WO 2006/029227 A2 || 000 00 0 000 A

(19) World Intellectual Property Organization

International Bureau

(43) International Publication Date
16 March 2006 (16.03.2006)

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

2| ) R
2} {0 0O 0 0000 A

(10) International Publication Number

WO 2006/029227 A2

(51)

21

(22)

(25)
(26)
(30)

(71)

(72)
(75)

International Patent Classification:
GO6T 5/00 (2006.01)

International Application Number:
PCT/US2005/031912

International Filing Date:
6 September 2005 (06.09.2005)

Filing Language: English
Publication Language: English

Priority Data:
60/607,566 7 September 2004 (07.09.2004) US
11/219,487 2 September 2005 (02.09.2005) US

Applicants (for all designated States except US):
SIEMENS CORPORATE RESEARCH, INC. [US/US];
755 College Road East, Princeton, New Jersey 08540
(US). SIEMENS MEDICAL SOLUTIONS USA, INC.
[US/US]; 51 Valley Stream Parkway, Malvern, Pennsyl-
vania 19355 (US).

Inventors; and
Inventors/Applicants (for US only): TU, Zhuowen

[CN/US]; 2629 Prato Lane, San Diego, California 92108
(US). ZHOU, Xiang Sean [CN/US]; 36 Sycamore Dr.,
Plainsboro, New Jersey 08536 (US). COMANICIU,
Dorin [RO/US]; 2 Stuart In. West, Princeton Jct., New
Jersey 08550 (US). SCHULTZ, Christian P. [DE/US]; 86
Kernwood Avenue, Beverly, Massachusetts 01915 (US).

(74) Agents: CONOVER, Michele, L. et al.; Siemens Cor-
poration- Intellectual Property Dept., 170 Wood Avenue
South, Iselin, New Jersey 08830 (US).

(81) Designated States (unless otherwise indicated, for every
kind of national protection available): AE, AG, AL, AM,
AT, AU, AZ,BA, BB, BG, BR, BW, BY, BZ, CA, CH, CN,
CO, CR, CU, CZ, DE, DK, DM, DZ, EC, EE, EG, ES, FI,
GB, GD, GE, GH, GM, HR, HU, ID, IL, IN, IS, JP, KE,
KG, KM, KP, KR, KZ, LC, LK, LR, LS, LT, LU, LV, MA,
MD, MG, MK, MN, MW, MX, MZ, NA, NG, NI, NO, NZ,
OM, PG, PH, PL, PT, RO, RU, SC, SD, SE, SG, SK, SL,
SM, SY, TJ, TM, TN, TR, TT, TZ, UA, UG, US, UZ, VC,
VN, YU, ZA, ZM, ZW.

(84) Designated States (unless otherwise indicated, for every
kind of regional protection available): ARIPO (BW, GH,

[Continued on next page]

(54) Title: SYSTEM AND METHOD FOR ANATOMICAL STRUCTURE PARSING AND DETECTION

‘;Traiﬁ AcﬁiaBpfosntf('élassiﬁe}‘s; ' ‘v.if

" Generate structure models; - \/\ 21
Imtlallze Bayesxan pthr probablhty :
and hkehhoud functlons 5

]jéct‘impyoé'é\éolﬁtiqniéﬁaé_e' a.nddlstr ute :
_ pasterior probability aver all subspaces: ./ \/\ 23

Design éfgbdf;: Markov ‘c“f‘la,i‘ns: ‘I\[\ 24

22

" Repeat u'n'nl coryiyvgrge‘d; g

| Pegforrh data driven Markov cha.ms .
| sample posterior pmposal and detenmne

probablhty ofacceptauce ¢ i \/\ 2

Select soluuons that encode :
approx1mat10n 1o Bayeslan |
posteriot probability

\/\ 27
O

(57) Abstract: A method for segmenting a digitized image in-
cludes providing a digitized image comprising a plurality of in-
tensities defined on a lattice of pixels, initializing (22) a Bayesian
prior probability and likelihood function for segmenting said im-
age, decomposing (23) said image into a union of a plurality of sub-
spaces wherein each subspace is a product of k-partitions, and dis-
tributing a plurality Bayesian posterior probability functions over
said subspaces, updating (25) said Bayesian posterior probability
functions via a data-driven Markov-chain, and selecting (27) a sub-
set of said Bayesian posterior probability functions that approxi-
mate a true Bayesian posterior probability function.



WO 2006/029227 A2 [N II0VOR) AT VKO 00 0 AR

GM, KE, LS, MW, MZ, NA, SD, SL, SZ, TZ, UG, ZM, Published:

ZW), Eurasian (AM, AZ, BY, KG, KZ, MD, RU, TJ, TM), —  without international search report and to be republished
European (AT, BE, BG, CH, CY, CZ, DE, DK, EE, ES, FI, upon receipt of that report

FR, GB, GR, HU, IE, IS, IT, LT, LU, LV, MC,NL, PL, PT, g 1y letter codes and other abbreviations, refer to the "Guid-
RO, SE, SI, SK, TR), OAPI (BF, BJ, CF, CG, CI, CM, GA,  4p1c Notes on Codes and Abbreviations” appearing at the begin-
GN, GQ, GW, ML, MR, NE, SN, TD, TG). ning of each regular issue of the PCT Gazette.



WO 2006/029227 PCT/US2005/031912

SYSTEM AND METHOD FOR ANATOMICAL STRUCTURE
PARSING AND DETECTION

Cross Reference to Related United States Applications

This application claims priority from “Anatomical Structure Parsing and
Lymph-node detection in MRI”, U.S. Provisional Application No. 60/607,566 of
Tu, et al., filed September 7, 2004, the contents of which are incorporated

herein by reference.
Technical Field

This invention is directed to parsing, detecting and recognizing

biological structures from images taken under different modalities.
Discussion of the Related Art

Image segmentation is a long standing and challenging topic in
computer vision. One challenge is the fundamental complexity of modeling
the vast amount of visual patterns that appear in generic images. The
objective of image segmentation is to parse an image into its constituent
components. The latter are various stochastic processes, such as attributed
points, lines, curves, textures, lighting variations, and deformable objects.
Thus, a segmentation algorithm should incorporate many families of image

models, and its performance is bounded by the accuracy of its image models.

Another challenge involves the intrinsic ambiguities of image
perception, especially when there is no specific task to guide attention. Real
world images are fundamentally ambiguous, and our perception of an image
changes over time. Furthermore, an image often demonstrates details at
multiple scales. Thus, the more one looks at an image, the more one sees.
Therefore, a segmentation algorithm need not output only one result. Image
segmentation should output multiple distinct solutions dynamically and

endlessly to best preserve these intrinsic ambiguities.



WO 2006/029227 PCT/US2005/031912

Image segmentation can be combined with detection and recognition of
objects and text. These three tasks have been considered separately, and
there is no commonly accepted framework of combining segmentation with
detection and recognition. One example of an application where an
integrated approach is useful is the detection and recognition of lymph nodes,
which have flexible boundaries. There have been limited efforts made for
segmenting and detecting lymph nodes in MRI or CT images. Previous
attempts rely mostly on manual initialization followed by foreground and
background segmentation with no contextual information being used. In
addition, despite extensive research literature for segmentation in medical
imaging, there has been no unified framework fro segmentation and
recognition of lymph nodes, and current approaches rely on simple

assumptions.
Summary of the Invention

Exemplary embodiments of the invention as described herein generally
include methods and systems for anatomical structure parsing, in which 3D
magnetic resonance (MRI) and computed tomography (CT) images are
decomposed into anatomical structures in which contextual information can

be taken into account.

According to an aspect of the invention, there is provided a method for
segmenting a digitized image including the steps of providing a digitized
image comprising a plurality of intensities defined on a laitice of pixels,
initializing a Bayesian prior probability and likelihood function for segmenting
said image, decomposing said image into a union of a plurality of subspaces
wherein each subspace is a product of k-partitions, and distributing a plurality
Bayesian posterior probability functions over said subspaces, updating said
Bayesian posterior probability functions via a data-driven Markov-chain, and
selecting a subset of said Bayesian posterior probability functions that

approximate a true Bayesian posterior probability function.
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According to a further aspect of the invention, updating said Bayesian
posterior probability functions further comprises sampling moves from a
proposal probability and accepting moves based on a proposal likelihood

probability function.

According to a further aspect of the invention, the Markov-chain

comprises jump moves and diffusion processes.

According to a further aspect of the invention, the data-driven Markov-
chain combines bottom-up proposals and top-down generative models to

guide the updating of the posterior probability function.

According to a further aspect of the invention, the bottom proposals are

derived from an AdaBoost classifier algorithm.

According to a further aspect of the invention, the AdaBoost algorithm

outputs a conditional probability.

According to a further aspect of the invention, the generative models
are based on models using parameters estimated from training said AdaBoost

classifiers.

According to a further aspect of the invention, the method further
comprising computing an integral volume from said image to compute Haar

type features.

According to a further aspect of the invention, the AdaBoost classifier
uses DOG and DOOG filters to define features.

According to a further aspect of the invention, the method further
comprising using an occlusion mask to correct a feature value for an occluded
feature, wherein said occlusion mask excludes invalid pixels from a feature

value calculation.
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Brief Description of the Drawings

FIGS. 1(a)-(d) illustrate anatomical structure paising scheme,

according to an embodiment of the invention.

FIG. 2 is a flow chart of an anatomical parsing process, according to an

embodiment of the invention.

FIG. 3 is a block diagram of an exemplary computer system for
implementing an anatomical parsing process, according to an embodiment of

the invention.

FIG. 4. depicts examples of the shapes that can be modeled by DOG
and DOOG filters used for AdaBoost training, according to an embodiment of

the invention.

FIG. 5(a) illustrates an exemplary rectangle feature, while FIG. 5(b)
illustrates the computation of rectangle sum, according to an embodiment of

the invention.
Detailed Description of the Preferred Embodiments

Exemplary embodiments of the invention as described herein generally
include systems and methods for a general scheme for the automatic
segmentation, detection and recognition of biological structures in different
imaging modalities. A general framework for anatomical structure parsing for
segmenting and decomposing structures in MRI/CT data utilizes a data-driven
Markov-chain Monte Carlo scheme to combine bottom-up and top-down
information in a principled way. The anatomical structures are leamed and
described by generative models. Information regarding different features and
obtained in different modalities can be analyzed in this general framework. A
new Ada-boost method uses filters such as DOG (difference of gaussians)
and DOOG (difference of offset gaussians) as a set of features to account for
the blob-like shape of lymph nodes. Methods developed for detecting objects

under known occlusions are also be used to deal with lymph-nodes close to
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the vessel trees. Features for flexible shapes are determined by computing
an integral image volume using Haar type features. The computational
complexity of computing each feature is fixed regardless of the size of each
feature, as only the comers need to be known. Candidate lymph nodes are
detected by boosting methods, which take into account contextual information
such as vessel trees. A top-down procedure with generative models is used

to further segment the lymph nodes.

An exemplary, non-limiting image can be represented as a function /
defined on a lattice A={(,j,k):1<i<L1<j<H;1<k<D} where for any
pixel/point ve A, 1,€{0,...,G} is the pixel intensity. Image segmentation

refers to portioning the lattice into an unknown number of K disjoint regions
A=J_R R, NR, ={}, Vi#j.

Each region R c A need not be connected due to occlusion. The boundary of

region R;is denoted by I, =dR;. Each image region /r should be coherent in

the sense that IR is a realization of a probabilistic model p(l, ©) where ©
represents a stochastic process or intensity model whose type is indexed by 1
Thus, segmentation is represented by a vector of hidden variables W, which
describe the world state for generating the image /. In the exemplary case
where the image comprises data derived form a biological organism, such as
a section of a human body, the regions correspond to structures or objects
within the organism that are sought to be detected and identified. The term

object and regions will be used interchangeably within this disclosure.

Image parsing seeks to represent an input image by the parameters of
the generative models that best describe it together with the boundaries of the
regions and objects. The generative models should generate raw image
intensities to directly compare different models. A non-limiting example
according to an embodiment of the invention is an inference problem in which
input is a set of data taken under different modalities, such as MRI and CT.

An exemplary set of such data can be denoted as {Vi, V, . . ., V»}, and the



WO 2006/029227 PCT/US2005/031912

anatomical interpretation of this data can be denoted as W=(n, {Oy, . . ., O4}),
where n is the number of structures and O; denotes each structure.” The

problem can be formulated in a Bayesian framework and the goal is to look for

the optimal W* = argmax p(W | (V,,--,V,)) < p(V,,--,V, |W)p(W) that maximizes

the a posteriori probability over a set of solutions W. The likelihood p(V4, . . .,
V,/W) specifies the image generating processes from W to V4, . .., V) and

the prior probability p(W) represent the prior knowledge of the world. The
prior p(W) can be written as p(W H p(V.), while the likelihood

function can be written as p(V;,...,V, |W) H p(V,;6,,1,) for some parameter

6; for an intensity model indexed by /.

FIGS. 1(a)-(d) illustrate an exemplary anatomical structure parsing
scheme in which input MRI data is parsed into different anatomical structures
of interest. FIG. 1(a) illustrates an example of 3D MRI data, FIG. 1(b) depicts
vessel trees and lymph nodes, FIG. 1(c) depicts a kidney, while FIG. 1(d)

depicts bones.

The Bayesian most probable interpretation W can be estimated by a
data-driven Markov-chain Monte Carlo (DDMCMC) algorithm. This method, a
version of the Metropolis-Hastings algorithm, uses different types of image
models to compete to explain various visual patterns in an image. The image
solution space is decomposed into a union of subspaces of varying
dimensions, where each subspace is a product of a number of subspaces for
the image partition and image models. Ergodic Markov chains are used to
explore the solution space and to sample the posterior probability. The
Markov chain includes two types of dynamics: jumps and diffusion. Jumps
simulate reversible split-and-merge and model switching, while diffusion
simulates boundary deformation, region growing, region competition, and
model adaptation. Data driven techniques are used to guide the Markov
chain search, including edge detection and tracing and data clustering. The
results of these methods are expressed as weighted samples which encode
non-parametric probabilities in various subspaces. These probabilities

approximate the marginal probabilities of the Bayesian posterior probability
6
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and are used to design importance proposal probabilities to drive the Markov
chains. Finally, a set of important and distinct solutions are selected and
pruned from the Markov chain sequence at multiple scales of detail. The set
of solutions encode an approximation to the Bayesian posterior probability.
The multiple solutions are computed to minimize a Kullback-Leibler
divergence from the approximate posterior to the true posterior and preserve

the ambiguities of the image segmentation.

More specifically, the DDMCMC employs data-driven bottom-up

proposals ¢(W > W'|(V,,....V,)) to drive the convergence of topdown

n

generative models. Moves are selected by sampling from a proposal

probability g(W — W'|(V;,...,V,)) and they are accepted by determining

n

proposal likelihood probability c(W > W"):

o ) = il 1 2T LV V) a2 WIV-... ¥, )
(¥ —w) (l’povl(vl,...,v,,» q<wHw-|<vl,...,v,,»J'

As previously stated, these moves can be subdivided into two basic
types, jumps which realize moves between different dimensions, and diffusion
which realizes moves within fixed dimension. Jump moves are discrete and
correspond to the birth/death of region hypotheses, splitting and merging of
regions, and switching the model for a region, etc. Diffusion processes
correspond to continuous changes such as altering the boundary shape of a
region, and changing the parameters of a model used to describe a region.
The DDMCMC algorithm is described in detail in Tu, et al., “Image
Segmentation by Data-Driven Markov Chain Monte Carlo”, IEEE Transactions
on Pattern Analysis and Machine Intelligence, Vol. 24, No. 5, pp. 657-673,

(2002), the contents of which are incorporated herein by reference in their

entirety.

Examples of the top-down generative models include techniques such
as Principle Component Analysis and the use of deformable templates that
model the basic shapes of the anatomical structures of interest. The bottom-

up proposals are learned by a probabilistic version of the AdaBoost algorithm.
7



WO 2006/029227 PCT/US2005/031912

Standard AdaBoost learns a strong classifier Hags(l) by combining a set of T

weak classifiers {hy(l)} using a set of weights {ayf:

Ho (I>=sign(ia,h,(z>j,

t=1

where the selection of features hy(l) and weights a; are learned through
supervised training off-line. Given a set {X; yi} for i=1,..., m, the procedure
involves initializing a set of weights Di(t), and seeking a set of weak classifiers
with a minimum error with respect to the distribution D(t). A coefficient a: is
selected at each step that maximizes a normalization factor, and the
distribution D(f) is updated according to the new coefficient and weak
classifier. The output is a final classifier that is a sum of the weak classifiers
weighted by the coefficients.

The probabilistic variant of AdaBoost outputs conditional probabilities
and is based on the fact that an AdaBoost algorithm that has been trained on
data from two classes A, B converges, in probability, to estimates of the
conditional distributions g(A/l), q(B[l) of the data I.

exp(zjtr=1 a,h, (1 )) B

eXP(ZtT=1 Ol,ht((l))—l- exP(_ z% oh, (I)) = CJ(A | I)
eXp\~ Z; a,h,(I) B

exp(ztil a,h, (1 ))+ exP(f ST o I)) - q(B|1)

The AdaBoost technique leams these conditional probability distributions and
activates the generative models, avoiding premature decisions regarding the

presence or absence of a structure.

Structures such as lymph nodes, which have flexible boundaries,
present challenges for classification by AdaBoost methods. According to an
embodiment of the invention, filters such as DOG (difference of Gaussians)
and DOOG (difference of offset Gaussians) are used as features in the

training phase of the AdaBoost classifiers to account for the blob-like shape of

8
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lymph nodes. An example of the shapes that can be modeled by DOG and
DOOG filters are depicted in FIG. 4. According to a further embodiment of the
invention, features are represented by Haar basis functions.  The
computational complexity of computing each feature is fixed regardless the
size of the features, since one needs only to know the comers of the features.
This improves the computational efficiency of computing the features.
According to another embodiment of the invention, the performance of the
AdaBoost method can be further enhanced by combining AdaBoost classifiers
in a cascade using asymmetric weighting to form a stronger classifier, to
enable the computational resources to concentrate on image regions where
the conditional probabilities are non-negligible. These combined classifiers

take into account contextual information, such as blood vessel trees.

According to an embodiment of the invention, once the AdaBoost
classifiers have been trained to generate estimates of the conditional
distributions, and the generative models have been defined, Markov-chains
are used to simulate random walks in the solution space. The interactions
between objects and their model parameters are governed by partial
differential equations for the boundary and template deformation. The PDEs
are derived as greedy steps for minimizing the energy functions (or minus log-
posterior probability) through variational calculus. For a boundary whose left
and right components are objects, its motion equation has three energy terms

for object O;: one for the likelihood, and two for the priors on volume and
boundary, based on the assumption that p(0,)e: exp(— Ao.l” —,1|ao,.|), that is,

the prior for O; has an volume term and a boundary term:
E(0,)= [[ ~1og plI(x.,2)1 6, Jhsdydz+ O + A0

The equation of motion can be obtained from the variational derivative of this

equation.

Structural changes in the solution W are realized by Markov-chain

jumps. These jumps include reversible jumps between two objects and model
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switching: 6, <> 6,, and the splitting or merging of an object: (0,)«(0,.0,).

The Markov-chain selects one of the above moves at each step, triggered by

bottom-up compatibility conditions.

The above methods do not address the detection of lymph nodes when
they are partially occluded by adjacent objects, such as vessel trees. A
technique to eliminate the influence of known occlusions in the object
detection process can be illustrated in terms of simple features used for weak
classifiers, such as the rectangle features illustrated in FIG. 5(a). These
rectangle features are similar to Haar basis functions and provide a rich image
representation for object detection. The value.of a rectangle feature is the
difference between the sums of pixels intensity in the white (positive) and gray
(negative) regions. The regions are adjacent and have same shape and size.
Rectangle features provide an overcomplete basis, for example for a base
region size of 24x24 pixels the number of features is 180,000. One of the
advantages of rectangle features is computational speed. By using an
intermediate representation known as the ‘“integral image”, a feature value
can be calculated through a fixed number of operations (for example a two-
rectangle feature requires six array references). The integral image /I
contains at location (X; yo) the sum of intensities of the pixels above and to
the left:

II(xo’)’o)= Zl(x’)’)

x<%0,¥SYo

where I(x; y) is the intensity of the pixel at location (x; y). The integral image
can be computed in one pass over the input image. FIG. 5(a) illustrates an
exemplary rectangle feature, while FIG. 5(b) illustrates the computation of
rectangle sum. The computation of the sum for rectangle D is the value of the
integral image at locations 4 (which is A+B+C+D) + location 1 (which is A) -
location 2 (B+A) — location 3 (C+A).

An invalid intensity value for a pixel resulting from an occlusion will

yield an incorrect estimate for the feature using that pixel. Methods for

10
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correcting for an occluded pixel are disclosed in U.S. Patent Application
Publication No. 2005/0147303, “System and method for detecting and
matching anatomical structures using appearance and shape” of Zhou, et al.,
filed November 18, 2004, the contents of which are incorporated herein by
reference in their entirety. A method therein disclosed is summarized in the
remainder of this paragraph. If an occlusion mask is available, it can be used
to eliminate the contribution of the invalid pixels to the feature value. The
mask is available when images are taken in controlled environments or it can
be inferred from the data (for example in surveillance applications the static
background is known, in ultrasound images the fan location can be computed
or analysis of time variations can yield the static regions). [f the intensity for
the invalid pixels is set to zero, the rectangle sum will no longer be influenced
by incorrect values. However due to the missing data the sum will be
»unbalanced®. If there are no missing values, the rectangle sum is
proportional to the mean intensity value, therefore it can approkimate the
mean value if the number of valid intensities (when occlusions are present) is
known. The number of valid pixels can be easily found by first computing an
equivalent map: the “integral mask”. Given the valid pixels mask M with
boolean values (1 for valid pixel, O for invalid or occluded pixel), then the
integral mask IM contains the number of valid pixels above and to the left of

the current location:

xo,yo ZM X,y

XX, <)o

Similarly to the integral image, the number of valid pixels in a rectangle can be
computed from the integral mask in the same number of operations. The
equivalent feature value will be given by a weighted difference between the
sum of the intensities in the “positive” and “negative” image regions. If we
denote by R, the region where the pixels intensities contribute with a positive

value and by R.with a negative value, the feature value fis

=-— ley——— ZIxy

(x. kR, (x,y)eR.

11
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where n., n, denote the number of valid pixels for negative and positive

regions respectively, each containing N pixels.

The solution space Q over which the posterior probability is distributed
has a structure that can be understood by considering a partition space of all
possible partitions of the image lattice A. When a lattice A is segmented into
k disjoint regions, the segmentation is referred to as a k-partition, denoted by

M.
7 =(RsR), UL R=A ROR=(}LViz].

If all pixels in each region are connected, then is a connected component

partition. The set of all k-partitions, denoted by @, , is a quotient space of the

set of all possible k-colorings divided by a permutation group PG for the

labels:

o, ={R,....R,)=m;|R|>0Vi=1...k}/ PG.

z

Thus, there exists a general partition space @, with the number of regions

1<k<|A|,

Al
=1

o, = o, -

Then, the solution space for W is a union of subspaces Qx and each Qis a

product of one k-partition space @, and k spaces for image models.

According to an embodiment of the invention, the K weighted solutions

computed by the Markov-chains are represented as S ={w,, W,):i=1...K}

where the weight is the posterior probability, w=p(W|(V4,..., Vi), i=1,...K. S
encodes a non-parametric probability in Q,

W | VeV )=S0 W), Yw=w,

i=1 i=1

12
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where G is a Gaussian window in Q. As all image ambiguities are captured in
the Bayesian posterior probability to reflect intrinsic ambiguities, the set of
solutions which best preserves the posterior probability should be computed.

This can be performed by allowing (W | (V;....,V,)) approach p(W | (¥,.....V,))
by minimizing a Kullback-Leibler (KL) divergence D(p|| p) under a complexity
constraint [S/=K,

§" = argminD(p | p)=argmin [pW1(¥.....V,)log

The KL divergence is computable since p(W |(V;,...,V,)) can be represented

by Gaussians and the Markov-chain will visit each significant solution over
time. After each step, a new solution is obtained, and the set S is augmented
to S, by adding the new solution (or solutions) to the set. Then, one or more

solutions are eliminated from the set to obtain the new Spew by minimizing the
KL divergence D(p, || p,.,)- Multiple Markov-chains can be run and new

solutions can be added to S in a batch fashion.

FIG. 2 presents a flow chart of an anatomical parsing process

according to an embodiment of the invention. At step 21, the AdaBoost
classifiers are trained, and the generative structure models are defined as
described above. At step 22, the Bayesian prior probability and likelihood
functions are initialized in terms of the generative models being used to model
the structures and objects of interest. The solution space of the Bayesian
posterior probability is decomposed into a set of éubspaces at step 23, and
the posterior probability is distributed over all subspaces. Ergodic Markov
chains are designed at step 24 to sample the posterior probability subspaces.
These chains comptrise the jump dynamics and diffusion dynamics described
above. At step 25, data driven techniques comprising the conditional
AdaBoost classifiers are used to drive the Markov-chain sampling. In the
case of occluded objects, the techniques for incorporating occlusion described
above are used in computing the integral image. Each posterior proposal is

sampled from g(W — W'(v,.....,V,)) and are accepted with probability

n

13
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oW W) as described above. The sampling is repeated at step 26 for

multiple posterior probabilities until a set of solutions have converged, and at
step 27, the solution set is pruned to select a subset of solutions that encode
an approximation to the Bayesian posterior probability. The solutions are
computed to minimize a Kullback-Leibler divergence from the approximate
posterior to the true posterior. The selection and pruning comprise a

minimizing the KL divergence as described above.

It is to be understood that the present invention can be implemented in
various forms of hardware, software, firmware, special purpose processes, or
a combination thereof. In one embodiment, the present invention can be
implemented in software as an application program tangible embodied on a
computer readable program storage device. The application program can be
uploaded to, and executed by, a machine comprising any suitable

architecture.

FIG. 3 is a block diagram of an exemplary computer system for
implementing an anatomical structure parsing system according to an
embodiment of the invention. Referring now to FIG. 3, a computer system 31
for implementing the present invention can comprise, inter alia, a central
processing unit (CPU) 32, a memory 33 and an input/output (I/O) interface 34.
The computer system 31 is generally coupled through the 1/O interface 34 to a
display 35 and various input devices 36 such as a mouse and a keyboard.
The support circuits can include circuits such as cache, power supplies, clock
circuits, and a communication bus. The memory 33 can include random
access memory (RAM), read only memory (ROM), disk drive, tape drive, etc.,
or a combinations thereof. The present invention can be implemented as a
routine 37 that is stored in memory33 and executed by the CPU 32 to process
the signal from the signal source 38. As such, the computer system 31is a
general purpose computer system that becomes a specific purpose computer

system when executing the routine 37 of the present invention.

The computer system 31 also includes an operating system and micro

instruction code. The various processes and functions described herein can

14
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either be part of the micro instruction code or part of the application program
(or combination thereof) which is executed via the operating system. In
addition, various other peripheral devices can be connected to the computer

platform such as an additional data storage device and a printing device.

It is to be further understood that, because some of the constituent
system components and method steps depicted in the accompanying figures
can be implemented in software, the actual connections between the systems
components (or the process steps) may differ depending upon the manner in
which the present invention is programmed. Given the teachings of the
present invention provided herein, one of ordinary skill in the related art will be
able to contemplate these and similar implementations or configurations of the

present invention.

While the present invention has been described in detail with reference
to a preferred embodiment, those skilled in the art will appreciate that various
modifications and substitutions can be made thereto without departing from

the spirit and scope of the invention as set forth in the appended claims.
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WHAT IS CLAIMED IS:

1. A method of segmenting a digitized image comprising the steps
of:

providing a digitized image comprising a plurality of intensities defined
on a lattice of pixels;

initializing a Bayesian prior probability and likelihood function for
segmenting said image;

decomposing said image into a union of a plurality of subspaces
wherein each subspace is a product of k-partitions, and distributing a plurality
Bayesian posterior probability functions over said subspaces;

updating said Bayesian posterior probability functions via a data-driven
Markov-chain; and

selecting a subset of said Bayesian posterior probability functions that

approximate a true Bayesian posterior probability function.

2. The method of claim1, wherein updating said Bayesian posterior
probability functions further comprises sampling moves from a proposal
probability and accepting moves based on a proposal likelihood probability

function.

3. The method of claim 1, wherein said Markov-chain comprises

jump moves and diffusion processes.

4. The method of claim 1, wherein said data-driven Markov-chain
combines bottom-up proposals and top-down generative models to guide the

updating of the posterior probability function.

5. The method of claim 4, wherein the bottom proposals are

derived from an AdaBoost classifier algorithm.

6. The method of claim 5, wherein the AdaBoost algorithm outputs

a conditional probability.
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7. The method of claim 5, wherein the generative models are
based on models using parameters estimated from training said AdaBoost

classifiers.

8. The method of claim 1, further comprising computing an integral

volume from said image to compute Haar type features.

9. The method of claim 5, wherein said AdaBoost classifier uses
DOG and DOOG filters to define features.

10.  The method of claim 1, further comprising using an occlusion
mask to correct a feature value for an occluded feature, wherein said

occlusion mask excludes invalid pixels from a feature value calculation.

11. A program storage device readable by a computer, tangibly
embodying a program of instructions executable by the computer to perform
the method steps for segmenting a digitized image, said method comprising
the steps of:

providing a digitized image comprising a plurality of intensities defined
on a lattice of pixels;

initializing a Bayesian prior probability and likelihood function for
segmenting said image;

decomposing said image into a union of a plurality of subspaces
wherein each subspace is a product of k-partitions, and distributing a plurality
Bayesian posterior probability functions over said subspaces;

updating said Bayesian posterior probability functions via a data-driven
Markov-chain; and

selecting a subset of said Bayesian posterior probability functions that

approximate a true Bayesian posterior probability function.

12.  The computer readable program storage device of claim 11,
wherein updating said Bayesian posterior probability functions further
comprises sampling moves from a proposal probability and accepting moves
based on a proposal likelihood probability function.
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13.  The computer readable program storage device of claim 11,

wherein said Markov-chain comprises jump moves and diffusion processes.

14.  The computer readable program storage device of claim 11,
wherein said data-driven Markov-chain combines bottom-up proposals and
top-down generative models to guide the updating of the posterior probability

function.

15.  The computer readable program storage device of claim 14,
wherein the bottom proposals are derived from an AdaBoost classifier

algorithm.

16.  The computer readable program storage device of claim 15,

wherein the AdaBoost algorithm outputs a conditional probability.

17.  The computer readable program storage device of claim 15,
wherein the generative models are based on models using parameters

estimated from training said AdaBoost classifiers.

18.  The computer readable program storage device of claim 11,
further comprising computing an integral volume from said image to compute

Haar type features.

19.  The computer readable program storage device of claim 15,
wherein said AdaBoost classifier uses DOG and DOOG filters to define

features.

20. The computer readable program storage device of claim 11,
further comprising using an occlusion mask to correct a feature value for an
occluded feature, wherein said occlusion mask excludes invalid pixels from a

feature value calculation.

21. A method of segmenting a digitized image comprising the steps
of:

providing a digitized image comprising a plurality of intensities defined
on a lattice of pixels;
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training an AdaBoost classifier that outputs conditional probabilities,
and using parameters estimated from said training to define generative
models for structures sought to be segmented;

using a data-driven Markov-chain to estimate a plurality of Bayesian
posterior probability functions that segment said image, wherein said Markov-
chain combines proposals derived from said AdaBoost classifier and said
generative models to guide the updating of the posterior probability functions;
and

selecting a subset of said Bayesian posterior probability functions that
approximate a true Bayesian posterior probability function for the image

segmentation.
22. The method of claim 21, wherein said Markov-chain is ergodic.

23. The method of claim 21, wherein selecting a subset of said
Bayesian posterior probability functions further comprises seeking those
functions that minimize a Kullback-Leibler divergence from said approximate

posterior probability to a true posterior probability function.
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