wO 2009/020548 A2 |10 00 OO 00 0 0

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

(19) World Intellectual Property Organization 4‘1”1)

52 IO O T 0O O

International Bureau

(43) International Publication Date
12 February 2009 (12.02.2009)

(10) International Publication Number

WO 2009/020548 A2

(51) International Patent Classification:
GO6T 7/00 (2006.01) AG61B 5/00 (2006.01)

(21) International Application Number:

PCT/US2008/009239
(22) International Filing Date: 31 July 2008 (31.07.2008)
(25) Filing Language: English
(26) Publication Language: English

(30) Priority Data:

60/953,747 3 August 2007 (03.08.2007) US
12/182,320 30 July 2008 (30.07.2008) US

(71) Applicant (for all designated States except US):
SIEMENS MEDICAL SOLUTIONS USA, INC.
[US/US]; 51 Valley Stream Parkway, Malvern, PA
19355-1406 (US).

(72) Inventors; and

(75) Inventors/Applicants (for US only): GHANEM,

Bernard, Semaan [US/US]; 502 East White St., Apt. 37,

(74)

(81)

(34)

Champaign, I1. 61820 (US). LIANG, Jianming [CA/US];
2123 Ferncroft Lane, Chester Springs, PA 19425 (US). BI,
Jinbo [CN/US]; 801 Melrose Court, Chester Springs, PA
19425 (US).

Agents: MONTGOMERY, Francis, G. et al.; Siemens
Corporation - Intellectual Property Dept., 170 Wood Av-
enue South, Iselin, NJ 08830 (US).

Designated States (unless otherwise indicated, for every
kind of national protection available): AE, AG, AL, AM,
AOQ, AT, AU, AZ,BA, BB, BG, BH, BR, BW, BY, BZ, CA,
CH, CN, CO, CR, CU, CZ, DE, DK, DM, DO, DZ, EC, EE,
EG, ES, FI, GB, GD, GE, GH, GM, GT, HN, HR, HU, ID,
1L, IN, IS, JP, KE, KG, KM, KN, KP, KR, KZ, LA, LC, LK,
LR, LS, LT, LU, LY, MA, MD, ME, MG, MK, MN, MW,
MX, MY, MZ, NA, NG, NI, NO, NZ, OM, PG, PH, PL, PT,
RO, RS, RU, SC, SD, SE, SG, SK, SL, SM, ST, SV, SY, TJ,
™™, TN, TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM,
ZW.

Designated States (unless otherwise indicated, for every
kind of regional protection available): ARIPO (BW, GH,
GM, KE, LS, MW, MZ, NA, SD, SL, SZ, TZ, UG, ZM,

[Continued on next page]

(54) Title: REDUCTION OF LYMPH TISSUE FALSE POSITIVES IN PULMONARY EMBOLISM DETECTION

Fi g. 1 Obtain Medical
Image Data
[ Nsio1
Identify PE Segment
Candidates Airway Tract
d Arteri
s12”” n | e [ Nsi03
Calculate Determine
Distance to Within/Outside
Airway Artery
N S104 N\ S105
Confirm/Reject
Candidates
l Ns106
Present to User
l Nsi07
User Diagnosis
N 5108

(57) Abstract: A system for automatically detecting
pulmonary emboli from medical image data includes
receiving image data (S101 ), automatically detecting
one or more pulmonary embolism candidates from the
image data (S 102), segmenting an airway tract from
the image data (S 103), segmenting an artery structure
from the image data (S 103), calculating a distance
between each of the candidates and a nearest portion of
the segmented airway (S 104), determining whether each
of the candidates is within or outside of the segmented
artery structure (S 105), rejecting candidates based on
the calculated distance between each of the candidates
and the nearest portion of the segmented airway and the
determination as to whether each of the candidates is
within or outside of the segmented artery structure (S 106),
and indicating the location of the non-rejected candidates
within the image data (S 107).



WO 2009/020548 A2 | NI DI 00 0008001000 00O 0 O

ZW), Burasian (AM, AZ, BY, KG, KZ, MD, RU, T], TM), Published:

European (AT, BE, BG, CH, CY, CZ, DE, DK, EE, ES, FI, —  without international search report and to be republished
FR, GB, GR,HR,HU, IE, IS, IT, LT, LU, LV, MC, MT, NL, upon receipt of that report

NO, PL, PT, RO, SE, SI, SK, TR), OAPI (BF, BJ, CF, CG,

CI, CM, GA, GN, GQ, GW, ML, MR, NE, SN, TD, TG).



WO 2009/020548 PCT/US2008/009239
1

REDUCTION OF LYMPH TISSUE FALSE POSITIVES IN PULMONARY
EMBOLISM DETECTION

CROSS-REFERENCE TO RELATED APPLICATION
The present application is based on provisional application Serial No. 60/953,747,

filed August 3, 2008, the entire contents of which are herein incorporated by reference.

BACKGROUND OF THE INVENTION
1. Technical Field
The present disclosure relates to pulmonary embolism detection and, more

specifically, to reduction of lymph tissue false positives in pulmonary embolism detection.

2. Discussion of Related Art

A pulmonary embolism (PE) is a medical condition characterized by the partial or
complete blockage of an artery within the lungs. Pulmonary emboli (PEs) can be life-
threatening. For example, one in every three cases of PE generally results in death.
Moreover, the occurrence of PEs has been increasing.

If accurately detected, PEs may be treated with the administration of anti-clotting
medications. However, accurate diagnosis has been difficult, and is not properly identified in
approximately 70% of all true PE cases.

Accordingly, accurate identification of pulmonary emboli can significantly reduce the
number of missed PE identification and accordingly, lead to more timely treatment and
ultimately, save lives.

Recently, approaches for detecting PEs using computed tomography (CT) medial
imaging have gained popularity. Here, the patient's chest may be imaged and the resulting
image data may be carefully analyzed for signs of a PE. However, due to the difficulty in
distinguishing a PE from non-PE structures and image artifacts, detection of PEs using CT
imaging is often prone to false positives. These identification problems may be particularly
acute when looking for PEs within lymph tissue. Additionally, as the process of manually
inspecting the image data can be long and tedious, limitations of human attention span and
eye fatigue increase the opportunity for misidentification.

Accordingly, attention has been given to finding methods for automatic PE detection
within medical image data. In automatic detection, the medical image data is analyzed by a

computer system so that one or more regions of suspicion may be identified. The identified
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regions of suspicion may then me highlighted or otherwise brought to the attention of a
medical professional, such as a radiologist, so that in reviewing the medical image data,
particular attention may be given to those areas found by the computer system as having the
greatest probability of being PEs. However, as discussed above, such approaches for the
computer-aided detection of PEs have been particularly prone to false positives, especially in
lymph/connective tissue. In fact, false positives within these areas may account for

approximately one in three of all false positives.

SUMMARY

A system for automatically detecting pulmonary emboli from medical image data
includes receiving medical image data, automatically detecting one or more pulmonary
embolism candidates from the received medical image data, segmenting an airway tract from
the received medical image data, segmenting an artery structure from the received medial
image data, calculating a distance between each of the one or more automatically detected
pulmonary embolism candidates and a nearest portion of the segmented airway, determining
whether each of the one or more automatically detected candidates is within or outside of the
segmented artery structure, rejecting one or more of the pulmonary embolism candidates
based on the calculated distance between each of the candidates and the nearest portion of the
segmented airway and the determination as to whether each of the candidates is within or
outside of the segmented artery structure, and indicating the location of the non-rejected
pulmonary embolism candidates within the medical image data.

The medical image data may include CT image data. Segmenting the airway tract
from the received medical image data may include selecting a seed point within the airway
tract and executing a growing algorithm to segment the airway tract. Leakage of the growing
algorithm may be prevented by utilizing one or more termination templates.

Segmenting the artery structure from the received medial image data may include
implementing tensor voting. Segmenting the artery structure from the received medial image
data may include implementing Hessian-based vesselness scoring. Calculating the distance
between each of the candidates and the nearest portion of the segmented airway may include
performing a local 3D distance transform. Determining whether each of the candidates is
within or outside of the segmented artery structure may include using tensor voting to
evaluate the probability that the candidate is lying within an artery. Tensor voting features
may be extracted from the medical image data using ellipse fitting.

Calculating the distance between each of the candidates and the nearest portion of the
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segmented airway may include performing Hessian-based vesselness scoring. Rejecting the
candidates based on the calculated distance between each of the candidates and the nearest
portion of the segmented airway and the determination as to whether each of the candidates is
within or outside of the segmented artery structure may include classifying the candidates
using Fisher’s linear discriminant (FLD).

Rejecting the candidates based on the calculated distance between each of the
candidates and the nearest portion of the segmented airway and the determination as to
whether each of the candidates is within or outside of the segmented artery structure may
include applying a learned classifier that is based on training data.

Rejecting the candidates based on the calculated distance between each of the
candidates and the nearest portion of the segmented airway and the determination as to
whether each of the candidates is within or outside of the segmented artery structure may
include rejecting candidates that are less than a predetermined distance from the nearest
portion of the segmented airway.

Rejecting the candidates based on the calculated distance between each of the
candidates and the nearest portion of the segmented airway and the determination as to
whether each of the candidates is within or outside of the segmented artery structure may
include rejecting candidates that are located outside of the segmented artery structure.

The rejected PE candidates may represent lymph/connective tissue false
positives.

A system for automatically detecting pulmonary emboli from medical image data
includes a receiving unit for receiving medical image data, a computer-aided detection unit
for automatically detecting one or more pulmonary embolism candidates from the received
medical image data, a segmentation unit for segmenting an airway tract and an artery
structure from the received medial image data, a candidate rejection unit for rejecting one or
more of the candidates based on a distance between each of the candidates and a nearest
portion of the segmented airway and based on whether each of the candidates is within or
outside of the segmented artery structure, and a display unit for displaying the medical image
data with the location of the non-rejected candidates marked thereon.

The candidate rejection unit may use contextual feature extraction in rejecting the one
or more candidates. The candidate rejection unit may calculate a decision boundary that
separates the rejected candidates from the non-rejected candidates. The candidate rejection
unit may use a learning algorithm to calculate the decision boundary.

A computer system includes a processor and a program storage device readable by the
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computer system, embodying a program of instructions executable by the processor to
perform method steps for automatically detecting pulmonary emboli from medical image
data. The method includes receiving medical image data, automatically detecting one or
more pulmonary embolism candidates from the received medical image data, segmenting an
airway tract from the received medical image data, segmenting an artery structure from the
received medial image data, calculating a distance between each of the one or more
automatically detected pulmonary embolism candidates and a nearest portion of the
segmented airway, determining whether each of the one or more automatically detected
candidates is within or outside of the segmented artery structure, rejecting one or more of the
pulmonary embolism candidates based on the calculated distance between each of the
candidates and the nearest portion of the segmented airway and the determination as to
whether each of the candidates is within or outside of the segmented artery structure, and
indicating the location of the non-rejected pulmonary embolism candidates within the

medical image data.

BRIEF DESCRIPTION OF THE DRAWINGS

A more complete appreciation of the present disclosure and many of the attendant

aspects thereof will be readily obtained as the same becomes better understood by reference
to the following detailed description when considered in connection with the accompanying
drawings, wherein:

FIG. 1 is a flow chart illustrating a method for the automatic detection of pulmonary
emboli according to an exemplary embodiment of the present invention;

FIGS. 2(a) - 2(c) illustrate the result of applying airway segmentation to two CT
image volumes of the lungs according to an exemplary embodiment of the present invention;

FIG. 3 is an image-based flow chart illustrating a method for performing contextual
feature extraction according to an exemplary embodiment of the present invention;

FIG. 4 is a diagram illustrating the geometric layout of the casting of a second-order
vote according to an exemplary embodiment of the present invention;

FIG. 5 is a diagram illustrating a decay function of a voter found at the origin with |Sy]
= 1 according to an exemplary embodiment of the present invention;

FIG. 6 is a diagram illustrating how a second order tensor vote is cast by a voter at the
origin according to an exemplary embodiment of the present invention;

FIG 7. is a sequence of images illustrating tensor voting features extracted at the

ellipse boundary and interior along three cutting planes according to an exemplary
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embodiment of the present invention; and
FIG. 8 shows an example of a computer system capable of implementing the method

and apparatus according to embodiments of the present disclosure.

DETAILED DESCRIPTION OF THE DRAWINGS

In describing exemplary embodiments of the present disclosure illustrated in the

drawings, specific terminology is employed for sake of clarity. However, the present
disclosure is not intended to be limited to the specific terminology so selected, and it is to be
understood that each specific element includes all technical equivalents which operate in a
similar manner.

Exemplary embodiments of the present invention provide methods and systems for
the computer-aided detection (CAD) of pulmonary emboli (PEs) with a reduction in the
number of false positive detections. This may be accomplished by focusing on the detection
of false positives within lymph/connective tissue, and thus by reducing the occurrence of
false positives within this tissue, the total number of false positives resulting from the
computer-aided detection of PEs may be significantly reduced.

Exemplary embodiments of the present invention exploit the prior knowledge that
true PEs are located within an artery and should not be in contact with an airway of the lungs.
Accordingly, an image feature that otherwise appears highly PE like but is found to be
outside of the artery and/or in contact with an airway may be rejected as a region of

suspicion, and thus the instance of false positives may be reduced.

FIG. 1 is a flow chart illustrating a method for the automatic detection of pulmonary
emboli according to an exemplary embodiment of the present invention. First, medical image
data may be obtained (Step S101). Medical image data may be obtained by performing a
scan of a patient using a medical imaging device, such as a CT scanner, or by retrieving
stored medical image data from a database. Then the medical image data may be analyzed to
detect and identify a series of PE candidates (Step S102). Each identified candidate may
include a cluster of one or more pixels or voxels, depending on whether the medical image
data is two-dimensional or three-dimensional.

The airway tract and the arteries may be segmented from the medical image data
(Step S103). This step may be performed before, during and/or after the detection of the PE
candidates (Step S102). For example, image processing techniques and computer vision

techniques using tensor voting and/or Hessian-based "vesselness" scoring may be used for



WO 2009/020548 PCT/US2008/009239
6

segmentation of the arteries. Other techniques for effective segmentation of the arteries and
airway tract may also/alternatively be used.

According to one exemplary embodiment of the present invention, Fisher linear
discrimination analysis (FLS) may be reformulated into a multiple-instance learning
framework, since more than one PE candidate may belong to the same PE structure.

After the PE candidates have been identified and the airways and arteries have been
segmented, for each PE candidate, a distance may be calculated to the nearest airway (Step
S104) and it may be determined whether the candidate is within or outside of an artery (Step
S105). These two steps may together form contextual feature extraction. Contextual feature
extraction may also include one or more other analytical steps. These calculations may be
performed in any order. Then, candidates that are found to be located outside of an artery
and/or less than a particular distance from an airway may be rejected as candidates, while
those candidates that are found to be located inside of an artery and/or greater than a
particular distance from an airway may be confirmed as PE candidates (Step S106). In this
step, additional contextual features may also be considered. The confirmed PE candidates
may then be presented to a user (Step S107), who may be a medical professional such as a
radiologist. Presentation of the confirmed candidates may include display of the medical
image data that has been highlighted or otherwise marked to show the location of the
confirmed PE candidates. The user may then analyze the highlighted/marked medical image
data to render a diagnosis (Step S108). The diagnosis may include a determination as to
whether each PE candidate is a true PE or a false positive.

As discussed herein, lymph/connective tissue refers to all tissue or tissue-like matter
that is in direct contact with both an airway and an artery that exhibits an image intensity
distribution that is similar to a PE.

Distance to Airway

In calculating the distance between each PE candidate and the nearest airway, first the
airway tract may be segmented. Airway segmentation may be performed using a local region
growing algorithm. Here, an initial seed point may be selected inside the airway tract. For
example, the carina position may be selected as a seed point. A recursive process may then
be employed whereby the seed comprises an airway region and the airway region is grown to
include its direct neighbors to the extent that they do not appear to be termination points, as
determined by comparison to one or more termination templates. Termination points may
include airway walls.

To prevent leakage, the phenomenon where the growing airway region moves beyond



WO 2009/020548 PCT/US2008/009239
7

the airway, growth may be prevented beyond sites where the airway walls get thinner and/or
disappear. This may be accomplished by utilizing termination templates that are designed to
recognize the thinning or disappearance of the airway walls.

One or more of the termination templates may use intensity-based thresholding to
accurately identify termination points. Here, the known intensity distribution characteristics
of airway voxels within CT volumes of the lungs may be used to define the termination
templates. For example, it may be understood that the airway voxels include especially dark

‘ regions. Other templates may ensure that the growth region remains within the airway by
casting decisions as to whether a local airway boundary has been reached. The thresholds
may be spatially adapted by the use of these templates and the size of the neighborhood
surrounding the seed point. At potential leakage points, fewer voxels may be grown and
larger neighborhoods may be used, as compared with regions that are not considered potential
leakage points. Accordingly, the growing method converges to an accurate non-conservative
segmentation.

FIGS. 2(a) - 2(c) illustrate the result of applying airway segmentation to two CT
image volumes of the lungs according to an exemplary embodiment of the present invention.
FIG. 2(a), FIG. 2(b), and FIG. 2(c) represent three different examples of images for which the
airways have been segmented. Here, the actual airway segmentation has been sampled for
illustrative purposes. Exemplary embodiments of the present invention may utilize sampled
airway segmentations. Segmentations that have been sampled at a higher rate may appear to
be more solid (such as with FIG. 2(b)) while segmentations that have been sampled at a lower
rate may appear more sparse (such as with FIG. 2(c)). FIG. 2(a) illustrates a segmentation
that has been sampled at a moderate rate.

As described above, after performing airway segmentation, the distance from each PE
candidate to the nearest portion of the segmented airway may be determined. This distance

may be computed, for example, by performing a local 3D distance transform.

Distance to Artery

In determining the relative position of each PE candidate to the artery, for example,
whether the PE is within or outside of the closest artery segment, the artery may be
segmented and then it may be determined whether each candidate is located within the artery.
However, complete segmentation of all arteries within the medical image may be time
consuming and computationally expensive. Moreover, this process may result in error,

especially in the vicinity of a PE. Accordingly, rather than performing a complete



WO 2009/020548 PCT/US2008/009239
8

segmentation of the arteries using other means, the local description of the context of a PE
candidate relative to an artery may be performed using two sets of features. The first set of
features may be tensor voting features. These features may be extracted from the CT image
data, for example, by using ellipse fitting. The second set of features may be "vesselness"
features based on the Frangi, Sato, and Lorenz methods, for example, as described in detail
below.

FIG. 3 is an image-based flow chart illustrating a method for performing contextual
feature extraction according to an exemplary embodiment of the present invention. In
extracting tensor voting features, for each candidate, various cutting planes may be extracted
about the location of the candidate. For each cutting plane, a set of features may be extracted
according to the general layout depicted in FIG. 3.

A cutting plane may then be found for each candidate wherein the candidate lies
within an ellipse representing the contours of an artery. This may be true for every candidate
other than a lymph candidate. For a lymph candidate, no such plane exists. In each cutting
plane, rays may be cast from the candidate and an intensity minima is determined along each
ray. This radial minima extraction step may be characterized by the transition from FIG. 3(a)
to FIG. 3(b). The determined minima along each ray may be fit to an elliptical model, for
example, using eigen-fitting. This ellipse fitting step may be characterized by the transition
from FIG. 3(b) to FIG. 3(c). The likelihood for whether the fitted ellipse represents an artery
cross section may then be estimated based on tensor voting. This tensor voting step may be
characterized by the transition from FIG. 3(c) to FIG. 3(d).

Accordingly, tensor voting may be used to evaluate the probability that the candidate
is lying within an artery. This may be performed non-parametrically, for example, without a
predefined probability model. Accordingly, local information, for example, gradient
direction and magnitude, may be accumulated at the local sites of the fitted ellipse to render
global knowledge of its context, while remaining robust to noise and outliers.

In computing tensor votes, for each cutting plane, two sets of pixels are generated.
The first set of pixels may be voter points. Voter points may be determined by finding the
points with the highest gradient energy in the plane. The second set of pixels may be receiver
points. Receiver points may be determined by finding the pixels that constitute the interior
and boundary of the fitted ellipse. Each voter point may cast a separate second order tensor
vote on each receiver point. The tensor vote may thus be a rank-1 positive semi-definite
matrix that is dependent upon both he orientation of the voter with respect to the receiver (),

the distance between the voter and the receiver (I), and the stick tensor at the voter whose
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magnitude is denoted as |Si].

According to this approach, a voter's stick tensor may be set to the intensity gradient.
FIG. 4 is a diagram illustrating the geometric layout of the casting of a second-order vote
according to an exemplary embodiment of the present invention. Here, the voter casts a
single vote at a receiver point, where the voting parameters s, [, and 8 are defined. FIG. 5 is a
diagram illustrating a decay function of a voter found at the origin with [Sy] = 1 according to
an exemplary embodiment of the present invention. FIG. 6 is a diagram illustrating how a
second order tensor vote is cast by a voter at the origin. In FIGs. 5 and 6, the decay function
for a voter at the origin with |Sy] = 1 is plotted. These figures also show that each second
order vote is cast by the voter to its respective receiver. The tensor vote between voter V and
receiver R may be computed in accordance with equation (1). The scale of the decay
function defined by ¢ may be a free parameter that may be set based on the size of the fitted

ellipse.

52+CK

= DF(s,,0) =|S,Je

16 o= 2sin(@)

T Sin@)’ !
Sin
@))

TV(V - R) = DF (s, x, 0')[ Sin(20)° - —sin(26)cos(28 )]

—sin(20) cos(26) sin(26)>

The cumulative vote TV, received at a receiver point may be the sum of all of the

second order tensors cast by the voter points to this receiver point. The tensor voting score
(3g) for this point may be the difference between the positive eigenvalues of TVS%,, . The

higher 6 is, the greater the probability that the receiver point lies on the boundary of a
smooth curve. Moreover, the lower 8 is, the greater the probability that the receiver point is
within a smoothly bounded region.

FIG. 7 is a sequence of images illustrating tensor voting features extracted at the
ellipse boundary and interior, for a true PE, shown in FIG. 7(a), and for a lymph false
positive (FP) shown in FIG. 7(b) along three cutting planes 1, 2 and 3. As can be seen from
FIG. 7, the tensor voting score varies between the true PE candidates and the lymph FP,
respectively. In the case of a true PE candidate, there may be found a cutting plane with
significantly low fitting cost and a low voting score in the interior of the fitted ellipse while
there may be a high voting score at the boundary of the ellipse. However, for candidates

detected within lymph tissue, the fitting cost and the interior voting score may be much
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higher, while the boundary voting score may be much lower.

As discussed above, Hessian-based “vesselness” scoring may be used, in addition to
or in place of tensor voting, to effectively segment the arteries. Use of this approach is
premesed on the notion that if a voxel is inside a vessel then the Hessian matrix formed from
second derivatives of intensity in the neighborhood of the first two eigenvalues lies in a plane
orthogonal to the central axis of the vessel. The Eigenvectors corresponding to the first two
eigenvalues lie in a plane orthogonal to the central axis of the vessel. The Eigenvector
corresponding to the third eigenvalue is in the direction of this central axis. Such
discriminative power may be manipulated to remove from consideration those candidates
lying outside of blood vessels, for example, lymph tissue. However, this approach is
effective where the vessel does not have PEs. Accordingly, prior to performing this
procedure, the detected region may be filled with high intensity values so that the inside of an
artery having a PE may be simulated.

In computing these Hessian features, first the detected region may be filled with high
intensity values. Then, the eigenvalues for each voxel in the candidate may be calculated.
Calculation of the eigenvalues for each voxel includes: (1) constructing the Hessian matrix,
(2) computing the three eigenvalues and their ratios, where [A;| < |\;] <|A3], and (3) computing
three vesselness properties at each voxel (¥), based on the Frangi (Equation 2), Sato

(Equation 3), and Lorenz (Equation 4) methods known in the art, whereina=pf=y=0c=§ =

t=p=1:
[ yaY ] o (ay[ Ased
F(x)=|1-¢ ;[ ) e l [ ) 1-e @

S(x)=1 3)

bt @

L(X)=0" >

After the three vesselness properties have been computed at each voxel as described
above, statistics, for example, maximum, minimum, mean, and standard deviation, may be
calculated based on the computed eigenvalues and ratios for all of the voxels in each

candidate.
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A true PE may then be differentiated from a lymph FP because for the true PE, these
vesselness features may be much higher in magnitude than for the case of a lymph PE.

After the distance to the nearest airway has been determined and the relative position
to the nearest vessel has been determined, each PE candidate may be classified. A
classification algorithm may be used. For example, the classification algorithm may be based
on Fisher’s linear discriminant (FLD) analysis that aims to detect at least one hit for each
lesion. According to this technique, the separation boundary between true hits and negative
detections may be fitted to the linear function w'x +b. FLD may also be adapted to solve an
equivalent optimization problem, for example, as shown in Equation 5, where C+ and C- are

respectively the sets of positive (true PE) and negative (non-PE) samples. Here, y; denotes
the label; &; represents the residual error of the model fitting; ||v'{1”§ represents the regularizaion

term that controls the classifier complexity, and y represents the trade-off between the

residual error and the complexity regularization.
miny &2 + 7]l w2 ©
i=l

WX +b=y,+& Vi=1l,.,m

Ziec-x» é = Z,-Ec_ éi =0

subject to

Here, it may be assumed that there are a total of n; candidates, with each candidate

represented as a feature vector X,;. Each candidate may be segmented for the i"™ lesion. S;

may represent the index set of all candidates pointing to the i lesion. For each lesion, a

convex hull may be formed using the vectors X; in the feature space. Each point of the

convex hull may be represented as a convex combination of X; (for example,

Zjesi A;X; where A;;> 0, £ A;; =1). A learning algorithm may then be used to determine a

decision boundary that can accurately separate parts of the convex hulls from the greatest
number of possible negative detections. Accordingly, it may not be necessary to classify the
entire convex hull as correct classification of a part of the convex hull may be sufficient.
Thus the learning algorithm may solve the optimization problem in equation 6, based on the
FLD formulation. The classifier obtained by solving this formulation mayreduce false

detection in comparison with standard classification algorithms such as FLD.

miny &7 + ||| ©)
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WT(Zies, Ay %; )+b= Yi + 6 Ay 20,2/11]- =1,VieC"
subject to WX +b=y, +& Vie €™

Ziec+§i = 0’ Z;ec_é:i =0
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Aggregation of multiple classifiers may be used to produce an average aggregated
prediction for an unseen sample. The aggregation may be effective for learning algorithms
where small changes in the training set may result in large changes in predictions. As used
herein, reasonably small changes on the training sample set may cause an undesirable
changes on the classifier constructed with limited availability of patient data. Accordingly,
aggregation may be used to reduce the variance of the learned classifier over various sample
patient sets, thus increasing accuracy. Here, T trials may be carried out, and in each trial,
70% of the training set may be randomly sampled and used for training. A linear function

f,(¥)=w,X +b, may then be constructed in the trial z. The final classifier may then be based

on the average model: f(%)= %Z; f.(x)= %(z; w, y X+ % Z; b, . Features with very

small weights in the function £,(X) may then be removed to reduce the model noise. Thus

only the top Ny features with large weights may remain in the final model. For example, Ny

may be equal to 35 and if a candidate ¥, satisfies f(¥)>a, then the candidate may be

classified as a true PE. Otherwise, the candidate may be cla§siﬁed as a non-PE.

FIG. 8 shows an example of a computer system which may impleriesni a method and
system of the present disclosure. The system and method of the present disclosure may be
implemented in the form of a software application running on a computer system, for
example, a mainframe, personal computer (PC), handheld computer, server, etc. The
software application may be stored on a recording media locally accessible by the computer
system and accessible via a hard wired or wireless connection to a network, for example, a
local area network, or the Internet.

The computer system referred to generally as system 1000 may include, for example,
a central processing unit (CPU) 1001, random access memory (RAM) 1004, a printer
interface 1010, a display unit 1011, a local area network (LAN) data transmission controller
1005, a LAN interface 1006, a network controller 1003, an internal bus 1002, and one or
more input devices 1009, for example, a keyboard, mouse etc. As shown, the system 1000
may be connected to a data storage device, for example, a hard disk, 1008 via a link 1007.

Exemplary embodiments described herein are illustrative, and many variations can be
introduced without departing from the spirit of the disclosure or from the scope of the
appended claims. For example, elements and/or features of different exemplary
embodiments may be combined with each other and/or substituted for each other within the

scope of this disclosure and appended claims.
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What is claimed is:

1. A system for automatically detecting pulmonary emboli from medical image data,
comprising:

receiving medical image data;

automatically detecting one or more pulmonary embolism candidates from the
received medical image data;

segmenting an airway tract from the received medical image data;

segmenting an artery structure from the received medial image data;

calculating a distance between each of the one or more automatically detected
pulmonary embolism candidates and a nearest portion of the segmented airway;

determining whether each of the one or more automatically detected candidates is
within or outside of the segmented artery structure;

rejecting one or more of the pulmonary embolism candidates based on the calculated
distance between each of the candidates and the nearest portion of the segmented airway and
the determination as to whether each of the candidates is within or outside of the segmented
artery structure; and

indicating the location of the non-rejected pulmonary embolism candidates within the

medical image data.
2. The method of claim 1, wherein the medical image data includes CT image data.
3. The method of claim 1, wherein segmenting the airway tract from the received
medical image data includes selecting a seed point within the airway tract and executing a

growing algorithm to segment the airway tract.

4. The method of claim 3, wherein leakage of the growing algorithm is prevented by

utilizing one or more termination templates.

5. The method of claim 1, wherein segmenting the artery structure from the received

medial image data includes implementing tensor voting.

6. The method of claim 1, wherein segmenting the artery structure from the received

medial image data includes implementing Hessian-based vesselness scoring.
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7. The method of claim 1, wherein calculating the distance between each of the
candidates and the nearest portion of the segmented airway includes performing a local 3D

distance transform.

8. The method of claim 1, wherein determining whether each of the candidates is
within or outside of the segmented artery structure includes using tensor voting to evaluate

the probability that the candidate is lying within an artery.

9. The method of claim 8, wherein tensor voting features are extracted from the
medical image data using ellipse fitting.

10. The method of claim 1, wherein calculating the distance between each of the
candidates and the nearest portion of the segmented airway includes performing Hessian-

based vesselness scoring.

1. The method of claim 1, wherein rejecting the candidates based on the calculated
distance between each of the candidates and the nearest portion of the segmented airway and
the determination as to whether each of the candidates is within or outside of the segmented

artery structure includes classifying the candidates using Fisher’s linear discriminant (FLD).

12. The method of claim 1, wherein rejecting the candidates based on the calculated
distance between each of the candidates and the nearest portion of the segmented airway and
the determination as to whether each of the candidates is within or outside of the segmented

artery structure includes applying a learned classifier that is based on training data.

13. The method of claim 1, wherein rejecting the candidates based on the calculated
distance between each of the candidates and the nearest portion of the segmented airway and
the determination as to whether each of the candidates is within or outside of the segmented
artery structure includes rejecting candidates that are less than a predetermined distance from

the nearest portion of the segmented airway.

14. The method of claim 1, wherein rejecting the candidates based on the calculated
distance between each of the candidates and the nearest portion of the segmented airway and

the determination as to whether each of the candidates is within or outside of the segmented
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artery structure includes rejecting candidates that are located outside of the segmented artery

structure.

15. The method of claim 1, wherein the rejected PE candidates represent

lymph/connective tissue false positives.

16. A system for automatically detecting pulmonary emboli from medical image data,
comprising:

a receiving unit for receiving medical image data;

a computer-aided detection unit for automatically detecting one or more pulmonary
embolism candidates from the received medical image data;

a segmentation unit for segmenting an airway tract and an artery structure from the
received medial image data;

a candidate rejection unit for rejecting one or more of the candidates based on a
distance between each of the candidates and a nearest portion of the segmented airway and
based on whether each of the candidates is within or outside of the segmented artery
structure; and

a display unit for displaying the medical image data with the location of the non-

rejected candidates marked thereon.

17. The system of claim 16, wherein the candidate rejection unit uses contextual

feature extraction in rejecting the one or more candidates.

18. The system of claim 16, wherein the candidate rejection unit calculates a decision

boundary that separates the rejected candidates from the non-rejected candidates.

19. The system of claim 18, wherein the candidate rejection unit uses a learning

algorithm to calculate the decision boundary.

20. A computer system comprising:
a processor; and
a program storage device readable by the computer system, embodying a program of

instructions executable by the processor to perform method steps for automatically detecting



WO 2009/020548 PCT/US2008/009239
17

pulmonary emboli from medical image data, the method comprising:

receiving medical image data;

automatically detecting one or more pulmonary embolism candidates from the
received medical image data;

segmenting an airway tract from the received medical image data;

segmenting an artery structure from the received medial image data;

calculating a distance between each of the one or more automatically detected
pulmonary embolism candidates and a nearest portion of the segmented airway;

determining whether each of the one or more automatically detected candidates is
within or outside of the segmented artery structure;

rejecting one or more of the pulmonary embolism candidates based on the calculated
distance between each of the candidates and the nearest portion of the segmented airway and
the determination as to whether each of the candidates is within or outside of the segmented
artery structure; and

indicating the location of the non-rejected pulmonary embolism candidates within the

medical image data.



WO 2009/020548

Fig. 1

8102/

PCT/US2008/009239

1/8

Obtain Medical
Image Data
N\ S101
A . A 4
Identify PE Segment
Candidates Airway Tract
and Arteries |\
S103
A
Calculate Determine
Distance to Within/Outside
Airway Artery
N\ S104 N\ S105
A
Confirm/Reject
Candidates
N S106

A 4

Present to User

S107

y

User Diagnosis

S108



WO 2009/020548 PCT/US2008/009239

2/8

Fig. 2




WO 2009/020548 PCT/US2008/009239

3/8

Fig. 3




WO 2009/020548 PCT/US2008/009239

Fig. 4




WO 2009/020548 PCT/US2008/009239

5/8

Fig. 5




WO 2009/020548

Fig. 6

PCT/US2008/009239

¥ - - =< ~ v I ;7 I == T
5~ T T N N N Yy s e =T s

A N N A
2;_,/////_>\\l//<__\\\\\
,//////_>\l/<_\\\\\\\
ZJ/////(( \T\\\\\\
o BRREREREE

VOTER
TUNNNNNT Ty
NN NS N = s
bR v N N~ - SN~ T
e A N
5l N - - - - -~ / / t \ AN ~ -~ - _ .
: S . VN N e




WO 2009/020548

7/8
Fig. 7

Cutting Plane 1 Cutting Plane 2 Cutting Plane 3

{4

(a) True PE

Cutting Plane 1 Cutting Plane 3

Cutting Plane 2

(b) Lymph FP

PCT/US2008/009239



WO 2009/020548 PCT/US2008/009239

8/8
Fig. 8

1000
U e «—p Network To
Controller PSTN
1001 / \ 1003
M LAN Data
ey » || «—>»] Transmission |« LAN
/ Controller Interface
1004 = = .. \
Hard <:> ) Input Devices 1006
Disk /
ﬁ/l o T~ 1009
1008
Printer Display Unit -
—» ||| «—»
Interface [To




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - claims
	Page 17 - claims
	Page 18 - claims
	Page 19 - claims
	Page 20 - drawings
	Page 21 - drawings
	Page 22 - drawings
	Page 23 - drawings
	Page 24 - drawings
	Page 25 - drawings
	Page 26 - drawings
	Page 27 - drawings

