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1
SYSTEM AND METHOD FOR MODEL
CONSISTENCY CONSTRAINED MEDICAL
IMAGE RECONSTRUCTION

STATEMENT REGARDING FEDERALLY
SPONSORED RESEARCH

This invention was made with government support under
NS065034 awarded by the National Institutes of Health. The
government has certain rights in the invention.

BACKGROUND OF THE INVENTION

The field of the invention is systems and methods for
medical imaging, such as magnetic resonance imaging.
More particularly, the invention relates to systems and
methods for reconstructing a medical image or a series of
medical images, such as those obtained with a magnetic
resonance imaging system.

Quantitative MRI (“qMRI”) parameter mapping often
makes use of analytical models of magnetic resonance
signals to offer unique information about tissue microenvi-
ronment. This unique information often yields imaging
biomarkers that are more sensitive and specific to underlying
pathology than regular anatomical MRI. However, most
qMRI methods are often too time-consuming because they
require multiple measurements along one or more additional
parametric dimensions. For example, additional parametric
dimensions may include acquiring image data at multiple
different echo times for T, mapping and chemical species
separation or at multiple different inversion times for T,
mapping.

The requirement of acquiring measurements along para-
metric dimensions results in a several-fold increase in scan
time, thereby limiting the clinical utility of qMRI tech-
niques. As a result, k-space data is typically undersampled
and an advanced reconstruction technique, such as parallel
MRI, is used to accelerate gMRI data acquisitions. However,
noise amplification, such as g-factor related noise-amplifi-
cation in parallel MRI reconstruction, limits the practical
imaging acceleration to a factor of 2-4 depending on a
number of radio frequency (“RF”) receiver coils.

A typical gMRI procedure produces parametric maps by
first reconstructing images from acquired k-space data and
then performing a pixelwise fit of these images to an
analytical model of the underlying magnetic resonance
signals. These two stages are decoupled and, as a result, the
image reconstruction stage does not benefit from the prior
knowledge of the signal behavior in the parametric dimen-
sion. In addition, because of this decoupling, errors accu-
mulated during image reconstruction, such as those errors
that may be related to undersampling artifacts, resolution
loss, and amplified noise, propagate directly into the para-
metric maps.

One alternative is to directly estimate parametric maps by
fitting the signal model to acquired k-space data. If the
number of free parameters in the model is less than the
number of measurements, sampling of individual datasets
can go below the Nyquist limit. However, due to complexity
and stability issues of such an estimation, the utility of
parametric reconstruction is limited to cases when the signal
evolution is described by simple models such as exponential
functions.

Another strategy for using prior knowledge is to utilize
the analytical signal model to “glue” images in the para-
metric dimension during reconstruction by relying on the
assumption that for each pixel, signal evolution throughout
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the image series follows a predefined analytical dependence
in the parametric dimension. This strategy may be also
implemented using different types of linearization to reduce
computational burden. If the linearized transform provides a
good approximation to the analytical model for a range of
target free parameter values, accurate reconstruction is pos-
sible in a feasible time. Linearization of the analytical
models usually results in more degrees of freedom, which
may result in representing a wider range of signals than the
range implied by the source analytical models. Yet, such
flexibility may come at the expense of constraining power,
which limits acceleration capabilities of the techniques.

In currently available gMRI model-based methods, con-
straining the solution to the signal model happens in a “hard”
fashion. That is, the solution is sought among the set of
functions that strictly satisfy the chosen model, be it the
original nonlinear analytical expression or its linearized
version. However, this strategy may lead to detrimental
performance due to inaccurate modeling, partial voluming,
imaging imperfections, and motion artifacts, which impede
accurate estimation of image series and parametric maps and
convergence of the algorithms.

The clinical need for high spatial and temporal resolution
in time-resolved magnetic resonance applications often
necessitates image reconstruction from incomplete datasets
because the total scan time is limited due to contrast passage
or breath hold requirements. The advent of compressed
sensing (“CS”) provided a new sub-Nyquist sampling
requirement for images accepting a sparse representation in
some basis. However, the limited spatial sparsity of mag-
netic resonance images affords only moderate acceleration
factors before CS-based reconstructions introduce image
blurring and blocky artifacts. A better sparsification can be
achieved by exploiting spatiotemporal correlations in the
time series. In these methods, the underdetermined image
reconstruction problem is regularized by making assump-
tions about the nature of temporal waveforms. The accuracy
of reconstruction and achievable acceleration then depends
on the validity of these assumptions in practice. In particular,
the k-t PCA method, described by H. Pedersen, et al., in “k-t
PCA: Temporally Constrained k-t BLAST Reconstruction
Using Principal Component Analysis,” Magn. Reson. Med.,
2009; 62(3):706-716, postulates that temporal behavior of
different image regions can be described by a linear com-
bination of several principal components, which are learned
from low-resolution training data. Thus, there remains a
need for a method that provides high spatial and temporal
resolution images in time-resolved magnetic resonance
applications in which incomplete or undersampled data sets
are acquired.

SUMMARY OF THE INVENTION

The present invention overcomes the aforementioned
drawbacks by providing a method for reconstructing a
medical image in which the image reconstruction process is
constrained to be consistent with a signal model.

It is an aspect of the invention to provide a method for
reconstructing an image of a subject with a medical imaging
system by acquiring medical image data from the subject
with the medical imaging system and reconstructing an
image of the subject from the acquired medical image data
set while constraining the image to be consistent with a
signal model that relates image intensity values in the image
to a free parameter that is associated with a physical property
of the subject. The medical imaging system may be, for
example, a magnetic resonance imaging system. When the



US 9,430,854 B2

3

medical imaging system is a magnetic resonance imaging,
the free parameter may include at least one of a longitudinal
relaxation time, a transverse relaxation time, an apparent
transverse relaxation time, a magnetization value, a magne-
tization transfer parameter, a diffusion coeflicient, and a
separated fat signal component, separated water signal com-
ponent, or field map from chemical shift imaging applica-
tions, such as IDEAL.

It is another aspect of the invention that the signal model
may be at least one of an analytical signal model and an
approximate signal model generated from previously
acquired medical image data.

It is yet another aspect of the invention that the signal
model may be an approximate signal model generated from
the acquired medical image data. The approximate signal
model may be generated by reconstructing a series of
low-resolution images from the medical image data and
learning the approximate signal model from the recon-
structed series of low-resolution images. The approximate
signal model may be learned by forming an image intensity
vector for each pixel location in an image matrix, forming a
dictionary matrix from the image intensity vectors, and
compressing the dictionary matrix to a few representative
basis functions using at least one of principal component
analysis or a k-SVD algorithm.

It is yet another aspect of the invention that the signal
model may be an analytical signal model that is dependent
on at least one control parameter of the medical imaging
system. When the medical imaging system is a magnetic
resonance imaging system, the at least one control parameter
may include an echo time, a repetition time, or an inversion
recovery time. The analytical signal model may include a
plurality of signal models associated with different values of
the at least one control parameter. An operator is computed
from the analytical signal model and used to constrain the
reconstruction of the image to be consistent with the ana-
Iytical signal model.

It is yet another aspect of the invention that an approxi-
mate signal model may be based on a dictionary constructed
from analytical signal models sampled on a dense grid of
admissible values of quantitative parameters. This diction-
ary may then be compressed to a few representative basis
functions using at least one of principal component analysis
or a k-SVD algorithm.

The foregoing and other aspects and advantages of the
invention will appear from the following description. In the
description, reference is made to the accompanying draw-
ings, which form a part hereof, and in which there is shown
by way of illustration a preferred embodiment of the inven-
tion. Such embodiment does not necessarily represent the
full scope of the invention, however, and reference is made
therefore to the claims and herein for interpreting the scope
of the invention.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is a flowchart setting forth the steps of an example
of' a method for medical image reconstruction;

FIG. 2 is a flowchart setting forth the steps of an example
of'a method for a model consistency condition (“MOCCO”)
constrained image reconstruction;

FIG. 3 is a flowchart setting forth the steps of an example
of' a method for computing an operator useful for enforcing
a MOCCO constraint during image reconstruction using an
approximate signal model;
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FIG. 4 is a flowchart setting forth the steps of an example
of' a method for computing an operator useful for enforcing
a MOCCO constraint during image reconstruction using an
analytical signal model; and

FIG. 5 is a block diagram of an example of a magnetic
resonance imaging system, which may employ one or more
embodiments of the present invention.

DETAILED DESCRIPTION OF THE
INVENTION

A system and method for reconstructing medical images
by employing a model consistency condition (“MOCCO”)
constraint are provided. By way of example, a series of
medical images can be reconstructed from undersampled
medical image data using the provided system and method,
particularly where the medical imaging process includes
acquiring medical image data that depends on a parameter
that is either known from an analytical model or can be
learned from training data. As a specific example, MOCCO-
based image reconstruction is readily applicable to quanti-
tative magnetic resonance imaging (“MRI”) and various
applications requiring time-resolved or spectrally-resolved
medical imaging. MOCCO-based reconstruction can pro-
vide significant benefits over existing gMRI image recon-
struction techniques, including improved regularization and
acceleration. By way of example, the signal model used for
the consistency constraint describes signal evolution in a
serial dimension of the series of images, such as a paramet-
ric, temporal, or spectral dimension.

In the absence of relaxation effects, the MR signal col-
lected by the y* RF receiver coil out of the total number n,_
of coils, with sensitivity C,(r), from an object, f(r) over a
volume-of-interest (“VOI”) may be modeled as

Sy(r) = f e*rey (nf(ndr =
vor

where r and k are image space and k-space coordinate
vectors, respectively. In its matrix form, and adding a term
for the presence of noise errors, the Eqn. (1) can be written
as

s=Eft+n 2

where f is the solution vector, S is a vector of k-space
samples from all RF coil receivers, n is noise error, and E is
the encoding matrix with elements corresponding to both
Fourier and coil sensitivity encoding terms:

3).

In Eqn. (3), r, and k,, are the discretized spatial and
k-space coordinates, respectively. In single-channel MRI
acquisitions, the noise can generally assumed to be identi-
cally independently distributed (“i.i.d.”) Gaussian noise. For
multi-channel MRI acquisitions, noise whitening prepro-
cessing using a separately measured noise covariance matrix
may used to reduce noise errors. A signal-to-noise ratio
(“SNR”) optimized estimation of the image vector, f, from
the k-space data, S, may be generally accomplished by
enforcing data consistency in the least squares fashion:

E(m,Y)»D =¢¥mre Cv(rp)

minllEf sl @
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where || . . . ||, is the I,-norm. In general, the 1 -norm of a
vector, X, may be written as

®

i

lxl, = (Z |x;|”)””.

Accelerated MRI techniques often rely on undersampling
k-space, which results in a poorly-conditioned or, in the case
of significant undersampling, rank deficient encoding
matrix, E. The poor conditioning of the encoding matrix
renders solutions to Eqn. (4) sensitive to errors in the
k-space data, and the potential rank deficiency of the encod-
ing matrix means that Eqn. (4) will have non-unique solu-
tions. To stabilize estimation of the image vector, f, the
proposed model consistency condition can be used for
regularization of the underdetermined image series recon-
struction problem.

An image vector, f, can be described by an analytical
signal model, such as

J=SED) (6);

where ¢ are operator-controlled, or control, parameters, p
are free parameters, which are parameters to be determined,
and S( .. .) is a synthesis operator that, for a given set of
control parameters maps the parametric maps into the cor-
responding image series. Control parameters include pulse
sequence parameters, such as echo time (“TE”), repetition
time (“TR”), and inversion recovery time (“IT”). Free
parameters include, for example, longitudinal relaxation
time, T ; transverse relaxation time, T,; apparent transverse
relaxation time, T,*; magnetization, M,; diffusion coeffi-
cients; magnetization transfer parameters; separated water
signal contribution and separated fat signal contribution; fat
fraction; and so on. A vector containing parametric maps
indicative of the free parameters can be defined as

o

A
I

Pum

These parametric maps are images whose pixel values are
indicative of the spatial distribution of the corresponding
free parameter. For example, a T, map is an image whose
pixel values are represented by the estimated T, value at the
spatial location associated with the respective pixel loca-
tions. Model-based qMRI data acquisitions may be
described as a sampling of the space of control parameters.
Thus, a vector of control parameters each corresponding to
an individual measurement can be defined as

(8).

h )

be a vector that contains a parametric image series cor-
responding to the image acquisition defined by the control
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6

parameters, c, the parametric maps, p, can be determined
through the following equation:

=50 (10);

where 8( . .. ) is an analysis operator that maps the image

series, T, to the parametric maps, p. The following relation-
ship holds true for any parametric map:

S4S:0-p (11);

so it follows that
Sa5:=1 (12);
where 1 is the identity matrix. However, the converse of
Eqn. (11) is only true if each pixel of the image series, T,
conforms to the model S(c;p) for the free parameter vector,
p. On the other hand, the superposition S-S is a projection
operator onto the space of all functions M(S;) satisfying the
model. If M<N, then the analysis operator, S, is the inverse
of the synthesis operator on M(S;), which leads to the
proposed model consistency condition: an image series, T,
satisfies the analytical model with experiment design, c, if
and only if

S

The condition in Eqn. (13) can be enforced by minimizing

the 1 -norm of the discrepancy between the image series and

its projection on M(S;). By way of example, the following
constrained minimization problem can be solved:

(13).

min||Se(3.(f)) - ]| subject to [IEF —3I, < &; (14)
I

where € is a non-negative parameter. By way of example,
p may equal one, in which instance the 1,-norm is the
1,-norm. The minimization in Eqn. (14) is constrained by the
proposed model consistency condition subject to an addi-
tional constraint imposed by the data consistency condition.
Alternatively, the following constrained minimization may
also be solved:

min||Ef - 5|, subject to min”Sf(S'f(f)) - JTHI <z 1s)
7 7

where t is a non-negative parameter. The parameters € and
t may be selected according to error and noise levels to make
the image estimation more resilient to data errors and noise.
In general, both S; and &, are nonlinear operators and
there is no closed form solution to the minimization prob-
lems in Eqns. (14) and (15). Thus, an iterative solution to
Eqn. (14) or (15) may be too computationally expensive or
even infeasible to obtain. To overcome this problem, a linear
operator, D, and its pseudoinverse, D7, are introduced. These
linear operators approximate the actions of Sz and - on the
space M(S:) of model-consistent functions. Using these
linear operators, Eqn. (13) can be rewritten as
DDY=F (16).
For practical implementations, an assumption can be
made that a collection of functions whose span gives a close
approximation of M (S;) exists. Such a collection, or dic-
tionary, can be built by sampling the spaces of both the
control parameters and the free parameters as follows:

Dr=[Scpy) - - S(E)al_jNT] (17);

where the range of free parameters p, for i=1, . . ., N,
covers a densely sampled range of admissible parameters.
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The density of this sampling determines how well the span
of D, approximates M(S;). Preferably, the rank, k, of D,
should be less than N. The problem of finding a suitable
solution of D can be formulated as

minl(/ - DD")Drll; as

such that DYD=I and the rank of D is less than N. In Eqn.
(18), || . . . || indicates the Frobenius norm, which for an
arbitrary matrix, A, has the form

IAllr = |53 lagl? .
i

If the operator D is required to be orthogonal, then the
minimization problem set forth in Eqn. (18) is generally
equivalent to the problem of finding the k first principal
components of D,

D=U(:;,1:%)

a9

(20);

where U is a matrix of the principal components of D.
Otherwise, D can be obtained as a result of k-clustering
singular value decomposition (k-SVD) of D,. Note that in
the orthogonal case D'=D?, that is, the pseudoinverse is the
adjoint of the operator, which significantly simplifies com-
putations. Using the linear operator, D, Eqn. (14) can be
rewritten as

min||(DD' - DF||,, subject to [EF —lly; 2D
T

and Eqn. (15) can be similarly rewritten. An uncon-
strained optimization problem may also be formulated by
rewriting Eqn. (21) as

nfgn{nEf =5l + ADD* = DFI,,}; 22

for some parameter A>0. It is noted that the quadratic
norm, || . . . |l,%, may be used in lieu of the 1,-norm; however,
this norm may only be optimal when the analytic signal
model or its linearization perfectly fits the medical image
data in the least-squares sense. If some image pixels are not
consistent with the chosen analytic signal model, high
residual errors will be excessively penalized by the 1,-norm,
which may bias the image estimation and propagate errors
throughout the whole image series. Therefore, an 1,-norm
with 1=p<2 is advantageously used. Of these, the 1,-norm is
generally the most forgiving to errors; however, it may be
desirable to provide a tradeoff between efficient noise sup-
pression provided by the quadratic norm and robustness
against poor model fit provided by 1,-norm. This tradeoff can
be balanced by using a hybrid 1,/1,-norm, which for a vector,
X, has the following form:

Xi 12
Ul i, = E L2 -1

i=1

@23
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8

where o is a cut-off parameter. As an example, the cut-off
parameter may be selected as 0=0.6 std(x).

As an alternative to the foregoing formulation, it is
possible to solve Eqn. (15) by periodically updating an
image series using the data consistency condition and model
consistency condition in a manner similar to a projections
onto convex sets (“POCS”) method. This POCS-like
approach can be formulated as

j‘(n+l):PI_7P;7(n)

where P; is the projection on the set of images with
predefined data and P; is the generalized projection on the
set of images that are consistent with an analytical signal
model. These projections may be defined as follows:

(24);

Pf = f+E¥(s - Ef); 25

_ . —\ T 26
o] = :{awgminls.(p) - 71l )

In the Cartesian sense, the P operator is equivalent to a
data substitution operation in k-space. This model consis-
tency projection may also be defined and implemented as

follows:
PF=DDf 27;
where
D=U(:,1:L) or D=KSVD(DyL,L) (28).

In Eqn. (28), KSVD(D,, L, L) is the result of a k-clus-
tering with singular value decomposition (“K-SVD”) algo-
rithm that yields a dictionary containing K atoms optimized
to approximate any atom in the set, D, with L. components.
In Eqn. (28), it may be assumed that K=[.. As before, the
matrix, U in Eqn. (28) represents a matrix of principal
components.

Additional constraints via projection operators can also be
included to improve image reconstruction. For example,
Eqn. (24) can be expanded to

FrU=PPHPPF

where H is an iterative thresholding projection operator,
P, is a phase sharing constraint projection operator, and P,
is an object support constraint projection operator, which
sets image values that lie outside of the object to zero values.

The iterative thresholding projection operator, H,, may be
defined as follows. First, the model consistency projection as
defined by Eqn. (26) or (27) is performed. Then, the fol-
lowing residual is calculated:

(29);

icad (30).

After the residual is calculated, the values of the image
series estimate, T, are modified as a function of the calculated
residual. One example of how the image series estimate, T,

may be modified in this manner is as follows:

7olr=ze &)

Ho'(f) = { o
Ppf Al <o

The phase-sharing constraint projection operator, P, may
be defined as follows. The image phase should be consistent
between the acquisition of individual images in the para-
metric series. This property may be enforced using the
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phase-sharing constraint projection operator, which is
equivalent to fitting the model to complex-valued data rather
than magnitude data. If only magnitude fitting is possible,
the phase-sharing projection may be performed as follows:

Pf=fleos(y,~plet (32);

where ¢, is the shared phase, which may be calculated as

33

n-{3)

Alternatively, the phase-sharing constraint projection
operator may be defined with respect to a phase value, ¢,
that is learned in a separate scan. Defining the operator in
this way results in the following formulation

P, f=[flcos(pg-Pe™® (34).

The model consistency condition described above can
also be extended to imaging applications in which there is no
analytical signal model, but in which an approximate model
can be derived from the images themselves. For example,
the model consistency condition is applicable to time-
resolved imaging applications, such as contrast-enhanced
angiography, phase contrast imaging, cine cardiac imaging,
and other real-time imaging techniques in which there is no
theoretical or analytical model describing the dependence of
signal intensity on time (temporal waveforms).

In such instances, due to the lack of an analytical or
theoretical signal model, the basis waveforms for the opera-
tor, D, are determined not from a densely sampled diction-
ary, D, but are learned from a training dataset. An example
of a training data set may include a low-resolution version
of the image series. In this example, the dictionary matrix,
D, in Eqn. (18) would be composed of temporal waveforms
contained in the low-resolution images. Low-resolution
images can be reconstructed from the acquired k-space data
and do not need to be separately obtained. For example, the
low-resolution images may be reconstructed from the central
portions of the acquired k-space data. In this regard, the
k-space sampling pattern should be defined so that each time
frame samples the center of k-space. This sampling pattern
occurs naturally with radial sampling techniques, but often
needs to be purposely enforced in Cartesian sampling tech-
niques.

Low-resolution images reconstructed from the same
k-space data as the higher-resolution image series can be
used to learn an approximate signal model because the
low-resolution images are effectively the higher-resolution
images convolved with some small kernel. Thus, the tem-
poral waveforms in the low-resolution images are linear
combinations of the temporal waveforms present in the
higher-resolution image series. As a result, the same set of
basis functions can provide a good approximation to both
the low-resolution and higher-resolution image series simul-
taneously. As in the case of the linearized reconstruction
technique described above, the basis functions can be
obtained by means of either principal components analysis
or K-SVD. After the basis functions are obtained, the
remaining steps of the algorithm described for producing
parametric maps are applicable for time-resolved imaging as
well.

Referring now to FIG. 1, a flowchart setting forth the steps
of an example of a method for reconstructing a series of
images from acquired medical image data making use of a
model consistency condition is illustrated. The method
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begins with the acquisition of the medical image data, as
indicated at step 102. Next, as indicated at step 104, the
series of images is reconstructed while constraining the
reconstruction of each image to be consistent with a signal
model that relates image intensity values in the recon-
structed image to one or more variables or free parameters
that are indicative of physical properties of the subject being
imaged. This model consistency condition constrained
image reconstruction may be implemented in different ways,
a few examples of which are now provided. It is noted that
for parametric imaging studies, the reconstructed series of
images may be subsequently fit to the signal model in order
to produce parametric maps.

Referring now to FIG. 2, a flowchart setting forth the steps
of an example of a model consistency condition
(“MOCCQO”) constrained image reconstruction method is
illustrated. The method begins by computing a signal model
to be used for the consistency condition, as indicated at step
202. As described above, the signal model may be an
analytical model or an approximate model learned from
acquired training data. The signal model is used to compute
an operator used to constrain the image reconstruction, as
indicated at step 204. By way of example, this computed
operator projects an image onto the space of all functions
that satisfy the signal model. The operator may be linear or
nonlinear. The image reconstruction is then constrained
using the computed operator, as indicated at step 206. By
way of example, image reconstruction may utilize the non-
linear operator or the linear operator using one of the
equations described above. In addition, the image recon-
struction may proceed in the POCS-like manner also
described above.

Referring now to FIG. 3, a flowchart setting forth the steps
of'an example of a method for computing an operator use in
the MOCCO constrained image reconstruction is illustrated.
This method is useful for computing an approximate signal
model in those instanced where there is no analytical signal
model. The method includes reconstructing a series of
low-resolution images from previously acquired medical
image data, as indicated at step 302. The previously acquired
medical image data may include the medical image data
from which the target image series is also reconstructed. The
approximate signal model is then learned from these low-
resolution images by, for example, forming image intensity
vectors for each pixel location, as indicated at step 304. Each
image intensity vector is composed of image intensity values
for a given pixel location over the course of the low-
resolution images. For example, the image intensity vectors
may represent a temporal waveform when the image series
represents the same subject over a period of time. From the
image intensity vectors, a basis for the operator used in the
MOCCO constrained reconstruction is computed. This basis
may be computed on the one hand by calculating the
principal components of the image intensity vectors, as
indicated at step 306 A. On the other hand, the basis may also
be computed using a K-SVD algorithm, as indicated as step
306B. The basis is used to generate a dictionary matrix, as
indicated at step 308. This dictionary matrix is used to form
the operator used in the MOCCO constrained image recon-
struction.

Referring now to FIG. 4, a flowchart setting forth the steps
of an example of another method for computing an operator
for use in the MOCCO constrained image reconstruction is
illustrated. This method is useful for when an analytical
signal model is available. The method includes forming an
analytical signal model that is dependent on at least one
control parameter of the medical imaging system used to
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acquire the medical image data, as indicated at step 402. By
way of example, the analytical signal model includes mul-
tiple signal models, each dependent on different values of a
given control parameter. An example of such an analytical
signal model useful for magnetic resonance imaging
(“MRI”) is

S(TR, TE, My, T1, T») = Mo(1 — e TR71)g TET2 (35)

where the control parameters TR and TE are a repetition
time and an echo time, respectively, and the free parameters
M,, T,, and T, are magnetization, longitudinal relaxation
time, and transverse relaxation time, respectively. Thus, in
this example the analytical signal model would be computed
from Eqn. (35) using multiple different values for echo time,
repetition time, or both.

From the image analytical signal model, a basis for the
operator used in the MOCCO constrained reconstruction is
computed. This basis may be computed on the one hand by
calculating the principal components of the analytical signal
model, as indicated at step 404A. On the other hand, the
basis may also be computed using a K-SVD algorithm, as
indicated as step 404B. The basis is used to generate a
dictionary matrix, as indicated at step 406. This dictionary
matrix is used to form the operator used in the MOCCO
constrained image reconstruction.

By way of example, the aforementioned image recon-
struction methods may be implemented in magnetic reso-
nance imaging applications. Referring particularly now to
FIG. 5, an example of a magnetic resonance imaging
(“MRI”) system 500 is illustrated. The MRI system 500
includes a workstation 502 having a display 504 and a
keyboard 506. The workstation 502 includes a processor
508, such as a commercially available programmable
machine running a commercially available operating sys-
tem. The workstation 502 provides the operator interface
that enables scan prescriptions to be entered into the MRI
system 500. The workstation 502 is coupled to four servers:
a pulse sequence server 510; a data acquisition server 512;
a data processing server 514; and a data store server 516.
The workstation 502 and each server 510, 512, 514, and 516
are connected to communicate with each other.

The pulse sequence server 510 functions in response to
instructions downloaded from the workstation 502 to oper-
ate a gradient system 518 and a radiofrequency (“RF”)
system 520. Gradient waveforms necessary to perform the
prescribed scan are produced and applied to the gradient
system 518, which excites gradient coils in an assembly 522
to produce the magnetic field gradients G,, G, and G, used
for position encoding MR signals. The gradient coil assem-
bly 522 forms part of a magnet assembly 524 that includes
a polarizing magnet 526 and a whole-body RF coil 528.

RF excitation waveforms are applied to the RF coil 528,
or a separate local coil (not shown in FIG. 5), by the RF
system 520 to perform the prescribed magnetic resonance
pulse sequence. Responsive MR signals detected by the RF
coil 528, or a separate local coil (not shown in FIG. 5), are
received by the RF system 520, amplified, demodulated,
filtered, and digitized under direction of commands pro-
duced by the pulse sequence server 510. The RF system 520
includes an RF transmitter for producing a wide variety of
RF pulses used in MR pulse sequences. The RF transmitter
is responsive to the scan prescription and direction from the
pulse sequence server 510 to produce RF pulses of the
desired frequency, phase, and pulse amplitude waveform.
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The generated RF pulses may be applied to the whole body
RF coil 528 or to one or more local coils or coil arrays (not
shown in FIG. 5).

The RF system 520 also includes one or more RF receiver
channels. Each RF receiver channel includes an RF ampli-
fier that amplifies the MR signal received by the coil 528 to
which it is connected, and a detector that detects and
digitizes the I and Q quadrature components of the received
MR signal. The magnitude of the received MR signal may
thus be determined at any sampled point by the square root
of the sum of the squares of the I and Q components:

M:\/12+Q2 (36);

and the phase of the received MR signal may also be
determined:

om(2) @

The pulse sequence server 510 also optionally receives
patient data from a physiological acquisition controller 530.
The controller 530 receives signals from a number of
different sensors connected to the patient, such as electro-
cardiograph (“ECG”) signals from electrodes, or respiratory
signals from a bellows or other respiratory monitoring
device. Such signals are typically used by the pulse sequence
server 510 to synchronize, or “gate,” the performance of the
scan with the subject’s heart beat or respiration.

The pulse sequence server 510 also connects to a scan
room interface circuit 532 that receives signals from various
sensors associated with the condition of the patient and the
magnet system. It is also through the scan room interface
circuit 532 that a patient positioning system 534 receives
commands to move the patient to desired positions during
the scan.

The digitized MR signal samples produced by the RF
system 520 are received by the data acquisition server 512.
The data acquisition server 512 operates in response to
instructions downloaded from the workstation 502 to receive
the real-time MR data and provide buffer storage, such that
no data is lost by data overrun. In some scans, the data
acquisition server 512 does little more than pass the acquired
MR data to the data processor server 514. However, in scans
that require information derived from acquired MR data to
control the further performance of the scan, the data acqui-
sition server 512 is programmed to produce such informa-
tion and convey it to the pulse sequence server 510. For
example, during prescans, MR data is acquired and used to
calibrate the pulse sequence performed by the pulse
sequence server 510. Also, navigator signals may be
acquired during a scan and used to adjust the operating
parameters of the RF system 520 or the gradient system 518,
or to control the view order in which k-space is sampled. The
data acquisition server 512 may also be employed to process
MR signals used to detect the arrival of contrast agent in a
magnetic resonance angiography (“MRA”) scan. In all these
examples, the data acquisition server 512 acquires MR data
and processes it in real-time to produce information that is
used to control the scan.

The data processing server 514 receives MR data from the
data acquisition server 512 and processes it in accordance
with instructions downloaded from the workstation 502.
Such processing may include, for example: Fourier trans-
formation of raw k-space MR data to produce two or
three-dimensional images; the application of filters to a
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reconstructed image; the performance of a backprojection
image reconstruction of acquired MR data; the generation of
functional MR images; and the calculation of motion or flow
images.

Images reconstructed by the data processing server 514
are conveyed back to the workstation 502 where they are
stored. Real-time images are stored in a data base memory
cache (not shown in FIG. 5), from which they may be output
to operator display 512 or a display 536 that is located near
the magnet assembly 524 for use by attending physicians.
Batch mode images or selected real time images are stored
in a host database on disc storage 538. When such images
have been reconstructed and transferred to storage, the data
processing server 514 notifies the data store server 516 on
the workstation 502. The workstation 502 may be used by an
operator to archive the images, produce films, or send the
images via a network to other facilities.

The present invention has been described in terms of one
or more preferred embodiments, and it should be appreciated
that many equivalents, alternatives, variations, and modifi-
cations, aside from those expressly stated, are possible and
within the scope of the invention.

The invention claimed is:

1. A method for reconstructing a series of images of a
subject with a medical imaging system, the steps of the
method comprising:

a) acquiring medical image data from the subject with a

medical imaging system; and

b) reconstructing a series of images of the subject from the

acquired medical image data set while constraining
individual images in the series of images to be consis-
tent with a signal model that describes a dependency of
image intensity values to at least one variable that is
associated with a physical property of the subject.

2. The method as recited in claim 1 in which the signal
model is at least one of an analytical signal model and an
approximate signal model generated from previously
acquired medical image data.

3. The method as recited in claim 2 in which the signal
model is an approximate signal model generated from the
medical image data acquired in step a).

4. The method as recited in claim 3 in which the approxi-
mate signal model is generated from a series of low-
resolution images reconstructed from the medical image
data acquired in step a).

5. The method as recited in claim 4 in which the approxi-
mate signal model is learned from the reconstructed series of
low-resolution images by:

i) forming an image intensity vector for each pixel loca-

tion in an image matrix;

i) forming a dictionary matrix from the image intensity

vectors;

iii) compressing the dictionary matrix to a number of

representative basis functions;

iv) forming an operator from the representative basis

functions; and

v) using the operator to constrain the reconstruction of the

series of image to be consistent with the approximate
signal model.

6. The method as recited in claim 5 in which the medical
image data acquired in step a) is representative of a time
series of images obtained during a time period in which the
medical image data is acquired and in which the image
intensity vector formed in step b)i) for each pixel location is
representative of a waveform of image intensity changes
during the time period.
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7. The method as recited in claim 5 in which step b)iii)
includes compressing the dictionary matrix using at least
one of principal components analysis and a k-SVD algo-
rithm.

8. The method as recited in claim 5 in which the operator
formed in step b)iv) is a linear operator and step b) includes
minimizing an objective function that includes a term that
computes a difference between an image estimate and a
result of applying the linear operator to a result of applying
a pseudoinverse of the linear operator to the image estimate.

9. The method as recited in claim 5 in which the operator
formed in step b)iv) is a linear operator and step b) includes
minimizing an objective function that includes a term that
computes a difference between an image estimate and a
result of applying the linear operator to a result of applying
an adjoint of the linear operator to the image estimate.

10. The method as recited in claim 2 in which the signal
model is an approximate signal model and step b) includes:

i) forming a dictionary matrix from analytical signal

models sampled on a dense grid of admissible values of
quantitative parameters;

ii) compressing the dictionary matrix to a number of

representative basis functions;

iii) forming an operator from the representative basis

functions; and

iv) using the operator to constrain the reconstruction of

the series of image to be consistent with the approxi-
mate signal model.

11. The method as recited in claim 2 in which the signal
model is an analytical signal model that is dependent on at
least one control parameter of the medical imaging system.

12. The method as recited in claim 11 in which the
medical imaging system is a magnetic resonance imaging
system, and in which the at least one control parameter
includes at least one of an echo time, a repetition time, an
inversion recovery time, and a flip angle.

13. The method as recited in claim 11 in which the
analytical signal model includes a plurality of signal models
associated with different values of the at least one control
parameter.

14. The method as recited in claim 13 in which step b)
includes computing an operator from the analytical signal
model and using the operator to constrain the reconstruction
of the images to be consistent with the analytical signal
model.

15. The method as recited in claim 14 in which computing
the operator includes calculating principal components from
the analytical signal model and computing the operator
using the calculated principal components.

16. The method as recited in claim 14 in which the
operator is a linear operator.

17. The method as recited in claim 1 in which step b)
includes constraining the images to be consistent with the
signal model by computing a difference between an estimate
of the images and a projection of the estimate of the images
onto a space of all functions that satisfy the signal model.

18. The method as recited in claim 1 in which the medical
imaging system is a magnetic resonance imaging (MRI)
system and in which the at least one variable includes at least
one of a longitudinal relaxation time, a transverse relaxation
time, an apparent transverse relaxation time, a magnetization
value, a magnetization transfer parameter, a diffusion coef-
ficient, a fat signal component, a water signal component,
and a field map value.

19. The method as recited in claim 1 in which step b)
includes constraining the images to have a same phase value
by projecting the images on a space of all images with the
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phase value, and in which the phase value is at least one of
determined from at previously acquired data and calculated
iteratively from the data acquired in step a).

20. The method as recited in claim 1 in which the at least
one variable that is associated with a physical property of the
subject is at least one of a data acquisition time associated
with at least one of a location of the subject at that data
acquisition time, a contrast value at that data acquisition
time, and a flow value at that data acquisition time.
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