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(57) Abstract: Systems and methods are provided for segmenting tissue within a computed tomography (CT) scan of a region of in-
terest into one of a plurality of tissue classes. A plurality of atlases are registered to the CT scan to produce a plurality of registered
atlases. A context model representing respective likelihoods that each voxel of the CT scan is a member of each of the plurality of
tissue classes is determined from the CT scan and a set of associated training data. A proper subset of the plurality of registered at -
lases is selected according to the context model and the registered atlases. The selected proper subset of registered atlases are fused
to produce a combined segmentation.
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IMAGE SEGMENTATION VIA MULTI-ATLAS FUSION WITH CONTEXT
LEARNING

RELATED APPLICATIONS
[0001] This application claims priority to U.S. Provisional Patent Application
Serial No. 62/176,433 filed February 18, 2015, the entire content of which is hereby

incorporated by reference.

TECHNICAL FIELD
[0002] This invention relates to medical imaging, and more particularly, to

image segmentation via multi-atlas fusion with context learning.

BACKGROUND
[0003] One alternative to manual segmentation of medical images is atlas-
based segmentation, in which the segmentation of a target image is derived from
already segmented atlas images. The concept of atlas-based segmentation is based
on the assumption that the spatial relation between two images closely resembles
the spatial relation between the respective segmentations. Therefore a deformation
that spatially aligns an atlas image with the target image can be used to propagate
the segmentation of the atlas image. This propagated segmentation can then be
considered as an estimate of the unknown true segmentation of the target image. In
many applications, multiple atlases are used rather than a single atlas and in these
cases, the different segmentations are combined. Atlas-based segmentation is an
automatic method that reduces or eliminates the involvement that is required of a

technician.

SUMMARY OF THE INVENTION
[0004] In accordance with an aspect of the present invention, a method is
provided for segmenting tissue within a computed tomography (CT) scan of a region
of interest into one of a plurality of tissue classes. A plurality of atlases are
registered to the CT scan to produce a plurality of registered atlases. A context

model representing respective likelihoods that each voxel of the CT scan is a
1
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member of each of the plurality of tissue classes is determined from the CT scan and
a set of associated training data. A proper subset of the plurality of registered
atlases is selected according to the context model and the registered atlases. The
selected proper subset of registered atlases are fused to produce a combined
segmentation.
[0005] In accordance with another aspect of the present invention, for
segmenting tissue within a computed tomography (CT) scan of a region of interest
into one of a plurality of tissue classes. A plurality of atlases are registered to the CT
scan to produce a plurality of registered atlases. A proper subset of the plurality of
registered atlases are selected. The selected proper subset of registered atlases are
fused by minimizing a total expectation of labeling error, wherein a likelihood of any
given set of atlases making an error is modeled as a joint probability of the set of
atlases making a segmentation error at a given voxel, to produce a combined
segmentation.
[0006] In accordance with yet another aspect of the present invention, a
system is provided for segmenting tissue within a computed tomography (CT) scan
of a region of interest into one of a plurality of tissue classes. The system includes a
processor and
a non-transitory computer readable medium operatively connected to the processor
and storing machine executable instructions. The instructions include a plurality of
registered atlases representing the region of interest and a registration component
configured to register each atlas to the CT scan to provide a registered atlas in which
each voxel of the region of interest is assigned to one of the plurality of tissue
classes. A context learning module is configured to generate a context model,
comprising respective likelihoods that each voxel of the CT scan is a member of
each of the plurality of tissue classes, from at least one feature vector extracted from
the CT scan.
An iterative atlas selection is configured to select a proper subset of the plurality of
registered atlases according to the context model and the registered atlases. A
statistical fusion model is configured to produce a combined segmentation as a
probabilistic fusion from the selected proper subset of registered atlases.

2
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BRIEF DESCRIPTION OF THE DRAWINGS
[0007] FIG. 1 illustrates one example of system for automatic segmentation of
a computed tomography (CT) scan;
[0008] FIG. 2 illustrates an example of a system for automated segmentation
of a CT scan of a human abdomen;
[0009] FIG. 3 illustrates a method for segmenting tissue within a CT scan of a
region of interest into one of a plurality of tissue classes; and
[0010] FIG. 4 is a schematic block diagram illustrating an exemplary system of
hardware components capable of implementing examples of the systems and

methods

DETAILED DESCRIPTION
[0011] Segmentation of medical scans is a challenging problem, with
abdominal segmentation a particularly challenging problem given the inter-subject
variance of human abdomens and complex 3-D relationships among organs. Multi-
atlas segmentation (MAS) provides a potentially robust solution by leveraging label
atlases via image registration and statistical fusion. The inventors have determined
that performance on multi-organ classification can be improved by accounting for
exogenous information through Bayesian priors. In one implementation, these
innovations are integrated with a joint label fusion approach to reduce the impact of
correlated errors among selected atlases for each organ, and a graph cut technique
is used to regularize the combined segmentation. In a study of one hundred
subjects, the proposed method outperformed other comparable MAS approaches,
allowing efficient segmentation of large-scale clinically acquired CT data for
biomarker screening, surgical navigation, and data mining.
[0012] FIG. 1 illustrates one example of system 10 for automatic segmentation
of a computed tomography (CT) scan. The system 10 includes a context learning
module 12 configured to generate a context model, comprising respective likelihoods
that each voxel of the CT scan is a member of each of the plurality of tissue classes,
from at least one feature vector extracted from the CT scan. The context model

3
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represents the Bayesian priors for the atlas selection process discussed below. It
will be appreciated that the context model is derived from the CT scan as a prior for
the atlas selection, and can represent the likelihood that a given pixel belongs to a
given class given only a vector of features derived from the CT scan. Examples of
features can include local variance around a voxel, gradients at or near the voxel, an
intensity value of the voxel, or spatial coordinates of the voxel relative to an easily
identified landmark within the region of interest.
[0013] A registration component 14 is configured to register each atlas to the
CT scan to provide a registered atlas in which at least a portion of a plurality of
voxels in the CT scan as belonging to one of the plurality of tissue classes.
Essentially, each atlas represents a verified segmentation of the region of interest in
another subject or an average of a number of verified segmentations across multiple
subjects. Through the registration process, the verified segmentation from each
atlas is mapped onto the CT scan to provide an estimate of the segmentation of the
CT scan in the form of a registered atlas.
[0014] An atlas selection component 16 is configured to select a proper
subset of the plurality of registered atlases according to the context model and the
registered atlases. In one implementation, an expectation maximization approach is
applied using the context model as a prior. For example, each registered atlas can
be compared to a weighted average of the registered atlases, and the atlases are
reweighted or eliminated at each iteration according to their similarity to the average
atlas. A fusion model 18 is configured to produce a combined segmentation as a
probabilistic fusion from the selected proper subset of registered atlases. In one
example, the statistical fusion model is configured to minimize a total expectation of
labeling error, wherein a likelihood of any given set of atlases making an error is
modeled as a joint probability of the set of atlases making a segmentation error at a
given voxel. One example of such a process is a joint label fusion process.
[0015] FIG. 2 illustrates an example of a system 50 for automated
segmentation of a CT scan of a human abdomen. In the illustrated system 50, the
tissues classes are individual organs within the abdomen. The system 50 includes a
CT imager 52 configured to capture a CT image of at least a portion of the abdomen
4
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of a patient. The captured CT image is provided to a segmentation system,
implemented as a processor 54 operatively connected to a non-transitory computer
readable medium 60, at an imager interface 62. It will be appreciated that, in this
example, the segmentation system is implemented as machine executable
instructions, but it will be appreciated that the segmentation system could be
implemented as a programmable logic gate array, other dedicated hardware, or as a
mix of software instructions and dedicated hardware. The imager interface 62 is
configured to format the CT scan and condition the CT scan for further processing.
[0016] The CT scan is then provided to a context learning model 64
configured to extract a probabilistic prior of the target segmentation by context
learning. Specifically, the context learning model 64 generates a context model,
comprising respective likelihoods for each voxel of the CT scan is a member of each
of the plurality of tissue classes based on a plurality of image features extracted from
the CT scan. Different classes of tissues in CT images can be characterized with
multi-dimensional Gaussian mixture models using intensity and spatial “context”
features. Accordingly, on a voxel-wise basis, v € R*'represent a d dimensional
feature vector, m € M indicate the tissue membership, where M = {1,...,M} is the set
of possible tissues, and typically, a superset of a set of segmentation label types, L ,
i.e., M 2 L. The probability of the observed features, ¥, given the tissue type is t can

be represented with the mixture of Ng Gaussian distributions, such that:

—0.5(v—p; ) C (v=py,)

_ _ Ny U €
f(V|m =1)= Zk:l 7 Eq.
]
’
[0017] where ai € R™, we € R®', and € € R are the unknown mixture

probability, mean, and covariance matrix to estimate for each Gaussian mixture
component k of each tissue type t for an expectation maximization algorithm.
[0018] The context model can be trained from existing datasets with known
tissue separations, for example, datasets extracted from images that have been

segmented by a human expert. The tissue likelihoods on an unknown dataset, can
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be inferred by Bayesian expansion and can use a flat tissue membership probability

from extracted feature vectors.

oy SOm=nfm=n  f(¥m=1)
flon=alv)- Y SOm=0)fm=1) Y f(¥m=1) =

2

[0019] The segmentation system further includes a plurality of anatomical
atlases 66 representing existing segmentations of the abdomen. In the illustrated
implementation, each anatomical atlas is organ specific, such that the segmentation
is binary, such that each voxel is labelled as either part of the organ or not part of the
organ. A registration component 68 configured to register each atlas to the CT scan
to provide a registered atlas in which each voxel of the region of interest is assigned
to one of the plurality of tissue classes. In the instance, each registered atlas
assigns each voxel of the region of interest either to a first tissue class representing
its associated organ or a second tissue class representing all other tissue. It will be
appreciated, however, that atlases representing more than one organ, and thus more
than two tissue classes, can be employed.

[0020] An iterative atlas selection 70 is configured to select a proper subset of
the plurality of anatomical atlases according to the context model and the registered
atlases. In the illustrated implementation, this selection can be performed as an
iterative process in which each registered atlas is compared to a weighted average
of the registered atlases, and the atlases are reweighted according to their similarity
to the average atlas. Atlases having low correspondence to the average are
eliminated before a new weighted average is computed.

[0021] In the illustrated implementation, a non-linear rater model is used to
select among the registered atlases. To this end, the latent true segmentation can
be represented as a vector, T € L™ where L = {0,..., L — 1} is the set of possible
label types. In this implementation, the label types represent individual organs or
structures within a human abdomen, including the spleen, the right kidney, the left
kidney, the gallbladder, the esophagus, the liver, the stomach, the aorta, the
pancreas, the adrenal glands, the portal and splenic veins, and the inferior vena

cava. It will be appreciated, however, that the method could be used for other
6
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animals or for other regions of a human body. For example, the method can be
applied to CT scans of the head to identify subregions of interest within the brain.
[0022] The registered atlases can be represented as a set of label decisions,
D € L™®. For the purpose of the model, ignored, or non-selected atlases can be
considered to be no better than random chance, and selected atlases can be
considered to be slightly inaccurate with error factors e E®', where Ec [OLT_lj

Accordingly, the non-linear rater model, 8 R®****, can be expressed as:

| l-g,,s'=s
0j0s's _Z’vsv;ejms's J ’Sy¢ s Eq
3
[0023] Where, jis the index of registered atlases, the second index represents

a selected (1) or nonselected (0) index, s represents a true label for a tissue class,

and s’ represents and observed label, such that each element, 6. .. represents the

jns's
probability that the registered atlas, j, observes label s’ given that the true label is s
and the atlas selection decision is n with an error factor ¢, if selected.

[0024] From the context learning, a voxel-wise a priori distribution for the
underlying segmentation, f(7, =s), from the tissue likelihoods from Eq. 2.
Assuming that the labels, s, of Eq. 3 correspond to the tissue types, t, of Eq. 3,

[T =9)=f(m= z\v). Given this, and retaining the notation of Eq. 3,the probability,
W4, that the true label associated with voxel iis label s at a k" iteration of the atlas

selection can be expressed as:

) L R M

* _ Eq.
SIS =D =s'ef =nef)

4

[0025] Where c,-(k) represents an atlas selection decision for atlas j at iteration

k.
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[0026] An estimation of the error factor for a next iteration, g;.f‘“), can be

obtained by maximizing the expected value of the conditional log likelihood of Eq. 4,

such that:

(k+1) _ l (k) (k) <k>J
£ —argnlga]}xZElnf(DU‘Y},cj )D€
13

- o Eq.
B arg IIlgaX Zs' Zi:Di]:s' Zs Wsi ln ejCﬁvk)s's
j

5

[0027] Accordingly, the atlas decision in the next iteration, c;.'j“), can be
determined as:

(1) l (k+1) () (k+1)J
c; —arng?xZElnf(D..Ti,cj,Sj )|D,cj JE;
14

y

= arg max ZS, Zm:s, ZS ngk) In 6’],C N Eq.

6

[0028] It will be appreciated that the iterative atlas selection can be continued
until a termination condition is met, such as a determination that all remaining
atlases match the composite atlas, the elimination of a predetermined number of
atlases, or the performance of a predetermined number of iterations.

[0029] A statistical fusion model 70 is configured to produce a combined
segmentation as a probabilistic fusion from the selected proper subset of anatomical
atlases. In the illustrated implementation, the statistical fusion model 70 is
configured to fuse the selected proper subset of registered atlases by minimizing a
total expectation of labeling error, wherein a likelihood of any given set of atlases
making an error is modeled as a joint probability of the set of atlases making a
segmentation error at a given voxel, to produce a combined segmentation. In one
example, this can be accomplished via a joint label fusion process.

[0030] A graph cut component 72 can receive the combined segmentation
from the statistical fusion model and perform a final segmentation of the region of

interest. In the illustrated implementation, the atlases are specific to a given tissue
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structure, so the graph cut procedure can combine estimated segmentation for each
of these structures and render a final segmentation representing all of the tissue
structures. The resulting final segmentation can be provided to an output device 56,
such as a display or a printed, via an output interface 74 to provide the final
segmentation to a human operator.
[0031] It will be appreciated that this automated segmentation can be applied
to any of a number of applications, including biomarker screening, surgical
navigation, and research applications. In one application, a CT segmentation of the
brain into a plurality of regions of interest can be utilized to predict outcomes for
patients with traumatic brain injury. Once the segmentation is completed, image
features, including a set of intensity characteristics, including a measure of variability
(e.g., standard deviation or interquartile range) or central tendency (e.g., mean or
median) across the region of interest for one or more of intensity, contrast, or similar
features. Intensity features can represent a local change in the density of brain
matter or pathologic intracranial abnormalities.
[0032] A second set of features is spatial features, which correspond to global
shifts in spatial information such as a midline shifts or cerebral edema. A mean
segmentation can be generated by calculating the spatial features by majority voting
the subjects’ segmented images. The number of voxels overlapping each ROl in the
mean segmentation and the subject’'s segmentation can be used to assess global
changes in structures. A set of texture features can be calculated within each ROI at
distances of 1, 2, 4, and 8 mm to correspond to different levels of texture.
[0033] Once the image features have been extracted, additional features,
such as biometric parameters (e.g., age, blood pressure, pulse rate, respiratory rate,
etc.) and other injury metrics (Glasgow Coma Scale, Injury Severity Score, ect.) can
be provided to a linear model. The linear model calculates a predicted value for one
or more of predicting a patient outcome, a discharge disposition, and a length of
hospital stay for a patient admitted to a hospital for a potential tramautic brain injury
from the extracted features, for example, as a linear combination of the features.
[0034] In view of the foregoing structural and functional features described
above in FIGS. 1 and 2, an example method will be better appreciated with reference
9
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to FIG. 3. While, for purposes of simplicity of explanation, the method of FIG. 3 is
shown and described as executing serially, it is to be understood and appreciated
that the present invention is not limited by the illustrated order, as some actions
could in other examples occur in different orders and/or concurrently from that shown
and described herein.
[0035] FIG. 3 illustrates a method 100 for segmenting tissue within a
computed tomography (CT) scan of a region of interest into one of a plurality of
tissue classes. At 102, a plurality of atlases are registered to the CT scan to produce
a plurality of registered atlases. Each atlas comprises a plurality of labeled voxels,
indicating the membership of each voxel in one of the plurality of tissue classes, and
once each atlas is registered to the CT scan, the labels associated with the atlas are
mapped onto corresponding locations within the CT scan. Accordingly, the
registered atlases represent labeled copies of the CT scan. In one implementation,
the atlases each represent a specific tissue structure, such that only a single tissue
class and a generic second tissue class representing all other tissue are included in
the atlas.
[0036] At 104, a context model is determined, from the CT scan and a set of
associated training data, representing respective likelihoods that each voxel of the
CT scan is a member of each of the plurality of tissue classes. For example, the set
of training data can be extracted from a plurality of previous verified segmentations
of the region of interest. In one implementation, the context model is implemented
as a Bayesian priors model. The context model can be generated by extracting a
feature vector for each voxel of the CT scan and calculating a probability that each
voxel belongs to a given tissue class given the extracted feature vector. In one
implementation, the extracted features can include an intensity value, a gradient, a
local variance, and spatial coordinates of the voxel relative to a landmark.
[0037] At 106, a proper subset of the plurality of anatomical atlases are
selected according to the context model and the registered atlases. In practice, this
selection can be performed as an iterative process in which each registered atlas is
compared to a weighted average of the registered atlases, and the atlases are
reweighted according to their similarity to the average atlas. Atlases having low

10
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correspondence to the average are eliminated before a new weighted average is
computed. At 108, the selected proper subset of anatomical atlases are fused to
produce a combined segmentation. In one implementation, the selected proper
subset of anatomical atlases are fused by minimizing a total expectation of labeling
error, wherein a likelihood of any given set of atlases making an error is modeled as
a joint probability of the set of atlases making a segmentation error at a given voxel.
In one example, this is accomplished via a joint label fusion model. At 110, a graph
cut procedure is applied to perform a final segmentation of the region of interest. In
one example, in which structure specific atlases are utilized, the graph cut procedure
can be used to combine the estimated segmentation for each structure before
performing the final segmentation.
[0038] FIG. 4 is a schematic block diagram illustrating an exemplary system
200 of hardware components capable of implementing examples of the systems and
methods disclosed in FIGS. 1-8. The system 200 can include various systems and
subsystems. The system 200 can be a personal computer, a laptop computer, a
workstation, a computer system, an appliance, an application-specific integrated
circuit (ASIC), a server, a server blade center, a server farm, etc.
[0039] The system 200 can includes a system bus 202, a processing unit 204,
a system memory 206, memory devices 208 and 210, a communication interface
212 (e.g., a network interface), a communication link 214, a display 216 (e.g., a
video screen), and an input device 218 (e.g., a keyboard and/or a mouse). The
system bus 202 can be in communication with the processing unit 204 and the
system memory 206. The additional memory devices 208 and 210, such as a hard
disk drive, server, stand alone database, or other non-volatile memory, can also be
in communication with the system bus 202. The system bus 202 interconnects the
processing unit 204, the memory devices 206-210, the communication interface 212,
the display 216, and the input device 218. In some examples, the system bus 202
also interconnects an additional port (not shown), such as a universal serial bus
(USB) port.
[0040] The processing unit 204 can be a computing device and can include an
application-specific integrated circuit (ASIC). The processing unit 204 executes a set
11
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of instructions to implement the operations of examples disclosed herein. The
processing unit can include a processing core.

[0041] The additional memory devices 206, 208 and 210 can store data,
programs, instructions, database queries in text or compiled form, and any other
information that can be needed to operate a computer. The memories 206, 208 and
210 can be implemented as computer-readable media (integrated or removable)
such as a memory card, disk drive, compact disk (CD), or server accessible over a
network. In certain examples, the memories 206, 208 and 210 can comprise text,
images, video, and/or audio, portions of which can be available in formats
comprehensible to human beings.

[0042] Additionally or alternatively, the system 200 can access an external
data source or query source through the communication interface 212, which can
communicate with the system bus 202 and the communication link 214.

[0043] In operation, the system 200 can be used to implement one or more
parts of an image segmentation system in accordance with the present invention.
Computer executable logic for implementing the diagnostic system resides on one or
more of the system memory 206, and the memory devices 208, 210 in accordance
with certain examples. The processing unit 204 executes one or more computer
executable instructions originating from the system memory 206 and the memory
devices 208 and 210. The term "computer readable medium” as used herein refers
to a medium that participates in providing instructions to the processing unit 204 for
execution, and can, in practice, refer to multiple, operatively connected apparatuses
for storing machine executable instructions.

[0044] What have been described above are examples of the present
invention. It is, of course, not possible to describe every conceivable combination of
components or methodologies for purposes of describing the present invention, but
one of ordinary skill in the art will recognize that many further combinations and
permutations of the present invention are possible. Accordingly, the present
invention is intended to embrace all such alterations, modifications, and variations

that fall within the scope of the appended claims.
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CLAIMS

What is claimed is:

1. A method for segmenting tissue within a computed tomography (CT)
scan of a region of interest into one of a plurality of tissue classes, comprising:

registering a plurality of atlases to the CT scan to produce a plurality of
registered atlases, each registered atlas labelling at least a portion of a plurality of
voxels in the CT scan as belonging to one of the plurality of tissue classes;

determining, from the CT scan and a set of associated training data, a context
model representing respective likelihoods that each voxel of the CT scan is a
member of each of the plurality of tissue classes;

selecting a proper subset of the plurality of registered atlases according to the
context model and the registered atlases; and

fusing the selected proper subset of registered atlases to produce a combined

segmentation.

2. The method of claim 1, wherein fusing the selected proper subset of
registered atlases comprises fusing the selected proper subset of registered atlases
by minimizing a total expectation of labeling error, wherein a likelihood of any given
set of atlases making an error is modeled as a joint probability of the set of atlases

making a segmentation error at a given voxel.

3. The method of claim 2, where fusing the selected proper subset of
registered atlases comprises fusing the selected proper subset of registered atlases

via a joint label fusion model.

4, The method of claim 1, further comprising applying a graph cut

procedure to perform a final segmentation of the region of interest.

5. The method of claim 1, wherein determining a context model
comprises:
13
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extracting a feature vector for each voxel of the CT scan representing at least
one context feature of the CT scan; and

calculating a probability that each voxel belongs to a given tissue class given
the extracted feature vector, the set of training data being extracted from a plurality

of previous verified segmentations of the region of interest.

6. The method of claim 5, wherein calculating the probability, f(v\m =1)

that each voxel belongs to a given tissue class given the extracted feature vector

comprises:
-0.5(v—p, )" C ! (v—n,)
N LN\ O e
f(V|m == Zk=1 d
(27): |Ck,|

where a € R™', we € R™, and €y, € R% are the unknown mixture
probability, mean, and covariance matrix to estimate for each Gaussian mixture

component k of each tissue type t for an expectation maximization algorithm.

7. The method of claim 5, extracting a feature vector for each voxel of the
CT scan representing at least one context feature of the CT scan comprises
extracting at least two of an intensity value, a gradient, a local variance, and a spatial

coordinate relative to a landmark for the voxel.

8. The method of claim 1, wherein the region of interest is a human
abdomen and each of the plurality of tissue classes represents one of an organ and
a blood vessel within the abdomen.

9. The method of claim 8, wherein the plurality of tissue classes
comprises classes representing at least three of a spleen, a right kidney, a left
kidney, a gallbladder, an esophagus, a liver, a stomach, an aorta, a pancreas,

adrenal glands, portal and splenic veins, and an inferior vena cava.
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10.  The method of claim 1, wherein the region of interest is a human head,

and the plurality of tissue classes represent subregions of interest within a brain.

11.  The method of claim 10, further comprising:
extracting a set of features from each subregion of interest; and
predicting at least one of a patient outcome, a discharge disposition,
and a length of hospital stay for a patient admitted to a hospital for a potential

traumatic brain injury from the extracted feature sets.

12. A method for segmenting tissue within a computed tomography (CT)
scan of a region of interest into one of a plurality of tissue classes, comprising:

registering a plurality of atlases to the CT scan to produce a plurality of
registered atlases, each registered atlas labelling at least a portion of a plurality of
voxels in the CT scan as belonging to one of the plurality of tissue classes;

selecting a proper subset of the plurality of registered atlases; and

fusing the selected proper subset of registered atlases by minimizing a total
expectation of labeling error, wherein a likelihood of any given set of atlases making
an error is modeled as a joint probability of the set of atlases making a segmentation

error at a given voxel, to produce a combined segmentation .

13.  The method of claim 12, further comprising determining, from the CT
scan and a set of associated training data, a context model representing respective
likelihoods that each voxel of the CT scan is a member of each of the plurality of
tissue classes, and selecting the proper subset of registered atlases comprises
selecting the proper subset of registered atlases according to the context model and

the registered atlases.
14.  The method of claim 12, where fusing the selected proper subset of
registered atlases comprises fusing the selected proper subset of registered atlases

via a joint label fusion model.
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15.  The method of claim 12, wherein the region of interest is a human
abdomen and each of the plurality of tissue classes represents one of an organ and

a blood vessel within the abdomen.

16. A system for segmenting tissue within a computed tomography (CT)
scan of a region of interest into one of a plurality of tissue classes, comprising:

a processor;

a non-transitory computer readable medium operatively connected to the
processor and storing machine executable instructions, the instructions comprising:

a plurality of registered atlases representing the region of interest;

a registration component configured to register each atlas to the CT
scan to provide a registered atlas in which at least a portion of a plurality of voxels in
the CT scan as belonging to one of the plurality of tissue classes;

a context learning module configured to generate a context model,
comprising respective likelihoods that each voxel of the CT scan is a member of
each of the plurality of tissue classes, from at least one feature vector, comprising a
plurality of image features, extracted from the CT scan;

an iterative atlas selection configured to select a proper subset of the
plurality of registered atlases according to the context model and the registered
atlases; and

a statistical fusion model configured to produce a combined
segmentation as a probabilistic fusion from the selected proper subset of registered

atlases.

17.  The system of claim 16, further comprising a graph cut component to

perform a final segmentation of the region of interest.

18.  The system of claim 16, wherein the statistical fusion model is
configured to fuse the selected proper subset of registered atlases by minimizing a
total expectation of labeling error, wherein a likelihood of any given set of atlases

16
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making an error is modeled as a joint probability of the set of atlases making a

segmentation error at a given voxel, to produce a combined segmentation.

19.  The system of claim 18, wherein the statistical fusion model is

configured to apply a joint label fusion process.

20. The system of claim 16, wherein the set of training data is extracted
from a plurality of previous verified segmentations of the region of interest and the
context learning model is configured to extract a feature vector for each voxel of the
CT scan representing at least one context feature of the CT scan and calculate a
probability that each voxel belongs to a given tissue class given the extracted feature

vector.
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