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(57) Abstract: Accurate pelvic fracture detection is accomplished with automated X-ray and Computed Tomography (CT) Images
for diagnosis and recommended therapy. The system combines computational methods to process images from two different
modalities, using Active Shape Model (ASM), spline interpolation, active contours, and wavelet transform. By processing both X-
ray and CT Images, features which may be visible under one modality and not under the other are extracted and validates and con-
firms in format ion visible in both. The X-ray component uses hierarchical approach based on directed Hough Transform to detect
pelvic structures, removing the need for manual initialization. The X-ray component uses cubic spline interpolation to regulate
ASM deformation during X-ray image segmentation. Key regions of the pelvis are first segmented and identified, allowing detec-
tion methods to be specialized to each structure using anatomical knowledge. The CT processing component is able to distinguish
bone from other non-bone objects with similar visual characteristics, such a blood and contrast fluid, permitting detection and
quantification of soft tissue hemorrhage. The CT processing component draws attention to slices where irregularities are detected,
reducing the time to fully examine a pelvic CT scan. The quantitative measurement of bone displacement and hemorrhage area are
used as input for a trauma decision-support system, along with physiological signals, injury details and demographic information.
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ACCURATE PELVIC FRACTURE DETECTION
FOR X-RAY AND CT IMAGES
STATEMENT OF GOVERNMERNT INTEREST
The U.S, Government has a paid-up Hoenge i this invention and the right in
limited circtunstances to require the patent owner to Heense on reasonable foms as
provided for by the terms of Grant No. 05-0033-02 awarded by U8, Medical Research
and Materia] Commuand Combat Casualty Care Research Program and by the terms of

NSF Grant No, ISO7584 1),

DESCRIPTION

BACKGROUND OF THE INVENTION
Field of the Invention
The present invention generally relates to o systent and method for the
application of sdvanced image processing technigues to detect key pelvie struciures and,
mare particalarty, to the automated analysis of Xoray radiographs and Compuied
Tomography (CT) images to provide diagnostic recommendations for physicians and
radinlogists: As wsed herein, “Xe-ray images” refer to plain flm radiographs.

Backgrownd Description

Pelvic fractures are among the most life-threatening injuries that can be suffered
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by a major trauma patient. Most deaths from such injuries are caused by complications
ather than the fracture Hself; severe hemorrhage is a parficularly high risk. Prompt and
appropriste freatment is therefore vital to patient survival. Xeray tmaging is the first-line
diagnostic step in treating pelvic injury patienis, due to its speed and low cost, It also
causes relattvely hittde disturbance to the injured patient. However, the structare of the
pelvis is complex, and fractures mav be hard to recognize on low resolution X-rays,
even by medical professionals. A system capable of quickly identifving pelvic fracture
would prove valuable in a trawmma centér eavironment, and 8 crocial component of such a
system I8 a method o detect and scament key pelvic siractures,

Location of fracturs has considerable impact on its severity and visual
characteristics. Current X-ray segmentation technigues focus on the use of deformahle
maodels. However, most studies have focused on scgimentation of sinpler struciures such
ag bones in the hand. Furthermore, many of these methads rely on some measure of
manual interaction by the user to correctly initialize the algorithm, as deformable models
are lypically very sensitive to initialization in a high stress trawma enviromuent, any
useful system would need this to be performed antomatically.

Computed Tomography (CT) of the pelvic reglons is used o diagnoss the more
complicated cases, as it is more detailed. CT iz usually used to confirm hip
displacement, to detect acelabular fracture, to determine whether or not internal bleeding
is prosent and to evaluate the severity of hemorrhage. Identifving and classifving hone
by segmenting C'T images is an important and challenging tesk in detecting pelvic
fractures. The densily of the outer bone <« cortical bone ~ s much higher from that of the
core ~ cancellous bone. Cortical bone-appears o be bright and smooth, while cancellous
bone is darker and has a sponge-like texture; therefore, bone density cannot be
uniformiy characterized (see, for example, T. B, 8. Authors, H. Tek, 1 I Crisco, and B,
B, Kimia, "Scgmentation of carpal bones from of images using skeletally coupled
deformable models™, Medival Image Analvsis, 7132145, March 2003}, Differences in
density can result in bone not being segmented correctly; regions of bone that nead to be
connected are identified ag being separate. Another factor that adds to the complexity of
the problem is the high nomber of slices in & CF sean. The differences between the
positioning of the bones across the slices and the different types of fractures make

identifying the presence of a fracture very difficalt. Detecting the exact edges of bone is
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hard as they are diffused due to the partial volume effects in CT tmuges. When distance
hetween distinet bones is small, distinguishing between the bones becomes more
difficult.

Pelvic fractures as well as open or closed intemal bleading can be diagnosed by
travna snrgeons and radiologists affer inspection: of Xorays and CT scans of the palvie
region. A system that would analvze these images and identify possible locations of

fractures and/or bleeding would be useful in improving the decision-making process.
SUMMARY OF THE INVENTION

An embodimentof the invention provides advanced Image processing technigues
fo analyze pelvic images {o detect key pelvie struetures for fracture detection.

An embodiment of the invention provides a fully automated system and method
e aecurately segment bone tissue in order 1o gssess the presence of pelvie fractures.

In an embodumnent of the invention, accurate pelvie fracture detection is
acconmplished with automated Xeray and Computed Tomography (CT} images for
diagnosis and recommended therapy. The embodiment combines computational
methods to process tmages from two different modalities. By processing both Xeray and
CT images, features which may be visible under one modality and not under the other
are extracted and validates wd confivmg information visible in both, The Xeray
component uses hivrarchioal approach based on direeted Hough Transtornm to detect
pelvie structores, removing the need for manual mitialization. The X-ray component
uses cubic spline interpolation fo regulate ASM deformation during X-ray image
segmentation. Key regions of the peldvis are first segmented and identified, allowing
detection methods to be specialized to vach structure using anatomical knowledge. The
T processing component is able to distinguish bone from other nonebone objects with
similar visual characteristics, such a bload and contrast fuid, permitting detection and
quaniification of soft issue hemorrhage, The CT processing component draws attention
to slices where irregularities are detected, reducing the time to fully exanune a pelvic CT
scan. The quantitative measurament of bone digplacement and hemorrhage area are used
as nput for  trauma decision-suppor system, along with physiological signals, injury

detatls and demographic information.
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According to one agpect of the invention, deformable models are applisd to the
task of Xeray sepmentation, specifically, Active Shape Model {ASM), as has been done
previously. Howsver, there arg two crueial differences. The first is the use of a
erarchical algorithm to handle antomatic initlalization based on knowledge of pelvic
anatemy This involves the use of Hough Transform and edge detection and some
statistical knowledge of bone size and shape. The sccond is the extension of the standard
ASM algorithm to incarporate cubic polynomial splines. These nmaintain the natural
curvatwre of the pelvie structure and help prevent the mode] from converging to false
edges; a common problem in fow resolution Xeray images. Although splines have been
ased inmedical image segmentation before, they have not been combined with ASM
and have also not been used primacily for constraining mode] deformation, as opposed
io finding new points on the edge of the desired structure. Both algorithms are trained on
g set of images taken from pelvic trawma patients, and tested on a separaie set.

Acconding {o another aspeet of the invention, the system and method enploys
advanced image processing techmques to aalyze pelvic CT images to correctly segment
bone tissue int @ fully automated manner. The mvention implements wavelet processing,
Laplacian filtering, morphology operations, a series of region growing technigues and
gradient based segmentation methods to create an aulomated scgmentation system and
provides an automated decision making systorn that provides physiciang with reliable
recommendations for the treatment of traumatic pelvie injuries.

According to a further aspeat of the invention, X-ray images and CT images are
combined with raw physinlogical signals and other information, including deniographics
and impury details, to praduce a processed pelvie trauma database. Machine leaming
methods are applied to this database i a trauma decision-support svstern. More
particularty, maching learning technigues, including creating decision trees and
extracting rules, are applied to the database to generate predictive models of patient
outcome. These models are used to provide recommendations and predictions to
physicians, assisting them in making rapid and acourate treatment choices for new
paticnis.

While the invention is described in terms of a specific embodinment specialized
toward pelvic infaries, those skilled in the at will recognize that the techniques

implemented by the embodiment can be adapted to other bone structiwes, snd the
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anglysis methods reconfigured using anatomival knowledge.

Lol

BRIEF DESCRIPTION OF THE DRAWINGS

The foregoing and othier ohivets, aspects and advantages will be better
understood from the following detailed deseription of a prefured embodinment of the
mvention with reference to the diawings, in which:

Figare 1 s a block diagram illustrating an embodiment of the decision support
system aceording to the fuvention;

Figure 2 13 a flowchart providing an overview of the logical processes
implemented by the X-ray fracture detection componsnt of the embodinent shewn in
Figure ;

Figure 3 1s & fowchart illustrating the logical process which implements the
automated hierarchival segmentation component of the Xeray fracture detection
component shown in Figure 2;

Figure 4 is a flow chart illustrating the logical process implementing the
caloulation of displacement and symmetry measures componend of the Xeray fracture
detection component shown in Figure 23

Figure § is a flowchart tHustrating the logieal process implementing the fractee
detection component shewn in Figure 2;

Figure 6 is a flowehart illustiating the logical process implementing the CT bone
detection componest of the embodiment shown in Figare 1

Figure 7 i3 a fowchart illustrating the logical process implementing the first €T

segmentstion component shown in Figure §;

Figure § is a flowchart ifustrating the logical process implamenting shaps
maiching and-object recognition component shown in Figure 6;

Figure 9 is & fowchart illustrating the logleal process implementing the second
€T segmentation component shown in Figure 6;

Figure 10 s a flowchart ilusivating the logical process implementing the
generation of decision trees and rude extraction of the embodiment shown in Figare I

Figure 11 is'a diagrammatic view representing a standard prediction view
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displayed on the screen of the display 15 shown in Figare 1; amd
Figure 12 18 a disgrammatic view representing @ free view displayed on the

screen of the display 13 shown in Figure 1,

DETAILED DESCRIPTION OF A PREFERRED
EMBODIMENT OF THE INVENTION

The embodiment of the invention is deseribed In torms of a system on which the
methods of the invention may be implemented. The system is composed of various
imaging components, databases and computational interfaces that one of ordinary skill
in the computational aris will be familiar with, The methods of the invention are
described with reference o floweharts which lusirate the logie of the processes
implemenied. The Jowcharts and the sccompanying desenptions are sufficient for one
of ardinary skill i the computer progranmnung snd nage processing ants o prepare the
necessary code {o mmplement the embodiment-of the invention.

Referring now to the drawings, and more particalarly 1o Figure I, there is
preseated in block diagram form gn overview of the decision support system framowork,
and the function that the X-ray and CT components serve, X-ray image processing is
performed at 10, the X-ray images being mput at 101, CT image processing 18 performed
at 11, the CT images being wmput at 111 Qthey information, including demographips,
wijury details, eley are imput at 12, The X-ray images input at 101 are stibjected to
awtomated hisrarchical segmentation via spline Active Shape Modeting (ASM) at 102,
Then, fracture detection via wavelet transform and edge tracing is performed at 103,
Additionally, guaniitative measares of displacement and symmetry are performed at
104, CT tages wmput &t 111 are subjected to sutomated segmentation via active contour
and wavelef filtering at 112, Then, bone identtfication via template/shape matching s
performed at 113. The data from 12, 103, 104, and 113 are input to 3 processed pelvic
trawma database 13, The processing done thus far may be referred to as pre-processing,
and the data stored in databage 13 is prewprocessed data, requiring further processing in
order to generate diagnosis gnd fecommiended therapy.

This database 13 is accessed by data processor 14 which apphics machine keaning

techmiques, specifically creating decision trees and exttacting rules, to generate
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predictive models of paticut entcome, In the training phase, the demographic and nfury
data input al 12 and stored in database 13 is a prior dataset used io train the predictive
maodel generated by the data processer 14, This prior datgset, in the case of the
embodiment of the mvention, was ubtained from two hospitals, along with matching CT
and/or X-ray images for each patient and their eventual outcome. When the senvrated
model is later used to make predictions for a new patient, the same nfermation is
collected and used as input. These models are nsed by the system to provide
recommendations and predictions to physicians, assisting them in making rapid and
aceurate treabment choices for patienis, The recommendations and predictions are
displayed on display 15, and data processor 14 correlates the recommendations and
predictions and actions taken by the physician, as input on user interface 16, with the
patient’s records, which are stored in patient record database 17.

Figure 2 presents a flowchart describing the operation of the Xeray fracture
detection subsystem. The pelvie X-ray images 101 are Input to the process of automated
hierarchical segmentation 102, This process is performed as generally illustrated by
process 21 and deseribed in more detail with reference to Figure 3. Process 21 includes
the provess 211 of initialization via directed Hough Transform followed by process 212
of hivrarchical segmentation via sphne/ASM algorithm. The output of process 102 is
sirpeture locations which are input to the fracture detection process 103 and the
calculation detection process 104, The fracture detection process 103 is performed as
generally Hustrated by process 22, which is the detection of seetabuitum and ring
fracture process. This process is described i more dotail with reference 1o Figure S,
Briefly described here, the first step 221 {s windowing of the pelvic ring. The next step
222 1 wavelet transtorm for smwothing and edge detection. Then, in step 223,
morphological operations and edge fracing are performed. The calenlation of
displacenent process 104 is performed as generally ilustrated by process 23, and
deseribed in more detail with reference to Figure 4. The first step 231 is to measure the
horizontal and vertical displacement of pubis and ring ta pixels. The next step 232 is to
normalize the calenlation. The output of the Fracture detection process 103 s an
indication of the presence and type of facture, The vutput of the calonlation of
displacement process 104 are quantitative measures. These outputs arg input to the

pelvic trauma database 13 shown in Figure 1. Subsequently, this data is accessed by the
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data processor 14 which implements the decision tree aind rule-base generalion process.
As will he described in more detail with reference to Figure 10, rale generation is
performed as generally indicated in process 24, This process has as a first step 241
feature selection via logistic regression, Then, in step 242, decision trop generation and
rule exteaction is performed. The output of the decision ttee and rule-base generation
process is extracted rules.

The process of hierarchical automated segmentation of pelvie structures,
itlustrated generally at 21 in Figure 2, is shown in more detat] in Figure 3, This
gomponent reguires training prior to deploynent. This only needs to be done once, usimng
a soif of fraining X-ray images where the specific structures to be detected have been
labeled (by placing landmuark points aroand their edges). This component of the systom
segments key stroctures from an input frontal pelvie Xeray, supplied as a Digitad
Imaging and Communications in Medicine (DICOM) file. Wiih reference to Figure 3, 3
frontal pelvis X-ray image of pelvic tramma patient is inpad to process 30, At step 301,
vertical Directed Hough Transform is apphicd o the lower third of X-ray mmage to detect
femoral shafts, The Dirccted Hough transform examines cach pixel in the given image
portion and looks for evidence of a straight line restricted to £43° of the verfieal. If one
is found, the transrfonm caloulates the unknown parameters mand b of the straight line
equation y= mx + b, The process then increases the value of the corresponding hins for
mrand &in a two dimensional (2D) scounulator arvay. After ¢l pixels are considered, a
set of candidate fonmoral shatt edges ave extracted by finding the bins with the highest
values via thresholding. These are then paired mito candidate shafls,

The probabality p, that a pair of lines 4 i the test image form a shaft contour is
given by

o MG 0] g 03 (1)

where ¢ and ¢ sre the mean and standard deviation of shaft width calculated from a
sample training set of Xeray inages and M, is the mean of the intensity gradient
magnitudes of the points along both lines in the pair, The top four candidates are kept. A
stnutfar process is then used to match shafl pairs, using a distribotion caleulated baged on
the distance between the left and right shafts in the Xaay traming set. Full

implementation details of Hough Transform for line and circle detection can be found
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“Useof the Hough Transformation to Detect Lines and Curves i Pictares™ (Richard Q.
Duda and Peter B, Hart, Technival Note 368, Agtificial Intsthipence Center, 1971)

I step 302, Hough Cirele Transform is applied o detect approximate position of
fernoral heads. The process of step 301 returns coordinates representing detected
femoral shaft edges, These are used to dircet Hough Transform circle detection to
identify the fomoral heads on both sides. Thiy uses the same approach as Hough Line
Transform in Box 1, sxoept #uses a three dimensional (313) accumulator since there we
three unknown pavameters @, b, and » (for the paramettic circle squation
(e + (b = ),

b step 303, the left and right femur ave detected via Spline/ASM; place initial
model nsing detected circle. On gach side, the topmaost point on the detected femoral
head civele 15 used to inthialize Spline/ASM o detect the femur as a whele. This
conmponent combines cubic spline interpolation with the standard Active Shape Model
{ASM) deformable model approach,

Standard ASM searches for a target shape in an image using a model defined by
an set of landmark points. 1 takes as input a sertes of training images in which the target
shape has been labeled by landmark poinis. These images provide & set of shapes
reprosented as vectors of {x, ¥} coordinates. Aligrment and Privcipal Component
Analysis are performed en the set, so cach shape can be approximated by

x =%+ Pb ()
where P contains the ¢ cigenvectors of the covarianee matnix caloulated during PCA, and
& 18 a t-dimensional vector which defines the parameters for the defurmable shape
model. A grey-level mode! is built by sampling the derivative of the inlensity values
along the profile normal to the landmark 1w each tratning tmage, For each landimark, the
nermalized mean gand covadance 8§, of the sample is calealated. During each iterstion
of the shape matching process, a specific number of pixels are sampled along the profile
normal to-cach current landnark point p,. The quality of fit for cach pixel g, = (x,, 3} s

calculated as
Re) = (g7 8, (8,9 (3)

The landmack poiat is moved to the pixel with the lowest value of g ) and b is updated

to fit these new positions. The process halts when an tteration results inno significant

teZ
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changes in A More detatls of basic ASM are found in “Active shape models - their
training and appBication™ {T. F. Cootes, C. I Taylor, D H. Cooper, and J. Graham,
Computer Vision and Inage Understanding, vol. 61, ne. 1, pp. 38-539, January 1995}

Spling/ ASM Incorpargies cabie spline interpolation fude the ASM quality of fit
function. Cubie spline inferpolation is used to approximate more complicated curves,
and inveolves building @ cubic spline from # piecewise cubic polynomials between a set
of given data points along the curve. Givena + 1 distinet knots (points) x, where =
0,. .. nand a2+ 1 comesponding knot values ¥, the aim is to fiad 2 piecewise cubic
spling function S(x) such that

$¢(x) IR TER ot

s, i xyuasxy

500 = )

s, 4% xSy,

where g, tsa polynonyia of degres three given by:

s =afe - x) + ble - b ela- x)+ d, )
for =1, 2, .., s~ 1. These polynomials can be usad to construct @ iridiagonal system
of equations and solved using the fridiagonal matrix algorithny (TDMA) to find the
unknown coefficients.

In Spline/ASM, when considering landmark point p, an interpolated cubic spline
function is constructed using m points on each side of z7. This function is used o predict
the best new location of point p, nsing its x-coordinate, to give the predicted peint
location lz, = (3, 7). When considering pixel ¢, a8 8 possibly new landmark lecation, the
distance between g, and £, is caleulated and squared to obiain an ervor measure €;

e = abs(y, ~ x) +abs(y, - 1) {&)
The guality of {it function then becomes:

flg) = g2V 8. g gy + ave (7}
whete ¢ is chosen via experimental results. In the most recent set of experiments, the
optimal value of « was found to be 0.60001.

Sphine’ ASM requires initial placement of the shape medsl, which will then try to
deformn to the nearest suitable edges. For the femur, this placement is done by matching

the position of the topmost landmark on the fermer shape model with the topmost point
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of the femoral head circle detected in process step 302,

Process step 303 passes on two matrices describing the detected loft and right
fenturs. Each matrix consists of multiple coordinate pairs: sequential points in the image
that deline the femur, Two sclected coordinate pairs, one from the left formur and one
from the right femur, are used to intialize placement of the pelvic ring model.
Spline/ASM is then repested to detect the pelvic ring in process 31,

The output of process 31 15 input to process 32 to detect left and right {hac crests,
In step 321, directed Hough Circle Transform is used for approximate position of {Hae
Crests (using uppermiost land-tmarks on pelvie ring). The two uppermost indmark
points on the pelvie ring are used to create two separate windows ikely to contain the
feft and right thiac crests. These windows are used to divect Hough Cirele Transform for
approxintate detection of the crests, Tn step 322, refined detection of lefl and right crests
is performed via Spline/ASM. For each crest, the topmost point on the cirele detected in
step 321 is vsed o inttialize placement of the iiac crest ASM model. Spline’ASM is
then performed to defect the crest.

The process in step 33 detects left and right pubis via Spline/ASM (initialized
using femur landmark positions and pelvie ring landmarks from step 31k Feor each side
of the pubis, two selected coordinate pairs - one from the femur and one from the pelvic
rmg -~ are used fo mitialize placement of the pubis ASM model. Spline/ ASM ix then
performed to defect each side of the pubis.

The output 34 of this stage 1s 2 set of deteried pelvic structures, Ley, tiae crests,
pelvic ring, pubis, and femurs, tn the form of mattices of landmark points around the
edge of cach structure,

The caleulation of displacement pracess 23 shown iy Figure 2 is tllustrated in
more detail in Figure 4. This stage of the system calculates displacement and symmetry
measures using the structures segmented in the fivst stage 1020 A set of pelvig structures
detected in stage 102, 1Hac crests, pelvic ring, pubis, and femurs, in the fornt of matrices
of landmark pomits around the edge each structure are input, Process 41 caleudates
vertival pubis displacement. Al step 411, the vertical distance between topmost and
bottommost landmarks along inner edge of teft and right pubis 15 measwred, and then in
step 412, the average is calenlated fo get vertical pubis displacement. Each detected side

of the pubis is represented by a matrix of {x, ¥} points. On cach uide, the topmost and

i1
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bottammost points ow the loside vertical edge of the pubils are selected to give two pairs
aff potnts: &= {3y ¥oh £ ™ (s ¥o) B = (o Purd 8,7 (X Vo). Vertical displacement is
caleulated as:

i
abs{y v,d + absiy )

(8

The structures segmented in the first stage 102 are also inpant to process 42 for
caleuiation of the horizontal pubis gap: In step 421, the horizontal distance betwesn each
landmark along inner edge of left and right pubis is measured, and in step 422, the
average of distances is calenlated fo get horizontal pubis gap. Horizontal gap is
determined by caloulating the average horizontal distance between the left and nght
puibis. The # landmarks along the inside edges of each structure’s model are paired up,
and the difference in the y~coprdinates of cach pair iz calenlated and the resulis averaged
over the mumber of landmarks a. Let (&, fv)) be the landmark coordinates on the left
pubis and {rx, 1) those on the right pubis, where 7=0, . .| {# ~ 1). The horizontal gap

g is caleplated as:

i w1
g =~ 2 b ©)
oot =

The struchures segmented in the first stage 102 are also mput o process 43 to
caleulate ring symimetry displacement. In step 431, a straight vertical line equal distance
between inner edge of left and right pubis is found. This step finds the vertical straight
line roughty oqual distance between the left and right pubis. The line is found vsing the
caleulations already completed in stops 421 and 422, To step 432, a straight vertical line
dividing pelvie ring into roughly equal halves is hund (based on gverage distance
between corresponding landmarks on cach side). By comparing the line caleulated in
step 431 to a second line dividing the area inside the pelvic ring mte two roughly
symumatric halves, symumetric displacement can be measurad {which may indigate
deformation of the pelvie structure and loss of ring infegrity). This second line is
caleniated in a sindlar methed to the horizontal gap in steps 421 and 422, using
corresponding landmarks on either side of the pelvic ring made! 1n place of those on the
inside edge of the pubis, Then in step 433, the horizontal distance between both lines is

calculated, The horizontal distance between the veriical straight Hues constructed
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steps 431 and 432 is valonlated as the absolute difference of thelr x-coordinates,

Process 44 receives the outpuis from each of processes 41, 42 and 43 and
normalizes all values by average diameter of left and right femoral heads {calovlated
using landmark positions). The distance of the Xeray machine from the patieot may
vary; therefore, the pelvic siructure size will net be standardized across nuultiple Xoray
tmages. To adjust for thiz, the raw displacement and symunetey migasures are pormalized
using the average diameter in pixels of the left and right femoral heads.

The fracture detection procass 103 shown in Figure 2 is ilustrated in more detatl
in Figure 5. This stage of the system detects fractures of the acetabulum, upper pubis
and general pelvic ring using the structures segmented o the first stage. The input to s
stage is the sot of pelvic structures detected in stage 102, Le, iliac crests, pelvic ring,
pubis, and femars, 0 the form of matrices of landmark points around the edge each
structure. In step 531, overlapping windows are created aronnd the pelvic ring using
Tandmark positions. The pelvic ning is represented by twenty-six consecutive landmarks,
starting at the top tight and ending at the fop lefl. This structure is separated into
overlapping windows, each covering four landmarks, and each window is analyzed

%

separately for presence of fracture. The windows overlap, 1., the first window covers
tandmarks one to four, the second window covers landmarks three to seven, e, 1o
prevent fractures crossing between windows from being missed. Bach window is labeled
according to the type of fractere il is Hkely to conlain; here, acetabulum, upper pubis, or
general pelvic ting.

The cutput window of step 51 is subject tterative processing in process 52, In
step 321, adaptive histogram equalization and de-noising by DWT (2 level, Haar
wavelet) is performed. Step 51 onlpnis a set of window sub-images around the ting.
Each is analyzed individually. Xorays are often low-contrast, therefore Contrast Limited
Adaptive Histogram Equalization {CLAHE) is first performed on the window o make
the ring edges more visible. CLAHE partitivns the X-say wito regions and applies
histogram equalization to CLAHE one, improving contrast and evening cut gréy-level
distribution. This is widely used in imaging software and the full mathenatical details of
the algorithm can be found in "Contrast Limited Adaptive Histogram Equalization”
{Karel Zuiderveld, Acadenuic Press Graplics Gems Series, Graphics Gems IV, pp.

474485 1984). The window 15 then desnoiged via two-level 21D stationary wavelet

g
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decomposition using the Haar wavelet. This decomposes the window into two levels of
approximation and detail coctficients. The detail coefficients ave thresholded. All
coefficients are used to reconstruct the window, which is now de-noised, This simplifies
edge detection by smoothing over X-ray avtifacts; stationary wavelel decomposition is
used as it does not require sub-sampling of the original window. The mathematical
description of SWT i lengthy; it can be found i fll in “The Stationary Wavelst
Transform and some Statistival Applications”™ (G P. Nason and B. W. Silverman, Dept.
of Mathematics, University of Bristol, 1993).

Tt step 522, a 2D Discrete Wavelet Transform (DWT) is used for pelvic ring
boundary detection {1 level, Haar wavelet). Single-level 21 wavelet decompaosifion is
performed on the de-noised window using the Bany wavelet. The window is regarded as
a series of one dimensional (1D} row signals and as a series of ID column signals. The
1D DWT is calcilated for cach row, and the N rows of result values used to form a
mwatrin X, Thesame is repeated for columns to form a matrix X, This process is
repeated on .Y, and X, giving output matrives X X N and X The first two contain
information on the window's vertical and horizontal variations, respectively, and the
third and fourth the diagonal variations {the detail cosfiicients for the window). Meare
information on 2D DWT can be found in Biomedical Sigaal and Image Processing
{Kayvan Ngjarign and Robert Splinter, CRC Press, 20063,

In step 523, the coeffivient for reconstruction Is chosen (diagonal, horizontal,
vertical} by gradient betwieen window landmarks. The best detail coeflicient for edge
detection is chosen as the ong most similar in divection and angle to the bone boundary.
The gradient of the bone boundary is approximated by the gradient alony the landmark
points nsed 1o select the window, If the abrolute value of the gradient is closest to 0, the
hortzental coefficient is chosen; Q.5, the diagonal; 1, the vertical,

I step 324, the window image is reconstructed with ring boundary highlighted
and converted to hinary form, and then, in step 323, opening and thinning morphological
aperations are used to remove artifacts and combine edges. The chosen coefficient at
tevel one decompeosition is used to reconstract the window. The resulting 8-bit
grov-level image is thresholded to oreate & binary image. The threshold value is chosen
using Otsu’s method, such that it minimizes the intra-class variance of the black and

white pixels. Implementation details are in “A Threshold Selection Method from
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Grev-Level Histograms™ (Nobuyuki Otsu, JEEE Trans. on Svslems, Mawn and
Cybernetics, vol. 8MC-9, Na. 1, January 1979}, The resulting anary image will
highlight the boundary detected by the wavelet transform in white pixels. However,
there will be notse; such as dual edges and isplatad pixels or smadl objects. A sequence
of morphological opening and thinning operations is performed to remove these pixels
and artifacts, and join close edges along the detected hong boundary.

dn step 536, edge tracing using S-neighborhooed of sach pixel along ring bone
houndary is performed, Afler steps 524 and 525, the output 15 a hinary image in which
the approximate bone boundary appears g8 a white line. If there ave fractures present,
this line will have breaks, Starting at the top of the windew, the edge s fraced using
&-neighbor connectivity, If the end of the edge is reached, L.e., there are no more white
pixels, a new edge is started.

T step 527, the edges found in window are cutput as matrices of pixel positions.
>1 edee indicates break in ring, Le., a possible fracture. W more than one edge is
returned from 526, there is a possible fracture. The edges are stored as mateices of pixel
positions; therefore, the end pixels of the two edges either side of the break can be used
to identify the potential fracture’s location. This is originally given ity coordinates
refative to the window, and is therefore adjusted based on window paosilion to give
coordinates relative to the entire X-ray image.

T step 53, consecutive overlapping windows are checked by landmark (ensure
each fracture only detected onee). Bach window covers fowr landmarks, with the final
two overlapping with the start of the next window. The windoews ave considered in
sequence; if a detected fracture falls within these two landmarks; 1t will not be counted
in the following windows. Fracture type, £.g., acctabulam, upper pubis, or general pelvie
ting, is identified by window label, as described in step S1.

Turning next o the T image processing system 11 in Figure [, reference 18 now
made to Figore & which presents a flowchart describing the operation of the O bone
deteetion subsystent, Pelvie CT slices are input at 111 {o a process 61 wiich performs
preprocessing and prelinvinary segmeniation. This is sccomplished by the process
wenerally indicated at 62, the first segmentation stage, and desertbed in more detail with
reference to Figure 7. The fivst step 621 of this process is to isolate the abdominal

region. Next, in step 622, the bone mask is formed. Then, in step 623, seeds are formed
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on the contowrs and the seeds are grown. The outpadt of process 61 ars candidate bong
objects. These are received by process 63, shape matching/object recognition. This is
accomplished by the process generally indicated at 64 and described in more detail with
reference to Figure 8. The fivst step 641 is to form bone templates. Then, matching cost
between template and prefiminary segmentation is caleulated at stop 642, Based on this
caleulation, the template with the lowest matehing cost is selected at step 643, The
selected template is used in step 644 1o exclude or retain segmentation regions. The
outprut of the shape matching/object tecognition process 63 is the roughly segmented
bone. This is input 10 the snake mods! for final bone segmentation process 63, This is
accomplished by the process indicated at 66, seoond segmentation stage. The fitst step
a6 is to flter the original CT slice: Then, in step 662, g snake model is generated. This
is input fo step 663 which initializes the snake model 1 the objoct-detected image.
Finally, in stop 664, the snake model is eveolved for final bone segmentation. The output
is the detected bones.

The first segmentation stage 62 is shown in more detail in Figure 7. Tlus stage of
the. system performs itial segmentation of a stngle CT slice, removing artifacts and
retuming a set of regions that may contain bone matter (candidate bone ebjects) The
input to this stage is an fndividual pelvie CT slice.

The first process 71 isolates the abdominal vegion. At step 711, the OT shice is
converted to binary mage, and i step 712, blob analysis 1s used to find the largest
object. Since bone matter has a brighter grey-evel value than soft tissue, the slice is
thresholded to a binary (hlack and white fmage). As with steps 524 and 525 in Figure §,
Otsu’s method s used to determing the most appropriate threshold, Bright objects in the
slice will appear as white pixel regions in the binary image. Since binary thresholding is
always approximate, morphological aperstions such as opening are applied to
disconnect these objects. For example, cables sround the patieat offen appear as bright
pixel regions in the CT slices, and must be disconnepted fom the main shdominal
region. Since the abdominal area will always be the largest object in a CT slice, blob
analysis is wsed in step 712 1o caleulate the area of sach detected object, and the largest
one is retained.

Instep 713, an shdominal rmask is built using largest object. The abdominal

ohiect detected in step 712 is isolated into & new binary image: the abdominal maskh.
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This mask s multiphied in step 714 with the origmal CT slice o isolate the abdominal
area from background artifscts. The resulting image will be known as &,

The image [, is input to process 72 to form the initial bone mask. In step 721, the
image de-naised and smeothed via Gaussian filter and wavelet ransform. A 2D
{raussian filter is applied to image 7, 1o reduce noise. This is the product of two 1D

{aussian filters, and is formulated as:

Gl 1) = e 2 (10

where x and ¥ are the distances from the origimal on the horizontal and vertical axes,
respectively, and o is the standard deviation of the Gaussian, Wavelet analysis is then
performed on the Gaussian filtered inmage (known as £;) to highlight edges. This is done
via 213 Thscrete Wavelet Transform (DWT) with Haar wavelet; the cutput image is
reconstructed using the approximation coefficients. The wavelet filleved image 7, s

given by

L=TLT? (1)

1
where T s
g

Yerrrrrrrrrreeeeeed

Isteps 723 and 723, the threshold s calenlated using statistical measures and
threshold bone mask. First, we ealeulate the mean and standard deviation of the
grey-level values of all pixels 1 £y, These are used to calenlate the throshold ¢, for

creating a bone mask, given by 7, = m, +af,, where
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and

S={x M ifxny=0 {14)
In this case, & is the set of the background pixels with zero grey-level value, and Card(S)
is its cardinality. This thresheld is applied to image I to obiain @ initial bone mask 8.

s
i
7

The indtial bone mask output Fon proecess 72 Is inputto process 73 1o find seed
regions. At step 731, the original image smoothed (1.2, climinate noise from originat
image) using adaptive Gaussian filter, The initial bone mask B, returned frony step 723
is refined o create an intermediary bone mask &, First, an inttial Gaossian Dlteris
applied 1o the abdominal image £, to oreate filtered image 7, The difference image D3, i3
formed by subtracting &, from £, The standard deviation ¢ of the grey-level values of
I3 s then caleulated, and used to detenmine the size of a filter window to be used In
constructing an adaptive Gaussian filter, which offers better notse reduction. Full details
are found in “An Adaptive Gaossian Filter For Notse Reduction and Edge Detection™
{G, Deng and Lo W, Calull, Nuclear Science Symposium and Medical bnaging, 1994).
The adaptative 20 Gaussian filier is applied o £, creating image £, The initial bone
mask B, is apphied to this image via multiplication to create the intermediary boue muask
B

fi step 732, Laplacian filter is applicd to enbance discontinuities, and then in

e

{ep 733, Canny sdge detection is performed to find seed regions, A Laplacian filter is
applied to the sriginal image [, for edge detection. Seeds scattered m the brightost
regions of the sliee are then ientified by selecting the pixels in the fitled mask B, with
corresponding negative values in the Laplacian filtered inage. The regions contatng
these seeds are then identified using Canny sdee detection, as outlined n “A
Computational Approach to Edge Detection” (Canny, 1986}, The adge pixels and seed
pixels for each region are combined, and regions less than 30 pixels in avea are
discarded. Contour seeds are placed on the edges of the remaining regions (again
detected using the Canny methed).

The output of process 73 is input to process 74, growing seed regions. At step
741, 9 » 9 neighboarhood of cach seed pixel is found and gradients caleulated. Each seed
placed in steps 723 and 731 is considered in turn. The 9 = 9 pixel neighborbood of each
seed pixel is found; 1.2, a sob of the 80 pixels forming a ¥ # 8 square sround the sead

pixel in the image (excluding the seed pixel tself). The gradients of the grev-level
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vatues between the sced pixel and sach of its neighbor are then calculated. After all
gradients are caleulated, the average gradient v, is found.

At step 742, average grey-level of § % § neighborhood of each seed ngighbor is
caleulated. For each neighbor pixel found in step 741, we extract i3 § % 5 neighborhoad.
This contains 24 pixels in total. We zalenlate the average grey-level value g, ofall 24
pixels.

Finally in step 743, the gradient and grev-level is nsed to decide whether to
include neighbor in growing seed region. The neighbor is added to the seed set iflit is on
the inside of the edge; its grey-level value is g, as calenlated in step 743, and the
sradient value between the seed and the neighber caleulated in 742 15 v, Note that steps
741 1o 743, the region growing stage, are repueated until either until fen fteralions have
occurred, or umiil the number of new seeds that ay iteration adds is loss than 10% of the
nuamber of existing seeds in the region.

Shape matching and object recoguition, as performed in process 63 of Figure 6,18
shown in maore detail in Figure 8. This stage of the system analyzes the set of candidate
hone objects and removes those less likely to be actual bone matter via a shape matching
approach: The fnput 1s the set of candidate bone objerts created by initlal segmentation
stage, represented by a segimented slice image.

At step 81, bone templates are manually formed from reference UT scan. Bone
templates are created vsing U images from the Visible Human Project, by manually
selecting hone regions from the chosen slices. Tomplate maiching is necessary since the
set of candidate objects created by initial scgmentation is likely to contain blood fissue
and flaids aswell as bone matter, and these maust be fillered out,

Then for cach bone template, process 82 is performed. In step 821, conirol points
on edges of cach shape in segmented image and template are selected. The method for
shape matching was introduced by “Shape matching and object recognition using shape
contests™ (8. Belongte, J. Malik and 1. Puzicha, IEEE Trans. on Pattern dnalvsiz and
Muachine Intelligence, vol. 24, no, 4, pp. 309-522, April 2002). Each bone tamplate R, is
considered i tnem. For each object in the segmented image Iy and each object in the
bone teinplate 8, control points are placed around the edge. These conirol points allow
matching of objecis between the two images. The number of control points used for each

obiject is a percentage of s total number of edge points.
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Al step 822, the shape context around sach control peint is determined. Shape
context is a way of deseribing a shape that allows for measuring shape similarity, Fora
control point p; on {he contour of an object, the shape context is given by:

hily = Cardlq = p, g - p) & bin(#)] (15)
In other words, shape context is provided by the histogram of the relative coordinates of
all the other conirol potnts around the same object. We calonlate the shape context for
all contowr points in both the template image and the sepmentation image.

At step 823, matclung cost for points between two shapes is calculated, and af
siep 824, the total matching cost betwesn each shape is determined. The cost £, of

matching a point p, in the segmented tmage with a point ¢; in the bone template is:

: & -k (7
Cr{pgd‘ q}) = ‘}“ z .E.....L_,_,,....._J.L.l_.

, - {16}
253 }'?ﬁ{fi}ﬁ?)j(ic}

where (&) and A,(&) are the shape contexts for the two poiints. This cost function
quantijatively assesses the degree of match between any pair of points on the contours of
the twao shapes. Each shape in the template image is individually matched with every
shape in the segmented image. This is done by calevlating the shape contexts for every
control point along the contour of the lempiate shape T and the segmented shape S,
ﬁiufrenﬁy being vonsideved, then calonlating the cost for matching cach point from Poa
poird on 8, The overall cost of a matching 7 and 5, is the sum of all individual point
migtch cosis.

The output of process 82 is input to process 83, filter candidate bone object set,
Thare, at step 831, the total matching cost between segmented image and each bong
template 18 caleulated to find best tfemplate. The steps in process 82 are repeated for gach
bone jemplale image. An image match cost value 3s caloalsted cach time as the sunt ef
the shape match costs between the segmenied image and temiplate. The best bone

terplate B, for the CT shoe cwrently under consideration is the one that gives the
R

towest tmage match cost. Or, nwre fermallye

For = 80 e RO RS {17

At step 832, the “best” template is used to eliminate objects in segmented image.

St
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We use the template R o select the maost likely hone objects from the candidate set.

This is done by sequentially eliminating individual candidate bone objects from the
segmented image, then caleulating the image match cost hetween the resulting

segmentation partition and the hone template. I an object ropresenting bone is
ineorrectly remnoved, this cost will increase. Conversely, if a non-bone object is
remaved, the cost will decrease. This method is repeated 1o obtain the lewest matehing
cost; the corresponding segmentation partition contains the most likely set of hong
objects,

The second segmentation stage 66 shown in Figure 6 15 ilustrated in more detail
in Figure 9. This stage of the system takes the set of likely bong objects returmed by
shape matching and performs more accurate segmentation using a snake method. This is
the second and final stage of bene detection/segmentation. The input to this stage is the
sed of most Likely boue ohiocts crested during olyjext recognition, and the adaptive
Gaussian filtered version of the original image created during the initial segmentation
stage (see Figure 7}

The firstprocess 91 is fo calculate snake parameters. At step 911, the magnitide
of the gradient for the adaptive paussian filtered version of the original image (1) 18
caleulated, and in step 912, the odge map is oreated. Active contours {or snakes) are
used frequently in computer vision for detecting object edges. A snake is defined as an
energy minindzing spline, whose energy dopends on its shape and location within the
fmage, lis behavior i1s guided by external and internal forces, and use of the night
external force helps guide the snake toward edges. For this, we use the Vegtor Field
Convolution {VFC) method, as defined in “Active contonr external foree using vector
field convedution for image segmentation” {Bing Li and Scott T. Acten, JEEE Trans, on
Bnage Processing, vol. 16, no. 8, pp. 2096-2106, August 2007}, First, the cdge map flx,
VY is caloulated from the image /; (genersted in the initial segmentation stage by
applying an adaptive Gaussian filier to the original abdomen image L), This is done by

cateulating Z;'s gradient magnitude, using the following formula:

whers
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A / . {3 7. ry ¥ . £ YNy
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The edge map is generated by dividing the gradient magnitude at each point {x, ¥} in &
v the maximum magnitude in J.
At step 913, the Vector Field Kemel (VFK) is caleulated. The vector field kemel
(VEK) ke, ») = [ 9, (e, )] is defined by:
K{x, 3y = mix, 1) lx, ¥) (20)

whers mix, ¥} is the magnitude of the vector at (v, ) and #{x, ¥} Is the unit vector that

points towards the kemel origin. This is given by

nix, 3y = %, Z¥ (1)

prosac sy
i

where » 15 the Buclidean distance from the origin

At step 914, VFC external force is calenlated using VFK The external foree to
apply to the snake is calenlsted as the convolution of the VFK. determined in step 913
arwl the edge map gencrated m stop 912:

Salr »y= fl 33 ¥ Rx ¥) (22

In the edge map, peints near image edges have larger values, so they contribute more (0
the VFC force. This causes the snake to be attracted to edges in the image, Le., the
comtours of bone objects. This force is passed straight to process 92, which evolves the
shake.

The input to process B3, initialize snake, s the set of wost likely bone objects. In
step 931, the binary version of shape-matched image I8 obtained, and in step 932,
dilation is applied to enlarge region’s shape. The segmented shape-matched tnage
containing most likely bone objects is thresholded to give a binary image #.. The
separate regions, or objeets, in the binary tmage are identified. In the original image,
these regions are most likely to contain the pelvic bones. Once identified, morphological
dilation is apphed to enlarge cach region. This ensures that the edges of the regions in B,
are outside the natural bone edges in the segmented shape-matched image.

Tn step 933, the object edges in shape-matched unage are detected via Canny
edge detection, and in stop 934, 5-10% of edge poinis are selected as seeds to tutislize

the snake. Edges in the shape-matched image are identified nsing Canny edge detection;
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firll mathetmatical details on this method can be found n A Compatational Approach
to BEdge Detection™ (John Camny, Readings in Computer Vision, Fischler and Firschein,
Fds., Morgen Kagfimann Pub, pp. I84-203, 1987, Seeds for initializing the snake are
then placed along the detected adpes at appreximately equal distances apart. The total
munber of seeds placed ix §-10% of total edge length.

In step 935, the snake curve is initialized. More spocifically, the snake curve is
tdtalized as a Bspline curve, This is a continuons parametric curve that depends only

on @ set number of control poinis, and iz defined by

X
) = 35 vpw @
g

k. N . - i < .
where B, (i) are the polynomial blending functions, 1 is the corve parameter, and

Fih - .o ¥y ave the contrel points. When inttializing the snake, the control potnis are

provided by sampling the seed points generated in step 934 at a step of .13,
Returning to process 92, the snake cwve 18 evolved {0 minimize ensrgy

functional, The snake curve evolves by trying to minimize the sum of 88 internal and

external energies, defined by the energy functionsl:

{ 1 !
E = { B8 Pds + [ I L SU(sY Py + fF{S}cis' {24)
g 2 s 2 )

F(5) is the external energy, caloulated as described above, and 18 minimal near object
edges. o and § are the parameters that control the curve™s teusion and rigidity,
respectively. Full details can be found in: *Snakes: Active contour models”™ (Michagl
Kass, Andrew Witkin and Demetyi Terzopoulos, International Jowrnad of Compuier
Fision, vol. 1, no. 4, pp. 321331, January 1988).

Figure 10 illustrates the processes of decision tree generation and rule exiraction,
This final stage of the systom shown in Figure 1 uses the features extracted in the €T
and X-ray processing stages to generate prediction rules for patient outcomes. The input
to this stage are foatures extracted in previous steps (quantitative displacement measures
and fractare details). As with the Spline/ASM segmentation stage, this component of the
system requires training prior to deplevient, Unlike Spline/ASM, this stage can be

gasily rerun a3 new cases are added to the labeled pationt database, to inyrove the

23



WO 2010/117575 PCT/US2010/027601

predictive quality of the generated rules. As previously deseribed with reference to
Figure 1, during the training phase the demographic and njury data input o 12 and
stored in database 13 is g prior dataset used to train the predictive model generated by
the data processor 14, This prior dataset; along with matching C7 and/or Xoray images
for sach patient and their eventual outcome is used during the training phase to generate
prediciive models. When the generated model i3 later used to take predictions for a
new patient, the same information is collected and vsed as input.

I step 1001, & correlation-based selection is made of subset containing most
significant features for prediction task. The Correlation-based Feature Selector
algorithm (CES) ranks feature subsets avcording to a correlation~based evaluation
funetion, favoring those than contain features highly correlated with the class and
uncorrelated with each other. This chooses the most prediciive feature subset for the
task. The evalualion function is given by

P p

R 1y e

where M is the beuristic goodness of g feature subsel S conlaining n features, F‘m is the
mean correlation between features and classes (f' £ 8) and ?@g is the average comrelation

hetween foatures. Full implementation details ave foond in “Correlation-hased Feature
Selection for Machine Leaming” (M. A, Hall, Phi thesis, University of Waikato,
Hamilton, New Zealand, 1998).

The results are input to rule generation process 1002, In step 1021, devision troes
are built using CART and C4.3 algorithms. Using the reduced foature subset output by
progess 1001, the Classification and Regresston Tree (CART) and C4.5 algorithms are
used to build binary decision trees clagsifving input cases ihto one of two classes (for
example, ICU (Intensive Care Unit) days < 2 and > 2). At each step of tree construction,
the process chooses the “best” variable to split on, where “best” reflects how well the
split creates subsets that have the same value as the target vaniable,

CART uses the Ginl index, which measures the impurity of a data partition. It
reaches its muacimum value when the two subset sizes at the node are equal, and

minimam when onhy-one of the two classes is present at the node, Gind index is defingd

3
o



WO 2010/117575 PCT/US2010/027601

aq8:
: it 3 y )
Gy = 1- ¥ pf {16)
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where p, is the probability that a member of set I helongs to class €, estimated as

—~=2 T this embodiment, there are two classes Cy and . Foll details on CART ate
H
$

provided in Classification and Regression Trees (L. Breiman, Chapman & HallVCRC,
1984).
4.5 splits on the vatiable with the highest normalized information gain, a

measure based on the concept of entropy. This is caloulated as;

TGS, Ay = Entrop(8) ~ Entropy{§ | 4} {27}
where 8 is the dataset, 4 is the splifting variable, and entropy 15 defined as:
3
Entropy(S) = =} pls) log, p(x)) (28
i1

where p is the probability mass function of 5. Full implemeantation details for C4.5 can
be found in Programs for Machine Learning {John Ross Quindan, Morgan Kaglmann
Pub., 1993}

In step 1022, grammatical rules are extracted by fullowing tree branches. The
decistion trees output by step 1021 can he converted to sets of IF-THEN grammatical
rules by following each combination of branches dewn o its leaf node (which contains &
class label)., The number of rules extracted depends on the size of the tree, Each rale
takes the forme IF (combination of atiribate values) THEN {class labet).

In step 1023, test plus validate rules are applied using ten~fold cross-validation,
and in step 1024, filter rules are applied, keeping those with high accuracy (=83%%).
Filtering s applied to the set of rules output by step 1032, Rules that spply to too few
examples in the training set are romoved. Acouracy, sensitivity and specificily measures
are individually caloulated for each of the remaining rules. Rules with >83%; accoracy
are retained. The performance metrics are caleulated using ten-fold cross validation to
better test the generalization capabilities of each rule,

As described with reference to Figwee 1, the decision support system of the

%3
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arnbodiment of the invention provides views on display 13 which advise and assist the
physivian in treatment of the patient. Figare 11 iflustrates in disgramumatic form a
standard prediction view. The display screen is divided into four aveas, three across the
top of the display screen and one across the battom of the screen, It will be understood,
howaver, that this arrangement and contents can be varied within the scope of the
invention. In the example ilustrated, the first area 1101 provides & display of the X-ray
image with highlighted potential fractures or displacement, The next arca 1102 provides
a display of 8 CT slice with segmented bones which will be used to show fracture and
areas of concern, The third area 1103 provides text and numeric patient data, such gs
age, sex, blood pressure readings, tests performed, and other pertinent data. The area
1104 helow the first thees areas provides predicted patient ontcome {e.g., expected stay
in Ttensive Care Unit), the rules used to predict patient cutcome, with option 1o view
rule tree, and recommendations for reatment. Should the physician elect to view the rule
tree, the tree view shown in Figare 13 would be presented on display 15 shown m Figure
1

‘While the invention has been described in terms of a single preferved
embodiment, those skilled in the art will recognize that the fnvention can be practiced

with modification within the spirit and scope of the appended claims,
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CLAIMS

Having thus described our invention, what we claim as new and desive to secure

by Letiers Patent is as follows:

1. An automated decision-support systemm for analysis of bone X-ray and computed
tomography {CT) images to provide diagnestic qud therapeutic recommendations,
comprising:

means for inpeiting X-ray bone images;

first pre-processing means for autoniated segmenting of multiple bone Xeray
image structures, said automated segmenting being performed on each stracture
individually using Active Shape Model (ASM) technigue, a previously detected bone
structure being nsed to begin detection of @ next bone structure;

fracture defection means receiving segmented multiple bone Xeray images from
said fivst pre~processing meaus and oulpuiting data identifying one or more detected
fractures in an X-ray bone image;

displacement calenlation means receiving segmentad multiple bone X-ray unages
from said pre-processing means and measuring displacements of bone scaments;

wmeans for inputting CT bone images;

second pre-processing means for mtomated segmenting of multiple bone CT
image structures,

template/shape matching means receiving segmented multiple bone €7 mmages
from said second pre-processing means and identifying segmented bone images,

aprovessed travma databage recetving and storing data from said fracture
detection means, ssid displacement calculation means, and said tomplate/shape matching
means;

data processor mosns for accessing datain said processed trauma database,
applving machine learning to accessed daty, and generating rules for predicting pay
severity;

display means coupled with user interface means for receiving and displaying
dingnostic information including images of detected bone fractures and predictions of

injury severity from said data processor means, said user interface configured fo recetve

fAS]
-}
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gser put of therapy 1o be administersd to a patient; and
a patient revord daiabase recording the diagaostic tnformation and therapy to be

administered for the patient.

2. The automated decision-support system according o claim 1, wherein the ASM
techmique of said first pre-provessing means ineorporates cubic spling interpolation to

regulate shape curvature of segmented X-ray bone images,

3. The automated decision-support systemn according to clam 2, whergin the ASM
technigue of said first pre-processing means uses landmark positions to calculate

symmetry and horizontal/vertical gap measures of segmented X-ray bone tmgges:

4, The mtomated decision-support system according to colaim 1, whersin fracture
detection means detects possible fractures in Xoray bone images using wavelet transform

anid edge iracing fechmiques.

3. The sutomated decision-support system acvording to claim 1, wherein said second
pre-processing means vses bone masks and seed growing techniques fo exiract objects

potentially representing bone ina CT slice,
&, The astomated decision-support system according to claim 8, wherein said second
Pre-processing moans uses bone masks in combination with shape matching {o identify

candidate hone objects.

7. The awomated decision-suppert system sccording te olatm 5, wherein said second

PrE-Processing means uses sutomated seeding ot ¢ Snake Model and yses the Snake

Mode! to unprove segmentation of bones.

§. The automaled deciston-support system aceording to claim 1, further including mcans
for inpuiting other information, inclnding demographics and injury details, to said
processed trauma database, said data processing means aceessing Said other information

for generating rules for predicting injury severity and recommended therapy.

B
e



]

s

Tl

Lok

(%]

.t

LA

WO 2010/117575 PCT/US2010/027601

g, The avtomated decision-support system according to claim &, wherein the means for
inputting other information inpats prior patient datasets to frain a predictive model using
machine leaming by said data processor means, said data processor means using the

predictive mode! to make predictions for 8 new patient,

10. The automated decisiowsupport system according to claim 1, wherein the Xeray

bone images and the CT bone images are of a patienl’s pelvic region.

11. The automated decision-support system according to elaim 1, wherein the display
nieans displavs an Xeray image with highlighted potential fractures or displacements, a
CT slice image with segmented bones showing fracture and areas of concorn, palient

data, and predicted patient ontcome and recommendations for treatment,

12. The automated decision-support system according to claim 11, wherein the display
means further displays rules used to predict patient onicome with an option to view &
rule tree, the display means displaying a rale tree when the option o de so 1s selected via

the user interface moans.

13. An automated deciston-support method performed by a computer for analysis of
bong Xeray and computed fomography (CT) images 1o provide diagnostic and
therapeutic recommendations, comprising the steps off

inputting Xoray bone tmages;

antomated segmenting of mulliple bone X-ray bnage structures, said automated
segmenting being performed on cach structure individually using Active Shape Model
{ASM)} technigue, a previously deteeted bone strocture being used to begin detection of a
next bone structure;

receiving segmented muliiple bone Xeray images and outputting data identifying
one or more detected fractures inan X-ray bong image;

caleulating displacement of recsived segmented multiple bone X-ray images
fromt and measuring displacements of bone segments;

mputting CT bone images;

23
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automated segmenting of multiple bong CT image struciures,

receiving segmented multiple bone OT tmages and identifying segmented bone
iimages using template/shape matching;

receiving and storing data of detected fractures, caleulated displacement, and
identified segmented bone CT fmages in 2 processed trauma database,

accessing data in said processed trauma database, applying machine learning to
accessed data, and generating rules for predicting injury severity;

recetving and displaying diagnostic information including images of detected
bone fractures and predictions of yury severity;

recetving user input of therapy to be administered to a patient; and.

storing diagnostic information and therapy to be administered for the patient in a

patient record database.

14, The mtomated decision-support method according to claim 13, wherein the ASM
techiique incorporates cubie spline interpolation to regulate shape curvature of

segimented X-ray bone images.

15, The awtomated decision-suppornt method according to clatm 14, whetein the ASM
{echnique uses landmark pesitions to caleulate symmetry and horizontal/vertical gap

measures of segmented X-rdy bone images.

1fh. The sutomated decision-support method according to claim 13, wherein detection of
possible fractures in Xe-ray hone images is performed using wavelet transfornt and edge

tracing tochaigues.

17. The automated deciston-support ructhod according to claim 13, wherein bone masks
and seed growing technigues are used to extract objects potentially representing bone in

a CT shice.

8. The awfomated decision-support method according to claim 17, wherein bone masks

in combination with shape matching is used o identify candidate bone objects.
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19, The sutemated decision-support method according to claim 17 wherein automated
seading of a Suake Model is performed and the Snake Model is used to improve

segmentation of bones.

20, The automated decision-support method sceording o clatm 13, further including the
step of inputting other information, including demographics and injury details, o sad
processed trawma database, said other information being accessed for generating rules for

predicting injury severity and recommended therapy.

21, The automated decision-support method according to claim 20, wherein the step of
nputting other infonmation inputs prior patient datasets fo train a predictive mode! using
maching learning by computer, satd computer using the predictive model to make

predictions for a new patient.

23, The automated decision-support method according to claim 13, whersin the X-ray

bone nages and the CT bone images ave of a patient’s pelvie region.

23, The awtomated decision-support method according to claim 13, wherein the stepof
recetving and displaving includes displaying an Xeray bmage with highlighted potential
fractures or displacements, a UT slive image with segmented bones showing fracture and
arcas of concemn, patient data, and predicted patient outcome and recommendations for

freatient,

24, The automated deciston-suppert method according to elatm 23, wherein the siep of
receiving and displaying further includes displaying rules used to predict patient
sufcome with an option 1o view a rule tree, and displayving a rule tree when the oplion to

do so s seleoted via g user interface.

25, An automated decision-support system for analysis of bone X-ray images to provide
diagnostic and therapeatic reconumendations, comprising:
means for inputting X-ray bone anages;

pre-processing means for antomated sepmenting of nultiple bone Xeray image

fak
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§ structures, said automated segmenting being performed on cach strncture individoally
6 using Active Shape Model (ASM) technique, & previously detocted bone structure being
7 used to begin detection of a next bone strocture;
3 fracture detection means receiving segmented multiple bone Xevay images from
9 said first pre-processing means and cuipuiting data identifying one ormore detected
18 fractures in an X-rav bong image;
11 displacement caleulation means receiving segmented multiple bone Xoray images
12 from said pre-processing means and measuring displacerients of bone segmenis;
13 weans for inputting ether information, mchuding demographics and mjury details,
14 o said processed travna database, said data processing means agcessing said other
15 information for generating rales for predicting infury severity and recommended theraps:
16 a processed tranma database recoiving and storing data from said fracture
17 detection means and said displacement caloulation means;
18 datg processor means for acvessing data o said processed frauma database,
19 applying machine leaming to aceessed data, and gencrating rules for pradicting injry
24 severity, said means for fnpuiting ather information receiving prior patient dataseis to
2 train a predictive mode! nsing machine leaming by said data processor means, said dada
22 processor means using the predictive model to make predictions for a new patient;
23 display means coupled with user inferface means for receiving and displaying
24 diggnostie information inchuding images of deteeted bone fruetuwres and predictions of
28 injury severnity from said data processor means, said user interface configurad to receive
26 user input of therapy to be administered to 4 patient; and
27 a patient record database recording the diagnostic information and therapy to be
28 adrnisterad for the patient,
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