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(54) Title: AUTOMATED MEASUREMENT OF BRAIN INJURY INDICES USING BRAIN CT IMAGES, INJURY DATA,
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Figure 1

(57) Abstract: A decision-support system and computer implemented method automatically measures fee midline shitt in a pa-
tient's brain using Computed Tomography (CT) images. The decision-support system and computer implemented method applies
machine learning methods to features extracted from multiple sources, including midline shift, blood amount, texture pattern and
other injury data, to provide a physician an estimate of intracranial pressure (ICP) levels. A hierarchical segmentation method,
based on Gaussian Mixture Mode! (GMM), is used. In this approach, first an Magnetic Resonance Image (MRI) ventricle tem-
plate, as prior knowledge, is used to estimate the region for each ventricle. Then, by matching the ventricle shape in CT images to
fee MRI ventricle template set, the corresponding MRI slice is selected. Prom the shape matching result, the feature points for
midline estimation in CT slices, such as the center edge points of the lateral ventricles, are detected. The amount of shift, along
with other information such as brain tissue texture features, volume of blood accumulated in the brain, patient demographics, in-
jury information, and features extracted from physiological signals, are used to train a machine learning method to predict a vari-
ety of important clinical factors, such as intracranial pressure (ICP), likelihood of success a particular treatment, and the need and/
or dosage of particular drugs.
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AUTOMATED MEASUREMENT OF BRAIN INJURY INDICES
USING BRAIN CT IMAGES, INJURY DATA, AND
MACHINE LEARNING

DESCRIPTION

BACKGROUND OF THE IXVENTION

Field of the Invention

The present invention generaily relaies 1o a decision-sappont system and
computer irmplemented method to antomatically measure the midline shift using
Computed Tomography (CT) images and, more particularly, to a decision-support
systen dmd computer implemented methed that applies maching learning methods o
features extracted from muliiple sources, including midiine shifl, blood amount, texture
pattern and other injtry data, 1o provide a physician an estimate of intracraal pressure

{CP} fevels

Background Description

[t is estimated that every year, 1§ million people in the United States sustain
traunatic brain injuries (TRI). Over 50,000 of these patients will not survive, and many
wihers will be lell permanently disabled. The seventy of TBs known to be
accompanied by ah increase in intracranial prassurs (ICF), as the presence of hematomas
compresses the brain tssue,

Severe ICF can be fatal, and 5o mwust be monitored. This typleaily requeres
cramial trepanation, s visky procedure for the patient, However, some signs of increased
ICP are visible on medical soaus. For example, midiine shift usually happens due to
some focaily incressed ICP and can be captured from the brain Computed Tomography

sy

(€T} scans. These fmages provide au opportanity for non-invasive nionitoring of ICP
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which can be used as a pre-sereening step for ceanial trepanation. Since the speed of
dHagnosis s vital, CT imaging is still the gold standard for initial TBI assessment. CT
scanning is nsually capabls of clearly revealing any severe abnormalities such as
fracturss or hamatoreas,

While CT seans are commonly used for detection of gross injuries i the brain,
midline shift of the brain is usually measnwed by simple visual inspection by physicians,
Tnaccurate or inconsistent 0T image reading is oRen associated with the nature of the
human visual system and the complex structure of the brain, Small audline shifts are
slusive but are often invaluable for assessment of brain injury, in particular before a
patient’s condition becomes more severe. Failurs to detect these small changes in brain
sligrument can resalt v underestimation of the seventy of injury leading o inaction on

the part of healiheare providers, This in tamn may result in suboptimal patient culcomes.

SUMMARY OF THE INVENTION

An ersbodiment of the invention provides novel image processing technigues
and comnputer vision methods, as well ag expert climeal knowledge, combined to
quantitively mimic how physicians read and interpret OT scans in order to more
accnrately delect shifting of brain tissue, La, “midhne shifi”, or & significant change in
the size of fateral ventricles.

Acvording o an embodiment of the invention, when coupled with additional
sutomated measures such as biain Ussee fexture, quantification of hematonts volame
and iyputation of pertinent demographic and injury data, machine learning
computational techniques are apphied to predict ather important diagnostic information
stich gs intracranial pressuve (HUP).

The method implemented first detects the ideal midline based on anatonical
featyres in the brain bones and tissues. The ideal nidline s an imaginary midhne if there
were no injuries. Image processing techniques sve designed to detect the profrusion in
the anterior part of the bone and the flax cercbyl in the posierior region of the bram
tissue. These anatonical features are exactly the ones inspected by physictans in visual
inspection of CT scans, The difficulty of detecting these anatomical features is that there

are miany other brain structures n the CT images which may interfere or mislead this

e
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process. As such, pricer knowledge on anatomical stricture i3 used to address this jssue.
Specifically, prior kaowledge is used to approximately identify the reglons of these
structures and thes refine the search using advanved signal processing mathod, This
appraach provides both high speed and high aceuracy.

The next step is to segment out the veniricles from the rest of the brain. Since
thers is no obvious midline across the conter of the brain, ventricle svstem defornation
is anatyzed to obtain the midline deformation in these regions. Having the result of the
ventricle segmentation, the actual midling, Le., the midline afler njury, can be
estimated. A hievarchical segmentation method, based on Gaussian Mixture Model, 18
used for this step. T this approach, first an Magnetic Resonance Image (MR} ventricle
template, as prior knowledie, iy used to estimate the region for gach ventricle. Then, hy
matching the ventricle shape in CT images (0 the MRI ventricle template set, the
corresponding MRI slice 18 selected, From the shape matching result, the feature puinis
for midline extimation in C7 slices. such as the center edge points of the lateral
veniricles, are detected.

Uince the segmeniation process is completed, the actual midiing is estimated
based on these leatare points. Using shape match to estintate the actual midlineg provides
g robust and acourate process, which successfully deals a vary wide range of
pathelogical vases. Afler both jdeal midhne aud actual midiine are detected, the shift or
deformation can be caleulated. This shifl indicates the midline defornation around the
ventricle system.

Finally, the amount of shiff, along with other information such as brain tissue
texture features, volume of blvod sccumulated in the brain, patient demographivs, injury
information, and features extracted from physiological signals, are nsed 1o traln g
machine leaming methed o predict a variety of important clinical factors, such as
intracranial pressurce (ICF),

The inveniion provides agcurate detection of ideal miidline, the useof both
anatornical features and spatial templates derived from MR images to identity
ventricles fivim pathologival CT tmages, and a povel sudtiple reglons shape maiching
algorithm which provides & very robust actual midline estimation method to deal with
diverse ventricle shapes. The tnvention provides a practicad, acourate, automated method

for measurement of midline shift from 7 images, sccurate detection of ventricles Fom

Tus
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T imags, accurate and non-invasive sstimation of ICP, accurate noninvasive soresning
/ dingnostics as well as treatment planning. The applcation of the technigue acrording
to the invention can help physicians avold ime consuming, nvasive, risky, and castly
alternatives.

This technology can be used to determine which patients will require more
aggressive monitoring and treatment options. For example, systems implementing the
fitvention ¢an be used in emergency depavtment and titensive care anits 1o help measure
the midine shift as well as the ICP automativally. Once a threshold s reached, actions
can be taken by physicians, The technology implementing the invention relates the
midline shift fo the Tntracranial Pressure (TCP) and provides an ostimation of ICP
without invasive operations. Moreover, the technology and approach would benefit

wiher brain injories such as stroke and infection.

BRIEF DESCRIPTION OF THE DRAWINGS

The foregoing aud other objeots, aspects and advantages will be better
anderstood froan the follmving detadled deseription of a preferved smbodiment of the
juvention with reference to the drawings, in whick:

Figure 1 is a block diagram of a system on'which an embodiment of the
invention can be buplemented;

Figure 2 ix a block disgram iltustrating the various componsnts of the
embodiment implemented on the system of Figure 1;

Figure 3 ix o flowchart iflustrating the logie implemented by the midline shifl
detection compaonent of the embodiment shovers 1o Figure 24

Figare 4 45 a flowchart iBustrating in mors detail the logic implemented by the
nidline detection component shown iy Figure 3;

Figure § fya graphical illustration showing how the symmetry meastrs is
calonlated by the midboe detection component;

Figure 6 is & microphotograph showing & magnified detail part of the anterior
PEOTTUSION;

Figure 7 is i graph showing the skull wall as a one dimensional {11 graphed

funchivay
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Figure & is a flowchart iHustrating in more defail the logic implemented by the
ventricle detection and bloed Tevel estimation component shown in Figure 3

Figure % is a flowchart Hlustrating in more detail the logic implemented by the
provess of the actual midline estimation and calenlating shift from the ideal midline
comyponent shown in Figure 3

Figure 10 is a graphical Jlustration explaining the adventages of MRSM when s
sepmented ventricle 15 much smaller and with different distance between regionsin
pathological cases than the template veniricle;

Figure 11 is a flowchart Jlustrating the logie of the texture analysis component
shown o Figure 2:

Figure 12 is an image of & CT slice showing locations of analyzed windows;

Figure 13 is a flowchart iHosirating the logic of the feature aggragation
component shown in Figare 25 and

Figure 14 s a flow chart illustrating the logie of the SVM prediction component

shown i Figure 2.

DETAILED DESCRIPTION OF A PREFERRED
EMBODIMENT OF THE INVENTION

Iy clinie settings, the midline shift is widely sceepted as an indicator of elevated
inteacranial pregsure (JCP). However, the relation applies only when the midline shift s
obvions enough which indicates very high ICP and thus is useally too late for timely
treatment. An aim of the present inventiow 1s o reveal the relution o TOP with al levels
of midline shift as well as other information, such as braln ssue texture in U7 images,
hematoma volume and pertinent demographic sud injury data. The final result is an
aceurate prediction of IOP to assist medical decisions.

An embodiment of the invention is described in terms of a decision-support
systemt on whiclh the methods of the invention may be implemented. The system 1§
compased of varioys signal processing components, imaging processing components,
databases and computational interfaces that one of vrdinary skill in the computational
and signal processing arls will be famibiay with, The nethods of the nvention are

deseribed with reference to Sowcharts which Hustrate the logic of the processes

pAa]
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implemented. The floweharts and the secompanying descriptions wre sufficient for one
of ordinary skill in the computer programming, signal processing and inage processing
arts to propare the necsssary code to implement the embodinent of the inventon.

Referring to the dmwiﬂgs, and more particalsrly to Figwre &, there is shown a
decision-support system on which the embodiment of the nvention may be
implomented. Computed tomeography (OT) images are gensrated of the patient’s brain
by a CT imaging machine 11, The CT bmage shices are input {o a computer or data
processing system 12 which is programmed to perform signg! processing and image
processing deserihed inmore detail with reference to the flowcharts which follow. The
computer 12 alse receives as inputs 13 demographic details and tnjory seorves of the
patient. The demograpbic details and fnjury soores may be input divectly to the computer
or data processing system 13 by means of user interface, such as a keyboard, or fam a
network where that Information has been previously ontered snd stored, The computer
12 performs computations which measure the midline shift as well gs the R
automatically. The results of these computations are displayed on display 14 and provide
an brdication of IOP severity classification to assist @ physician in making thevapeutic
decisions concemning the patient.

The embodiment of the nvention implemented on the decigion-support system
shovan in Figure 1 is Hlustrated In Figure 2 and provides an ICP prediction using
standard axial Computed Tomegraphy {CT) images of the brain collected from the
patient 1o he tsed as 3 screening provedure prior W invasive manitoring. [CP estimation
can bo repeated with every new scan taken, providing an updated estimate cach timen the
system is also ableto he dynamically updated by generating new predictive modgals as
e patient date becomes available. The CT scan is input to two subsystenis of the
system: the midiine shift, blood amouat subsystem 21 and the texture @ analyais
subsvatons 22, As illostrated, the process of subsystem 21 ix hriefly tHustrated at 23, This
process begins with the ideal midiine detection step 231, Nex(, at step 232, lnw level
segmeniation is performed via Ganssian Mixture Model {GMM}, At step 233, blood
amottt extiniation is computed, and at step 234, termplate matehing is performed to find
ventricles. Then, in step 238, an estimate of actual midline is calenlated. F tally, in step
236, the mudline shift is caleolated,

The process of subsystem 22 is briefly (Hustrated at 24, The first step 241 s to
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select sub-images as regions of interest, Thow, in paralic], 2 Grey Level Run Len
{GLRL) analysis is made at stop 242, 2 histogram snalysis 1s made at step 243, a Fourjer
analysis is made at step 244, and a wavele! analysis 15 made at 248,

The outpuls of the midiine shift subsvstem 21 and the texture analysis subsystem
22 are inpat o o featurs aggregation subsystem 28, which also recetves as mput
demographic details aud liyury scores. As previously mentioned, the demographic
details and injury scores may be taput directly to the coraputer or data processing system
12 by means of ussr interfacs, such as 2 keyboard, or from a network where that
information has been previously entered and stored. The provess of the feature
aguregation subgystern 25 is briefly lustrated at 26, The first step 261 is to determine
feature fof difforent slices from the same CT scan, Then, in step 262, the min(f), max(f},
median (], stand(f), and mean{/} are generated ax features of the U7 svan. For blood
smoarnt, sum{/) is added,

The output of the feature aggregation subsystom 23 is input to the feature
selection and ICP mode! building subsysten 27, The process of the feature selection and
ICP model buikding subsystem 27 is beiefly iHostrated st 28, The frst step 281 is filter
type feature selection. Neyt, in step 282, wrapper type feature selection with Suppord
Vector Maching (SVM) is performed. Finally, in step 283, ICP classiffeatio via Suppost
Veotor Machine (SVM) is porformed. The outpat of the feature selection and 1CP muoded
building subsystent is an 1P severily classification.

Having deseribed the overview of the system, each of the several subsystems of
the system wifl now be describad in greater detail, Figure 3 presents a flowchart
describing the operation of the midiine shift and blood st detection subsystem 22
shown i Fizure 2. This subsystem anmalyzes the full axial {top-down} Computed
Tomography (CT) scan ser of images and retams a quantitative estimate of any midhne
ghif that has occurred. Due to the rigid structure of the shall, edema (swelling) of the
bratn caused by injury or disease can lead to shift and compression of soft tissue, which
is assaciated with an elevated level of ICP, The degree of shift can be caloutated as the
ditference between the “ideal midling” of the brain and the “actual midline” of the brain,
as detected n the slices of an axial CT scan. In both these terms, “muidhineg™ refersto a
line running from the from $o the back of the skall o an axial view; over muliiple shices,

this extends info a plane dividing the left sud right hemispheres of the brain,
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The ideal midling, fe., what the midline woald be if the patient were healthy, s
deteeted at step 31 using & novel combination of skull symmetry and knowledge of
anatornical struchires. The actual midline is detected at step 32 by locating the vertricles
in the stice images. Thess are displaced along with the other soft brain tssues in cases of
High ICP, but are sasier to detect due to their darker grayscale values in & CT image, The
“sotual midline” of the brain is the vertical ling that i approgimately halfway between
the left and right ventricles. The first step 321 in the process is low level segmentation
via Gaussian Mixture Model (GMM). One of the outputs of this process is estimated
Tlood vohune. Another outpul is provided to step 322 tn which template matching is
performed to find the ventricles. At step 33, the shift caleulation is performed, The first
step 331 is to make an estimation of the actual midline. Then, io slep 332, the nydhine
shift calcutation is made. The output is the shift value.

Figare 4 shows in more detail the process of the ideal midline detection
component 31 shown in Figure 3. This stage of the system detects the ideal midline of
the brain via analysis of an axial T brain scan {as a sequence of shee nnages)

The fiest step 41 1s to detect approximate midline using symmetry. An
exhanstive rotation angle search around the mass eenter of the skull is used to find a
dividing line that maximizes the symmetry of the two resulting hatves. This 1s taken to
he the approximate ideal midiine. The sab-steps from step 41 explain this process in
mare detail. Al steps 41a and 41b, the skull is segmented from the T stice and the niase
center is foand. First, 4 bone mask image is created by applying binary thresholding to
the T stice. This sets all pixels below a predefined grey-level threshold te binary 0, and
thase above the threshold to binary 1. Bowe matter appears as very close to white in a
OT sean, so if the threshold is set olose to the maximuam possible, the resuliing binary
intage will contatn only the drstere of the skoll wall. The mass center of the skull iz
calonlated as the contradd of the skull object. At steps 41c and 414, the hest intertor and
exterior synuneiry is found by rotation, The slice image is gradually rotated around the
center of mass of the sladl, and symmietry measurements are made at each step.
Symmetry is defined here as the sum of the symmetry of each row in the image after
rotation, The row symnetry is defined as the difference in distance between each side of
the skull edee and the cwrrent approximate nuidline. For cach rotation direstion &, the

symumetry cost & is defined as:
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where # 18 the munber of rows tmags covering the skull, and measures £, and r, ave as
depicted in Figure 5.

This msthod shares sinularities with the method ased in “A simple genetic
algorithm for tracing the deformed midline on a single sliee of brain ot using quadratic
bezier carves™ (C-C. Liae, F. Xiao, L-M. Woag, and L-1. Cliang, FJCDMB 6.
Proveedings of the Sixth IEEFR Internationsl Conference on Data Mining — Workshops,
pp. 463467, Washington, D.C., 2006, TEEE Compwier Soclely), however, the method
implemented by this crabodiment of the invention incorporates both the interior and
extsrior edee of skull inte the assessment for improved performance. Using the exterior
edge con prove problematic i the skall wall is not of uniform tickness; this does not
usually affect the interior edge. However, i some cases, the presence of shipe
frregularities inside the skull {especially in the tower region of the brain) make the
extarior edge a better choice for evaluating symmetry. Consequently, botly the interior
and exterior cdges are tested at eacl rotation step.

At step $1e, the best symmetry chosen, The rotation step witlh the best syminetry
measurement {1, the lower symmeiric cost) is clivsen Tor cach edge, These may be
different steps. The two meanurements are compared and the edge with final lowest cost
is tmed.

Step 41 returns the approximate position of the ideal midiine. However,
synumetry provides only @ coarse estimation, wiich must berefined for an accarate final
shift caleulation, The next fow steps attempt to defect bwo anatomical stroctures at the
anterior and posterior of the skull, which ave then used to-construct & wore accurate ideal
midline. These are the falx cerebri and the anterior bone protrusion. Te dsolate the areas
where these structures are likely to appear, the regions of interest, two windows are
extracted in step 42 from the UT slice tmage at either end of the spproximate ideal
midhne fo crop the regiony of mterest,

At step 43, bons protrusion in upper sknll region is delected. First, the window is
fikely to contain the anterior bone protrusion 61, ax shown in Figurs 6. It can be seendn

Figgre 6 that the skull wall carves down to a local mintrun point 613 at the anterior



WO 2010/117573 PCT/US2010/027584

edge of the falx verebrd line 62 (which divides the brain into sepavate hemispheres). This
profrasion &1 can be wsed as 2 starting point for Wdeal midling deteetion. In step 434, the
fower skull edge is extracted. First, the lower skull edge is extracted from the image
region, again using a binary threshold as described sbove with yeference to stepdla, Al
step 43, the protrusion is detested as local minimam. If one views the inside edge of
the skull wall ag @ curve on the nage plane, then the curve can be modeled 48 g one
dimensional {10) function, Detection of the protrasion point 61 (shown in Figure €)
beomnes a matter of sampling this fuction aod finding the mininwgn. However, there
are often multiple local mintma along the curve due to iniage noise and skall wall
irregularitics. Figure 7 praphivally shows the curve of s iypieal skull wall in the region
ol interest. The difforence between point a, the true minimuny, and point b, a small
profrusion, is the size of the slope wround them, This is captured by caleulating the
dertvative gver a larger neighborhood; typieally 10 to 15 pixels. Obtaining a devivative
of exactly zero, the usual indicator of a function minimuny, may not be possihle, so the
algorithm Instead searches for transition points betwesn s negative and positive
derivative. To avoid local minima such as point b, the algorithm calevlates signed
addition of derivatives within a specified neighborbood of each of these transition
points. This weights the caloulation towards farge minima over the smatler local minims
that occur maturaldy on the skull sweface. B muodtiple large fanima are found in the reglon
of interest, the one elosest fo the spproximate synunelric midline i3 chosen.
Mathematically speaking, point a iy found by searching for the maxinum second
derivative as follows:

x, = arg max[-(fx) o)y )0

Ed
X

= arg max[Axew - wi- 20 {23
X

where w is the neighhorhood width,

At step 44, the fals cerehed in lower skull region Js deteeted. The antenor bone
protrusion provides the starling point for the ideal midline. A sultably end point is the
falx cercbri at tho other end of the skull, which is now detected from the windowed
image W extracted in step 42, At stop 44a, 3 threshild is applied using wedian, The falx

cevchri appears in the window ¥ as o Hght grey line against darker background moatter.

fot
3
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To help detect this Bghter Hne, the algorithm first caleulates the median grey-level valae
of all the pixels in . Fach pixel is then exanined in furn, with all grey-level values
helow the median being changed to the median. ARer this step, only the much brighter
pixels will retain their oviginal gray levels, simplifying the edge map generated In step
44b, In step 44b, rero-crossing edge detection is performed, An initial edge map is
generated using a tero crossing edge detector. This spplies the Laplacian operatorio W
1o ohiain‘its second order derivative, then ssarchies for poluts wheve the value passes
through zero; Le,, points where the Laplactan changes sign, These are recorded in an
edge map 2. Zero crossing retains almost all possible edges regardless of sharpness or
srey-fevel intensity value; this ensures the falx corebrl line will appear somewhers in the
miap, but alsn requires filtering of unwanted edges and objects. Stop 44¢ refines the edge
map tsing intensity and gradient. The sdge map 2 is refined by overlaying it with .
Specifically, the algorithm removes any points in Z whose corresponding pixels in B
have a grey-fovel intensity value tess than the 85th percentile of the intensity values
across all of W Alse, the sharp edge of the falx cerebri means there is a steep grey-level
jntensity gradient between the pixels on the Hne and the pixels either side of the hne.
This information §s ncorporated by caleniating the Sobel edge map 8 of ¥, which
extracts edges hased on steep intensily gradients, A gradient threshold is selected as o
percentage of the maximum value in S; all points in S below this threshold are removed.
A flered edge map F is then constructed using only those peints that appear in both Z
and 8. As step 444, the edge rap refined using size and concentration throsholds,
Fven after filtering, theve will still be sl ncotmerted point clouds close 1o the edges
in £, due to CT nose. The Hough transform in step 44¢ may try e combing these ynd
generate inacvorate lines. This iz avoided by srasing all edge segroonts consisting of less
than 3 cownected pixels. & final filtering step is performuad by dividing the map ipto .
series of vertical strips, sach 10 pixels wide, and connting the numibrer of edge points in
each, After rotation, the falx cerebn in the €7 scan 16 almost vertical; therefore, the

i strip containing it must have a higher number of edge points. The top tree
strips in terms of sdge points are retained, and the edge points in alt other strips ave
removed from £, Iy step 4de, Hough Transform is used to find straight hines
Hough transform is applied to £ to deteet candidate falx corebri hines, This algorithm

examines each pirel in the edge map and identifies straight vertical lines longer than 2

Sy
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specitied length. For each of these, 1t consiracts & straight line equation y = mx + &, and
jnoveases the value of the corresponding bins for m and b In 8 two dimensional {20}
accunmiator array. After all pixels are congidered, the parameters of the bing with valpes
above a certain threshold are used fo construet a sot of candidate falx cevebnd lines.
Finally, in step 44£, the fals cerchri fine is selected. Two constraints ate applied to the
candidate sef in order to identify the Hue most likely to represent the faly versbri. Fist,
the angle of the Hine to the vertical must be it a similar range to all other lines in the set.
This removes outhiers. Second, the Hine should be clustered with other lnes, since
nultiple straight lines are likely to be detected close to the falx cerebri. The best
spprogimation of the falx corcbed is chosen as the longest line satisfying these two
constraints.

At step 45, the detected featares returned by step 44 are used to refine nudline
position. I both the falx cerebri and anterior protrasion are detected, the ideal midline is
redefined ag the straight line joining both features, However, these features may not be
vizble in all shices, I slices where only one is present, (he symmetric exhanstive
rolation search described cwdior is repeated with « smaller range and smaller degree
steps around whichever femture is detected. I neither feature is present, the mitial
appreximate midine is used. Sometimes this is sufficient; however, the skull shaps is
complex and syometry alone typically does not reflect the tre ideal odline, Thix
problent is addressed i step 46,

At siep 46, a consistency cheek ix made across multiple scan slices. When
congidering the CT scan as a whole, the system separates slices into two classes. “First
chass™ slices are those where both the anterior profrusion and falx cerebri are detected. n
“seeond class” slices, one or hoth of these featwres are missing; ideal ridline detestion
in these cases may not be tuly avcurate, The system therefore introduces a congistency
cheek that compares the nyidlines detected over consecutive slices fo detect

oty

abnovmalites, Inftlally, the “first olass™ sHoes are checked. The horixontal distance of
any stice midline in this group from the group median should not exceed a specified
threshold, I # does, the midiine for that slice {s adfusted to be the “first class” median.
Next, the “second class” slicgs are considered. When checking 8 “secnnd class” slice 8,
the closest “firet class™ shice F is located. IF the distance between the midline in /7 and

the midline in S exceeds & specified threshold, the midline of § is adjosted 1o match that

By
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of £ fnaccurate midline detection seldom cocurs i consecutive image slives, and it is
reasonable to agsime that the midline should not change niuch across several
consesutive shoes of the sean.

The step 32 in Figure 3 is illustrated in more detai! in Figure 8. This stage ui'the
system detects the ideal midline of the brain vis analysis of an axial U7 brajn scan (as &
sequence of slice images). The stage input is-an axial brain Y scan in the form of
sequential stice image files. The stage output i= a sot of segoiented ventricle maps and
gstimated blood amounts, one for each scan slice,

Pricy to explanation of the Howchart steps of Figwre 8, a brief explanation of the
Gaussian Mixture Model (GMM) is needed. A mixture nyodel is a probabilistic modsl
whose distribution is actually a vonvex combination of other probabilisy density
functions. In the cese of a Gaussian Mixturs Model (GMM), these functions are
Gaussians. GMMs ave curvertly popular in o wide variety of image seginentation
applications. The most popular way of training a GMM is via Expectation-
Miximization (EM), Afler training, the GMM is able to analyee individual image pixels
andd caloutate the probability that they belong to # tissue class £ Fach class &5
represented by the regular Ganssian pavameters in the grey-fevel inteusity space (the
mean and the covarlance matrix). In this way, GMM offers more flexibility thana
standard classifier, which simply cutputs one label per pixel.

In the application of the embediment of the invention, the GMM has the

following probability distribution for each image pixel:

v 18 = Yafiv g, B) (3)
FE} '

where # is the total number of Gaussian distributions in the model, ¥, is the featare
vectnr of pixel ¢ (in this case, location and grey-level intensity values) wd € contains
the mode! parsimeters. These parmneters consist of o, , and 8 for é= 1, .., 2 Here, i,
and §, are the slandard parameters used to define a Gaussian {(1.e., the mean and the
covariance matrix), and ¢, controls the contribution of the ith Gaussian to the madel
{t.e., its weight). This equation provides the probability of & pixel having the appearince
PUrAmMelers ¥,

Suppose there are & different regions to be segmented i # CT slive. To decide
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which region § pixel s most likely to belong to, the algorithm exloulates the postenor
probability for each region /2

Py, € region; | ») 4
{3, the probability that a pixel will belong to region j given iis location and intensity
value. The region with the highest probability is then chosen.

Tu-describe the connection between the model’s Gaussians aud actual Hesues in
the CT images, & mapping is introduced between the Gaussian index and areglon index,
defined ss 72 1, ..., # ~ L ... & {where # is the number of Gaussians and & 1 the number
of regions), In the application of the crobodiment of (e fnvention, k= ¢ for four
sepavate tissue types: bons and blood, ventricular tissue, light grey tissue, and dack grey
tissue. To reduce the number of model parameters to be estunated and therefore spead
up computation, it is sssunied that there is bo dependency between location and
intensity; L.e., a region’s shape is independent of its grev-level appearance. Motre details
on the GMM method can be found in “Constrainod Canssian mixtore model frmmewark
for automatic segmentation of nir bratnimages™ (. Greenspan, A. Ruf, and §
Goldberger, ZEEE Trans. Med, Imaging, vol. 25, no. 8, pp. 1233-1245, 2006}

Returning again to the drawings, and more partieularly to Figure 8, the first step
81 s 1o initlalive GMM parameters. Since the four diffcrent tissue tvpes being modeled
differ in their grenv-level gppearance, a simple way fo fnitialize the GMM model 38 via
K-mcans clustering. K-means is a simple and widely-used clustering algovithm, which in

this case assigns pixeds to the closest cluster by their gray-tevel values, However, due to

noise in the CT slice, these cluster regions typically consizt of multiple wneonnested
suls-regions. The algorithun therefore tests each cluster region to sec i it canbe
represented by a single Gansstan. This Ganssian forms an ellipse in the tmage, so the
test simiply examines what percentage of the ellipse containg the tissue represented by
the region. I this percentage falls below a cortain thveshold, the region is split inte two
suberegions (again using K-meuns, this time based on pixel location) and the test process
is repeated for these. If the pereoitage Is above the thresheld, the single Gaussian is
sasigned to reprasent the region: This top-down approach ensures every regiow is well
represenied by its Gaussian distribution, which is crucial in successful parameter
estimation via the Bypectation-maximization (EM) algorithn. The collected GMM

parameters are the parsmeters for these Gaossian distribubions.
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At step 82, the GMM is updated with the M alponthm. Once each parameter
has an initial estimate, the EM algorithm is used to teratively update each one. More
details on the EM method can be found in “Maxinmum Hkelihood fronm ineoniplete data
via the BM algorithm” {A. B Dewpster, N. M. Laird, and D. B. Rdin, Jowrnal of the
Roval Statisticad Soviety, Series B, vok 39, pp. 1-38, 1977}, The detailed equations
explaining how BEM is used to train GMM can be fmmd in the Greenspan paper cited
above,

When a probabilistic model is dependent on hidden data, BM s idead for
astimating the best paranmeters. In the application of the embodiment of the tavention,
the hidden data consists of the true tssus membership functions for eash pixel, and the
ohserved data are the pixel feature vectors (locatiom and grev-level values) The best
model parameters are thase that maxinize the likelihood of the observed data; to find
these, EM attempts to maximize the likelihoad of the complete data (L. the chserved
data and hiddesy data corpbined). &s 2 basic intuitive deseription, EM consists of two
stages: expectation (E) step and maximization (M) step,

» Eestep: Rstimate the hidden data (the pixel miembership functions) using the
observed pixel femure vectors and the current estimate 8, of the modeal
paranters ©,

« Mestep: Using the new estimate of the ludden and with the observed pixel
feature veclors, estimate the most Jikely paramaters &,

This process is repeated iteratively until the sstimate converges, Lo, there 18 ne

significant change between jterations - giving the most Hlely estimate 8, of 8.

At step 83, a segimentation s made based on probability. After the GMM
parameters are estimated, the pesterior parameters given in equalion 4 are caloulated
using the Bayes nide,

& reglon, | v)

g

oy,

Y € Pegon, ey = w v, region)
i = £ b2 4 ¥ B -

Pl region) = Z sfiv. ip. B} J~L.. ok

R

ging i region §, The most probable

where 77/ returns all Gavssian indexes belon

tissue label 4, for the pixel with feature vector v, is:
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{, = arg wax p(v, region)
) iEhak

This retums 2 set of candidate veniricks abjects {olusters of connected pivels idenbified
as ventricnlar tissue,

Step 84 applies a size threshold and & bounding box, Though it deals well with
the noise bresent in CT tmages, the fow-level (MM segmentation step is based only on
each pixel's grey-lovel value and location, aud does not use any anatomical knowledge.
Therefore, some objects it labels as ventricular tissue are not actually part of the
ventricles. Step 84 first apphies a size threshold to each of the candidate veniricle
ahjeets, removing those with areas below a specified threshold {as these sre likely t be
image artifacts and noise}. Two bounding bowes are then crested: one large and one
emall. both contered in the nuddle avea of the skull, where the lateral and third ventricles
are likely o be located, I a candidate ohjest extends boyvend the edge of the farge
hounding box, or has no-partinside the soall bowading box, it is removed from the
candidate set. This filtering step narrosvs down the candidate range in prepavation for
terplate matching.

Step 83 maps to an enlarged MR template. The bounding box step removes
non-ventricilar objects close to the edge of the skall, but some are Yoo close o the true
ventricle objects, To remove these, teniplate matching s performed using a set of
template images gonerated from a brain MR scan {which offers betler definition of soit
tissue). The shape and location of the lateral ventricles changes across the slices of a O
sears; i1 the position of the current slice tn the sequence i known, more precise
constraints can be used, The embodiment of the invention valeelates this based on the
resohition of the direction perpendicular {0 the axtal plane (the s-tdirection), then
compares the location and shape of the candidate ventricle objects to the ventricles in
the appropridte lemplate inage. Note that the template set was generated manually, with
ventrickss being enlarged in size to deal with variation betweon patients and shifl in
vemtricle position caused by inereased ICP,

Step 86 filiers non-intersecting objects, The €7 stice and appropriale template
arealigned. Any candidate ventricle objects thut intersect with the ventrieles i the
tmplate are accepted as frue ventticle objects. These objovts we returned i a

segmented ventricle map to be used i saloulating the ideal nidline.
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Step 87 identifies blood in the O slice. This is # separate step performed after
step 83, using the results of low level semmentation via GMM., GMM identifiss some of
the pixels fn the CT slice image as bone and blood tissue, which share very similar
grey-level values. The only bone tissue in the stive is the skoll wall, which was
identificd in step 412 in Figure 4. The amount of blood in the slice 1s therefore
calculated by subtracting the skull wall pixels from the set of bone and blood pixels
returned by GMM.

Figure ¥ illustrates in detail the process of estimation of the actual midline and
shift calenlation, shown at step 33 in Flgure 3. This stage of the system detects the idesl
idbine of the brain via analysis of an axial CT brain scan {as 3 sequence of shice

images). The iupul to this stage 18 the set of segmented ventricle maps caleulatad in the
previous stage, and the cutput is a quantfative estimation of midline shift i each shice.

At step 91, multiple regions shape malching is performed against an MRI The
st of templates used to filter the candidate ventticle objeets in step 32 of Figurs 3 was
genersted frons an MRY brain soan. However, MRI scans typically have a Tugher slice
dengity than CT scans; Le., they contain more stice images across the same struehure. A
multiple regions shape maiching algorithm (MREM} s propesed to deal with the
chatienge in finding the MRI template that best matehes a given segmented ventricle
map ¥ as well as the actual niidline estimation.

Bach MRI template A7, is compared with S in turn; these are termed “shapes”
Control points on the edge of every object are used to mateh objects front one shape o
obiects in another. Tn M, and §, these points are sampled as a fixed percentage of the
detectad objeet’s sdge points. The cost of matching a control point p; in § with a contrel

point g, in M, is defined ss:

o g =

whore #{&) and A{AY are the K-bin normalized fustograms at p, and g, The best malch
for each contra! point in & and 44, iy to minimize the sum of all masched points
hetween the two shapes, Typical shape matching wonld use the total shape match cost
betwern ¥ and M, as 2 measwernent of dissimilarity of shapes. However, this is not

suitable fow the appleation of the embodiment of the fnvention, as we are dealing with
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pathiofogical cases. For example, if the two lateral ventricles have undergone shift, the
distance betwoen them miay be much greater than in the tomplate. Thiy changes the
histogram of cach control point and causes ingorrect matches. Alse, shift may cause one
ventrivle to shrink and the other to expand. If the control poinis on the edge of each
shape are sampled uniformly, the smaller ventricle will have fower contred puints thap
the larger; however, the ventricles in the teraplate have roughly the same number of
points on both sides. Again, this will lsad to anreliable matches, To address this, the
system employs a mudtiple regions shape matching schewe. The shape-matehing provess
above is applied Gest, to generate a set of covresponding point pairs that reflects an
approximate correspondence between the objects in Sand Af,. For the next stags, point
pairs with match cost below the 30th percentile are retained as the reliable
corresponding points,

Bach object 4, i § is now considered in turn, The average number », of contrel
points matches hetween 4, and M, is caleulated; in other words, the algorithm counts
how many coptroel points on 4, mateh control points on each object in M, sums the
results, and divides by the total nuaber of abjests in . Awy object B, in 3, that shares
giore than 0.5 », matched points with A, is recorded as heing “related™ to 4, The same
process is repeated for cach object B, in M, considering all objects in §. Objects that are
velated divectly or indirsetly {via other objects) forny 2 set of matched objects. Bach of
these sels containg a subset of objects in § and a subset of objects in M.

New control points are placed on the edge of the objects n each matched set by
resmmpling, This solves the problem described carlior when one lateral ventuicle is much
staller than the other. Figaire 10 provides an example to sxplain the advantages of
MRSM when a seymented veniricle is much smaller than the omplate ventacle.
Standard shape-matching (seen on the left) using shape context {see, 8. Belongie, L
Malik, and I, Puzicha, “Shape Matching end Object Recognition Using Shape
Contexts™, IEEE Trans. on Pattern dnalysis and Muachine Intelligence, 24{258),309-5321,
April 2002} creates incorrect correspondences (lines crossing between ventricles) and
feads fo insccurate cost caleulasions. The resuliz on the right are from MREM, where
each ventricle is correotly matched with it template. MRSM ensures that an equal
sumber of control points are placed around the edge of both objects, improving maich

resuits,
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The total cost efmalching sice § with a template 4, is caleulated by 8 weighted
average among (he costs of all the nuatched sefs based on the sive of oljests. This
provcess is cartied out over all templates &= 1, .., #; the best template for Xy selected as
the-one with the lowest total matching cost,

Seps 92 and 93 identify buter edge feature points and estimate actual midline,
After shape-matching, detection of the left side and right side of latetal or third
ventricles is somplate. The sctual midline is now calculated as the bae best dividing
than in the ventricle map 8. The foaturs points used to calculate the midling on the MRI
templates wore placed nanually, The festure polrds on segmented ventricke are labeled
by corresponding features points on the template. Take the Iateral ventricle for example.
Those that were placed on the inner edge of the left Iateral ventricles were assigned &
label £, and those an the inner edge of the right lateral ventricle a lahel B, When the
feature points oy the best temiplate are matchad to the corvesponding points i the.
segmented ventricle map §, these labels propagate. Therefore, after shape matching, this
propagation has dentified which feature points in S belong to the inner edges of each
ventricle. The system caleulstes the mean yecoordinate of the control points on the fnmey
gdge of each ventricle in turn, then averages the two values to caloulste the v-coordinate
of the sotual midline.

Step 94 finds the difference between ideal and actual midhines After the actual
oridhine hag been located, estimating horizontal shift s iy straightforward:

Feix o X
where x; 15 the ideal midline and x;, 15 the catimated sctual midling.

The process in steps 91 to 94 ix repeated for each segmented ventricks map in
turn. This stage therefore retirns a sel of estimated midlive shift values {one foreach
input slicel.

Figure 11 illustrates in move detail the texture analysis process 22 shown in

i

ye

Figure 2. This stage of the system detects the ideal nuidline of the brain via analysis of an
axial OT brain scan {ax a sequence of shice images). The mput to this slage is aset of
shee images from 3 CT brain sean. The cutpot 15 a set of quantitative measures of
texture for each shice,

The first step 111 is o 1vokate neural watter. The skull wall was idensified in step

41a shownin Figure 4, and extracted as a bone mask. This is subtracted Fom the CT

1g
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sear shice (o create an inage containing only the brain tssue fo be used for fextue
snalysis,

At step 113, six windows of interest are selected. Six rectangular windows are
extracted from each of the five selected €7 shives. Since the position of the ventricles
and bldod are known afler step 111, and the pixels representing bone have alveady been
zeroed oot these windows can be automatically selected to contain primanily datk grey
and Hght grey tissue, Figwe 12 ilustrates example windows, Each window is processed
separately, with a total of 48 texture fratures belng sxtracted using five methods: Grey
Level Run Length Matrix (GLREM), Histogram analysis, Fourter Transform, Discrete
Wavelet Packet Transform {DWPT), and Dual Tree Complex Wavelet Transform
{DT-CWT). This offers a very rich description of Hssue texXture with fitle increase in.
computational time and vo negative impact on [CP prediction (since featare selection is
performed in step 27, shown in Figure 2 and deseribed in more detail with reference to
Figure 14} Furthermore, extraction of these fegtures allows the systent to be adaptad to
other anslysix tasks, such as detecting and quantifying diffased bload in brain tsse

Al step 113 texture measures are ealoulated. The five toxture oxdraction mgthods
are as fullows: GLRL analysis, step 113a; histogram analysis, step 113h; Fourler
avatysis, step 113¢; and wavelet analysis, step 113d. These are deseribed in more detail
helow,

At step 113a, GLRL analysis, & grey-level run (GLR) can be considered a set of
cansecutive collinear pixels in an intage which share the same grey level value. GLKs
are identified by thewr dircotion, length and grevelevel value, and are assembled into
ran-length matrices whick characterize texture elements. Element P{i, 7) of a mun-length
matrix Preflects the suamber of runs # of pixels with gray level value § in the speeified
direction for the matrix. Fouwr dirgctions are examinesd in this embodiment (0, 45, 90 and
135 degrees), gonerating o matrices. Each of these is used to caleolate eleven
different texture features: Short Run Ewphasis (SRE), Long Run Emphasis (LRE), Grey
Level Nommiformity (GLNY, Run Length Nommiformity (REN), Run Percentage (RP),
Low Gray-Lovel Run Emphasis (LGRE), High Gray-Level Run Emphasis (HGRE),
Short Run Low Gray-Level Brophasis (SRLGE), Short Run High Gray-Level Emphasis
{SRHGE), Long Run Low Gray-Level Binphasis (LRLGE), and Long Ran High

Gray-Level Bmphasis (LRHGR). These provids 3 statistical characterization of bnage

20
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texture based on both gray-level and run-length that can be used as fnput o the
clussification process. Their mathematical formulations can be found in “Texture
information in run-length matrices™ (X, Tang, JEEE Trana. on Image Frocessing,
FEHERI002- 1609, 1U9E).

At step 113b, histogram analysis, four features are obiained from the histogram
foreach window: average intensity level, average conirast, smoothness and entropy. The
{ivst two measures are respectively defined as the histGgrant’s mean and standard
deviation. A measure of smoothness i provided by
1

R=1e—
1+~

where o is the standard deviation of the histogram. A value approaching 0 indicates low
variation i pixel value intensity {i.e,, smooth texture), while & value approaching 1
shows much higher varistion {L.e., rough texturs}. The final feature, histogram enfropy,
reflocts the randonumess of intensity values.

At step 11 3¢, Pourier analysis, the twe dimensional (203} Fast Fourier Transform
{FFT) is applied fo cach window, FFT is a computationally efficient version of the
Discrete Fourier Transform {DFT) which s typicalty naed o travslate a time-demain
function inio the Fequensy domain, In the case of the window image of the erbodiment
of the invention, the 2D FET is used, which applies FFT to cach row in the window,
replaces the row with the resuliing Fourier transform, then repeats the same provess with
sach cobhunn, More formally, if each row or colunn is congsiderad as a sequence of
valoes Xy, ... , Xy FFT generates a sequence of ¥ complex fraquency components

K <o s Xy 08 follows:

&} e,
o R Y P B o RO
X, = Eg X, for k = 0, . §-1
B

The masimam, minkmen, average and wedian of the frequency components-are
caleulated as fextore features, along with the component corrésponding o the median
value of the absolute value,

Step 113d, wavelet analysis, actually mcorporates tivo separate measues:
Disorete Wavelet Packel Transform (DWEPT) and Daal Troe Complex Wavelet

Transform {(DT-OWT), which are extensions of Discrete Wavelet Transform {DWT).

4
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The standard Disceste Wavelet Transform (WT) decomposes a signal by passing it
through 2 series of filters af consecutive levels of decornposition. At each fevel i, &
Tigh-pass and low-pass filier are used to extract detail and approximation cosfficients
from the signal passed by the previous level. The detall cosflicients are stoved, and the
approximation cofficient is then passed on {o the subsequent tevel (7 + 1), In image
processing, the 2D DWT is used, whers the image is regarded as a sevies of one
dimensional (1D tow signals and ag & series of 11 column signals. The IDDWT is
cafculated for each row, and the N rows of resulting values are used {o form amabrix X,
The same is repeated for colomus to form 2 matrix X, This decomposition procsss is
repeated on X, and X, creating four final output matrices of detatl coefficients: X, X,
Xy a0l X, These coefficients charvacterize the texture of the image. More information
o 20 DWT can be found in Biomedical Signal ard Image Processing (K. Najartan and
R. Splizstter, The CRC Press, ISBN: 0849320092, 2003}, This multi-resnlution analysis is
highty effecfive in detecting localived texture patteens.

The Diserete Wavelst Packel Transform (DWPT} used i this smbodiment of the
invention extends DWT by also decomposing the detall enefficients at each level, rather
than Just the approximation cosfficient, Though this inewrs » higher computational cost,
it provides a richer representation of texture which is valuable to the task in this study,
More details can be foond in “Rotation and scate tnvaniant lexture features ssing
diserete wavelet packet transform”™ (R, Masnthatkar, P. XK. Biswas and B. N Chatterji,
Paiters Recognition Letters, 2414124552462, 2003)

Complex Wavelet Transform {CWT) 15 an extension to standard YW which
offers better performance in processing images than 2D WT. At each level of standard
2D DWT, the image is subs-sampled by factor 2 in each direction, creating four smaller
suh-inages for the aext level of decomposition. As the image size decreases,

¥

decompasition becomes increasingly susceptible to shilt and shasing. CWT combines
DWT with Fourier Transform (FT) by using a complex-valued wavelet and sealing
fanctiont. One specitic advantage of CWT for our application is that it maitaing
divectivnality, improving detection of testure ridges. The dualtree CWT {(DT-CWT)
enaployed in thix study Is an tmplementation of CWT which creates two separate DWT
decompositions in parallel. This redundiney provides shift invarianee at relatively low

computational cost, More details can be found In “Complx wavelets for shifl invariant

)
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analysis and Giering of signals™ (N, G. Kingshury, Journal of Applied and
Computationad Harmonie Analysis, 10(3% 234-253, May 2001).

The process of fuature aggregation and extraction, step 23 in Figure 2 and step
113 shown v Flgure 11, is described in more detail with reforence to Figure 13, This
stage of the system collects the features extracted from gach shee of the O sean and
uzes them to calculate & now set of statistical measures 1o be used in ICP prediction. The
input 0 this stage is the set of raw features extracted fram the scan shives. The output is
aset of statistical foatures caleulated across the antire scan.

At step 131, the statistical measures arve caleulated Yor eacl feature across all
sean shices. Sinee steps 21 and 22 (Figure 2 are applied to vach individual shice, the
output st of features, including tocture, midhine shiff, and amount of blood, s very
large, This stags considers esch feature in turn, aggrogates ils values over the scan, and
caleulates several statistical measures, For a given feature 7} these are mindf), max{f},
w(A, 6(A, and median(f}. In other wonds, the minimum value, the maxinmum value, the
mean, the standard deviation, and the middle vatoe when all values are sorted in
ustending ovder. For blood ameunt, B(73 is also caleulated (the total mmount of blood
detected across all the slices)

The provess of machine learning for ICP predictinn, step 27 in Figure 2, is
shown inmove detail in Figure 14, This stage generates a predictive modet for ICP
estimation using the feature set generated in feature aggregation and extraction, step 25
in Figure 2, and described In niore detaid with reference to Figure 11, Note that this stage
requires prior training of the model on a dataset of prior patients with known ICF values,
using the Support Vector Machine {(SVM) algorithn. After training and validation, this
mcsdal is then ready to deploy in a realoworld spvivonmernt for ose in estimating the
condition of a new patient in real-time based on thelr O scan. The input to this stage ia
a set of statistical features calowlated from the raw scan feature set. The output is an
estimation of ICP level {or, i training, a predictive madel of ICP seventy)

At steps 141 and 142, feature selection is done via filter and wrapper. Due o the
mumber of features extractad from the CT scan, feature selection must be performed to
remove those which sre redundant or irrelovant for the current predictive task. This is
done via a two-step filter-wrapper approach. In the first stage, the ReliofF algorithm is

used fo rank the featiwes i terms of their significance. The top 50 are then passed 1o the

[
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second stage, which uses SVM with 10-fold cross-validation to test multiple subsets of
the input features, and selects the one that offers the best classification accuracy on the
tigining dataset, This feature subset is used to construct the model. For more formation
on ReliefF, see “An adaptation of relief for attribute estimation in regression”™ {Marko
Robaik-Sikenja and Igor Kononenko, Proceedings of the Fourtesnth Inlernational
Conference on Machine Learning, pp. 396-304, 1987},

At step 143, a pradictive model is created using Suppart Vector Maching (B¥M},
SV is & maching leaming technigque used primarily for elassifieation. It is a supervised
method, meaning that, siven a training set of example cases labeled with categories, it
constructs a model that predicts the most suitable category for a new, unlabeled
example. In a matheniatical sense, SYM constructs a hyperplags in igh~-dimensional
space which best preserves separation between the various catogories {classes). Hach of
the examples is treated a8 a data-point in this high-dimensional space, so the aptimal
hyperplane can be considered as the one that divides the classes by as wide a gap as
possible, Resentialty, 1t is based on the distance between data-points. Since SYM
perfirms well on complex data {where many features are tsed for prediction), it has
heen successfully used in aolving many real world problems such as protein analysis,
caneer data classification, and hand-writing recognition.

The standard SVM model grinups patients nto two classes: severe ICP 15} and
non-severs {x15), This was agreed on after disvussion with trauma physictans, However,
it is possible for the model (o be retrained with & larger number of classes, depening
on the quantity of prior cases available.

The tnitial taining stage is performed on g dataset of pricr cases containing CT
scans and JOP values for a large numbes of patients; and outputs a medictive model that
can b deploved in a clinical envivotment, Afier this, the model iz integrated into &
soffware program for use by physicians. This stage then takes as inpat & O scau set
from # new patient, and oulputs an estimate their cwrent level of ICP. Note that the
mods] generation process can be zasily repeated as new patients becomy available lo
generate an updated predictive model, which van simply be swapped into replace the
existing one. As stated above, the number of classes eould also be increased during this
Process,

The nudiine shift measurenient as implemented by an embodiment of the

]
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invention can be adapted to Magnetic Rexonance Imaging {MRI) data with the change
pn the detestion of the bone protrusion and flax cerebri. For the bone protrusion, the
threshold should be close to dark because the bone vegion in MRI isin low intensity
range. The thresholding for flax cerebri should also change o represent the intensity
fevel in MR because the fax cerebri also becomes dark in MRI The segmentation of
ventricles from MR using Gaussian Mixture Model (GMM) (see H. Greesnpan of at.,
ibidly and the actoal midhne estimation using shage matching can be used divectly.
While the invention has been deseribed in tevms of a single prefereed

embodiment, those skilled B the att will recognize that the invertivg can ba practiced

with modification within the spirtt and scopse of the appended claims.
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CLAIMS

Having thuy described owr tovention, what we clatn 8s now and desire to seowe

hy Letters Patent is s follows:

L. A computer automated method for the measurement of brain injury indicss,
compyising the steps oft

mputting 0 a computer computed images of « patient’s brain;

using computer implemented Image processing technigues, detecting an ideal
pridiine of the patient’s brajn based on anatosuical festures w bones and Hssues;

scgmenting ot ventricles from the rest of the patient’s brain by computer
analysis of ventricke system deformation (o obiain 2 midline deformation;

using a compiter buplamented shape matching niethad to estinate g actual
hraty dline of the patient;

based on detection of both ideal midline and actual nuidbine, calonlating the shifi
or deformation to provide an indication of the midline deformation around the ventricke
syston; and

penerating and displaying an indication of intracranal pressure (1CF) severity

classification.

2. The computer automated methed according to claim 1, wherein the roage processing
technigues detect a protrasion in an anterior part of bone and flax cerchri in g posterior
regton of the patient’s brain tissue using prior knowladge to approximately identify

ragions of thase structures,

3. The computer automated method aceording to claim 1, wherein the step of
segrmenting conyrises the steps off

performing an initial knw-level segmentation using s Gausstan Mixture Model
{GMM) via Expectaton-Maximization (EM) tratning; and

performing a subseguent high-level segmentation wsing anatowical knowledge to

filter 3 candidate ventricle set to deteot true ventricle objects.
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4. The computer antomated methed sccording to olaim 3, wherein the computed images

of a patient’s brain are computed tomography (CT) buages.

5. The computer automated method sccording tivclaim 4, wherein the anatomical
knowledps used in the high-fevel scgnentation is 2 magnetic resonanee image (MR

ventricle template whicl is used for computer estimation of regions for gach veninicle.
8. The vomputer avtomated method according to claim 5, frther comprising the steps

malching a ventricle shape in CT images to an MRI ventricle template sey;
selecting & covresponding MRI ghice; and
from the shape matching resilt, detecting festure pointy for nudhine extimate in

T slives.

7. The compuier automated method scconding to elaim 4, wherein as part of the low-
level segmentation step, blood in 3 CT shee 1v identified to provide an ostimate of

amount of Bload in each slice.

5. The compuier automated method according to claim 1, farther comprising the stop of

fexture analysiz by computer analysis, the results of the texture anatysis being used for

P prediction,

9. The computer automated method acconding o claim &, wherein the step of textare
analysis comprises the steps off

using computer implemented imaging technigques, isolating newral matter from
CT sean images; and

compuier caloulation of tonture Measures GSing one OF Morg am{}.ysis techuigues
selected from the group consisting of Grey Level Run Length (GLRL) analysis,
histogram analysis, Fourier analysis, and Diserste Wavelet Packet Transform {DWPT)

analysia,

3
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10. The computer autormated method according to claim ¥ further including the steps of!
aggregating by compuier features computed from midline shilt and texture
analysis;

selecting by computer featuves from among aggregated features; and

building by computer an P model to determine ICP severity classification,

11. The compuier automated method according to claim 10, furthey comprising the step
of inputting patient demographics snd injury information at the step of aggregating

feghures.

12, The computer automated method gccording to olaim 11, whercin the step of building
an ICF model is preceded by 2 computer implemented maching leaming method based
on aggregated features inclading computed nuidhine shufl, brain tissue texture foatyres,
volume of blood actumulated in the brain, patient demsographics, injury information,
and features extracted from phyvsiological signals 1o train 2 machine learing method to
pradict IR, likelihood of success of a partivular frsatment, and the need andior dosage

of particular drugs.

13, The conyputer axtomstad method according to clatm 12, wherein the computer
implemented machine leaming method is the Support Vector Mackhine (SVM)

algorithm.

14, An avtomaled decision support system Tor the measwrement of brain injury indices
using brain computed images, injury data and mackine leaming, comprising:

3 computed system for generating fnrages of a patient’s braing

a conyputer svstem on which are implemented image processing techniques, said
computer system receiving images fom the computed system for generating images of 8
patient's brain, deteciing an ideal midline of the patients brain based on anatonicat
features in bones and tissues, segmenting out ventricles from the rest of the patient’s
brain by computer analysis of ventricle systeyn deformation o obiain a nudline
defarmation, using templates for shape matching fo estimate an actual brain roidiine of

the patient, and based on detection of both ideal midline and actual midline, caleulating

23
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the shift or deformativn to provide an indication of the midline deformation arcamd the

ventricls sysiem, and generating intracranial pressure {ICP) severity classification; aud
u display system connected to the computer systom and displaying an indisation

of intracranial pressure (HOP) severity classifivation 2s a screening proesdure prior to

invasive mowtoring.

15, The sutontated decision support system according to cladm 14, wherein the image
processing technigues tmplomented on the computer system detect a protrusion it an
anterior part of bone and flax cerebet in a posterior region of the patient’s bran tissue

\

using prior knowledge to approximately identify regions of those structures.

16, The sutomated decision support systep agcording to claim 13, wherein the process
of segmenting performed by the conynader system inzludes performing an initial low-
fevel segmentation using a Gaussian Mixture Model (GMM) via Expectaton-
Maximization {EM) training, sd performing a subsequont high-level segmentation
using anatomical knowledge to fltor 3 candidate vontticle sot to detect true ventriele

objocts.

. The automated decision suppert systeny secording to claim 15, wherein the
anatomica] knowledge vsed in the high-level segmentation is a magnetic resonance
tmage (MRI} ventricle template which is used for computer estimation of reglons for

each venirigle.

17, The automated decision support system according to ¢laim 19, wherein the
computed systum for generating images of ¥ pationt's brain is a computed tomography

{CTY systent.

18, The mpomated decision suppott system according to claim 17, wherein the process
of segmenting performed by the computer system includes matching a ventricle shape in
CT images to an MRI ventricle template sel, selecting a comvesponding MR1 slice, and
from the shape matching resull, detecting feature points for midline estimate in 0T

shoes,
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18, The sutomated decision support system according to clamm 17, wherein as pat of the
fow-level segmentation, bload in a {7 slice 4s identified to provide a compuier estimate

of ametnt of Blood in each 'dice.

20, The automated decision sepport system avcording to claim I8, whersin the computer
svstem perforns 2 texture analysis of the patient’s brain In images front the computed
system for generating images of 2 patient’s brain, the resulis of the texture analysis being

used by the computer system for 1P prediction.

21, The sutemated decision support system according to claim 20, wherein the texhue

analysis performed by the computer system includes using computer implemented

imaging techniques to iselate neural matter from inages, and computer caleulation of
texture messures tsing one o more analysis techmques selected from the groap

consisting of Grey Level Run Length (GLRL) analysis, histogram analysis, Fourter

analysis, and Discrets Wavelet Packet Transform (DWPT) anslysis,

22, The antomated decision support system sccording to clatm 20, wherein the computer
system further aggregates features computed from nuidline shift and texture analysis,
selects featires from among aggregated features, and builds an ICP model fo determine

ICP severisy classifieation.

23, The automated decision support system according to claim 22, farther comprising
input means for inputting pationt demwgraphics and injury information, the computer
system aggregating patient demographics and injury infirmation with conputed midline

shift and computed texture analysis features.

24, The avtomated decision support system according to claim 23, the conputer systim
implements a machine learming method based on agaregated features including
computed midline shifl, brain tissus texture features, volume of blood accumidated in
the brain, patient demographics, njury information, and features extracted from
physinlogical signals to train a machine learing method to predict ICP, hkelihood of

success of & particular treateent, snd the need andior dosage of particular drugs,
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25, The automated decision support system sceording o clalne 24, whereln the conyputer
implemented machine learning method is the Support Vector Machine (SVM)

alporithm.
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