that offer comparable results.
The algorithm partitions the image into sub-blocks of éppropriate size to capture
characteristics of anatomical transition and can succesively subdivide regions where WSE
remains large. This enables the algorithm to handle both translational and complex non-
translational displacements by way of the optical flow equation. These characteristics of
the algorithm allow usefs to obtain an accurate and dense representation of the

displacement field at a reasonable computational cost.
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The starting point for the morphological reconstruction process is a series of
transverse contiguously acquired anatomical images.

When discussing interpolation in the context of this work it is useful to distinguish
between the intra-frame interpolation function relating control points in the ACGI
framework, and the inter-frame interpolation pertaining to the approximation of an image
at some time k-+8k based on a field of motion vectors. In this disclosure, interpolation
refers to the inter-frame interpolation, unless otherwise indicated. Recall that Eq. 21
relates the pixels on a sampled grid at time. k to those at arbitrary coordinates in an image
at time k+8k. Because the image at time k-+8k is also sampled on a discrete grid,
interpolation is necessary to determine I(ny+di[n,n2,k],ny+dony,nz.k],k+3k).
Theoretically optimal resampling under the assumption of a bandlimited image can be
achieved with an infinite length sinc function. Here, nearest neighbor, bilinear, and
bicubic interpolation strategies are employed to approximate the sinc function.

Nearest neighbor interpolation is one of the simplest schemes, in which pixel
coordinates are simply rounded to the nearest integer value. This action corresponds to a
crude approximation of the sinc function with a rectangular function. Since nearest-

neighbor interpolation is known in the art, further discussions of the details related to

nearest-neighbor interpolation is omitted herein.

- Bilinear interpolation approximates values between pixels by linear interpolation

in both directions. The value for a pixel at location (n;,n2) is determined by

T I d_nl_J’ |_”2_J) 1 (|-”1—|= l_nzb
L m) =y L(I_nl _I’ |_”2‘l) I(I_”l_L l-nz-l):‘}ﬁ %

where

P}
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and

h(n)=1-|n|, 28
where n can assume values of (7, — I_ni_|) or(n, — |_n,._|) for i=1,2. Since bilinear
interpolation is also known in the art, further discussion of bilinear interpolation is also
omitted herein.

Bicubic spline interpolation better approximates the ideal sinc function with a

third-order kernel according to the equation

I(n,ny) =h'Th, 29
where
h(n, —LanJ]l) h(n, —Ln[J]) )
h(n, —|n, |) B h(n, —|m
SO N R O P N .
h(n, —[n, |+1) h(n, [y |+1)
I(]_nl_I—LI.nZ_I_I) I(l_nl_'al_”z_‘“l) I(}—nl-l,‘_nz_'+l) I(I—nl—]'*'l"_nz_l"l)
|1 (I_”l_l -1, I_nz D I (I.”l _L |_”2 J) I (l_”1 -L I."z _D I (]_”1—|+ 1 ‘_’72 _|)
I (l."ﬁJ -1, |—n2 —I) I Q”l _Ia |_”2 D I (]_”1 -|7 |-”2 -l) I (]-”1 -l +1, I—nz _l) ,
I(I_”I_J_Ll‘”z—“l) I(I.”lJv[nz-l'{'l) I(]—nl-|,|-n2-|+1) I(I—”1-|+1=[‘”2-|+1)
| 31
and
1.5|n|3 - 2.5\nl2 +1 0< \nl <1
W)y ={-3pf +2.3 —4+2  1<p<2t, 32
0 2<ln] '

where n can assume values of (7, — I_n,._|), (m; — |_n,.—|), (n, — I_niJ-l), or (n —|_n,.-|+1) for
i=1,2. Since bicubic spline interpolation is also known in the art, further discussion of

bicubic spline interpolation is also omitted herein.
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In general, there are several notable differences when comparing the performance
of these interpolation strategies. Differences between results produced by bilinear and
bicubic interpolations are most evident near boundary regions. Bicubic interpolation
introduces slightly less blurring near edges although the discrepancy is not profound in
most cases. In such regions the nearest neighbor approach results in noticeable distortion
in the form of pixelation. Bilinear interpolation is used most frequently in this work
because of the favorable tradeoff it offers in terms of performance and computational
simplicity.

Following data acquisition, fields of displacement vectors are calculated
describing the displacement of pixels from one image slice to another. This is
accomplished via ACGI, as described above. In general, the application of motion
estimation as a precursor to interpolation for MR data reconstruction is a new approach
that distinguishes this technique from others.

From the dense displacement field and the associated pair of MR slices,
intermediate images are reconstructed. By following one of the displacement vectors a
portion of the way from one slice to the next, a linear approximation of where a given
pixel would be found in an intermediate slice can be made.

This step of the algorithm is more complex than it appears at first glance. Because
the intersection of a given motion vector with an intermediate image plane is not
guaranteed to occur at a discrete location, and in practice usually does not, an additional
interpolation is required. This interpolation is similar to the one described above, but is
complicated by the fact that the pixel intensities on the dense grid at the intermediate
location are not known. These are the values used to construct the image. By examining
the motion vectors that intersect the intermediate image plane nearest a discrete location

in each of the four surrounding quadrants, one can obtain the information for performing
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the next interpolation. Following these vectors back to the known image, it is possible to
determine the coordinates from which they originate. There is also a vector originating
from the known image that passes through the discrete location in question on the
intermediate image grid. At this point an interpolation equation is solved to determine the
arbitrary location in the known image from which this vector originates. Once these
arbitrary coordinates in the known image are obtained, interpolation can be performed to
determine the pixel intensity there. This is the pixel intensity that is found at the discrete
location in the intermediate image according to the motion solution that has been
established.

Repeating this process for all pixels in a given slice produces a reconstruction.
Pairs of these reconstructed images are then combined in a spatially weighted sum to
form a single interpolated slice. To illustrate this process, consider two contiguous MR
slices, image A and image B. There are two motion fields used to arrive at an
interpolated image between the known frames: one mapping image A to image B, and the
other mapping image B to image A. While intuitively it seems that these two fields
would be identical, the fact is that when computed they are very similar but virtually
never identical. So at some location between frames A and B, the approximation of an
image can be made from the motion field mapping A to B, or the motion field mapping B
to A. Incorporating multiple approximations of a single image into the intermediate
frame generation process allows all available information to be used in interpolation.
Specifically, this limits the contribution of anomalies that might be present when only one
approximation is used.

In one embodiment the image a small portion of the way from hﬁage A to image
B is expected to be very similar to A, the approximation of this image based on the

motion field mapping image A to image B is weighted more heavily in the sum.
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Specifically, this is preferably done linearly such that the weighting coefficient for each
image approximation reflects the distance from that approximation to the origin of the
motion field used to approximate. If the approximation location is separated from the
source of the motion field used to derive it by a distance d,, and the total distance between
the two original images is d;, then the coefficient for that given image approximation in

the weighted sum, C,, is given by

c, =1—(ij. 33
dt

This process is then repeated at different approximation locations and several
interpolated images are stacked between the known images in anatomical proportion to
produce a three-dimensional enhanced data set. The interpolation referred to in this
section, although linear in some respects, is completely separate from the aformentioned
bilinear interpolation employed in ACGI to derive the motion field. In this case the
notion of interpolation refers to the approximation of an entire image.

In one embodiment the slice thickness of interpolated frames is dictated by the
number of frames generated and the slice thickness associated with the original data sét.
Taking into account both of these parameters, proportionality is maintained between
reconstructed data and the imaged morphology. In general the goal is to enhance the out-
of-plane resolution to the point that it becomes equal to the in-plane resolution of the
originally acquired images. There is no theoretical upper bound associated with the
number of intermediate images that can be generated.

Stated differently, once a motion field linking two images has been determined,
the generation of an intermediate image often requires several steps. In order to
determine pixel intensity values in the intermediate image, the intersections of each

motion vector and the intermediate image plane are considered. Every pixel in the
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intermediate image has a discrete Cartesian location. The motion vectors linking the two
images bounding the new plane, however, pass through that plane at arbitrary
coordinates. Accordingly, one can examine a pixel location in the intermediate image
and find the motion vector intersections closest to that location in each of the four
quadrants surrounding it. Based on the intensity values from which these motion vectors
originate, a bilinear interpolation can be performed to yield the pixel intensity for the
intermediate image. That process involves a single motion field, but since there are two
images bounding the intermediate plane, one linking the first image to the second and
another linking the second to the first, one can arrive at two different image
approximations for the intermediate plane. The accuracy of an approximation is
customarily greater if the intermediate plane is in close proximity to the image of
origination for the motion field being used to interpolate. For this reason the two
different approximations of an intermediate image are combined in a weighted sum where
the coefficients vary linearly with respect to the distance between the original frames and
the intermediate plane. For other embodiments, the weighting can be adjusted so that
nonlinear weighting coefficients can be applied.

After assembling the dense set of originally acquired and reconstructed MR
images, each image is segmented with a semi-automated routine prior to visualization or
computational analysis. This segmentation algorithm is intensity based, but uses a novel
"’rolling ball" approach that differs from other common intensity based techniques such as
region growing and thresholding. Acc;)mpanying this segmentation strategy is a super
resolution enhancement technique that increases the accuracy of initial segmentations.

The rolling ball segmentation algorithm used here is similar in some ways to the
classical watershed approach. In that approach, a region to be segmented within two or

three-dimensional space is effectively filled up as it would be if water were poured into it.
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Since various rolling-ball approaches are known to those having skill in the art, only a
cursory discussion of such a process is disclosed herein.

Boundary gap problems, which can often arise, may be addressed in several ways.
Preferably, larger particle sizes, which can be used to fit through the gaps in the border
but small enough to define the region of interest sharply, can be used to address boundary
gap problems.

There is a tradeoff between resolution and smoothing associated with particle size.
Larger particles effectively low pass filter the edges of a region to a greater degree. Small
undulations in the vessel surface are not retained when larger particle sizes are used.
Conversely, smaller particles retain higher border resolution, but run a greater risk of
slipping through the cracks in the initially defined boundary. Thus, it is desirable to
define a particle size of approprate dimensions. As noted above, since such rolling ball
techniques are known in the art, further discussions of such techniques are omitted
hereafter.

In practice the rolling ball algorithm is executed as a special case of region
growing so that computation and decision are only required at the frontier of the
expanding area of interest. The smallest unit of local region growth is defined as if the
ball were rolling out of the already segmented area. This adaptation of the concept
climinates redundant motion of the ball over paths already encompassed by the existing
segmentation.

The definition of the potential field can be adjusted to obtain results with differing
characteristics. Results from the rolling ball routine show a substantial improvement over
manual segmentations. Various examples of such improvements are provided in U.S.
provisional patent applications having serial numbers 60/478,547 and 60/478,665. Some

examples are also provided in the Frakes thesis.
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142] The group of pixels defining the boundary region of a blood vessel within an MR
image is often composed of varying intensity values transitioning from the value observed
within the fluid contained by the vessel and that observed in the tissue surrounding it. In
reality the boundary between the fluid and the vessel wall is infinitely thin. Hardware
limitations associated with MR imaging resolution result in the acquisition of pixels that
span this boundary. Accordingly the intensity values recorded at these sites are a
combination of the intensity corresponding to the fluid, and that corresponding to the
vessel wall. In any image these two values can be approximately determined by
examining pixels that are contained entirely within the fluid and tissue regions
respectively. Based on these values, an approximation of the portion of a given partial
volume pixel that belongs in each of the respective areas can be made.

143] In the disclosed technique, this approximation is based on a probability map
derived from the intensity values of partial volume pixels. Preferably, this probability
map is determined in a fully automated fashion, allowing this entire procedure to be
executed without user input. After being identified, pixels spanning the boundary region
are subdivided using a quad tree structure and fluid or tissue intensity values are assigned
to the new super resolution pixels based on the probability map. This portion of the
algorithm is recursive, allowing an arbitrary degree of sub-pixel resolution to be obtained,
although the benefits after several iterations are minute. The operation is conservative in
terms of intensity, meaning that no greater or lesser amount of signal is reflected in the
enhanced image. Rather, intensity is reallocated within the boundary region to produce a
more accurate segmentation.

1144] Although the super-resolution enhancement phase is fully automated, 4it does

demand an initial segmentation. This is provided by the rolling ball technique. The
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combination of these two components creates a powerful automated tool for high-
resolution vascular segmentation.

The interpolation, which is described above, applies to the velocity reconstruction
as well. The starting point for the velocity reconstruction algorithm is a set of contiguous
images acquired similarly in a spatial sense to those acquired for morphological
reconstruction. However, the images to be reconstructed in this application contain phase
encoded velocity data rather than morphological information. The physics behind phase
encoded velocity imaging has been extensively explored, and the technique has been well
validated in numerous studies. For this reason, further discussions of MR velocity
imaging and velocity encoding techniques are omitted herein.

The intermediate frame generation component of the velocity reconstruction
begins in a similar fashion. Motion vectors are calculated between two neighboring
modulus images as described above.

Once a field of motion vectors has been determined describing the movement of
pixels from one image to another, interpolation is performed as in the morphological case
with one important exception. Unlike the morphological example, above, the images
used to carry out the interpolation are the phase encoded velocity images rather than the
modulus images that are used to determine the motion field. So morphological
information is used to calculate the motion field even in the velocity case, but it is the
velocity data that are interpolated. This methodology is employed because the low
contrast displayed in the phase-encoded velocity images would normally be poorly suited
to establish motion vectors linking similar regions in adjacent images.

Intermediate velocity frames are formed via the combination of approximated
images in a weighted sum. The number of intermediate frames is again selected to

achieve an out-of-plane spatial resolution similar to that present in the originally acquired
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images. Here three separate sets of intermediate frames are generated for each flow
model, one for each component (e.g., Xx-component, y-component, z-component) of
velocity. These three single component reconstructions are combined in post-processing
and visualization applications. Slice thicknesses for the intermediate frames are
determined in the same fashion as in morphological reconstruction, to maintain
proportions with respect to the original model. It is noteworthy that this does not require
information about the model itself. This calculation is carried out based exclusively on
the slice thickness associated with the original data and the number of intermediate
images | generated.

In comparison to the morphological case, it is more difficult to show directly the
improvement of the reconstructed velocity data over an originally acquired set. However,
the product of the reconstruction algorithm can be visualized in part with out-of-plane
reconstructed frames.

Segmentation in the velocity case is carried out using the modulus images from
the scan. Because these images are effectively taken from the same spatial location at the
same time as the corresponding velocity images, this is justified. The higher contrast
exhibited in the modulus images facilitates segmentation as opposed to segmenting the
velocity images directly. Segmentation masks derived from the modulus images are
applied to the corresponding velocity images. For this reason a series of modulus frames
at the same spatial locations as the reconétructed velocity frames is also created so that
each velocity image can be segmented using an appropriate modulus image mask. This
frame generation phase is executed as described above for the morphological algorithm
description. Once this entire process is complete, a reconstructed and segmented three-

dimensional field of three-dimensional velocity vectors is available.
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Tt should also be noted that, for velocity images in which fluid flow is calculated,
additional a priori information is available. Specifically, as dictated by fluid physics, the
divergence of any real flow field must be equal to zero. For any element, in this case a

voxel, within a three-dimensional velocity data set this means that

de dy dz

du & + w =0. | 34
In this divergence equation, u, v, and w are the respective components of velocity. By
adding a term into the error minimization process that includes the divergence value, a
more accurate motion estimation may be obtained. Simply put the estimation process
guarantees that the motion vectors being generated are consistent not only with the image
data present, but also with the laws of physics that are known to govern the underlying
data.

Various results of different applications to anatomical and velocity imaging data
are provided in U.S. provisional patent applications having serial numbers 60/478,547
and 60/478,665, and, also, the Frakes thesis. Thus, further discussion of such results is
omitted here.

In addition to the above-described MR morphology and MR flow applications,
ACGI works well for a number of other applications. The robust nature of the algorithm
i;’l the context of other applications underscores the versatility of the ACGI framework.

Atmospheric turbulence is a naturally occurring phenomenon that can severely
limit the resolution of long distance optical and infrared sensors. Because atmospheric
turbulence can degrade the appearance of video captured by these sensors, many of which
are already deployed in the field, there is much interest in employing

enhancement/restoration processing to improve data quality during or after acquisition.
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One approach to the problem is to use signal processing to suppress atmospheric
turbulence effects in sensor video. This can be accomplished with ACGI. For that
method a dense dynamic motion vector field is derived from the characteristics of the
atmospheric turbulence as seen in the data. The vector field is then used as part of the
distortion compensation process. Naturally occurring motion, such as that associated
with the movement of objects within a stationary scene, can still be preserved. The
resulting algorithm is shown to produce enhanced video of significantly higher quality
than the original.

Atmospheric turbulence arises from a complex set of interrelated factors (e.g.
wind velocity, temperature, elevation, sun intensity, etc.). For distant objects being
viewed through a sensor, atmospheric turbulence produces blurring, and the time-varying
nature of this turbulence causes those objects to appear to waver in a slow quasi-periodic
fashion. Such a phenomenon is typically observed on a hot day at the airport above the
heated tarmac where the air hovering close to the ground appears to ripple with a wavy
motion. Similar distortions are also observed when viewing footage of distant planets or
stars through a telescope. The observed degradation arises from refraction index
fluctuations caused by moving air, which perturb the incident wave fronts of the reflected
light.

In theory, one can model the physical process underlying atmospheric turbulence,
and, based on that model, compensate for the distortion with Wiener filtering or other
classical restoration methods. As with any model-based approach, the quality of
restoration will depend on the accuracy of the model. In cases where the turbulence
model is an explicit function of parameters that describe atmospheric conditions (e.g.
temperature, wind velocities, humidity, and sun illumination) restoration can be difficult

to implement.
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Rather than attempting to model turbulence as a function of atmospheric
conditions, one can exploit the property that the distortion effects are spatially local and
temporally quasi-periodic. From that vantage point, the task is to estimate the spatially
Jocal displacement vectors dynamically and then to accurately reconstruct distortion-
compensated image frames with high quality. Toward that end an algorithm based on
ACGI can calculate vectors that describe pixel movement. That process forms the
foundation upon which the turbulence suppression algorithm is built.

In the'stable-state algorithm each scene displayed in the video to be restored is
fixed in dimension, is stable in space (does not pan or zoom), and describes only
stationary objects. The first step of the procedure is to increase image resolution by a
factor of four using known interpolation methods, such as bilinear interpolation. The
purpose of such interpolation is to facilitate sub-pixel accuracy. Next, spatial filtering is
performed using an inverse-Laplacian emphasis filter to enhance the high frequency
information contained in the individual frames. After spatial filtering, ACGI is used to
calculate vectors that describe the movement of pixels from one image to another. This
allows the determination of an accurate and dense motion field representation. FIG. 13
shows an example of the motion field for a turbulent frame obtained from the algorithm,
where the motion field has been downsampled by a factor of 10 and the vector
magnitudes have been scaled by a factor of 20 for visualization purposes. The motion
vector fields provide a measure for correction from one frame to the next. Individually,
they do not provide the information to return displaced pixels to their true location, since
all frames in the sequence are likely to have undergone turbulent distortion. However,
collectively the motion fields can be used to estimate true displacement. Since
atmospheric turbulence is quasi-periodic, the turbulent motion vectors should sum to zero

over a periodic cycle. Thus, the sum of the turbulent motion fields over time can be used,
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on an individual grid location basis, to find the "zero-crossings" which indicate points in
time and space where the effects of turbulence are not present. By assembling these
points from different grid locations and frames within the sequence, it is possible to piece
together an undistorted base frame for compensation. This reference frame is established
in a dynamic fashion, changing over time with respect to a sliding temporal window
centered around the frame currently being restored. Once this base frame is determined
for a given point in time, the vector fields mapping the corresponding turbulent frame
back to the base frame can be used to correct for motion in the distorted image.
Repeating this process for all frames generates a restored video sequence. The result of
this restoration is a video sequence in which atmospheric turbulence is suppressed
significantly. The video at this point is then filtered temporally to smooth intensity
discontinuities that may have been induced by the turbulence, after which each frame is
decimated back to its original size.

One problem that can arise during the restoration process involves the boundary
region of the image. When the optimal motion solution results in vectors near the edge of
the image that point to locations off of the image grid in the reference frame, the
intensities corresponding to those vectors' destinations are uncertain. This scenario is
typically observed when turbulence in these regions is severe enough to effectively
change the portion of the complete scene that is observed by the sensor.

Many different padding techniques can be used in order to fill in information in
regions outside of the image. These include zero-padding, noise-padding, and symmetric
reflection. However, the information from these regions that is us;ed in determining local
motion estimates is not from the original scene, and as a result localized motion vector
fields near image boundaries will be less accurate than those in the rest of the image. If

substantial resolution is available, a more robust solution is to dynamically crop the
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product image to eliminate such regions. However, this requires more computation and
results in lower and variable resolutions.

It is noteworthy that these less accurate regions customarily bound only a several
pixel border around the outside of the image and are seldom detectable by an observer. In
the event that turbulence is extreme, the span of these borders will increase.

Other problems for the restoration scheme arise when there are true and turbulent
motions present in the scene. True motion would include such effects as panning and
zooming, as well as objects moving within the turbulent scene. The case of moving
objects within the scene is addressed by the dynamic state algorithm.

When objects are moving within the turbulent scene, the determination of the
reference frame for correction is more complex. Clearly it is desirable to remove the
turbulent motion without distorting the genuine motion that is present within the scene.
To accomplish this, the true and turbulent components of motion should be
distinguishable. The approach disclosed herein aims to do this once again by exploiting
the quasi-periodic nature of the turbulence. In a scene containing only turbulent motion,
the motion vectors associated with a given image exhibit quasi-sinusoidal behavior. By
fitting a curve to this waveform it is possible to determine the zero-crossings of the
turbulent motion, or the points in time when the turbulent contribution to motion is
effectively zero. This component is executed as described in the stable state algorithm.

When true motion is present in a turbulent scene this sinusoid should be displaced
from zero by some value, reflecting the magnitude of the true motion. The midpoint of
the sinusoid can still be obtained here, allowing the determination of zero turbulence
instances. In such instances the effects of turbulence are not present, but the real motion
can still be captured as it is reflected in the offset of the sinusoidal midpoint from zero.

Using such a process, the reference frame for motion compensation can be obtained in
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such a manner that genuine motion is not removed by the restoration process.
Consequently turbulence-distorted frames can be corrected while genuine motion within
the scene is retained.

It should be kept in mind that the original is a video sequence in which the scene
appears to waver over time, creating a blurred effect. In an attempt to capture this video
distortion in a single image for display purposes, the average of frames over one second
were taken. The blurring that is seen in the original frames is caused by the motion
artifacts from atmospheric turbulence. The time averaging does expose turbulence in this
fashion, but interestingly it also alleviates some of the turbulent effects present in the
single frames of the original sequence because of the inherent quasi-periodicity. This fact
is used advantageously in the latter stages of the correction algorithm when temporal
median filtering is employed.

The application of control grid interpolation to the correction of motion artifacts in
video due to atmospheric turbulence is effective for a variety of distorted image
sequences displaying stationary scenes. Unlike conventional motion estimation, the
ACGI method can provide a dense motion field while avoiding excessive computational
complexity.

The problem of tracking in video sequences has been addressed by others.
Proposed solutions have included a variety of block-based and optical flow-based based
motion estimation strategies. The general assumption associated with approaching video
tracking from a motion estimation perspective is that, after an initial identification of a
target within a time-varying video sequence, local motion estimation can be used to track
a target from one frame to the next. Sequential motion determinations can thus be used to

track the specified target throughout the duration of a video sequence. This applies to a
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variety of applications that demand the tracking of markers within a scene. One example,
the tracking of athletic subjects in video, is the focus of this section.

Motion analysis through the creation of computer based dynamic models is a
powerful tool in the study of athletic injury. In such cases, models must be based on an
underlying data source, and perform realistically when calibrated with data extracted from
real world scenarios. To this end, an ACGI tracking algorithm incorporating geometric
constraints can extract kinematic data from video. Such an algorithm can track a number
of significant data points with a great degree of automation and efficiency. Traditional
methods of video data extraction have proven tedious and time-consuming due to
extensive user input requirements. This characteristic limits the amount of data that can
be processed in a given amount of time. With this in mind, the ACGI algorithm functions
with a minimal degree of user involvement. Initial efforts have been aimed at analyzing
catastrophic pole-vaulting injuries, with the end goal of prevention. Points identified at
the outset of a video sequence, and within a small subset of frames spaced throughout,
can be identified automatically within every frame, and, thus, tracked regardless of their
immediately local regions having undergone translational, rotational, or deformational
motion. This is an improvement over more traditional motion estimation techniqiles, such
as block-based methods, which are often incapable of detecting complex non-translational
motion. Furthermore, the incorporation of geometric constraints into the algorithm
allows successful tracking under conditions problematic for any motion model.

Human experiments that study the biomechanical actions leading to dangerous
situations are difficult to perform given the inherent danger to the participants. Therefore,
motion analysis of existing data capturing such occurrences is valuable. Video footage of

subjects in motion is an excellent starting point for an accurate dynamics analysis of an
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activity. However, a significant amount of data processing typically must be carried out
before information acquired with a video camera can be effectively used.

In some embodiments, kinematic data is extracted from video footage of an
athlete, such as, for example, footage from a pole vaulter. There is a great deal of
information contained in a video sequence of even a few seconds, the majority of which is
inconsequential from a dynamics analysis standpoint. In this case, the specific aim of
processing the vaulter video segments is to track the motion of specific points throughout
the course of the vault. By tracking the progress of certain points it is possible to extract
valuable kinematic information. Among the tracked points are, for example, the head,
shoulders, elbows, hands, hips, knees, and feet. Once the motion of these points through
the frame of reference has been determined, all irrelevant data can be discarded, leaving a
useful spatio-temporally segmented data set.

There are considerable obstacles in developing an algorithm that is able to
automatically track the movement of the aforementioned points through the course ofa
vault. A constant frame of reference simplifies the situation by eliminating panning and
zooming effects, but the most severe difficulties still remain. It may be easy for a human
observer to look at two similar images and identify an athlete's shoulder, but for a
computer this process is far from trivial. In order to understand how this problem is
addressed one should be aware of the characteristics of an image that a computer is able
to evaluate on the most basic levels. Pixel intensity and location are two important
quantifiable characteristics of an image in terms of a computer's ability to identify a
structure. These basic quantities often change.

As an athlete progresses through the vault, his or her reference points will be
located at different places in each individual image frame. The shape and size of the

region to be tracked changes as well. Tracking these reference points through the video
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sequence typically requires an algorithm that is able to account for all factors contributing

to the differing appearance of a single region from one frame to the next. In addition, the
algorithm often must avoid excessive computation and user input in order to efficiently
process large amounts of data.

An embodiment of the motion-tracking algorithm is implemented as follows.
First, a user views the opening scene of a vaulting sequence. The user then selects points
within the scene to be tracked. Next, the user identifies the approximate locations of
those points in a specified subset of frames spaced evenly throughout the video sequence.
This spacing is usually determined pragmatically; if results are poor, shorter temporal
intervals between user identifications are required. Using the approximate identification
of points in later frames as the center of a local search region, ACGI matches the
originally identified points to the best corresponding locations in subsequent frames.
Central anchors for search regions in frames unexamined by the user are determined via
linear interpolation between the previously determined locations of points in the original
frame and the frames examined later. Exact point locations within those search regions
are then identified via geometrically constrained ACGI.

Although ACGI is the primary tracking mechanism, additional information is

" incorporated to improve tracking. Geometric constraints are imposed upon the tracked

points to ensure that fixed distances, such as those between feet and knees, remain
consistent. These measures can change over the course of an entire sequence because of
out-of-plane motion, but locally are well approximated as constant. In occlusion
instances, ACGI, or any other motion model, will be incapable of tracking a point that is
hidden from the camera. Cases such as this may lead to violations of the aforementioned

geometric constraints, in which case the point location provided by the ACGI algorithm is
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replaced by a linear interpolation between the two closest surrounding geometrically
satisfactory solutions.

Ultimately, for many instances, only a small subset of frames from a video
sequence need be examined by the user in order to perform tracking. In addition, user
error introduced in examination of the later frames is reduced by the tracking algorithm.
The end result is a more accurately spatio-temporally segmented data set, acquired in less
time than with traditional means

The end product from video of an athlete performing a vault is a data set
describing the motion of specific points in both a spatial and a temporal sense. This
information can be used to create dynamic motion models of the vaulter for further
analysis.

The ACGI me;[hodolo gy is also suitable for addressing a variety of other
reconstruction problems. The use of ACGI for the reconstruction of rare and complex
vascular morphologies is also valuable. Other currently used reconstruction programs are
capable of reproducing three-dimensional models, but often suffer because of poor
resolution and artifacts.

Reconstruction rendered with the ACGI methodology displays high resolution
while maintaining physiologic consistency. These factors result in a superior
reconstruction. Furthermore the added manipulability of the ACGI reconstruction offers
the clinician greater latitude in visualizing characteristics of the complex anatomy that are
not apparent from a static visualization.

ACGI is equally well suited to reconstruct other organs and structures of interest
from MR images. In a study investigating catastrophic head injury, ACGI was used to
reconstruct cerebral morphologies from sparse sets of MR images. The effects of

undersampling remain detectable, but, in comparison to the sparse original data set, the
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reconstruction is a vast improvement and of higher quality than was achieved with other
means. The incorporation of additional interpolated frames results in the higher
resolution characteristic of this reconstruction. The ability of ACGI to reconstruct well
even from sparsely acquired data sets makes it a valuable tool for visualization and
quantification.

In summary, ACGI has shown its value in addressing a variety of reconstruction
problems and has performed well in various applications. Given its success in other
reconstruction scenarios, it is evident that ACGI is adept at reconstructing virtually any
anatomical structure imaged with MR, and is likely to perform well in reconstructing any
structure, biological or otherwise, sampled with a planar imaging modality.

There are a variety of additional applications for the ACGI methodology.

The disclosed technique provides a solution for other medical applications that
demand the reconstruction of velocity data acquired from conscious adult patients, as the
aforementioned breath hold scans can supply the contiguous velocity images required as
input. Fortunately once dense contiguous velocity data sets are obtainable from pediatric
patients, the need for separate morphological images will no longer exist. The modulus
images acquired as part of the velocity scan will serve as the input for the morphological
reconstruction phase. Additionally the segmentations for these images can be applied to
both the modulus and individual phase encoded velocity images, so segmentation need
only be executed a single time

Extending optical flow to apply to MR data varying in space rather than time is a
new concept. This extension is appropriate as the anatomical changes observed in
contiguously acquired MR images are subtle enough to resemble a structure changing
over time. Integrating the ACGI methodology into this framework offers increased

performance as the important characteristics of optical flow are retained while efficiency
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is increased. Motion estimation, in general, has been previously applied to problems that
are similar to this one from a mathematical standpoint, but has not been applied to the
reconstruction of vascular morphologies from MR data.

The application of the ACGI methodology to three-dimensional velocity field
reconstruction is especially interesting. Because of the order in which the proposed
algorithm performs individual tasks, specifically reconstruction prior to segmentation, a
solution to the velocity problem is made possible. Alternative techniques for
reconstruction in the morphological scenario are simply not applicable to the velocity
case as the significant information to be reconstructed resides in entire planes of data, not
just the linear borders of regions that are retained with such techniques. For this reason
the ACGI reconstruction of three-dimensional velocity fields offers a solution to a
problem that has previously gone unsolved.

An application demanding robust tracking of significant points is present in the
analysis of prosthetic heart valve performance. Valves are marked with small dots that
occupy a fixed position on the moving valve leaflet. Stress and strain values can be
derived by examining the displacement of markers on the leaflet over the course of a
heart cycle. These data are important as they offer insight into the relative success or
failure that a particular prosthetic valve is likely to experience over time.

First, a user views the opening scene of a heart valve video sequence. The user
then selects points within the scene to be tracked. The user then identifies the
approximate locations of those points in a specified subset of frames spaced evenly
throughout the video sequence. Using the approximate identification of points in
subsequent frames as the center of a local search region, ACGI matches the originally
identified points to the best corresponding matches in the later frames. Central anchors

for search regions in frames unexamined by the user are determined via linear
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interpolation between the previously determined locations of points in the original frame
and the later examined frames. Exact point locations within those search regions are then
identified via ACGI.

As in previous applications, tracking can be carried out with minimal user input.
This is especially significant in the context of the heart valve-tracking scenario, as the
video input stream is acquired with a high-speed frame grabber, and there are a great
number of frames to be processed. Data analysis in this context was previously limited
by the time required for a user to process each sequence. Since various results of heart
valve tracking are shown in the cross-referenced provisional applications and, also, in the
Frakes thesis, those results are not discussed further here. However, it should be noted
that those results demonstrated the advantageous performance of ACGI in heart valve
tracking.

From a motion estimation standpoint, several factors complicate the military
target-tracking scenario as opposed to the previously described tracking scenarios.
Specifically these complicating factors include that the tracking algorithm must be
insensitive to noise and must operate in a particularly efficient manner given the real time
demands of military target tracking applications. As before, the algorithm must be able to
detect and to describe complex non-translational motion. Each of these salient factors is
addressed in the ACGI implementation.

The ability to handle complex non-translational motion is limited to a subset of
motion estimation strategies. This ability is paramount in the context of target tracking as
target motion is not limited to the simple translational case. Optical flow-based solutions
are known to characterize this type of motion well. Conversely, block-based motion
models are not. Modified block-based models incorporating higher order motion models

can characterize such motion, but typically require a great deal of computation. The
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motion estimation solution proposed here combines block-based and optical flow-based
motion estimation in the ACGI framework. This motion model is able to characterize
complex motion like pure optical flow solutions, but retains the simplicity of the block-
based methodology.

Any successful target tracking strategy should also be robust in terms of handling
noise. Since no sensor is ideal, image sequences from real world scenarios are guaranteed
to contain some level of noise. To address this problem, the methodology proposed here
reduces effects of noise in video by filtering image sequences prior to motion estimation.
Traditional methods of noise removal usually involve spatial filtering alone. A spatio-
temporal filtering scheme incorporated into this algorithm is able to remove more of the
effects of noise than spatial filtering alone. This approach allows more accurate motion
estimation to be achieved, as the image sequence is of higher quality prior to motion
estimation. In addition the algorithm is better suited to handle noise than traditional
optical flow implementations because it relies on the minimization of error associated
with the optical flow equation rather than an explicit solution to the equation.

Target tracking often requires real time processing so that results may be used in
existing applications that demand immediate action based on tracked data. Accordingly,
motion estimation solutions operating on larger time scales are not useful. Optical flow-
based solutions typically fall into this category, as intense computation is typically
required to resolve motion vectors with optical flow. Block-based motion models are far
simpler in terms of computation. By coupling optical flow with a block-based model,A an
efficient solution is created that allows the determination of complex motion fields
without the computational complexity that typically accompanies other motion solutions

capable of generating similar results.

56



193]

194]

195]

WO 2004/114063 PCT/US2004/018525

The specific implementation of the target-tracking algorithm is similar to the
framework that has been presented for the previously discussed tracking applications.
Periodic target registration is used in conjunction with motion estimation to monitor the
progress of the target throughout the duration of a video sequence. In this way
registration and motion estimation compliment each other, as two predictions of target
location are available and can be intelligently combined so that the more accurate
measure for a given instant is selected.

The smooth transformation of one image into another is referred to as image
morphing. This effect is commonly employed in applications for movies and television.
Two operations are typically required to perform image morphing: warping and cross
fading. Warping allows similar features in two different images to be aligned, while cross
fading is used to create intermediate images between the two. For the transition to appear
smooth and continuous, usually, similar features must exist in the image pair to be
morphed. Applications requiring image morphing have traditionally required that an
animator manually establish correlations between features in different frames. An
alternative to this methodology is to use motion estimation to establish these
correspondences automatically.

Traditional image warping algorithms can be classified into two general classes:
mesh warping or feature-based warping. Original efforts to perform mesh warping
required only point correspondences to perform the operation. Since only these point
correlations were used to actuate the image transition, multiple attempts were often
required to obtain satisfactory results along continuous edges. As a result the overall
process proved cumbersome. More recently feature-based methodologies have been
explored for image warping. This technique allows correlations to be established

between entire features, such as curves, in the different images. Additional computational
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complexity and the creation of unexpected features in interpolated .frames typically hinder
this approach.

Using motion estimation via ACGI to establish correlations between images for
morphing offers an attractive alternative to traditional approaches. The ACGI approach
ensures the correspondence of entire similar features in respective images and does so
with a reasonable degree of computational complexity. The result is an algorithm that
eliminates the tedious nature of manual mappings.

As provided above, data reconstruction is an important issue in a variety of
applications. Other examples include sequential two-dimensional (2D) video frames,
which are often acquired over a fixed time interval at a given time-resolution. Since the
difference between two sequential video frames represents motion of objects in the video
frames, the time-dimension of the video frames can be portrayed as the third dimension,
and the time-series of video frames can be portrayed as a 3D image.

The block-based motion estimation algorithm, the optical-flow-based motion
estimation algorithm, the control grid interpolation (CGI) algorithm, and the adaptive
control grid interpolation (ACGI) algorithm, as discussed above, may be implemented in
hardware, software, firmware, or a combination thereof. In the preferred embodiment(s),
these algorithms are implemented in software or firmware that is stored in a memory and
that is executed by a suitable instruction execution system. If implemented in hardware,
as in an alternative embodiment, these algorithms can be implemented with any or a
combination of the following technologies, which are all well known in the art: a discrete
logic circuit(s) having logic gates for implementing logic functions upon data signals, an
application specific integrated circuit (ASIC) having appropriate combinational logic

gates, a programmable gate array(s) (PGA), a field programmable gate array (FPGA), etc.
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Any process descriptions or blocks in flow charts should be understood as
representing modules, segments, or portions of code which include one or more
executable instructions for implementing specific logical functions or steps in the process,
and alternate implementations are included within the scope of the preferred embodiment
of the present invention in which functions may be executed out of order from that shown
or discussed, including substantially concurrently or in reverse order, depending on the
functionality involved, as would be understood by those reasonably skilled in the art of
the present invention.

The various algorithms, which comprise an ordered listing of executable
instructions for implementing logical functions, can be embodied in any computer-
readable medium for use by or in connection with an instruction execution system,
apparatus, or device, such as a computer-based system, processor-containing system, or
other system that can fetch the instructions from the instruction execution system,
apparatus, or device and execute the instructions. In the context of this document, a
"computer-readable medium" can be any means that can contain, store, communicate,
propagate, or transport the program for use by or in connection with the instruction
execution system, apparatus, or device. The computer-readable medium can be, for
example but not limited to, an electronic, magnetic, optical, electromagnetic, infrared, or
semiconductor system, apparatus, device, or propagation medium. More specific
examples (a nonexhaustive list) bf the computer-readable medium would include the
following: an electrical connection (electronic) having one or more wires, a portable
computer diskette (magnetic), a random access memory (RAM) (electronic), a read-only
memory (ROM) (electronic), an erasable programmable read-only memory (EPROM or
Flash memory) (electronic), an optical fiber (optical), and a portable compact disc read-

only memory (CDROM) (optical). Note that the computer-readable medium could even
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be paper or another suitable medium upon which the program is printed, as the program
can be electronically captured via, for instance, optical scanning of the paper or other
medium, then compiled, interpreted or otherwise processed in a suitable manner if
necessary, and then stored in a computer memory.

Although exemplary embodiments have been shown and described, it will be clear
to those of ordinary skill in the art that a number of changes, modifications, or alterations
to the invention as described may be made. For example, different optimization
techniques could be used in determining motion parameters via optical flow, block
matching, CGI, or ACGI. Also, different Weighting coefficients could be used in
calculating weighted sums; different termination criteria could be used in motion
parameter calculation; alternative data perspectives could be used for interpolation;
different segmentation strategies could be used in conjunction with directional
interpolation; different error measures could be used in determining motion vectors;
different data sources could be interpolated, etc. All such changes, modifications, and

alterations should therefore be seen as within the scope of the disclosure.
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What is claimed is:

1. A system for reconstructing a three-dimensional (3D) data set, the 3D data
set comprising two-dimensional (2D) flow images, the system comprising;

logic configured to segment each 2D flow image;

Jogic configured to generate contour images for each of the segmented 2D flow
images, the contour images being binary images, the binary images being defined by
pixel values of 0 and 1;

logic configured to interpolate between adjacent contour images to generate
interpolated contour images;

logic configured to apply an adaptive control grid interpolation (ACGTI) algorithm
to adjacent 2D flow images, the application of the ACGI algorithm resulting in
directionally-interpolated intermediate 2D flow images;

Jogic configured to apply a weighting factor to the intermediate 2D flow images,
the weighting factor being a function of the relative spatial location of the intermediate
2D flow images;

logic configured to multiply each of the 2D flow images with its corresponding
contour image to generate masked 2D images;

logic configured to combine the masked 2D images to form a 3D data set; and

logic configured to mesh the 3D data set to obtain 3D flow information.
2. The method of claim 1, further comprising:

a magnetic resonance (MR) imaging scanner configured to acquire the 3D data

set.
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3. A method for reconstructing a three-dimensional (3D) data set, the 3D data
set comprising 2D images, the method comprising the steps of:

directionally interpolating between adjacent 2D images to generate directionally-
interpolated 3D data;

segmenting the directionally-interpolated 3D data to generate segmented
directionally-interpolated 3D data; and

meshing the segmented directionally-interpolated 3D data.

4. The method of claim 3, wherein the 3D data set comprises a 3D

morphological data set.

5. The method of claim 3, wherein the 3D data set comprises a 3D velocity

data set.

6. The method of claim 5, wherein the 3D velocity data set comprises a 3D

magnetic resonance (MR) imaging velocity data set.

7. The method of claim 3, wherein the step of segmenting the the
directionally-interpolated 3D data comprises the step of automatically segmenting the

directionally-interpolated 3D data.

8. The method of claim 3, wherein the step of directionally interpolating

between adjacent 2D images comprises the step of executing a block-based motion

estimation algorithm on the adjacent 2D images.
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9. The method of claim 3, wherein the step of directionally interpolating
between adjacent 2D images comprises the step of executing an optical flow-based

motion estimation algorithm on the adjacent 2D images.

10.  The method of claim 3, wherein the step of directionally interpolating
between adjacent 2D images comprises the step of executing a control grid interpolation

(CGI) algorithm on the adjacent 2D images.

11.  The method of claim 3, wherein the step of directionally interpolating
between adjacent 2D images comprises the step of executing an adaptive control grid

interpolation (ACGT) algorithm on the adjacent 2D images.

12. A datareconstruction method, comprising the steps of:

accessing a three-dimensional (3D) data set, the 3D data set comprising 2D flow
images, and

directionally interpolating between adjacent 2D flow images to generate 2D

intermediate flow images.

13.  The method of claim 12, wherein the step of directionally interpolating
between adjacent 2D flow images comprises the step of executing a block-based motion

estimation algorithm on the adjacent 2D flow images.

14.  The method of claim 12, wherein the step of directionally interpolating
between adjacent 2D flow images comprises the step of executing an optical flow-based

motion estimation algorithm on the adjacent 2D flow images.
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15.  The method of claim 12, wherein the step of directionally interpolating
between adjacent 2D flow images comprises the step of executing a control grid

interpolation (CGI) algorithm on the adjacent 2D flow images.

16.  The method of claim 12, wherein the step of directionally interpolating
between adjacent 2D flow images comprises the step of executing an adaptive control

grid interpolation (ACGI) algorithm on the adjacent 2D flow images.

17.  The method of claim 12:

wherein the step of accessing the three-dimensional (3D) data set comprises the
step of obtaining modulus images associated with the 2D flow images; and

wherein the step of directionally interpolating between adjacent 2D flow images

comprises the step of determining a motion field based on the modulus images.

18.  The method of claim 12:

wherein the step of accessing the three-dimensional (3D) data set comprises the
step of obtaining velocity magnitude images associated with the 2D flow images; and

wherein the step of directionally interpolating between adjacent 2D flow images

comprises the step of determining a motion field based on the velocity magnitude images.

19.  The method of claim 12, further comprising the step of obtaining

divergence information associated with the 2D flow images.
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20.  The method of claim 19, wherein the step of directionally interpolating
between adjacent 2D flow images comprises the step of determining a motion field based

on the divergence information.

21. A computer-readable medium having code for reconstructing three-
dimensional (3D) data, the 3D data comprising 2D images, the computer-readable
medium comprising:

computer-readable code adapted to instruct a programmable device to
directionally interpolate between adjacent 2D images to generate directionally-
interpolated 3D data;

computer-readable code adapted to instruct a programmable device to segment the
directionally-interpolated 3D data; and

computer-readable code adapted to instruct a programmable device to mesh the

segmented directionally-interpolated 3D data.

22.  The computer-readable medium of claim 21, wherein the 3D data set is
one selected from the group consisting of:

a 3D morphological image;

a 3D velocity data set;

a 3D magnetic resonance (MR) imaging modulus image data set;

an MR velocity imaging data set; and

an MR velocity imaging velocity magnitude data set.
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23.  The computer-readable medium of claim 21, further comprising computer
readable code selected from the group consisting of:

a block-based motion estimation algorithm;

an optical flow-based motion estimation algorithm;

a control grid interpolation (CGI) algorithm; and

an adaptive control grid interpolation (ACGI) algorithm.

24. A computer-readable medium, comprising:

computer-readable code adapted to instruct a programmable device to access a
three-dimensional (3D) data set, the 3D data set comprising 2D flow images, and

computer-readable code adapted to instruct a programmable device to
directionally interpolate between adjacent 2D flow images to generate 2D intermediate

flow images.

25.  The computer-readable medium of claim 24, further comprising computer
readable code selected from the group consisting of:

a block-based motion estimation algorithm;

an optical flow-based motion estimation algorithm;

a control grid interpolation (CGI) algorithm; and

an adaptive control grid interpolation (ACGI) algorithm.
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26.  The computer-readable medium of claim 24, further comprising:

computer-readable code adapted to instruct a programmable device to obtain
modulus images associated with the 2D flow images; and

computer-readable code adapted to instruct a programmable device to determine a

motion field based on the modulus images.

27.  The computer-readable medium of claim 24, further comprising:

computer-readable code adapted to instruct a programmable device to obtain
velocity magnitude images associated with the 2D flow images; and

computer-readable code adapted to instruct a programmable device to determine a

motion field based on the velocity magnitude images.

28.  The computer-readable medium of claim 24, further comprising:

means for obtaining divergence information associated with the 2D flow images.

29.  The computer-readable medium of claim 24, further comprising:
computer-readable code adapted to instruct a programmable device to obtain

divergence information associated with the 2D flow images.

30.  The computer-readable medium of claim 29, further comprising:

computer-readable code adapted to instruct a programmable device to determine a

motion field based on the divergence information.

67



WO 2004/114063

1/13

§110

PCT/US2004/018525

ACCESS TO 150
3D DATA SET (FIG. 10)
- 120
v IMAGE
SELECT S 122 SEGMENTATION
FIRST 2D IMAGE |
y S 124 |
SEGMENT vl
SELECTED 2D IMAGE S 128 |
SELECT

126 NEXT 2D IMAGE |

DETERMINE: z
ALL 2D IMAGES NO |
SEGMENTED? |

YES

! 13D
SELECT S 132 CONTOUR IMAGE
FIRST SEGMENTED 2D IMAGE FOR GENERATION

CONTOUR IMAGE GENERATION

!

GENERATE
BINARY CONTOUR IMAGE OF
SELECTED SEGMENTED 2D IMAGE

<

5134 I

136

DETERMINE:
ALL CONTOUR IMAGES

<138 |

SELECT
NEXT SEGMENTED 2D IMAGE

GENERATED?

|
NO——1 |
B

— ——— — ow— —

FIG. 1A



WO 2004/114063

2/13

FROM 130
(FIG. 1A)

PCT/US2004/018525

_—_—-———————————143

A 4

SELECT
FIRST SET OF
BINARY CONTOUR IMAGES

(
|
I
I

Y

INTERPOLATE
BETWEEN SELECTED
BINARY CONTOUR IMAGES USING
SHAPE-BASED INTERPOLATION

CONTOUR
INTERPOLATION

| §148

146

DETERMINE:
INTERPOLATION
COMPLETE?

YES

v

SELECT
NEXT SET OF
CONTOUR IMAGES |

o]

COMBINE
INTERPOLATED
CONTOUR IMAGES WITH
ORIGINAL SET OF BINARY
CONTOUR IMAGES

FIG. 1B



WO 2004/114063 PCT/US2004/018525
3/13

FROM 110
(FIG. 1A)

—F—————_—_—_—_——_——— — — — — —

DIRECTIONAL
INTERPOLATION

\ 4

SELECT |

FIRST SET OF 152

2D IMAGES FOR DIRECTIONAL
INTERPOLATION

| A : S 154
DIRECTIONALLY INTERPOLATE <
I BETWEEN SELECTED 2D IMAGES g 158

SELECT
NEXT SET OF
2D IMAGES FOR DIRECTIONAL
156 INTERPOLATION

DETERMINE:
DIRECTIONAL
INTERPOLATION
COMPLETE?

NO

YES

!

COMBINE

DIRECTIONALLY-INTERPOLATED | 160
2D IMAGES WITH

ORIGINAL 2D IMAGES




WO 2004/114063 PCT/US2004/018525

4/13
FROM 140 FROM 150
(FIG. 1B) (FIG. 1C)
Y Y 170
SELECT S 172 MASK
FIRST CONTOUR IMAGE |
v 174
SELECT § |
CORRESPONDING 2D IMAGE |
\ 4 176 S 180
MULTIPLY

SELECT
NEXT CONTOUR IMAGE

A

SELECTED 2D IMAGE WITH
SELECTED CONTOUR IMAGE

178

DETERMINE:

ASKING COMPLETE? NO

— e— e — m— —

YES

!

SUPPLY < 185
MASKED 3D DATA TO
MESH ALGORITHM

v

APPLY S 190
MESH ALGORITHM TO

SUPPLIED 3D DATA SET

\ 4
VISUALIZE 5195
MESHED 3D DATA

Y

CEE FIG. 1D




WO 2004/114063 PCT/US2004/018525
5/13

/‘154

FROM 152
(FIG. 1B)

PERFORM S 196
FORWARD DIRECTIONAL
INTERPOLATION

v

PERFORM S 107
BACKWARD DIRECTIONAL
INTERPOLATION

v

CALCULATE
WEIGHTED SUM FROM FORWARD | 198
INTERPOLATION AND BACKWARD

INTERPOLATION

A 4

TO 156
(FIG. 1B)

FIG. 1E



WO 2004/114063 PCT/US2004/018525

6/13
( START )
A\ 4
ACCESS 205
3D DATA SET
A 4
SELECT 210
TWO ADJACENT 2D IMAGES
v S215
DIRECTIONALLY INTERPOLATE |2
BETWEEN SELECTED 2D IMAGES | <225
SELECT
290 NEXT SET OF 2D IMAGES FOR

DIRECTIONAL INTERPOLATION

DETERMINE:

DIRECTIONAL
INTERPOLATION
COMPLETE?

NO T

YES
4

SEGMENT 230
ALL 2D IMAGES

y
GENERATE
CONTOUR IMAGES 235
CORRESPONDING TO
ALL 2D IMAGES

Y

MASK 5240
. ALL 2D IMAGES USING

GENERATED CONTOUR IMAGES

\ 4

COMBINE 5245
ALL MASKED IMAGES TO

GENERATE RESULTING 3D IMAGE

MESH 250
RESULTING 3D IMAGE

= FIG. 2




WO 2004/114063 ; PCT/US2004/018525
713

410b

4053 405b

FIG. 4



WO 2004/114063 . PCT/US2004/018525

8/13
w
)
B4
+ o
o o
=k
=
=
=
LO
& L
| 2
Lo
0 7
o1
= |
a
B }’\
o
o




WO 2004/114063 PCT/US2004/018525
913

605 615

N . < 1“‘«;:;/{(
Lt IR VERLES1 ‘t,“',,dé $iés {,x‘;‘,“{ ?fi
o {,u“ £rae g gfaet et xi}da‘{l’;w{‘j*i‘ VG Ri % AEETES AEPYETEBNE Py TR
«i‘ f’i Gpatedte g Aliav il Wi g fadggprrriec Leming sdedd oo 9355 5 PE%Y it ¥4 “"?‘if’“eur":ff,{«a fidale¥s
;’{,(f‘i'{,%;(f};{‘i*}}'*' *:.;uvu,;i}!wéw“‘“j‘ {_*‘h{“‘f‘“(“jn: £, ::“ .g'}‘.“f““grﬁ i ety
«;‘,;,u«Ag,(“xu.-«f“ Z’g;. i xx*glt*é%fg}ﬂt&!l&‘a!{!"" ié RASARN TV e g 184
Sad R e;“‘g,,,j gl’,{j{lvl‘¢;;{fi,l YT ais fjn‘z,“, i }’}?,e. AL O L VYN
Aifperr el e A w«:..ua;,gu‘,{‘!} graee ,2" b we i‘“:” et T L ‘,‘:"_:-‘A}“ Ly
DAL STV § wer A AR LA T DA /n 24 L PRy o AFFAEE fed
u??{}ﬁ" a~:=‘;§~‘»:u~ kA, *"*"*ﬂ":sﬁ‘;";é“"ii‘ b i(ii herat \ikm“m”“”“d*f lauu:‘:
PYTR 3§ ’5,?‘5_).&"\(& .,4;«” I vl gt Bg g ks an R s‘«-w»,; ,‘,u« Rl ~‘ii"‘,‘: A ;t:c v ’,r)élfgi :
,"M.'{l{(’.p‘m‘rmq, % LY v«mr~ }s‘u,(’,*é(yyﬂ{ 44;3“,444‘;?;;‘ B Iy mw;;» “% Y A,{"# et g u;‘,“g P
S A e TG i S e S e e e NG L L e R e s i
Fomwcwney g 4§ @A e gmon \“; u,f,m.v w:,(gs;‘;uaaué* SRR g PR wh, A £x, ,,(nr-‘“,;guuu«,‘,{
"““""'"“1“”“”‘"““ W ‘“’"“”1*“‘”:"*“”“‘" v“«“"’“"‘*””aﬂ w42 R L L
e g e ,/‘y&ay 3} {V»*a‘,ryr4ﬂﬂwf;« s }‘1(*”’““'4 ;/;u"”w"‘“v@*‘i& 15 R R A “yq(}“‘tglif“,&
I PSS 41 wu~~~~ o “{‘” LN £ P ,,.uwm.,,,““,ﬂ‘,,
NS SR :1“”“3"r;*r""”"”""‘*t!”m’“‘“ AR AN kui B S S
PR, EZ TR D Tt RS x".: Y T v&qvl«/.{" AR gy 8 RS ek e gy tTHEY
R PRI T '*“'gll”“"'"'" PR ’V*y(y“"‘,q‘x - f"{’”‘“~~»w;¢ £ 0.,\.,¢,h_,_‘,“ [P Y ?“‘:«g;,
P DAL L LU SR R S Y s IS - ST
eh et 4.,,,,'-_ ,354,,0 G e ii, ORI Slatde IT Wiffft : xsgt{”
PR i . «* ASE® uw.‘h“,.,.@o,..?“ﬂ PR ] Poksa x‘,“ﬁ‘/‘lol M 3

«9 ot oex

, “ w e A i . s )
cxmenxt t«,. Ni““ v podapez 3 {‘ug‘f.. ARSI TE DS P ”7;
" fi, 307

USRI S 5 2 PSRN S5
oy ke \‘\XJ'L? ] ]

Tt & LEE IS

PR 5% P R R R IR TA N PEETR PPN £ aew e
:.? f‘“ " x:'i e "‘&lfe’a o E e e '}‘r L g Xdata y g T «.J«t ’“Muk" R T T t‘ﬁl\'ﬁ#
,"; '::.Ev‘““‘ A AR T ‘5*; FgP Vi igi-.,«‘ I “..xw&..-m:: s '!”‘“g‘::’: e
PR ANET S T q"‘“‘x;”"""” -~ 3 LR P i“!‘x)&tn’m““’i#v(‘ Wy N s v%
go P ran B 1 P B eI ““'*“‘a"”‘" é”*‘v“' « e EEYE 3 PP TN id\’m‘"‘«w L axd

! . ’ .

" an EFE L EL R !\.iA,.A. - ey, A ."i“"‘ SR PR L4 s §3F WOT 0 Urreea - vk

PUPPRY ST L) ,v“,q.%.,.mu4 X . TR R R g I A e r P o)
‘o 4 # “ o o ¥ AR - 2 ¥ PR
PP I Y - ‘G«Q‘&Q’ ~q((~ k \0 et camttrva.. Cp et B ‘\"o’}“'«‘ s -

J D L " ‘.'«Em J~. o ¥, PRGN PRSPPI L i 55 4 gy
T e o aemmeny ‘,:,‘,g‘”_\«n.,w, oue RS PR
. P > “ e A IR . Y L T .

It IR L oot PRI ANSOTEALE & S sggie Ll MET L v 428suantans
[P ;»}3“1. R R A AR . w._g‘g”‘ gf?, b IO ‘(“"‘;
L. e aoin A hia, . . » e,
\ aj“‘ LR S ERUR ) ‘nw‘; % kT, R LR Ll PSS VLT PP t \‘(f?“f‘{“‘
e R R R . ,‘ ) e P tay
¢ fadmearttAn «nagvl{f;‘t ‘4 P .o iw‘, PR PP TN W eig Feste s . qe
aviggee SaTILEN 51 A

L N

' g

610 620



PCT/US2004/018525

WO 2004/114063
10/13
1 2 3 4] [T 213 4|5 6
7 8l 1offi1 12
5 6 7 8] |13 14115 16l[17 18
b
19 20)|21 22[|23 24
9 10 11 12} o5 26 Jl27 28 [|29 30
13 14 15 16| |31 32[[33 34]|35 36

FIG. 8



WO 2004/114063 PCT/US2004/018525
11/13

PUR————— e R R ]
H ;

P
st s

910 1920

. o %

b

950

—tt .

930 940 é

N R S ST W SN S M 1 7 5 20 S < 5 oo,

FIG. 9

FIG. 10A



WO 2004/114063 PCT/US2004/018525
12/13

SECONDS)
8
-

TIME

i
: i
400H-— _.m s o mww v o e e MM - Mi e e

® ’ : i H

‘ 4 - H H i
2 va e o s - S P S T
. H 3 i H

k1 2

p O : : ol
0 200 400 800 800
BLOCK SIZE {PIXELS)

FIG. 11

1.9°10%

Ty O S / NNV SO
1 ,_ - A .
» 9

1 .3@

11

TOTAL SQUARED ERROR
AN

;
200 500 1060
BLOCK SIZE (PIXELS)

FIG. 12




PCT/US2004/018525

13/13

WO 2004/114063

T e | Al Tt .._.....,Hv.._ B VNN [ e Bmm
] L - AN RIS e D Mo ' Tow. ™o
—te T e~ r.\\. ?~ .dz... n ..f_. _—.. ,._...._ _r..,.rrrr M‘wfwa.ﬁ_f”run,. S S ~ ~ .-
A TRV DAY (v e/ o | ek »

LCW I T LA SR R AN o T 2L .
) S A S S o et i
e el ™ s IR W TR
e J—W.‘ 1..Ar . H,IJ. ﬂr ..._... _fuml._. S Ol it Ly T .\k\

3 LTINS =
\_w. BV I A DV P B
i il P NV
: AR R i
2
& A _ v ¥ .—m. g DDN
’ 4 lllnl.rr.rfun.ﬂ.rrr .-z/ rf __
AR
D T M M M M o I
il i
o] ] LSy
~ hos [~ = ]
\ \ rﬁar.. “ob - - -
i 2
.a.... .J./r . p...wr - - d - -

T 05k

Wy L ] Y \ ~ <
N Al TR A e b
r..._ g . LY N
yly ,_. i _,_ 4 LS -
¥ ARSI .p
FIE " e w.\\ __ Mw. “...:_. J.... .../.
. . 1 Y
b U Ly L] A S
r— g wm. 7 * N 'y Y,
- ! . A
P P «_\\ ._ﬂ» JJM__ /.., ,m /.p.., DD_..
w L y w o 1
.m#.\.“..? \.W\ \..x s..\s '.“__ 5
;o 2.7 J: )
\Jn\ .w.m.n\.. _ T ./L a
7. 4 rhm ~
. .
v .....» ¥ .z/._. (l; :..r .i.rr.nrn
=X =
i My ey ey S
" N h ..J-J f.r.{ ] f.(.rl.r -~
s 3 EN RS R RN Ny R
R RN R )RR ONEETTN
4 ' “a [ SO N N , , p
Vv W SN AN ]
A EAVER! LY s ,.,...“.J. N L R
,_J.% fu.__ .rkm [ kY hY x.. .-/ ] ..._n \w / ! ¥
5\ A ..._ fﬂ.,w LR o ..._._.,_V_. s w.\u :
W W by 5 ,.”.../___ s bl S 1S v
.”x ;.m_ _J_ /ﬂu T nMw ~ “yn M_ .‘_.q F ¥
[, " o ¢ 2
Sl 7\ M Ao 0 B A _.Q L1 ¢




	Abstract
	Bibliographic
	Description
	Claims
	Drawings

