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1 Introduction

This course part of my Masters degree in Applied Mathematics at California State University,
Fullerton.

Status  Sec Sched # GE Site FootNotes Units Type Days Time BldgRoom
(MEEEAEN 01 10646 Aoty 3.0 Supw i R O&s00PM-0220PM MH 484
0z 10&47 BB 2.0 Supw [ R O&00PM-0230FM MH 220

Figure 1: class schedule



1.1 Class description
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Math 597 Summer 2008
—-— Applied Mathematics Graduate Project
Class Time: MWTH 5:30-7:50 P.M. Class Room: MH 484 (Session A), MH 380 (Session B)
Instructors:
William Gearhart, Ph.D. Office: MH 182F Phone: 714-278-3184
Email: weearhartiw tullerton.edu
Angel R. Pineda, Ph.D. Office: MH 182L Phone: 714-278-8478
Email: apinedadafullerton.edu Homepage: hitp://math.tullerton.edu/apinedas
Pr ée-—rée-—‘ T
Office Hours: Monday, Wednesday 8-9 pm, Thursday 4:30 - 5:30 pm or by appointment. teradt baa hoors

g g
Course Description: -

This course is the capstone experience of the masters in applied mathematics. We will serve as a team of
consultants for GE Healthcare with two tasks dealing with time-resolved angiography in magnetic resonance
imaging (MRI):

1. Understanding the mathematics of the Highly Constrained Backprojection (HYPR). We are interested

p in placing this and related algorithms (I-HYPR, HYPR-LR) in a mathematical framework to study their
fwéd’/ﬂ relation to other iterative reconstruction algorithms. We want to understand their resolution, noise

/ w<  amplification and artifacts. This analysis will help GE make a short term decision as to whether they
ﬂﬁf)ﬁ A;ﬂ will include this method in the MRI scanners.

2. Understanding how prior information can be incorporated in a mathematical description of the blood
vessels being imaged using level-set techniques. We will compare the HYPR technique to a method that
evolves the surfaces of vessels until they best match the data. This comparison is a long term goal of GE
and Dr. Pineda in terms of finding the optimal way of using prior information for reconstruction with

- limited data.

Course Homepage (Blackboard):
® Email: make sure that your email on Blackboard is one that you check regularly. Homework
assignments, announcements and other class related information will be sent via email.
e Course Documents: documents related to the course will be posted here.
*  Discussion Board (under communication tool): this online forum allows for students and faculty to
communicate about the course (anonymously if desired).

Grading:
Major Project Reports to GE (Presentation and Written) B
¢ P #7'on

[ Midterm Report | Final Report Z%JQ‘OZ; //Dc../z.ﬁ/p

[ Monday June 23 | Friday August 8

Internal Weekly Presentations of Group Progress

There will be a final presentation on Thursday August 7, 2008 by the students to the instructors. The
deliverables to GE will be a written report, a presentation and all of the code we used to generate the results,

Letter Grades for each students will be assigned after the Final Report (presentation and written) have been
submitted. One letter grade will be based on the degree of satisfaction from our client (GE Healthcare) and this
grade will be shared by all students. The second letter grade will be based on class participation, attendance,
collaboration, and contribution to the project. The research notebooks and a | page description written by the
student of their contributions will also be used to assign the final grade. In the case that the final report is not
completed, a grade of incomplete will be assigned.
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Suggestion and comments

¢ This project will consist of a real consulting experience which by its nature is subject to change. We
will be responsive to our clients needs and will be flexible. As opposed to other courses where the

emphasis is on giving the right answers, this course is about asking the right questions.

Unlike other courses where your instructors have the answers and are testing you, in this course, the

instructors are simply more experienced members of the team who will help guide the work. We don’t

have all the answers!

The course will involve reading papers, asking questions, writing code, and sharing your results with the

team and with our clients.

o Make sure to ask questions and offer comments as this will make the team stronger.

e  Write all your computations in your research notebook and date them. This will make it easier later
when writing the reports. Try writing sections of the report as you go if possible.

e Weare ateam. Our success depends on all of us working well together.

Academic Integrity

Students who violate university standards of academic integrity are subject to disciplinary sanctions, including
failure in the course and suspension from the university. Since dishonesty in any form harms the individual,
other students and the university, policies on academic integrity are strictly enforced. 1 expect that you will

familiarize yourself with the academic integrity guidelines found in the current student handbook:
hutp://www.fullerton.edw/deanofstudents/judicial/policies.htm

Examples of actions that constitute academic dishonesty include, but are not limited to:

e Unacceptable examination behavior — communicating with fellow students, copying material from
another student’s exam or allowing another student to copy from an exam, possessing or using
unauthorized materials, or any behavior that defeats the intent of an exam.

¢ Plagiarism - taking the work of another and offering it as one’s own without giving credit to that source,
whether that material is paraphrased or copied in verbatim or near-verbatim form.

o Unauthorized collaboration on a project, homework or other assignment where an instructor expressly
forbids such collaboration.

Emergency Evacuation
In the event of an emergency such as an earthquake or a fire:

e Take all your personal belongings and leave the classroom. Use the stairways located at the east, west or
center of the building.

Do not use the elevator. They may not be working once the alarm sounds.

Go to the lawn area towards Nutwood Avenue. This provides a safe distance from falling debris from
buildings. Stay with class members.

e For additional information on exits, fire alarms and telephones, building evacuation maps are located
near each elevator.

e Anyone who may have difficulty evacuating the building, please see instructor.

The material in this syllabus may be changed at the instructors’ discretion



2 Reports

2.1 HYPR simulator software

Matlab program I wrote for the project is fhere

2.2 Midterm group presenations

2.2.1 HYPR presentation

| Initial Goals:

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

* Understand the mathematics of HYPR and related algorithms (Wright
HYPR, First Iteration of I-HYPR).

» Study their mathematical relation to the MLEM algorithm.

* Develop and validate a MATLAB tool to explore the properties of the
reconstruction algorithms.

* Explore illustrative examples of where these algorithms work well and
where they fail with a time-resolved angiography application in mind.

Page 1
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/my_notes/hypr/index.htm

. HYPR Algorithm:

N COLLEGE OF NATURAL SCIENCES & MATHEMATICS

Data Acquisition: Image Reconstruction:

_ N Ry [s, ]
St_th[It] Jt:C ]\; Z i

u
P i=1 R¢ti [Sct,- ]
t: Time C: Composite image
¢, : Angle of projection at time t N, : Number of projections per time frame
s, : Projection at time t S, : Projection data at time t;
I, : True image at time t S(,“ : Projection of composite image at time t,
R¢‘ : Radon iransform for angle ¢, R; : Transpose of Radon transform (unfiltered backprojection)

J, : Reconstructed image

Page 2
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. ! MLEM Algorithm:

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

Letg=Hf +¢

H : Matrix Projection Operator
f: Discrete Object

g: Projection

&: Poisson Noise

MLEM maximizes the likelihood that g came from f.

(k)
MLEM Algorithm: £ —| L2 _En_p where s, =) H
g f;l S” ; (Hf(k)) mn n ; mn

Using Matrix Notation Unfiltered Backprojection is H"

(k+1) (k) 1 T g *Notation adopted from Foundations of Image
- f = f - ) Science, by Barrett and Myers
S, Hf

n
Page 3
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Comparison of MLEM & HYPR

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

MLEM-1 Algorithm HYPR
g:Hf+8 St:R(p,[It]
fm:f(mi{hﬂ{ g H J =LC Ny
' ' Z” (Hf(O)) n ’ NP ’ ! R¢(C) n
H R, — Radon Transform
H' Ry —Unfiltered backprojection
Z N, = Projections per time frame
g o s — Original projection
f

C — Composite image

For this method to match the original HYPR in the first iteration we need that

R:Z (s) — R S | The ratio of unfiltered backprojections is the unfiltered
R; (s.) s backprojection of the ratio.

c

Page 4
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Relevant Properties of MLEM

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

* Multiplicative update on each iteration, so if the initial estimate is
zero, subsequent estimates remain zero. This property reduces
streaking artifacts by using the composite image as the initial guess.

* Enforces non-negativity constraint. If initial estimate is positive and
H has non-negative entries, future updates remain non-negative.

* Non-linear and iterative: while hugely popular in the research
community, adoption in clinical nuclear medicine was slow because
of unpredictable nature of artifacts. This may be something to
discuss with clinical collaborators.

* Noise properties for time resolved MRA very different than in
nuclear medicine where the major source of noise is the Poisson
noise in the projections.




Computational Comparison of HYPR, HYPR-W & MLEM-1

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

* In the following slide we compare Original HYPR to 1-step
MLEM algorithm

* Time-invariant disk used

* 128 projection angles used (bit-reversed ordering)
* Window size: 8 projections

* Also implemented HYPR-W (Huang and Wright)

* For a stationary disk, all methods give a similar result, but the
MLEM implementation is slightly better.

Department'of Ma

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

actual image composite image

Comparison of Reconstructions for Time Invariant Disk Without Noise

—HYPR
~=~HYPR-W
——MLEM-1
TRUE
0.2+
0

50 100 150 200 250

HYPR Reconstruction for Projections 1-8

For a stationary disk, with no noise, all methods are similar. bage 7
age
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COLLEGE OF NATURAL SCIENCES & MATHEMATICS

10

O Comparison of Error Across Ti

me Frames for Stationary Object

9 P Y e R 1
8- _
7r _
L% 6- |
—HYPR
oF ~——HYPR-W |
" ——MLEM-1
3F .
2 T_ | | | | | |

4 6 8

10 12 14 16

10

Time Frame

MLEM-1 and HYPR are the same method with different implementation.
Page 8
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MATLAB Computational Workbench

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

Noise dislribulion selection
u. Noise is added to
projection from user images

. Statistics on

The name of the log file (just | This window is  current frame and
the name, do not include. \ used only by the  running average
Use this menu to. path information) \ base test is displayed here
v validation (the
select view angles (full \
ect ! N\ Wright-Huang
or limited and range) X (L N
\ Use this menu to \ ' sk N
: : s st N
Status windows. Displays \ oclect theitest \ 4 N N
current simulator state 9%\ \ N \
X \ \ 1 3
|

DeEaS k

Q@

X h 1 I » N
s |comprithe W;,‘w e wrames bJIM-"-'- atn # II et ettt o semciatics- X
Proterences i V2 omposns RED=compoze. et
pecrncan noise gemeration H SAErar. BLUG SNt
] 3sa nose to projectons 120 TS
Select the algorithm of AR e (O Dt select noise aisuuon = e 1 262520
HYPR to use. Iterative e © possentamin « I
HYPR is not currently — “
enabled as it is under ® vsussim 2
development g engle vadmes oo

~
~
~

[}

© unitorm
N | | umber of projections par time frame? max
Select this option to N
P
all outputs. This can speed ermive. armive — = — -
up simulation CWisraroen generate HYPR fromes. ° o
- @ wngrarer 5
_ - = | e e Y =
This row of staorithen output 7 Netogram gt tame th
images shows ] v on screen upames ! cumert HYPR: frame  comespondingtimaframe ' TYpeimage errmt 54
the P, PC, mask, B 370 pepat iz e Composte imaze o .
composite and Sk 0s I
HYPR frame L &‘" &~ = 04 ~ 1
image, and -~ - 3 - I
averaged time - el - |
frame image. AN o
Lo m w
These are hyper teame 161 hyper feame (18] mean=11 I hyvar teame 161 2 |
updated for each i ’
time frame. i #£ 1
I
|

Main control of the simulator
is located here. Allows onc
to generale user images,
then HYPR images. User
RESET to select a new test

epartmentiof Mathematics

Department of Mathematics

o Umiversity, Fulier o University, Fuii

Histograrm
difference
between HYPR
image and
corresponding
averaged time
frame is
displayed here
(bins arc gray
levels). And
running average
of error found

nt'of Mathematics ™

University,

Current projection
vector is
displayed here
with noise vector
if any

Page 9
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Time Dependent Intensity with Stationary Boundary

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

11

aigorithm output algorithm output
tum on sereen updates « HYPR frame & cument frame  comesy time frame
P1z3) peiizs) tappe Composte image e o 4 s e T HYPR 1 poncng tmeti
— 22
N
e ~
byperfame 6] hyperfome (18] meanet 102210 hypertam (1] S T —— s ]
statistics — Wright-Huang paper simulation only
T spatial profile true vs. HYPR Wright-Huang paper simulation only — Statistics —
e vs. composite RED=composite, spatial profile true vs. HYPR — oument frame —
0.025971 BLACK=hypr, BLUE=true vs. ;omw:(sn:'e RE:LUoén‘posne. relative efror %
= LACK=hypr, rue
relative RMSE. 150 9.383901
150 S
0676285 100 refative RMSE.
100
L] 50 0712841
~ running average 50
relative emor % 100 200 e
0.035713 ; temporal profile 0 100 200 [— running average -
temporal profile i
relative RMSE. 100 0 SIS SO
80 10.179206
0639277 60 ‘gg .
;g 80 relative RMSE.
40 /
0636038
) &
0 50 100
generated data for simulation [wrightPaperDiskTag]
Completed image generation... T —
number of time frames = [16] No NOISE is being added
number of projections per time frame = (8] £rame mse MeanRmse  MeanRelErr MeanMask
[22-Jun-2008 13:56:42]Enter generate HYPR 1 0.982878 0.982878 38.035191 396131
S 2 0.734453 0.858665  32.309142 0.483218
No Wo1ss s being a 3 0.604836 0.774085  27.901208 0557789
Trame e relach imso_sversged selativekrror sveraged averageMask 1 olsnzese 0713705 24.439433 0639344
1 foasas o Tozges 0124615 061093 5 os2087m 0.675073  21.395123  0.715395
2 Nipe. i s i 6 0.519005 0.649066 18.816047  0.798848
3 olesens o oleaie olsseaon
? o © BL05 R, 7 ols3s644 0.632863  16.570525  0.877456
S olssum o o722008 ols0s4ss 8 o.ssesaz 0.623323  14.618661 0.958114
& olswaz o o.690727 0934073 s olstasiz 0.617900  13.114786 1.035286
7o o R S 10 0599367 0616046  12.085182 1.114582
L il L ced b 11 0.621385 0.616532 11.376971  1.193476
% ldsses o it b0ty 12 0.645831 0.618973  10.892245 1.277558
1 olsone o ol 65702 Vosazse 13 o.ess3ss 0.622005  10.564635 1.353904
12 oleiess o ol 634302 Voassao 14 oles2260 0.626309  10.358870 1.3595
Bocams o olasaess L 15 olessaar 0.630918  10.232227  1.508504
15 olesser o o 626005 Hro 16 0712841  9.383901  0.636038  10.175206 1.596524
16 oleess o ki olowrs  1iszis Done, totalRistError =1.35 ..

Done,  totalfistBrror =1.33
Tost 1b results

Running the Wright-Huang test case using the original HYPR algorithm

Page 10
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Time Dependent Boundary with Constant Intensity

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

aigorithm output
s
3 cument HYPR frame = cument HYPR frame  comesponding timaframe
P(128) Pepzs) fun prpC Composie image Pl2t-1z8) Pep21-128) P Composte image petey

mean=0.76585

mean=0.7

hyper frame (16]

o—statistics

hyper frame (15] hyper frame [15] hyper frame [16] hyper frame [16] hyper frame [16]

¢aticti, Enter Wright-Huang HYPR

T s Ml i No NOISE is being added
aber of tizme frames 3 frame rms relErr MeanRmse  MeanRelErr MeanMask - cument fnme -
umber of projections per time frame = (8] — cument frame 1 3.621499 8.25092 3.621499 8.25092  0.683032
sttt baiiped sl il L 2 2.683754 2.802784 3.152626 5.526873 0.845110 "
s 3 2.913513 3.013436 3.072922 4.689061 0.876864 relative emor %
relative emor % 4 3.029160 6.509401 3.061982 5.144146  0.909015
Enter original HYPR 5 3.119542 8.525960 3.073494 5.820509 0.913877 8.230268
o NOIoE 1s being added 0.116627 6 30110399 7.673412 3.079645 6.129326 0.926160
preerds TNt  Meanmisd  MesnnAYScEMasaMak 7 3012074 8.473927 3.085516 6.464269 0.938696 =
1 2.930777 0.112860 2.930777 0.112860 0.776031 relative RMSE. 8 3.161076 11.227506 3.094961 7.059673 0.92793 relative RMSE.
2 2.283642  0.032046 2.607209 0.072453  0.870046 = 9 3.169451  11.224866 3.103238 7.522473  0.927989
3 20468333 0049740 2.560917 0.064882 0.637949 10 30118828  8.468160 3.104797 7.617041 0.938733 3616383
4 20615779 0060302 2.574633 0.063737 0.833535 2926942 1 30101359  7.706259 3.104484 7.625152 0.926111 ;
5 2.693877 0.087963 2.598481 0.068582  0.829808 = 12 3.120562 8.506358 3.105824 7.698586 0.913934
6 2.653286 0.004072 2.607615 0.057831 0.846449 13 3l03se38 31100440 7.603918  0.909125
7 2686605 0.044205 2.618900 0.055884 0.846036 1 2.913264 308707 7.275385  0.876923 J
@ 2074574 0132117 2.634751 0.065613 0.833106 L 15 2.684876 2.781627 3.060258 6.975801 0.845124 e
9 2.753% 0134185 2.648267 0.073055 0.633394 T 16 3.616383 8.230268  3.095016 7.054205 0.682970 — -
10 2.683672 0051199 2.651808 0.070869 0.846576 [— running average - Doos, Citaistateciar - 9 9e
11 20643038 0005699 2.65011 0.064944 0.846128 :
12 265468 0.083126 2.654650 0.066960 0.831088 InTva e relative ermor %
13 20621380 0046047 2.652091 0.065351 0.833980 adiE
14 20467277 0046980 2.6388%0 0.064039 0.638185 7.054205
15 2.287501 0.025182 2.615464 0.061448  0.869622 0.064397
16 2. o1 2634932 0.064897 0.776585 i
Done,  totalfistError =1.16 . 5
relative RMSE. relative RMSE.
Test 5a 2634932 3.095016
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Two Vessels

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

aigorithm output

cumsrt HYPR frame  comespondng timeframe

soreen updates

- m oo cumsnt HYPR fame u
ECTi2) bl i PU121-128) PCp121-128) Composite image TS Sponing tin fraee.
* =
=| * =
/ NN
byperfame [15]  byperfame [1g]  meane1 101201 hyper frame (16] AANMIN
hype fame (6] hyperframe (1] mean=1.0 hyper frame [16]
— statistics . statistics
v . Enter Wright-fuang HYER ...
(— current noise signal and projection - [— cument frame — o HOI5E 1o/being added p
um on screen updates e o frame rnse TelErr  MeanRmse MeanRelErr MeanMask - current frame -
ol et proj.[128], angle [180.00] 1 1.033230 0.796456 1.033230 0.796456 1.038977 .
0.164114 2 1.048957 0.887767 1.041093 0.842111 1.037790 relative emor %
. 3 1.041920 0.884762 1.041369 0.856328 1.038249
= 4 1.039826 0.887151 1.040983 0.864034 1.038365
. oo reative RMSE. $oLohmt lEmn humn dlam nomm 0.796653
6 1.044550 0.885161 1.041010 0.870692 1.038137 :
1.024550 7 1.047245 0892601 1.041901 0.873822 1.037962 relative RMSE.
8 1.035236 0.849602 1.041068 0.870794  1.038600
9 1035236 0.849525 1.040420 0.868431  1.038602
0 s 100 w0 ] 10 104725 0.89214 1.041102 0.670829 1.037970 1.033236
Y [—running average 11 1.044558 0.885209 1.041416 0.872137  1.038135
R — 12 1.037571 0.882776 1.04109 0.873023 1.038515
o NOISE 3 being added relative emor % 13 1.039824 0.887281 1.040998 0.874120 1.038361 | 8|
£rane mse Telfrr  Meanfmse MesnRelErr Meanask 16 1.081921 0.884700 1.041064 0.874876 1.038251 -
1 ooasae ooaetzso 102464 1101209 0.137374 15 1.04830 0.887956 1.041590 0.875748 1.037768 running average -
2 1loa2567 0125963 1.033555 0.145106 1.100351 16 1.033236 0.796653 1.041068 0.870804  1.038961
3 1003397 0135480 1.033503 0161898  1.100608 c Done, totalHistError =1.69 :
i dlodows ol1av0is iloweie olidere  1do7io relative RMSE. relative error %
5 1l028306 0135611 1.03131z 0.13963 1.100689
6 103788 0131157 1.032725 0.138246 1.100537
¥ 1.040347  0.127705 1.033814 0.136740 1.100436 1.032871 0370804
8 1026268 0142121 1.03287 0137412  1.100667 Testab
5 1l026268 0141504 1.032137 0.137911 1.100647 0
fo lolose oimass owess oldaeem 1ooess relative RMSE.
11 10036787 0131156 1.033306 0.136360 1.100511
1z 1l028305 0135576 1.032885 0.136295 1.100685
13 1l0307s 0l13:ss 1032925 o0.136348 1100705 1.041068
14 10033397 0135413 1.032773 0.136282  1.100645
15 1l042575 0125936 1.033426 0.135592 1.100335 L J
16 1.024550 0164114 1.03287 0137374 1.101261
Done,  totalmistError =1.72 ...

Test3a
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algorithm output

e cumert HYPR frame  comesponding timefi um on screen vpdates cumert HYPR frame  comespanding timeframe
P1128] peiizs) o prPC Composie image = e micifcin Pi121-126) peir21-128) FrPc Campose image )
I I . * “ ] . . . t l[l ]
hyper frame [15] hyper fame (16)  mean=0 892050 hyper frame (18] hyper frame [16] hyper frame [16] means08 hyper frame (18]

Enter original HYPR Enter Wright-Huang HYPR

- statistics

No NOISE is being added - statistics - No NOTSE is being added
£rane ms. relErr  MeanRmse MeanRelErr MeanMask
grame nse e MeanRnse  MeanRelErr MeanMask 1 2.621347 10.092964 2.621347 10.092964 0.754539 - cument ’mme.
1 2.239817 0.032813 2.239817 0.032813  0.893149 - nt f - u
L b Deusls 2%l ofaeis 080 cument frame 2 20120956 4.202134 2.375651 7.147549  0.945006
: : b ¢ 3 2243854 0.957437 2.331719 5.084178  0.985303 .
3 2.042381 0.041574 2.050843 0.037437  0.964871 relative emor % % 5305808 3 208950 2 338090 ‘1 eisse 1 o0iiel relative emor %
4 2.115184 0.049842 2.066928 0.040538 0.949393 5 2.334758 4.696902  2.327744 4.631665 1.014916
5 2130986 0.068243  2.075740  0.042075  0.944004 0055620 s zymm sses 2 arsessy  1omon 10.100294
6 2.169312 0.009831 2.094668 0.036704 0.950613 - 2 2.396936 5.917429  2.344772 4.924196  1.035065
7 2.195184  0.017919  2.109028 0.034021 0.948241 . 8 2383122 6.856131 2.349566 5.165687 1.039493 relative RMSE
8 2.161797 0.065252 2.115624 0.037925 0.945542 relative RMSE. 9 2.384498  6.856367 2.353447 5.353541 1.039498 J -
9 2163640 0.065947 2.120959 0.041038  0.945540 10 2395278 5.938221 2.357630 5.412009 1.035004 > 622647
10 2.194526 0.015931 2.128316 0.038528 0.947925 11 2.377021 5.409679 2.359393  5.411797 1.031946
1 2.168012 0.014524 2.131924 0.036345 0.950493 2241 229 12 2.335582 4.681225 2.357409 5.350916 1.014995 e
12 2.131513 0.049517 2.131890 0.037443 0.944035 13 2.305090 3.203002 2.353384 5.185692 1.001508
13 21111168 0.048591 2.130296 0.038301  0.949333 18 2241690 0.937821 2.345406 4.882272  0.985397
14 2.039746 0.039543 2.123828 0.038389 0.964977 15 2.135301 4.203699 2.331399 4.837034 0.945082
15  1.87713¢  0.039910 2.107382 0.038491 1.007446 - 16 2.622647 10.100294 2.349602 5.165988  0.754457 - running average -
16 2.241220 0.055629 2.115747 0.039562 0.892856 — running g Done, totallists 9 &
Done, totalHistError =1.49 ... mlz‘ive emor .‘
relative emor % Test7b
Test7a
0.039562 5.165988
relative RMSE. relative RMSE.
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Preliminary Results

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

* Identification of the mathematical structure of HYPR
* Verification of HYPR as the first step of MLEM

* Validation of HYPR Computational Workbench

*  HYPR surprisingly robust to vessel motion

* Comparison with HYPR-W

Page 14
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. | Our Intended Direction

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

* Validation of Computational Tools.

* Characterize the noise amplification and resolution of the HYPR
algorithm through simulations and analytical approximations.

* Test on clinically relevant objects (models of occluded arteries, vessels
with different time uptake characteristics).

* Comparisons to alternative algorithms (I-HYPR, HYPR-LR, positively
constrained least-squares, Level Set Methods).

Page 15
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2.2.2 Level set report

Level Set Method - Introduction Graduate Project — Summer 2008

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

Research Plan: Develop a level set method for image
reconstruction that will be:

* useful when there is sparse angular data, and filtered
backprojection reconstruction is inadequate.

* improves image quality by using the prior information that the
object can be represented by a piecewise constant function with a
few number of intensities.

The main idea of a level set method is to represent a closed
curve as the level set of a function A(x,y)

Level Set - The Problem Graduate Project — Summer 2008
COLLEGE OF NATURAL SCIENCES & MATHEMATICS

To begin our research, we will
apply level set methods to simple
images, such as the one on the
right.

This image can be approximated
by a piecewise constant function:

u((P)Cl’C2>: Z Cjwj:C1 H((P)+C2(1—H((D))

=1

where ¢, represents the material in one region, C, represents the material in the other
the region, @ is the level set function

and H

] :dhf ZSO(J(J()() the Heaviside step function, and

yu=H(¢9)  y,=1-H(9)

Page 2
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Level Set - The Problem

Graduate Project — Summer 2008

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

Our approach is to minimize the functional:

F(dc,c,) = %HPU —g*+ B[ [VH($)dxdy

Q

| B

Data agreement between the
model prediction Pu (P is the
projection operator) and the data,

8.

Regularization term, where B is a weight
factor, Q is a bounded region containing
the object, and the integral represents the
length of the boundary.

Page 3
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Level Set - The Problem

Graduate Project — Summer 2008

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

F is a function of three variables. To minimize F, set the partial derivatives, with
respect to each variable, equal to zero. This yields the three equations:

f P Py dxdy _fP*Py2dxdy c fP*gdxdy
1

f P Py, dxdy fP*Pydedy 2 f P xgdxdy

2

_Nf

| NT|

a(r)=o where, %:(CI_CZ)d(f)

Page 4
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Level Set _ The Problem Graduate Project — Summer 2008
COLLEGE OF NATURAL SCIENCES & MATHEMATICS

To solve for ¢, we introduce an artificial time variable ¢ and solve numerically
the following partial differential equation:

* This equation will be discretized with respect to the time and the spatial
variables.

* Use will be made of the MATLAB Image Processing Toolbox and the Level
Set Toolbox developed for use with MATLAB.

Department of Mathemancs ) Department of Ma

Graduate Project — Summer 2008

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

1. “Level Set Reconstruction for Sparse Angularly Sampled Data” by S. Yoon, et al
2004.

*  Paper presents an iterative algorithm for a sparse set of projections of a

time invariant object

*  Assumes a piecewise constant function

to represent the underlying image

*  Incorporates a multiphase level set

framework. (a) Unfiltered (b) Hann Filtered

. Method provides better image contrast
than the Hann filtered backprojection method,
and the Maximum Likelihood Expectation
Maximization (MLEM) algorithm.

(d) Level Set

Department of Mathematlcs ) f em Department of Mathemat

Catlitornia ty, Fu " University, Fui n Catitornia .,

16



Level Set - Literature Search Graduate Project — Summer 2008
COLLEGE OF NATURAL SCIENCES & MATH EMATICS

2. “Level Set Methods for Dynamic Tomography”, by Y. Shi and W.C. Karl, 2003

* Uses a variational method for the reconstruction of dynamic objects from
noisy, sparse projection data.

* Simultaneously reconstructs multiple dynamic objects using this level set
method for boundary representation.

3. “3D Tomographic Reconstruction of Binary Images From Cone Beam Projections”,
by B. Jean-Pierre, P. Francoise, D. Jean-Marc, B. Michel, 2002

* Shows that regularization through 3-D curvature can be introduced to manage
lack of data and noise.

Page 7

f Mathematlcs )

Graduate Project — Summer 2008

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

* Identified the functional F(f,cl,cz):%||Pu—g||2+ﬁf |NH (f )| dxdy
Q

to be minimized.
* Used variational analysis to show that F will be minimized by solving the PDE:

%0 {pepu-g) 2 ptolsto)] e wipi={ L

*  Numerically implemented the term  P"(Pu—g) in MATLAB

*  Working now to discretize the PDE, and in particular to effectively approximate the
curvature term and the delta function.

Page 8
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Level Set - Challenges Graduate Project — Summer 2008
COLLEGE OF NATURAL SCIENCES & MATHEMATICS

Computational Challenges:

* Properly estimating the non-trivial terms K(#) and  §5(¢)

* Stability issues may arise in solving the PDE

* Finding values of [ that produce accurate images with out compromising contours

Department of Mathematics ) Department of Matht i Department of V

................... y Callfornia State University, Fullerton Callfornia State University, F

Graduate Project — Summer 2008

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

Comparisons will be made with:
- HYPR

- Filtered Back-Projection
- -HYPR

Page 10
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Level Set - Future Research Graduate Project — Summer 2008
COLLEGE OF NATURAL SCIENCES & MATHEMATICS

* Effects of noise
* Sparse data
* Nature of artifacts

* Relationships to other level set methods
* Test robustness for images that do not satisfy initial assumptions (such as the
piecewise constant assumption)

* Test the level set method in cases that have clinical relevance

Page 11
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ReferenCeS Gradu‘a‘n}e Project — Summer 2008 ‘
COLLEGE OF NATURAL SCIENCES & MATHEMATICS

[1] Jean-Pierre, B., P. Francoise, D. Jean-Marc, and B. Michel. “3D Tomographic
Reconstruction of Binary Images From Cone Beam Projections”, Proceedings, IEEE
International Symposium on Biomedical Imaging, 2002, 677-680

[2] Y. Shiand W. C. Karl, “Level Set Methods for Dynamic Tomography”, Proceedings, IEEE
International Symposium on Biomedical Imaging, Nano to Macro, Vol. 1, April 2004, 620-
623.

[3] Yoon, S, et al, “Level Set Reconstruction for Sparse Angularly Sampled Data”, Proceedings,
IEEE Nuclear Science Symposium, Vol. 6, 2006, 3420-3423.
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2.3 Final group presenations

2.3.1 Final HYPR presentation

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

Evaluation of Temporal and Spatial Characteristics of
2D HYPR Processing Using Simulations

By Y. Wu, O. Wieben, C. Mistretta, F Korosec

Summarized By Kacie Jacklin

Page 1
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| Purpose of Study

i L N COLLEGE OF NATURAL SCIENCES & MATHEMATICS

* Evaluate the temporal and spatial characteristics of images produces using the
HYPR algorithm.
* Matlab was used to evaluate the properties of HYPR.
— Bit-reversed ordering was used in obtaining the projections.

Page 2

| HYPR Algorithm

CAL STATE N F
FULLERTO COLLEGE OF NATURAL SCIENCES & MATHEMATICS

* Spatial information comes from a nearly fully sampled, high spatial resolution,
high-quality reference image.
* Temporal information comes from a more sparsely samples temporal
weighting image.
* Multiplication of temporal weighting images by spatial-reference composite
images yields
* high signal-to-noise ratio (SNR),
* low artifact images,
* good spatial and temporal resolution.
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| HYPR continued...

i L N| COLLEGE OF NATURAL SCIENCES & MATHEMATICS

P(r,0,9)

HYPR(x,y,z) = C(x y,z)Z P.(n0.0)

To prevent the ratio from going to infinity as Pc approaches zero, all values of Pc between zero
and a certain threshold, 5% of the maximum value of all the points along all profile Pc, are set
to equal this threshold.

The equation to quantify the accuracy of the signal in a HYPR image:

[Y.THYPR(x,y,z)-INPUT (x, 7,2}
Y INPUT (x,y,2f

D=

To calculate the temporal accuracy, The cross-correlation between the temporal
waveforms of the HYPR image and the waveforms of the input image. Cross-correlation
is the covariance or the signal similarity between two intensities.

Page 4

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

* SNR - Signal to Noise Ratio
* Signal - measured as the mean intensity of all pixels within the object.

* Noise - measured as the standard deviation of intensities of all pixels within a
large region of interest outside the object.

* SNR equals the ratio of then two quantities.
* The SNR of a HYPR image is dominated by the SNR of the composite image.

Department of Mathematlcs ) Department of Mathematlcs ) Department of Mathematlcs \ Department of Mathematlcs )

Callfornia State Unmiversity, Fu Callfornia State University, Fu Callfornia State University, Fu Callfornia State University, F
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Composite & Weighting Images

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

* Filtered backprojection to a large number of profiles yields a composite image
that is free of artifacts and has a relatively high SNR.

* Weighting images provide temporal information into the time series of HYPR
images. Interference between signals occur when the objects overlap in
projections.

* When an image has sparse signal intensity, the weighting images using as few
as 8 to 16 projections provide relatively accurate results.

* Assliding window approach results in more accurate intensities in the
composite image.

Department of Mathematics | Department of Mathematics | Department of Mathematics ) Department of Mathematics )

California State University, Fuiierion
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Input Schematic

University, Fulierton _ Callfornis State Univers 1ty, Fulierton

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

*The composite image is taken over
the whole timeframe.

*The objects overlap in the projection.
*With one projection, the HYPR
image shows both images.

*This is an early timeframe and should
only show the top image.

*As the number of projections is
increased, a more accurate depiction is
achieved in the HYPR image.

Wit=1pr

Wit=2pr

Wit =8 pr

Input Composite  Weighting ~ HYPR

AT =
Department'of Mathematics

cait Iversity, Fu Cailifornia state

Departmént




e ._ B Figure 2 & 4

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

*When the objects don’t overlap in the projection, the
reconstruction is more accurate.

.

Input Schematic

Input Composite  Weighting HYPR

A *A sliding window approach for the composite
AN image is used in this case.
: g
Input Schematic *25 projections were used to create the

composite image.
*We obtain better temporal accuracy.

Input Composite  Weighting HYPR

Page 8
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0999 "3

N = S *4 objects with varying intensities.

i Vi =L *This causes the HYPR image to be

o L e less accurate.

e T s n "y 8 12 Diamewrid) *The arrow depicts timeframe 7.
Correlation Error *At this time, the blue object has zero

intensity. The HYPR image shows
otherwise.

V
Input Composite  Weighting HYPR HYPR HYPR
(rescaled) time curves

Page 9

T I e TS EE TR EE i TR EE
Department of Mathematics Department of Mathematics Department of Mathematics Department of Mathematics

California State Unmiversity, Full Callfornia State University, Fuilerion Callfornia State University, Fullorion Caiifornia State University, Fullerton



COLLEGE OF NATURAL SCIENCES & MATHEMATICS

Schematic Input Composite HYPR

/| ) *A circular object within an annular
=i : object.

*The circular object’s intensity increases
and decreases rapidly.

*The annular object’s intensity
increases at a slow steady rate.

*The objects overlap in every projection.
*This degrades the HYPR image.

*The composite image is a lot worse
than the HYPR image.

nnannngsnsnunnnunnnnnnnnnannnns QTR NRNRAERNRNRR}
Frmc 7 12 712 7 2

Input

Composite

Weighting

HYPR

Frame
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Figure 7

C AL i A
FULLERT COLLEGE OF NATURAL SCIENCES & MATHEMATICS
Schematic Input Composite HYPR
[[[H“llllll’[;[ll CIIIOTIIOD OOTTITIITn

Input - . .
*This figure depicts vascular stenosis.

3 signal varying objects that are very
close together.

+Sliding window is used for the composite
image with a width of 5 timeframes.
*Noise was also added to the image.
*The temporal waveforms for the HYPR
image are distorted, as well as the
waveforms of the composite.

Composite

Weighting

HYPR

Frame
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. B Conclusion

ERTON COLLEGE OF NATURAL SCIENCES & MATHEMATICS

¢ Scenarios when HYPR can produce a less accurate image:

Objects are close to each other,
Signal intensities change dramatically,
Low temporal correlation,

A low number of projections is taken.

* Even when there are scenarios that are ill-suited for HYPR,

performs relatively well.

* HYPR images demonstrate better temporal variations than
window composite image.

it still

the sliding

* Composite window width can play a part in the quality of the HYPR

image produced.

Departmentof Mathematlcs \ Departmént of Mathemancs ) Departmeént of Mathematics )

2.3.2 W-Hypr presenations
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“Time Resolved MR Angiography
Limited PIO]eCthHS

Yuexi Huang and Graham A. Wri

By Kacie Jacklin
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Key Points to HYPR

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

* Data Sparsity/Undersampling - Limited Projections

* Uniformity of Signal Dynamics - This assumption yields the property
that the artifacts are proportional between the limited-projection
image and the corresponding limited-projection image calculated
from the composite and cancel each other out after normalization.

* Bit-reversed ordering of acquiring projections is used.

* Unfiltered backprojection can help limit the artifacts.

Page 2
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Original HYPR

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

) 1 P(r,0,9)

HYPRimage(x,y,z) = — xC(x,y,z) X y ——~
ge(x,y,z) N, (x,y,2) ZR@&@

N - Number of limited projections in the time frame

pr
C(x,y,z) - Time -averaged composite image

P(r,0,9) - Unfiltered backprojection of a certain raw projection

P (r,6,9) - Unfiltered backprojection of the corresponding projection from the composite image

*As the number of limited projections increases to equal the total
number of projections,

the HYPR image is equivalent to the composite image.

*This equation leads to constraints in the denominator. If there are
pixels with a value of

zero, or near zero, it can lead to artifacts in the HYPR image.

Page 3
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Wright HYPR

COLLEGE OF NATURAL SCIENCES & MATHEMATICS

5 ZP(r,B,q))

HYPRimage(x,y,z) = C(x,y,z
ge(x,y,z) = C(x,y,z) )

C(x,y,z) - Time -averaged composite image
P(r,0,9) - Unfiltered backprojection of a certain raw projection
P.(r,0,9) - Unfiltered backprojection of the corresponding projection from the composite image

As the number of limited projections increases to equal the total number of projections,
Y P(1,6,0) .
Y P.(r.0.9)

Then HYPRimage = C(x,y,z)

*In other words, as the number of limited projections increases to the
number of projections of the composite image, the ratio of the sums is
one and the HYPR image is equivalent to the composite image.
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Simulation ‘ ‘
COLLEGE OF NATURAL SCIENCES & MATH EMATICS

Departmeéntof Mathematics Departmentof Mathematics Departmentiof Mathematics

temporal profile of 8-projection HYPR
- : ;

* 4 object computer model
* Two arteries and two veins a certain

distance apart, veins larger than o
arteries §
* Arterial signals increased earlier ;
than venous signals I
* HYPR picks up venous intensity e
early.
* HYPR detects venous intensity for ’
the arterial image, this is called a Fime (in number of projections)

“cross-talk”.
spatial profile of HYPR P25-P32

normalized HYPR
of P25 — P32

g

composite

signal intensity

Eb . 200 250
Page 5
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Simulation ‘ ‘
COLLEGE OF NATURAL SCIENCES & MATHEMATICS

* Less sparse than previous

temporal profile of 8-projection HYPR
simulation. 3

= 1

[ — True Artarial
. - = = True Venous
s ——— HYPR Arerial

T - = — HYPA Venous

A

* Two arteries and two veins
closer together than previous
simulation, veins larger than
arteries.

* Arterial signals increased
earlier than venous signals

signal intensity

* HYPR picks up venous intensity
early and has a lower arterial
intensity.

X X ] &0 ) 0 120
* HYPR detects venous intensity a Time (in number of projections)

for the arterial image.
spatial profile of HYPR P25-P32
X ; o ViveR ol P26 P

Compasite

— True

150

HYPR -

Ebinposis of P25 — P32

&

signal intensity

200 250

100 150
b pixels Page 6
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* Same dynamics as previous simulation.

* HYPR detects venous intensity for the arterial image.

* Sliding window reconstruction is applied for updating one projection for
each HYPR reconstruction.

* As the number of projections is reduces, the greater the fluctuations in
intensity.

32-projection HYPR 16-projection HYPR
= = e

8-projection HYPR
n

— e A

- =
k- £
£w £o
z . B /A S ———
= [
@ o 'y

™ n) Bl

G o= T

- - » Lad et - £ ] o = 100 =] n ] © - 00
a Time (in number of projections) b Time (in number of projections) [+] Time (in number of projections)
4-projection HYPR - ,'f’,'ﬂ’ii??m"i‘i?“ N 1-projection HYPR
a0l o — T e o
z z
2 £ B8
€ E £
2 2 m
T w w 0 ] o w ® 0 )

d Time (in number of projections) e f Time (in number of projections)
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Background Tissue Signals R ‘
COLLEGE OF NATURAL SCIENCES & MATHEMATICS

temporal profile of 8-projection HYPR temporal profile of AU

* Comparison of HYPR and AUCTION

* Arterial signal is less
intense

* Background tissue is
reconstructed more accurately
than other signals

signal intensity

£ =

5w w &
Time (in number of projections)

temporal profile of 2D slab projection

round

signal intensity

Time {in number of HYPR 30 data sets) Time (in number of projecti

adjusted tempaoral profile of 20 siab projection

temporal profile of HYPR 30 data sets

Time (in umber of proje
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. Filtered backprojection applied to limited-projection images produces a SNR
that is significantly lower than that of the composite image.

M Unfiltered backprojection produces a higher SNR than filtered backprojection.

M The SNR of a HYPR image is dominated by the low SNR of the limited projection
image.

Ex ) Assume we have a circular shaped object that we are projecting,
SNR.— SNR of the composite image
N, — diameter of the object in pixels=5

N ;, —matrix size of the composite image in pixels=256

N, — number of projections per HYPR group=16

N
SNR:SNRCV—JN_I,:SNRCSZW

Vlvpk

V16=SNR_(1.25)
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Findings RNIA STATE UNIVERSITY, FULLERTON
COLLEGE OF NATURAL SCIENCES & MATHEMATICS

In Original HYPR, there is need to avoid the pixels that are zero
(or near zero), these cause artifacts (spikes) in the HYPR image
when the projections are normalized.

In Wright HYPR, this is avoided since the denominator is the sum of
a number of projections. The likelihood of zeros in the denominator
is reduced.

The number of acquisitions taken using bit-reversed ordering must
be a power of 2.

Large vessels cause signal interference to small vessels in HYPR,
especially when the vessels are close to each other.

Since this is a sparse data set, the interference of the nonuniform
dynamics is relatively minor in terms of the overall image
contrast.

Page 10
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2.4 Different team members writings

2.4.1 Current Status of HYPR Computational Investigation By Doug

Current Status of HYPR Computational Investigation

The original HYPR, Wright HYPR, and MLEM reconstruction methods have
been implemented in MATLAB, using the built-in radon and iradon functions for
projection and backprojection. Three exploratory simulations are presented below. Going
forward, the computational team will be further investigating these algorithms and
working with the theoretical team to test the efficacy of any new algorithms that are
developed. These tasks support the overall goals of understanding the mathematical
justification of the HYPR method and, if possible, deriving a superior method that may be
an enhancement and/or combination of current methods.

FIRST SIMULATION

The configuration of the first simulation was similar to that used in Time-Resolved
MR Angiography With Limited Projections, by Huang and Wright. Specifically, a disk 50
pixels was centered in a 256x256 background. The intensity of the disk varied linearly
from 0 to 127, resulting in 128 images. The size of the HYPR time frame was set to 8
projections, so that 16 time frames were used. The 128 projection angles varied linearly
from 0 to 179, although the order of the angles was bit-reversed. The simulation was run
using original and Wright HYPR, and the results of both were largely consistent with
those in Huang and Wright. Small differences could be the result of inexact replication of
their simulation or minor errors in our code. Any minor errors will likely be discovered
once this (Stang) simulation is compared to the Abbasi simulation.

Error was assessed by computing the mean absolute difference of each
reconstructed time frame (there is one reconstruction for each 8 projections) with the
mean of the corresponding 8 actual images. By this measure, the errors for original HYPR
were smaller than for the Wright method. Again, this result will be compared with the
equivalent result from the Abbasi simulation.

The figures shown below are the composite image, the sum of the unfiltered
backprojections of raw projections 121-128, the sum of the unfiltered backprojections of
composite projections 121-128, the product of the ratio of these backprojections with the
composite image, and finally the mean of the 8 actual images corresponding to this time
frame, respectively. The Wright reconstruction can be seen to be close to the actual
images.



Composite Image Unf. BP of Original Proj. 121-128
Unf. BP of Composite Proj. 121-128 Wright reconstruction for time frame 16 (proj. 121-128)

mean actual image over time frame 16
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SECOND SIMULATION

The second simulation examined the effect on the original HYPR method results
when the disk moves over time, with a view to investigating the effect of blood flow on
the reconstruction. Specifically, a disk with radius 25 pixels was centered at off-center
coordinates (25,-25) in a 256x256 background. 128 different projection angles were used,
again in bit-reversed order. Every eight projections, the disk moved 4 pixels.

The figures shown below are the composite image, the sum of the ratios of the
unfiltered backprojections for time frame 16, the sum of the unfiltered backprojections of
composite projections 121-128, the reconstructed image, and finally the actual image of at
this time frame, respectively. The reconstruction and the composite image are clearly
corrupted by the movement of the disk.

composite image Sum of ratios of Unf. BP for time frame 16 (proj. 121-128)

Original HYPR reconstruction for time frame 16 (proj. 121-128) Actual image at time frame 16
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THIRD SIMULATION

The third simulation compared original HYPR and a 1-step MLEM. A disk with
radius 25 pixels was centered in a 256x256 background. 128 different projection angles
were used, and the size of the time frame was set to 128 projections for simplicity.

The figures shown below are the actual image, the composite image, the HYPR
reconstruction, and finally the MLEM image. The HYPR image is clearly more accurate
than the MLEM image. Investigation into this discrepancy will be ongoing. More MLEM
iterations may be required, although even at 3 iterations, the mean absolute error is higher
for MLEM than for HYPR.

actual image composite image
Original HYPR reconstruction mlem image




2.4.2 MLEM vs. HYPR by Doug

MLEM vs. HYPR

Original HYPR was compared a 1-step MLEM algorithm. A time-invariant disk
with radius 25 pixels was centered in a 256x256 background. 128 different projection
angles were used (ordered using bit-reversed ordering), and the size of the window was
set to 8 projections.

The figures shown below are the actual image, the composite image, the HYPR
reconstruction for the first HYPR frame, and the corresponding MLEM image. The
HYPR and the MLEM images are indistinguishable, although the mean absolute error is
slightly higher for HYPR than for MLEM. More detailed comparisons of MLEM and
HYPR are planned.

actual image composite image
HYPR Reconstruction for Projections 1-8 MLEM Image for Projections 1-8
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2.4.3 MLEM vs HYPR By Theory group

The Mathematics that connects the MLEM algorithm to HYPR image reconstruction:

According to O’Halloran’s paper entitled Iterative Projection Reconstruction of Time-
Resolved Images Using Highly-Constrained Back-Projection (HYPR), the MLEM
algorithm is mathematically equivalent to HYPR. MLEM stands for Maximum-
Likelihood Expectation-Maximization. The MLEM algorithm can be used in image
reconstruction for medical purposes. Positron Emission Tomography (PET) and Single-
Photon Emission Computed Tomography (SPECT) are two types of image
reconstruction processes where the MLEM algorithm is used. The purpose here is to

show that the MLEM algorithm will work for HYPR reconstructions.

The MLEM algorithm is a process that approximates the solution to
g=Ho
where we can look at H as a forward projection matrix, & as the original image being
projected, and g as the projection produced in order to link the two processes together.
The goal is to tie this to the equation
S =Rall]
from the HYPR process where R, is the Radon transform over the sets of angles 4t, |, is

the image being projected, and s, is the sinogram produced from the projection.
We will look at the first iteration of the MLEM algorithm and see how it can be
translated into the HYPR process of image reconstruction. The first step of MLEM is as

follows:
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This can be rewritten in matrix form.
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HLHng

can be looked as the vector that is produced from unfiltered back projection on the image

The portion of the equation

produced by the ratio

9
HOO

Here the division is done in an element-by-element fashion to produce the vector whose
elements are the ratios of the respective elements of g and H6®. The difference here is
that H' is applied to the ratio where in HYPR the back projection is done then the ratio is
created.

In HYPR the equation we want to tie to equation (1) above is as follows

A s
e R‘”[&(C)J ©

where we have that C is the composite image, s is the vector of image space projections,

and R, is the radon transform. R; is unfiltered back projection.

The only thing left to tie together is C and




2.4.4 Computational results By Theory group

Computational Results

* Original HYPR, Wright HYPR implemented in
MATLAB

* Simulations configured similarly to those in
“Time-Resolved MR Angiography with Limited
Projections” by Huang and Wright

* Results largely consistent with Huang and
Wright

— this statement applies only to Wright method, since
Huang and Wright only simulate Wright method

Computational Results

* Error measured using mean absolute error of
reconstruction compared to mean of actual images over
time frame

* By this measure, original HYPR appears to be more
accurate than Wright method
* No noise considered yet

* Preliminary MLEM method implemented

— Will be used to test various hypotheses, such as equality
between HYPR and first iteration of MLEM

* Goals of computational tasks
— Validation of theories about mathematical justification of HYPR
— Exploration of any new algorithms formulated by team
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2.4.5 GP597 report By Hassan

Goals of the Project:

*Use Applied Mathematics to optimize
performance of Medical imaging system.

*Mathematics of HYPER and related
algorithms (Wright HYPER,1 HYPER),Study

Their relations to ML-EM algorithm and
understand their resolution, noise
amplification and artifacts.

*Implement HYPER and related algorithms

(Wright HYPER,1 HYPER) and ML-EM using
MATLAB, study their comparison.

*Mathematics formulation and simulation
of projection of a dynamic disk with radius
r that moves in different configurations
with respect to time.



2.4.6 HYPER report By Hassan

What'’s the goal of project?

Understanding the mathematics of Highly-Constrained
Backprojection (HYPER) is part of the work of graduate
students in the Applied Mathematics Project from GE Health
care Technologies.

We are in a search to optimize performance of medical MRI
imaging system through applied mathematics, by analyzing
the original HYPER algorithm and related HYPER
algorithms(Wright HYPER,1 HYPER), also we study the
Expectation-Maximization (EM) algorithm which is an
important tool for maximum likelihood (ML) estimation and
theoretical formulation for estimating statistical properties of
medical image reconstructed . Since the noise and its
potential adverse effects on medical image quality, it requires
a detail understanding of the statistical properties of the
image. We use MATLAB program to run simulations of a
simple circular dynamic models such as a disk with radius r
that moves in different configurations with respect to time.

We form a projection of a disk which is represented by a two
dimensional functions f(x,y) by combining a set of line
integrals that’s parameterized by (0,p) and satisfy the
equation, x cos(0)+y sin(0)=p. The line integral g(t,0,p) which is
known as the Radon transform of the function f(x,y) can be
written as
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g(t,G,p)=ﬂ Jexyx (x cos(0)+y sin(6)-p)dx dy, Where time (t)
is fixed.

Next, in order to reconstruct the image f(x,y) we use Filtered
Backprojection and The Central-Slice Theorem.

Thank you for your time
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3 My project notebook

Project notebook for Nasser Abbasi

Monday June 5, 2008 ..o 1
Some notes on HYPR and related
Tuesday June 3, 2008........coiiiiiiii s
Thutsday June 5, 2008 ...ttt s et ssiens
Friday June 6, 2008.........
Saturday June 7, 2008
Monday June 9, 2008
Tuesday June 10, 2008..........ccviiiiiniiii s
Wed June 11, 2008 ..o s
Thursday June 12, 2008......
Friday June 13, 2008...........
Saturday June 14, 2008....
Sunday June 15, 2008 .......cccieirieinieiiieieieieiieeeee ettt ettt
Monday June 16, 2008.........ccoeiiiiniiiiiicii s
Tuesday June 17, 2008
Wednesday to Saturday June 21, 2008 ..........cooeirimrieieieieininicniicisss e 7
Thursday to Monday June 24, 2008 ..o 7
Tuesday t0 ThutSAay 6/26/08 ... seiseiseisesseasesssssssssssssesaessessessesenns 8
FLAAY 0/27 /08 ..o
Saturday 6/28/08.
SUNAAY /29708 ..ottt sttt et st et
MONAAY /307 08...c.cueeiirriiireierireieriseiesestieseeeiessesase i sase s sast et sis e
Tuesday to Thursday 7/03/08.................
Friday, Saturday and Sunday 7/6/08 ........
Monday 7/7/08 to Thursday 7/17/08
Friday 7/18/08 to Monday 7/28/08 ........cvwveerererrereineireineireineiseineeseeseaseasssessessessessessessessensennes
Tuesday 7/29/08 t0 Friday 8/1/08 ..ottt ssessessessessessesens

Monday June 5, 2008

Some notes on HYPR and related

This section will contain useful notes I found related to this project

1. From paper “Multidimensional MRI of Cardiac Motion Acquisition, Reconstruction and
Visualization” By Andreas Sigfridsson

“HYPR: Projection imaging has gained much interest, because of the forgiving appearance when
using large undersampling factors and thus rapid image acquisition. HighlY constrained
backPRojection (HYPR) [28] has demonstrated an impressive reduction factor of 225 for time
resolved imaging. Temporal averaging is used to reconstruct a composite image, which is then
used to constrain backprojections of individual radial read-outs, depositing the projection data
only in the objects being imaged. This requires, however, that the objects in the imaging volume
do not change position over time. Thus, while it might be useful for contrast enhanced vessel
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angiography, it is not directly applicable for imaging of cardiac motion.”

my comment: Note that HYPR is useful for object that do not move. I also read somewhere

else, that within the object, the blood flow should be changing at fixed rate (do HYPR might not

work for using on places where one part of flow is higher. We then just need to assume that

these conditions are met, and we do not need to worry about what if they are not for this project.

2. The term “gridding” used in the Mistretta paper seems to mean as follows I saw on this
link http://adsabs.harvard.cdu/abs/2004]OSAA..21.499P  O'Sullivan JD. A fast sinc

function gridding algorithm for Fourier inversion in computer tomography. IEEE Trans

Med Imaging 1985; M1-4(4):200{207.

: “...by the use of gridding techniques that provide an efficient means to compute a
uniformly sampled version of a function g from a nonuniformly sampled version of Fg,
the Fourier transform of g, or vice versa....”

I am not sure what nonuniform sampled version of the spectrum means, I am guessing it

means those slices that are taken from the k-space projection (first row in Mistretta

paper) are not taken at uniform angles and at some time more slices are sampled than at

other times.

3. T really need to try to implement HYPR to understand how it works more. But need to
find how to obtain the k-space projection data and how to read it to start the process.
But first need to write the full algorithm. There is Matlab code to do HYPR simulation
from the paper, see if we can get that.

Tuesday June 3, 2008

6/4/08 made a more detailed diagram of HYPR algorithm, to review with group at class
tonight.

Thursday June 5, 2008
Made a visio diagram of HYPR hypr.png

Friday June 6, 2008

Working on the backprojection formulation using matrix based. The algorithm for
backprojection is I currently do it in the simulation uses radon/iradon. However, this is
FourierTransform based (i.e. to do backprojection, iradon uses the central slice theorem).
We need to do it using as in first assignment, using matrices and transpose and all that.

The problem is how to formulate this with many projection to construct the composit
image. I think it should be simply SUM over I of A™*g(i) as in my note above. Instructors
said to stage the g(i) vectors (the projections) to make one large vector and then use A’ on

that. But the dimensions do not work out. Even if I make A to back a bunch of A’s stacked
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next to each other, I get the same as if I did a SUM. So I am not sure why they said that.
Need to sott this out.

Reading the PPT file that Dr Pineda send to us today to see if it will help me.
Spend more time reading the Kak book. Very useful stuff.

Saturday June 7, 2008

Cleaning up my notes on derivation of HYPR.

Monday June 9, 2008

Updated my notes on HYPR. PDF HTML

Few things needs to understand:

What does this mean? “angular undersampling factors of 100 may be possible” from the
main HYPR paper (A5). I am still now sure I understand how HYPR allows undersampling?
Need to think more about this.

Why does appendix A talks about single projection then uses a sum over all projections?
(part about SNR)

Tuesday June 10, 2008

Reading the Wright-HYPR paper.
Questions on it:
1. It says the the composite image C is “time average”. Does this mean when making
the composite image we need to average the resulting of the filtered backprojections?

2. What does this mean? “Since the profiles of the projection lines are normalized (divided) before they are
summed, this is a nonlinear process.”

From Wright-HYPR
“Unfiltered backprojection has a significantly higher SNR than filtered backprojection due to the over-weighting of the low
frequency data (data at the center of the &space).”

Some definitions from

“Projection lines: Projection lines are thin continuous parallel lines that project out from a
drawing to help describe a component. They are drawn two at a time with a dimension and a
dimension line between them.”

Wrote matlab function to generate disk image of different sizes and centered and simulate
for different loci see my main project page for table

Wed June 11, 2008
Worked on my HYPR report, read Wright paper and I-HYPR

Thursday June 12, 2008
Corrected my HYPR report. There was a mistake in the GE PPT.



Added algorithm psudo-code as well.

Friday June 13, 2008

Staring work on HYPR implementation

Saturday June 14, 2008

Working on HYPR implementation. I can now reproduce the plots in Wright Huang Paper
using disk. I think I found an error in the paper. It is 16 projections per frame, not 8. Send
email to the author Dr Huang.

This is how the Ul look like now

) <Student Version> : nma_HYPR Q\E\@
Ded&E k| AaA0® € 08 =0 ~

spatial profile true vs. HYPR

original Image

[ View I Select source image 08
View mode. ) Whight-pager disk
) full view (360 deg) OlLera o8
O partial view 04
select partial view | Seizct 2lgort 02
starting angle ‘ @ original HYFR .
ending angle ‘ ) Wright-HYPR 0 05 1
Frame [129]
O LHYPR spectum ongnal mage ;. spectum HYPRimage
how many time frames? ‘a © WALHYPR
numker of projections per time frame? 16 number of terations ‘
05
Generate HYPR frames
ol .
o o

5 1
P[113-128 PC112-128] mean=1.4 Composite image cument HYPR frame

temporal profils 1 - S
s ]
5 . =
» ~
i .Y

0 50 100

Time (in number of projestions)

EEIEEEE

signal ntensity

Still need to implement W-HYPR and I-HYPR and make it more robust.

Sunday June 15, 2008

W.H. paper is correct, it is 8 projections, but they count projection differently from what we
do. So their 8 projections is what I call 16 projections. So all is ok.

9AM: Things needs to do for today

1. if spatial images already created for current image, do not redo it. This needs for me
to use UserData and keep track of this.

2. generate the profile for intensity

3. check for no power of 2 number of projections, and if so, do not use bitordering
since that works only for power of 2.

4. Try to do the HYPR for moving disk as well.

5. add plot/result of error between current HYPR frame and average of real frames
used to generate the HYPR frame.
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6. Updated my document on HYPR projections and clarified it.
7. 11:15 pm: Need to add error, and 3D view of spectrum. Finished HYPR and WH-

HYPR. Tommorrow 1

can do I-HYPR

Now it is all complete for HYPR, I get the same results for all the plots of the paper.

Here is what the Ul looks

like now.

Next, I need to implement WH hyper and I-Hyper. Should be easy to do. Next, add 2
small objects (disks) next to each other and see the effect of small objects, and compare
to 2 disks further apart. HYPR should do better with objects with more space between

them I think

) <Student Version> : nma_HYPR

DedE k| RAMD | E

[ EE =

— lfiew ic gt Select saurce image
View made (%) Wright-paper disk
(%) full vieww (360 deg) @ mEiE T
(O partial view
select partial view- {— Select 2l
S ‘ ‘ (%) ariginal HYPR
ending angle ‘ ) Wright-HYPR
O I-HYPR
how many time frames? ‘1 [ O M-HYPR
number of projections pet time frame? 15 ‘ number of iterations ‘

Generate temporal images

generate HYPR frames

RESET

Fl241-256]

temporal profile

signal intensity

o 100 200

Time n number of projections)

PC[241-256]

GuIent user image

Frame [256]

spectrum original imags

Status

PiPC

120 T
100 ¥ LS -
an 1
60 * *
P !
20 Lo ~
ri ‘&

mean=1.5

Completed generating HYPR frames

spatial profile true vs. HYPR we. composite
RED=composite, BLACK=hypr, BLUE=te
0w

100

0 100 200
spectrum HY PR image

e cument HYPR frame
Composite image

hyper frame [16]

Some observations:

To obtain a good HYPR frame reconstruction, projections per frame must be taken at angles
that are uniformly distributed around 360. If one takes a time frame projections at angles
such as 1,2,3,4...,20 degress say, then HYPR frames reconstruction will not resemble the
original images well. Hence use bitordering, and for this user must supply a power of 2 total

number of projections.

Monday June 16, 2008

Adding more stats
Original, RMSE 2.937
WH hypr RMSE 3.064
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HYPR frame in W-HYPR is more than image frame (averaged) than in the case with original
HYPR. So W-HYPR for somereason generates HYPR frames with more intensity?

I-HYPR is working. RMSE after 2 steps went down to 2.754

3 PM. Moving sotware to laptop. Completed initial report with results. See my updated
HYPR report.

Current Ul
) <Student Version> : nma_HYPR.

EEEIEESEEEIEE

[ESEIES)

spatizl profile true vs. HY PR vs. composite

s ‘“’“D'm" FHYPR [ steps average of images RED=composite, BLACK=hypr, BLUE=tue

— Wiew ific atit — Select source Jmage 100
Wiew rmode
() Wright-Huang disk
(&) full view (0-180) deg &
() partial view
select partial view.
- n‘_p ] — Select 2igorithm o
arting angle ‘ 100 120 140 160
‘ () arigingl HYPR Frame [16] .
ending angle ‘ ‘ ’ spectrum of averaged original spectrum image
) Wright-HYPR image over curent timeframe
howw many time frames? @ I-HYPR
number of projections per time frame? ‘ O MHYPR
number of terstions ‘5 ‘

Frame [16]

mean esuts
Generate temporal images | | generate HYPR frames RESET FSE betuzen :
n g g cument HYPR frame [5 703132 ‘ HYPR F[3a13002 | Image frame 3_?13399‘
and anginal frame
— i HYPR T
temporal profile Plzst] PC[256] s Composite image E rame
120
100 d
a0 —
* -
60 *
0
0
o 100 200 hyper frame [16] hyper frame [16] mean=6.1 hyper frame [18]

Tuesday June 17, 2008
From Wright-Huang paper

“ . L .
A uniform acquisition order, such as the bit-reversed
order, is required to reduce imaging artifacts.”

“Spatial resolution, temporal resolution, signal-to-noise ratio
(SNR), field of view (FOV), and the extent of artifacts

are common tradeoffs in magnetic resonance imaging
(MRI).”

Send email to Dr Huang. With this one simple test (disk, change intensity) original HYPR gives less relative error and less
RMSE. Should I be trying different configurations?

Current UL Added log file, more statistics
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) =Student Version> : nma_HYPR.
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(%) Wright-Huang disk
(&) full view (0-180) deg
50 ’ ]
() partial view
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Send email to Dr Huang with result of simulation in the hope to get his input on why WH-
HYPR produces larger relative error in the HYPR image with the above simple simulation.
May be the disk simulation does not reflect or show the main strength of WH-HYPR ?

Here is the PDF file with results of a test described in the pdf file.

Wednesday to Saturday June 21, 2008

Been working on running experiments on HYPR and developing a HYPR simulator to help
me with this.

Thursday to Monday June 24, 2008

Completed version 1.0 of the HYPR simulator and also completed the midterm report.
Helped with editing for the PPT slides.

This is how the UI looks now
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J <Student Version> : HYPR simulator, version 1.0, June 21,2008 by Nasser Abbasi, CSUF Mathematics departme
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Tuesday to Thursday 6/26/08

Made version 1.1 of the HYPR simulator. See HERE for web page and more information.

Class.

At time, worked for few more hours to add support to dynamics phantom clip and another
image from Dr Pineda he send.

Friday 6/27/08

Read a little from the book the mathematics of medical imaging on radon tansform and filter
theory (which is really nothing but linear system stuff studied in my mechanical eng.).

Working on splitting the 2 windows. One is a configuration only UI (where preferences are
entered) and a separate window for all the plots. This allow more real estate for displaying
the images and it also allows me to improve the preferences entry and add more options as I
am running out of space already.

Saturday 6/28/08

Work on simulator. Looking at adding noise
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Sunday 6/29/08
Work on HYPR, read papers

Monday 6/30/08
Work on HYPR, class

Server Ul

) <Student Version> : HYPR simulator, (Server,
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) <Student Version> : HYPR simulator (Client). version 1.2, June 30,2008 by Nasser Abbasi, CSUF Mathematics... [Z] E\@
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Tuesday to Thursday 7/03/08

Worked on “initial findings and animation” report.

Updated HYPR simulator to 1.2.1 (fixed 2 small boundary conditions problems and changed
RMSE to become normalized).

Read papers, learn about SNR, Contrast, and CNR.

Update my HYPR report, concentrate on I-HYPR for class talk

Friday, Saturday and Sunday 7/6/08

Working on adding more analysis features to simulator.

Need to know the following on HYPR
How is a time frame determined? i.e. what are the basic of it? It must have something to
do when acquisition occurs.

5:00 AM Sunday. Ok, go to sleep. All what is left now is to clean up stuff, and synch things
up. Should be done by Thursday. Here is the UI now. Added intensity profile plot also.
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-Student Version> : HYPR simulator (Server 1). version 1. uly 7,2008 by Nasser Abbasi, CSUF Mathematics department
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[] Enhance off mear: [ alsa show histogram (Q abs emor (%) intensity profile
GET ME BACK TO THE CLIENT

Monday 7/7/08 to Thursday 7/17/08

Went to SIAM on Monday 7/708. Then spend all the next week wotking on v 1.3 of
simulator. Many things added. Plane to finish it by next Monday so we can start using it to
analyze the algorithms in detail and write the final report.

Wrote a small report on matlab iradon and why the all-at-once does not give the same result
as the one-at-time method.

Friday 7/18/08 to Monday 7/28/08

Completed HYPR simulator. Final version is 1.4.1

Made report on HYPR-LR and reviewed finding in class

Working now on final report (4 pages) and power points (4 slides) for summary of work
done.



Tuesday 7/29/08 to Friday 8/1/08

Worked on power points and report. Did review in class and handed out my reports.
Applied changes to power point slides and emailed updated copy.
Working on documentation for HYPR.
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4 My report on effect of using sliding window for HYPR

Findings Related to the Effect of Using Sliding Window
Composite of varying sizes on the Accuracy of Original HYPR,
Wright-Huang HYPR and HYPR-LR Using HYPR Simulator
Software applied to GE phantom clip and to Crosstalk test case

by Nasser M. Abbasi
August 6, 2008

Notice: This whole report with all supporting documentations and images are contained in
this one ZIP file (8 MB)

Introduction

This report contains results obtained using simulation to compare the accuracy of HYPR
image reconstruction using the original HYPR, Wright-Huang HYPR and HYPR-LR
algorithms applied to two different input data: The first using the GE phantom clip (images
in this clip exhibit large spatial and temporal dynamic), and the second input data using a test
case which exhibits cross talk problem (2 objects close to each others with different
temporal dynamics). This second case was obtained from the I-HYPR paper® and shown
under figure 4 in that paper. This paper if available to download from my project web page
in the Papers table under item #2.

In this simulation (version 1.5 of HYPR simulator was used, which now supports composite
sliding window) we used a sliding window composite algorithm to generate a new composite
image when a new HYPR image is being reconstructed.

The sliding window algorithm for generating the composite image is a known method which
attempts to improve the result of the final HYPR images by reducing cross talk effects, but
can increase streak artifacts. See LR-HYPR paper"” for more discussion on this topic. This
paper can be downloaded from the above mentioned table as well at item #9.

We have modified the original HYPR®, Wright-HYPR® and HYPR-LR" algorithms to be
able to support a sliding window composite in the HYPR simulation software.

In this small study, our goal was to determine how each algorithm’s accuracy changes with
window size.

We used windows of varying sizes and in each case, we ran simulation using noise and

without noise. We also run the algorithm without the use of sliding window. Two different
tests were done.

Simulation results

First test case: GE phantom clip



In this test, we used as input to HYPR algorithm the GE phantom clip which exhibits large
spatial and temporal dynamics.

This set of data we broken into 8 time frames with 8 projections per time frame. Then we
ran the modified O-HYPR and W-HYPR which now supports sliding window and
compared the accuracy as the window size is changed. This is the result.
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GE Phantom Clip, noise is zero

GE Phantom Clip, No Noise case mean and 5% S.D.

Window Size Window Size
. No slidi . No slidi
Algorithm \:ii d Ol:g Algorithm :i[su;llul\::g
3 5 7 3 5 7
O-HYPR 8.32 | 6.76 | 6.65 6.83 O-HYPR 12.44 | 12.20 | 11.08 10.73
W-HYPR | 845 | 6.69 6.77 W-HYPR | 10.86 | 9.65 @ 9.60
LR-HYPR! | 18.49 | 9.79 | 7.34 6.70 LR-HYPR! | 20.67 | 17.23 | 14.50 | 13.87

RMSE results (Lower values means more accurate reconstruction)
Data contains total of 8 time frames

(1) LR-HIYPR was run using circular filter with size 20

Observations on the above test results

We first notice that W-HYPR had the best results with and without noise. We also observe
that the most accurate results was obtained using the sliding window method by limiting the
composite size to smaller size than the case would be without the use of sliding window. W-
HYPR with sliding window of 7 was more accurate than when using all the available time
frames.

Second test case: Cross talk
In this test case, we used the test case as described in the I-HYPR paper® under figure 4.
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Fig-4 I-HYPR paper, noise is zero mean and 5% S.1D.

Window Size No sliding

window

Algorithm
3 5 7 9 (11 |13 |15

O-HYPR | 57.76 |204.54| 40.76 |56.77 |44.33 |37.74|39.78| 33.45

W-HYPR | 31.22 | 24.79 | 22.02 |22.01|(20.80)21.07|21.87| 22.06

LR-HYPR! | 124.39| 93.89 | 87.17 | 84 |85.91 |86.11|84.12| 75.65

Fig-4 I-HYPR paper, No Noise added

Window Size No sliding

window

Algorithm
3 5 7 9 11 13 15

O-HYPR | 33.95| 13.25 | 9.88 |8.66 | 7.22 | 5.97 | 5.79 | 5.85

W-HYPR | 21.88 | 12.40 |10.22 |9.16 | 7.75 | 6.54 | 6.54 | 6.63
Fm——
LR-HYPR: | 86.06 | 18.46 | 10.67 |8.52 | 6.97 |5.96 é__ig/ 5.59

RMSE results (Lower values means more accurate reconstruction)
Data contains total of 16 time frames, 8 projections per frame

(1) LR-HYPR was run using circular filter with size 20

Observations on the above test results

In this test case, we wanted to determine the effect of sliding window on cross talk. There
were 16 time frames with 8 projections per time frame.

When noise was present, W-HYPR was the most accurate. The accuracy of W-HYPR was
improved more with the use of sliding window where we see that the most accurate result
was obtained with window of size 11.

With no noise present, LR-HYPR was the most accurate. The use of sliding window with
LR-HYPR did not result in improvement of accuracy compared to the case when no sliding
window was used (5.58 with window of size 15 vs. 5.59 with no sliding window). By the
nature of LR-HYPR, it works best with objects that are close to each others and exhibit large
temporal dynamics.



Conclusions

1. The use of sliding window with Original HYPR and Wright-Huang HYPR results in
more accurate HYPR reconstruction.

2. In both test cases, O-HYPR and W-HYPR did better with sliding window than without
sliding window. However, the size of the sliding composite window is difficult to
predict. Doing some earlier simulations on typical images that are expected to be
acquired could help in determining the size.

3. With smaller sliding composite window, cross talk was reduced; however, in place of it
streak artifacts showed up (see images below in appendix). LR-HYPR had the least
amount of streaks show up at small window sizes.

4. It is recommended that O-HYPR and W-HYPR be implemented with sliding window
algorithm, however, since the wrong size of the sliding window could result in worst
reconstruction, the determination of the correct size for each different conditions can be
difficult to predict. More research is required to study the affect of sliding window
composite on accuracy of reconstruction as it can depend on the nature of the images
being reconstructed.

5. The more parameters are available to adjust (we have now introduced a new parameter
which is the sliding window size), the more combinations that are available to adjust and
this can make it more difficult to determine the optimal set of parameters. However, the
advantage comes from when we are able to determine the most optimal set of
parameters for a given input, as this can result in a more accurate HYPE reconstruction
as was demonstrated above.

Appendix

This appendix contains a detailed look at how the different window size affected the cross
talk problem. We show the HYPR image reconstructed at the end of time frame 4 for sliding

windows of size 3, 5,7,9,11,13, and 15. We do this for O-HYPR, W-HYPR and LR-HYPR.
And compare each to the original image at the same time frame.

At the end of the time frame 4, the following is the actual image at input and how it looked
like
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Cross talk test. 2 images close to

cach other with varying intensities.

NO NOISE. Showing cross talk at time frame 4 as window size changes

Windo O-HYPR W-HYPR LR-HYPR

w
size

3
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13

15
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NONE

NOISE ADDED. Showing cross talk at time frame 4 as the window size
was changed. Noise is Gaussian with zero mean and 5% S.D. of

maximum projection signal.

Windo
w
size

O-HYPR

3

W-HYPR LR-HYPR
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NONE
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5 Matlab functions and simulation
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This section will contain collection of functions and simulation I made during work on this
project.

1. M file to generate a disk of some radius and center. added June 9, 2008. This function
returns a 2D matrix of a disk (white=1,black=0) [nma_makeDisk.m|

2. This file is a driver for the above function. Shows examples of how to call the function
[nma driver makeDisk.m|

6 Class handouts and reference papers

date

handout description

link

Tuesday 5/27/2008

Paper: Highly Constrained Backprojection for Time-
Resolved MRI by C. A. Mistretta, O. Wieben, J. Velikina,
W. Block, J. Perry, Y. Wu, K. Johnson, and Y. Wul

link]

Tuesday 5/27/2008

Paper: Iterative projection reconstruction of time-
resolved images using highly-constrained back-
projection (HYPR) by Rafael L. O’Halloran, Zhifei
Wen, James H. Holmes, Sean B. Fain

link]

Tuesday 5/27/2008

Paper: Level Set Reconstruction for Sparse Angularly
Sampled Data by Sungwon Yoon; Pineda, R.; Fahrig,
R.

link]

Tuesday 5/27/2008

Paper: Reconstructing absorption and diffusion shape
profiles in optical tomography by a level set tech-
nique by M. Schweiger, S. R. Arridge, O. Dorn, A.
Zacharopoulos, and V. Kolehmainen

link]

Tuesday 5/27/2008

3 pages from book, on discretization delimma

PDF

Tuesday 5/27/2008

3 pages from book Foundations of Image Science on
MLEM algorithm

PDF

Thursday 5/29/2008

Tomographic Image Reconstruction Derivation of the
central slice theoreom

link

Thursday 6/5/08

Professor’s Gearhart Derivation of Equation (7) in the
paper by Sungwon Yoon, A Pineda, and R. Fahrig

PDF

Monday 6/9/08

Paper (Wright- Huang -HYPR) Time-Resolved MR An-
giography With Limited Projections Yuexi Huang and
Graham A. Wright

PDF,

10

Monday 6/9/08

PPT presentation of HYPR by GE

PDF

11

Wed 6/12/08

Scan of page from Kak/Stany showing analytical solu-
tion to projection of ellipes

image



progress/HYPR_implementation/nma_makeDisk.m
progress/HYPR_implementation/nma_driver_makeDisk.m
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2366054
http://www3.interscience.wiley.com/journal/117356343/abstract?CRETRY=1&SRETRY=0
http://ieeexplore.ieee.org/Xplore/login.jsp?url=/iel5/4143535/4179711/04179778.pdf?isnumber=4179711&prod=CNF&arnumber=4179778&arSt=3420&ared=3423&arAuthor=Sungwon+Yoon%3B+Pineda%2C+R.%3B+Fahrig%2C+R
http://www.opticsinfobase.org/viewmedia.cfm?uri=ol-31-4-471&seq=0
http://www.aapm.org/meetings/99AM/pdf/2806-57576.pdf
handouts/projection_of_ellipse.png
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Monday 6/16/08

Paper: Improved Waveform Fidelity Using Local HYPR
Reconstruction (HYPR LR) by Kevin M. Johnson, Julia
Velikina,Yijing Wu,Steve Kecskemeti,Oliver Wieben,
and Charles A. Mistretta

PDF

13

Thursday 6/19/08

The EM algorithm handout given to us by Dr Gearhart

PDF

14

Thursday 6/19/08

Handout from Dr Pineda, the goals of the HYPR
project

PDF

15

Thursday 6/26/08

Siavash Jalal write up on EM

PDF

16

Wed 7/02/08

Paper: Projection Reconstruction MR Imaging Using
FOCUSS Jong Chul Ye, Sungho Tak, Yeji Han, and
Hyun Wook Park

PDF,

17

Wed 7/02/08

Paper: An Application of Highly Constrained Back-
projection (HYPR) to Time-Resolved VIPR Acquisition
J. V. Velikinal, C. A. Mistrettal, K. M. Johnson1, O.
Wieben1

PDF

18

Tuesday 7/8/08

Talk by Jeff Fessler at SIAM 2008 in San Diego on MRI

PDF

19

Thursday 7/10/08

Send to us by Dr Pineda: Paper Evaluation of Tempo-
ral and Spatial Characteristics of 2D HYPR Processing
Using Simulations by Yan Wu, Oliver Wieben, Charles
A. Mistretta, and Frank R. Korosec

PDF

20

Sunday 7/12/08

Paper: Time-Resolved Contrast-Enhanced 3D MR
Angiography by Frank R. Korosec, Richard Frayne,
Thomas M. Grist, Charles A. Mistretta

PDF,

21

Sunday 7/12/08

Paper: MAGNETIC RESONANCE IMAGING (MRI)
SIMULATION ON A GRID COMPUTING ARCHITEC-
TURE H. BENOIT-CATTIN, F. BELLET, J. MONTAG-
NAT, C. ODET

PDF]

22

Sunday 7/12/08

Thesis: Multidimensional MRI of Cardiac Motion Ac-
quisition, Reconstruction and Visualization Andreas
Sigfridsson LIU-TEK-

PDF

23

Monday 7/12/98

Siavash derivation of SNR for HYPR

PDF,

24

Sunday 7/19/08

from Doug, MLEM related power points. Mathemati-
cal relation of MLEM to HYPR

PDF

25

Tuesday 7/22/08

Paper A self referencing level set method for image
reconstruction 2002

PDF

26

Saturday 7/26/08

Paper: 3D Time-Resolved Contrast-Enhanced Cere-
brovascular MR Angiography with Subsecond Frame
Update Times Using Radial k-Space Trajectories and
Highly Constrained Projection Reconstruction Y. Wu,
N. Kim, F.R.

PDF
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27 | Sunday 7/27/08 Paper: Undersampled Radial MRI with Multiple Coils. | [PDF
Iterative Image Reconstruction Using a Total Variation
Constraint by Kai Tobias Block, Martin Uecker, and
Jens Frahm

28 | Sunday 7/27/08 Paper: Radial Single-Shot STEAM MRI By Kai Tobias | [PDF
Block and Jens Frahm
29 | Sunday 7/27/08 Paper: Novel Radial MRI Technique for Obtaining | [PDF

High Resolution Black Blood Images of the Heart with
and without Fat Suppression from a Single k-space
Data Set by Zhiqgiang Li, Ali Bilgin, Arthur F. Gmitro,
and Maria . Altbach1

30 | Friday 8/15/08 Paper: HYPRIT: Generalized HYPR Reconstruction by | [PDF
Iterative Estimation Samsonov AA, Wieben O, Block
WE.

31 | Friday 8/15/08 Paper: More Optimal HYPR Reconstructions Using a | [PDF

Combination of HYPR and Conjugate-Gradient Min-
imization by M. A. Griswoldl, K. Barkauskas, M.
Blaimer, J. L. Sunshine, and J. L. Duerk

7 Link

—_

. urlhttp://scien.stanford.edu/class/psych221/projects/02/insomnia/ NOISE measurements
in MRI (SNR) and matlab code

[\

.fhttp://visielab.ua.ac.be/staff/sijbers/snr_ref.html|web page
of references on SNR in MRI

w

. lhttp://www.eng.warwick.ac.uk/oel/courses/undergrad/lec13|/
[applications. htm|3. http://www.eng.warwick.ac.uk/oel/courses/undergrad/lec13/ap-
plications.htm good notes on MRI andbackprojection in general. Warick univ. England.

N

. lhttp://www.patentstorm.us/patents/7277597/description.html
talk about radial acquiztion.

(8]

.fjhttp://www.impactscan.org/slides/eanm2002/s1d001 . htmfonFil-
tered backprojection and CT

=)

.fhttp://www.eecs.umich.edu/~fessler/|Dr John Fessler web page. He
does MRI and this page contains software and papers. The link below is MRI data found
on this page.

~

.fhttp://www.nap.edu/readingroom/books/biomedical /|on-line med-
ical imaging book Mathematics and Physics of Emerging Biomedical Imaging

o]

. lhttp://www.eecs.umich.edu/~fessler/course/516/a/books. txt]
Dr Fessler recommended books on medical imaging.



http://visielab.ua.ac.be/staff/sijbers/snr_ref.html
http://www.eng.warwick.ac.uk/oel/courses/undergrad/lec13/applications.htm
http://www.eng.warwick.ac.uk/oel/courses/undergrad/lec13/applications.htm
http://www.patentstorm.us/patents/7277597/description.html
http://www.impactscan.org/slides/eanm2002/sld001.htm
http://www.eecs.umich.edu/~fessler/
http://www.nap.edu/readingroom/books/biomedical/
http://www.eecs.umich.edu/~fessler/course/516/a/books.txt
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9. Ihttp://www.eecs.umich.edu/~fessler/result/mr/angio/|MRIdata.
This is from Fessler group.

10. http://www.radiology.mcg.edu/radiologyphysics/mri/MR%20cha8%
very good PPT on MRI

11. http://www.radiology.mcg.edu/radiologyphysics/|Where the above
was taken. (the chp4 one is GOOD) also the k-space one

12. http://www-cellbio.med.unc.edu/henson_mrm/|looks like have MRI
data here. Check it out

13. http://www.ehealthmd.com/library/mri/MRI_whatis.html|good
description of how MRI works, but no pictures.

14. http://www.mabot.com/brain/|some brain MRI images

15. http://www.hull.ac.uk/mri/lectures/gpl_page.html|introto MRI

16. http://www.sph.sc.edu/comd/rorden/mritut . html|MRI tutorial and
nice software. Download software to my references folder for math 597 csuf and tried it.
No more time.

17. http://www.fonar.com/glossary. htmMRI glossary

1

oo

.lhttp://dnl.ucsf.edu/users/dweber/dweber_docs/mri_quality].
good page on MRI quality

19. http://www.dimag.com/cardiovascular/journal/showArticle.[jhtml?
[articleID=201202400|good discussion on sampling for imaging

20. [http://airto.bmap.ucla.edu/BMCweb/SharedCode/SpeedLimit /[SpeedLimi
good article on MRI

21. |http://www.bic.mni.mcgill.ca/cgi/bw/submit_request|MRIsim-
ulation data request. I did it, but no reply.

22. |nttp://www.nitrc.org/projects/pediatric_mri/|MRI data

23. http://www.bic.mni.mcgill.ca/nihpd/info/data_access.html
data access

24. http://mipav.cit.nih.gov/download. php|some MRIapplication, requires
Java stuff.

25. http://www.e-mri.org/quality-artifacts/signal-to-noise-rjatio.
[LEmIISNR for MRI

26. lnttp://dynamo.ecn.purdue.edu/~bouman/software/tomography/|
MRI matlab data



http://www.eecs.umich.edu/~fessler/result/mr/angio/
http://www.radiology.mcg.edu/radiologyphysics/mri/MR%20cha8%20SNR.ppt
http://www.radiology.mcg.edu/radiologyphysics/mri/MR%20cha8%20SNR.ppt
http://www.radiology.mcg.edu/radiologyphysics/
http://www-cellbio.med.unc.edu/henson_mrm/
http://www.ehealthmd.com/library/mri/MRI_whatis.html
http://www.mabot.com/brain/
http://www.hull.ac.uk/mri/lectures/gpl_page.html
http://www.sph.sc.edu/comd/rorden/mritut.html
http://www.fonar.com/glossary.htm
http://dnl.ucsf.edu/users/dweber/dweber_docs/mri_quality.html
http://dnl.ucsf.edu/users/dweber/dweber_docs/mri_quality.html
http://www.dimag.com/cardiovascular/journal/showArticle.jhtml?articleID=201202400
http://www.dimag.com/cardiovascular/journal/showArticle.jhtml?articleID=201202400
http://airto.bmap.ucla.edu/BMCweb/SharedCode/SpeedLimit/SpeedLimit.html
http://airto.bmap.ucla.edu/BMCweb/SharedCode/SpeedLimit/SpeedLimit.html
http://www.bic.mni.mcgill.ca/cgi/bw/submit_request
http://www.nitrc.org/projects/pediatric_mri/
http://www.bic.mni.mcgill.ca/nihpd/info/data_access.html
http://mipav.cit.nih.gov/download.php
http://www.e-mri.org/quality-artifacts/signal-to-noise-ratio.html
http://www.e-mri.org/quality-artifacts/signal-to-noise-ratio.html
http://dynamo.ecn.purdue.edu/~bouman/software/tomography/
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30

31

32
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.|nttp://en.wikipedia.org/wiki/Projection-slice_theorem|Cen-
tral slice theorem

. |http://www.slaney.org/pct/[Book Principles of Computerized Tomographic
Imaging. See chapter 7. Here is the web page of the book which can be downloaded for
free or buy from amazon by Avinash C. Kak and Malcolm Slaney

. jhttp://www.archive.org/details/Lectures_on_Image_Processing]
on-line lectures on digital image processing.

.fhttp://www.ismrm. org/|The International Society for Magnetic Resonance in
Medicine

.fhttp://www.ismrm.org/07/Session53 . htm This page contains papers on
Compressed Sensing and HYPR (It is part of workshop by ISMRM held in 2007)

.fhttp://www.cs.ubc.ca/~mitchell/ToolboxLS/|Level set Matlab tool-
box (thanks to Dr Pineda for the link)

.lhttp://focus.ti.com/docs/solution/folders/print/275.html
contains a detailed block diagram of MRI



http://en.wikipedia.org/wiki/Projection-slice_theorem
http://www.slaney.org/pct/
http://www.archive.org/details/Lectures_on_Image_Processing
http://www.ismrm.org/
http://www.ismrm.org/07/Session53.htm
http://www.cs.ubc.ca/~mitchell/ToolboxLS/
http://focus.ti.com/docs/solution/folders/print/275.html
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