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Outline

MRl at CMU

e Goals of research:

— Monitoring transplanted organ function

o Automatic segmentation
e Organ function

* Transplanted organs in animal models:
— Kidneys
— Heart
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Centers with Bioimaging Interests

@ R o 3



NMR Center for Biomedical Resear ch

e Founded in 1986, NIH funded since 1988

 1of 7 NIH NCRR Biomedical Resear ch Resource
Centersfor NMR MRI/ MRS - now through NBIB

 Only one exclusively devoted to small animal models
e 8400 gg. ft. facility at Mellon Institute

e Jointly administered by CM U/ Pitt

e Director: Prof. Chien Ho (Biological Sc.)
 Renewed September 18/ 2003-August 313/ 2008
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NMR Center

e NMR Center: MRI and MRS instruments

— 1 Brucker 11.7 T, 8.9 cm vertical bore (microimaging
small animal mice, high resolution)

— 2 Brucker AvanceDRX (4.7T and 7.0 T) MRI/MRS
— Home-built 235 T MRI/MRS
— Brucker Minispec .47 T NMR Instrument

— 4 High resolution multinuclear NMR spectrometers
(300, 500, 600 MH2)

— All equipped with gradient capability
e Animal research:

— Surgical and physiological monitoring equipment
(microscopes, pumps, ventilators, electrocautery, gas
analyzers, ...)

 Computing and data processing facilities
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Goals

Scientific Goal | Noninvasive MRI Methodology for Early
Detection of Organ Malfunction

Transplanted organs — early detection of regection
Kidney and heart small animal models

Signal/l mage Processing Alg. for Automatic
Detection of Organ Malfunction

Resear ch Goal

Task 1. Automatic organ segmentation

Task 2: Automatic detection of organ reection

Challenges: low contrast, clutter, missing edge info.

Electrical & Computer
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Kidneys

Kidney
Track the dynamic T
behavior of the PN,
transplanted organ

1 Renal artery
Renal vein
Automatic segmentation

of kidneys & their
Internal structures Cortex FADAM
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Block Diagram of Kidney
Segmentation Algorithm

g | Movement Correction| f
— and
Noise Reduction

.
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Segmentation

— of

Cortex and Medulla

R Kidney
Segmentation
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MRI| Data

USPI O enhanced dynamic
MRI: ultra-small
super paramagnetic iron
oxide

(6 mg Fe/lkg body weight )

Groupsof rats

a. Normal BN (n =5)
b. Normal DA (n =5)
: _ | mage size: 64x64
C. 1sograft (n =4) Frame number: 128
d. allograft (n = 6) Imaging time: 43 Sec
Electrical & Computer 9
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cortex
- medulla
ED-S muscle
) blood vessel
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Observation: distinct dynamic features
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Perfusion Signal: Function Monitoring

Isograft rat #4 Allograft rat #2
1.4 1.4
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Time (total duration 43 sec.) Time (total duration 43 sec.)
— Right (native) « MSD: Maximum Signal Decrease
—~ Left (transplanted) *tusp . TiIme of occurrence of MSD

 Wash-in slope
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Segmentation Algorithm

/" Preprocessing: Enhance )
the kidneys and identify their locations

A A

Normal rats: no transplantation Rats with transplanted kidneys

4 Energy minimization by ) 4 Energy minimization by\
level set region-growing
|dentify the boundary of the cortex |dentify the cortex pixels

@
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Preprocessing

e Mean: i(x y):%g 1(x, y,t)

e ZE6ro mean S|gnal L(xy,t)=1(x,y,t)-T(xy)
« Average correlation coefficient

> T (x vt (pat)

(paf ) |3 T(x vt S TPty

8~ Alx, y)={(x y-1).(x, y +1), MRI sequence
COO (x+1y-1),(x+1y), ﬂ
Second order (x+Ly+1),(x-1y-1), _
neighborhood structure (x=1y).(x-1y+1) Single image
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MRI sequence Singleimage:C (X, y)

Kidneys areroughly located: Energy
minimization by level set
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Normal rats: Cortex segmentation

Energy minimization by level set

C: boundary of a set

Q. ! Inside of curve C

Q :outside of curve C

Vector representation
T(xy) =[x y2).T(x, y2)....T (x y,L))
1. 1 average zero mean vector inside curve C

[_: average zero mean vector outside curve C
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Energy Minimization: Cortex

e Energy functional
E(C) = u[Length(C)

N

+ A jdlsz(l X,y),1 I)Jlxdy

Integral over
time sequence
A (T(%,¥,). T (5, 1,)) =sin g 1ot

Jir(xi,yl,tfJir(xz,yz,tf T(%,v.)

Level set method to minimize ener gy functional
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Transplanted Kidneys
Energy minimization by region growing

R,: pthregion; Ng.,: total number of regions
N : total number of pixelsin pthregion

P(t)=— Zl(x y,t) Tp:[Fp(l),Fp(z),---,Fp(L)]: average signal

xyDR

c(p, q). correl ation coefficient between two neighboring regions
g ]
\/i{lp(t)—iilp(t)} \/ZL:{Iq(t)—iZL:Iq(t)}

t=1 =1 t=1

a . threshold to stop merging
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Region-growing

1. For eachregion, find the average
perfusion signal 17, p=12,...,Ng,

2. For each pair of neighboring regions,
calculate ¢(p,q) betweenTPand T°

4. Update the average temporal sequence 3*‘*:

-
. N, - N, - o009
|P = P | P + g | 9
N +N N +N Second order
p q p q .
_ _ _ neighborhood
5. Continue merging until max C( P, GI) <a structure
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Experimental Results

MR instrument: 4.7-T Bruker AVANCE DRX
TR =3.45ms; TE=2.1ms

Data matrix size = 64 x 38

USPIO: ultra-small superparamagnetic iron oxide
Dose: 6 mg Fe/kg body weight

Four groups of rats
a. Norma BN (n=5)

b. Normal DA (n=5) Image size: 64x64
c. Isograft BN->BN (n=4) |mage number: 128
d. Allograft DA>BN (n=6) Imaging time: 43 Sec
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Normal rats: No transplantation

. g :
D epr beessing

Final results
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Taskl: Automatic Kidney Segmentation
Renal Perfusion Signal

148
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Task2: Monitoring Organ Function (Kldney)

| sograft

14
1.2

1.0

0.8

0.6

0.2(

0

4 \ Native

Transpl anted ;

O Timen: 128 frames(43sec) 1200

Alograft

02 Ngtives

Timen: 128 frames (43sec) 120

*Measure of dissimilarity: subspace distance

*Fit a parametric model (AR) to perfusion signal
*Deter mine (oscillatory) modes of perfusion signal
*Geometric distance between modes of transplanted and native kidneys

”~ :.5 \\,
- I
I 5 ANograft
I 2o \\
‘ %O.l
rejection ' = o
\ 1 2 3 4 5 } 1 2 3—4
~ inog@ftf S ) OGP
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Statistical significance

0293
0161\ 0467 3385
N~ o
|sograft Allograft

) L
~ norejection

Subspace distance: 6 allograft & 4 isograft rats.

22



Movement Correction and
Noise Reduction

?

Observed Motion-free & Noisaess
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Problem Formulation

Given the observed image sequence d(i, |, 1), find the image
sequencef(i, j, t) that minimizes
= lg—HI +alodff, + AC.

Motion correctlon Wei ghted temporal
smoothness constraints

Assume the variance of the background noiseis ¢’

w(i, j,t) = exp(1/ Z)GXP(— p(zlajz)j Selectively Smooth

pli 1) = 5= Yol k) =gl 1P gl.10= 5 Dglitk)

QEeeenRie :



Motion Model

Assumptions:
1. Breathing motion isvertical (head-to-feet) within 1 pixel

2. Motion of pixels along the same horizontal line are identical

Head
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Motion Model (cont'd

Model non-rigidity:

1+d,

0, gli,j,t)== Aitf(i—Lj,t)+(1—An)f(i,j,t)+1‘2dtAnf(i+Lj,t)+n(i,j,t>

RN
dt — _1, head «— feet 07F - N

Qe s



Energy Minimization:

matrix-vector form
E =(g-Hf) =g -Hf)+a(D,f) W(Df)+ B(D,f ) W(D,f)

Keeping H fixed,
f* — [HTZ_lH +0’(D1TWD)1+,3(D2TWD)2]_1HTE_19

@ Avoid inversion of a (N, x N, x N,  matrix

Minimize two energy functions iteratively

E,=(@-f) 2@~ f)+a(Df) W(Dif)+ B(D,f) W(D,f)
E, =(g-Hf) £7(g-Hf). §=HTg
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Observed (g) Recovered (f)
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‘Observed (g) Recovered (f)
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Heart

 Heart segmentation
 Heart structures segmentation
 Motion tracking

e Data;

— Untagged
— Tagged

@ B e 3t



Untagged Data: Active Contour M et 005

o Kass, Witkin & Terzopoulos. classical snakes, edge-based
« Cohen: balloon snake, edge-based + constant force

« Xu & Prince: snake edge-based +new potential forcefield, Gradient
Vector Field, (GVF)

 Malladi, Sethian & Vemuri method: edge-based + constant force
« Chan & Vese method: region-based + piecewise constant model

Problemswith existing methods

 Edge-based: only local information, sensitiveto initial condition

* Initial contour must reside close enough to true boundary of the
object, or contour will not move if no edge information is present,
contour may betrapped at spurious edge points

« Adding an external constant for ce causes |leakage wher e edge of the
object boundary isweaker than added constant force

* Piece-wise constant model fails when the image has low contrast

Qe &



Automatic Heart Segmentation: Results Current Methods
Gradient Vector Field (Xu & Prince) Chan & Vese Energy Minimization

iter = 300

Initial contour not close enough to
desired left ventricular endocardium,
contour converges to undesired L
boundary

Chest wall not segmented Papillary muscles not segmented

Problems:. low contrast, lack edge information, no prior on shape

Qe .



Energy Minimization: Stochastic Active Contour

o Stochastic model: Workswith low contrast, ssgments chest wall
 Region-based + Edge-based: robust to contour’sinitial condition
* Prior knowledge about shape of heart: papillary muscle problem

J(C)=AJ,(C)+A43,(C)+ A3,(C) + A,3,(C)

Model Matching I mage gradient Prior Knowledge Contour Smoothing
(Texture) (Shape) (Snake)
(e.g., temporal)

Minimization solution: PDE contour evolution & level sets

* Providessmooth and closed boundary
 Deformable: segmentsvarious anatomy parts
* High potential for tracking motion of heart

QEeeenRie .




Carnegio Mellon

Region-based forces: Contour not trapped at spurious edge points
Region Force: 4, = 3 Ellipseforce *,=0.50037 All forces conbined

Edge Force:la =3

F

EI_Iipse force 1, = 0.01012p| forces conbined

Reginased for ces: Contour keeps moving though edgeinfor ation missing

QYERENEERE s



Region-based for ces and edge-based for ces. Balance keeps contour
stationary at object boundary.

Region Force: &, = 3 Edge Force: %, = 3 Ellipseforce :4,=0.50101 ajl forces conbined

Qe .



Right

Ventricular Epicardium
Endocardium
Left
Ventricular

Endocardium

Chest wall segmented

Papillary muscles segmented

Qe o



|

Contours tracked using Stochastic Active Contour Scheme
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Similarity Between Reference and Segmented Contours

(Modified Chanfer) 3" s(x, y) T, (x. y)

( ) = o) s(A B)_Z*n(AnB)
siE, ,E, )= B =
r > S(x,Y) n(A)+n(B)
(x,y) . . .
ST Area Smilarit
Edge Similarity v y
0.6519 O 0 0.5103 0 0.47960.63710.586 [0.9182 O 0O 06844 0 0.70750.89710.933]

0.62860.6198 0.6690 0.69940.67410.72360.60700.518
0.52250.6857 0.6650 0.65290.67600.65910.65200.614
0.66180.49430.58450.58040.54650.68550.58780.578
0.65700.54700.6428 0.68310.63300.71410.49180.640
10.58260.61360.69480.62820.71910.6210 0 0.423

0.93840.91450.92120.91830.89690.96320.9098 0.860]
0.86070.92980.93910.86600.954 70.91490.9013 0.882¢
0.94120.73910.84510.77440.85260.93580.8875 0.9191
0.94230.85250.85410.90260.90520.95340.8612 0.9281
10.89170.86780.94180.83280.93540.8462 0  0.776(

10.6303 0.34800.6519 0.61310.6268 0.6047 0.6309 0.606
0.63800.6199 0  0.2057 0.3030 0.5901 0.6262 0.606

0.83950.64140.84520.7297 0.8802 0.7987 0.8974 0.826]
0.89270.8328 0  0.28200.3492 0.8953 0.9070 0.902]

0.61360.47660.5/570.5670 0.5586 0.6771 0.6475 0.587

0.59250.32390.5202 0.3228 0.5477 0.6806 0.5583 0.636

0.65500.57130.51420.6326 0.44310.6500 0.5985 0.649
10.5623 0.60410.5644 0.5378 0.4748 0.5754 0.6383 0O

) Electrical & Computer
(( ENGINEERING

10.81720.80470.65390.6988 0.7938 0.8888 0.9282 0

0.85980.63150.82750.79550.7823 0.9182 0.9235 0.860!
0.81340.64700.5646 0.6691 0.8470 0.9273 0.8357 0.907§
0.90560.74520.74280.8185 0.7901 0.92620.8693 0.9001

RV
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Comparison

Contour tracked by our Active Contour tracked
Contour scheme manually

LV RV

Edge Similarity = 0.7141 Edge Similarity = 0.6500
[ ] Area Similarity = 0.9534 Area Similarity = 0.9262

Electrical & Computer
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Tagline Detection: tag centers

* Three types of tag centers:

— Vertical taglines, horizontal
taglines, and crossings of
both taglines

— Each type of tag centersis
associated with a mode

= &

Vertical Horizontal  Crossing
mode model model

QEeeenRie @
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Heart Segmentation

e Tagged Data
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Key Observations

e Tagline prediction
— Predict initial tag positions based on motion
between two previous frames

()
—|\‘. FL

= F F

|:i+1

 Motion of the taglines: sparse

— Modda movement and then construct dense
displacement field

) ENGINEERING “



Tagged Data: Heterotropic Heart Transplantation

|sograft No Rejection Allograft With Rejection

-
-

B

Goal: by monitoring the motion Challenge: detect
of every pixel in the heart, motion of every pixel
monitor the function of the heart In myocardium

) Electrical & Computer
({ ENGINEERING
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Heart Motion Detection

« Estimate dense motion of the heart from first detecting motion of
taglines
« Expand motion of taglinesto motion of every myocardial pixel.
 Many existing techniques:
— Singletagline detection: nothing to prevent two taglines from
occupying same physical position
— Valuable correlations between adjacent taglinesareignored

Data

 Transplanted ratswith heterotropic working heart.
« Cardiactagging achieved by a modified DANTE sequence.

« MRI scanswere performed on aBruker AVANCE DRX 4.7-T
system.

 8to l1l2framesper cardiac cycle.
 Thesize of each matrix is256x256 pixels.

QEeeenRie o



Our Methodology

e Simultaneous detection of
al taglines. Energy - -----___.
minimization

 Taglines motion
(displacement) field

— e e o mm Em = = = =

* Motion of myocardial
pixels. dense motion field

Electrical & Computer
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Task?2: Tagline Detection

For each framein cardiac cycle from diastole to systole:

Preprocessing: Get distance maps
HgE
Initialize taglines: Predict motion of taglines
g
Defor m taglines. Minimize energy functional
1L

Compute the motion of the taglines

) ENGINEERING ©



Tagline Detection: energy functlonal
For the pixd (x,y) on a mesh, the energy functional is:

E({)ﬂj , yij}): Z[a\/ EVint(xij J yij ) +A/bv ()(IJ ’ yij ) +

(i,j) v
D LadEin (% ¥ ) BafDy (%, Vi) 1
(i,))H
Z[ac Ecin (Xij ' Yij )+ B4Dc (Xij ' Yij )]
(i,j)dc / \
Internal \Energy Distance Metrics
s Models

) ENGINEERING ®



s Mellon

ectrical & Com

(Y ENGINEERING



Tagline Detection: internal energy

° Energy functional: E({Xij : yij}): Z[av Eyin (%5 i) + 4, Dy (%, V)] +

(i, )V

D Ay B %0 Yi) + By Dy (%, Y31+

(i,j)0H

Z[ac Ecin (Xij » Yij )+ B:Dc (Xij » Yii )]

(i,))oc

« Control the smoothness of taglines

........
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Dense Displacement Field Estimation
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Affine Transform

e Determine the affine transform

_Xl"'XK_ oy 2 a a
S= Yoo Y S':|:X1' K:| A:|: :|
1.“ 1 yl Tt yK a4 a5 a6

A = arg min IS'-AS||_
A

( omERuon ) aring T lato Scaling
(F: Frobenius norm) @v @
v

* Predict the coordinates of the pixel In the
next frame by m AY)
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Pixel affine motion model
Dense motion field

Tagline motion field
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Conclusions

e Heart:
— Automatic segmentation: Untagged MRI

* Energy minimization stochastic active contour
method segments heart and itsstructures

— Motion detection: Tagged MRI

* Energy minimization detects ssmultaneously all
taglines.

* Affine method estimates motion of all the
myocar dial pixels. dense motion estimate

o Kidney:
— perfusion signal (automatic segmentation and organ
monitoring)
e Futurework:
— monitor heart function by monitoring heart motion
— 3D: heart and kidney

Qe .



S1plTograpny

Charnchai Pluempitiwiriyawej, Jose M. F. Moura, Yi-Jen L. Wu, Shinichi Kanno, and Chien Ho,
“Sochastic Active Contour for Cardiac MR Image Segmentation,” | CIP’03, | EEE International
Conference on I mage Processing, Barcelona, Spain, September 2003.

Ying Sun, Dewen Yang, Qing Ye, Chien Ho, and Jose M. F. Moura, “Dense Motion Estimation
in Tagged MRI Sequence,” Eleventh Scientific Meeting and Exhibition of the I nternational
Society for Magnetic Resonance in Medicine, ISVIRM, Toronto, ON, Canada, July 10-17, 2003.

Ying Sun, Dewen Yang, Qing Ye, Mangay Williams, Jos¢ M. F. Moura, Fernando Boada, Zhi-
Pel Liang, and Chien Ho, “Improving Spatiotemporal Resolution of USPIO Dynamic Imaging of
Rat Kidneys.” in print, Journal on M agnetic Resonance in M edicine, November 2002. 13

pages.

Qing Ye, Dewen Yang, Mangay Williams, Donald S. Williams, Charnchai Pluempitiwiriyawej,
Jose M. F. Moura, and Chien Ho, “In-vivo Detection of Acute Rat Renal Allograft Rejection by
MRI with USPIO Particles.” Kidney International, 61:3, pp. 1124-1135, March 2002.

Ying Sun, José M. F. Moura, Dewen Y ang, and Chien Ho, “Kidney segmentation in MRI
Sequences Using Temporal Dynamics,” | EEE I nternational Symposium on Bioimaging, pp. 98-
101, Washington DC, July, 2002.

Ying Sun, Dewen Yang, Qing Ye, Chien Ho, and José M. F. Moura, “Pseudo-Color Visualization
of Dynamic Renal Perfusion in MRI,” Tenth Scientific Meeting and Exhibition of the

I nternational Society for Magnetic Resonance in Medicine, ISVIRM, Honolulu, Hawaii, May
19-24, 2002.

Qing Ye, Dewen Yang, Ying Sun, Mangay Williams, Ben Y. Tseng, Jose M. F. Moura, and
Chien Ho, “Reduction of Renal Ischemia/ Reperfusion Injury Using Anti-Apoptosis Treatment
with Pan-Caspase Inhibitor, MX1122,” American Transplant Congress, 2002.

Dewen Yang, Qing Ye, Mangay Williams, Ying Sun, Tom C.-C. Hu, Donald S. Williams, José
M. F. Moura, and Chien Ho, “USPIO-Enhanced Dynamic MRI: Evaluation of Normal and
Transplanted Rat Kidneys.” Journal on M agnetic Resonancein Medicine, 46:1152-1163,
November 2001.

Electrical & Computer 57

¥ ENGINEERING





