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Introduction: Goal

Improved localization and tracking

over multiple types of time interva{months, weeks, seconds)

of specific objectge.g., thoracic, abdominal tumors)

that are challenging to image be compared and registered, to be tracked

by robotic or semi-robotitherapeutic devices

(or during human-guided administratiohtreatment).




Introduction: Quest

How to use multimodal image types to clarify ambdize the key features and
attributeshat are;:

(a) critical for planning, targeting, treatment

(b) most useful to identify significant medicalrisfiormationggrowth, remission,
recurrence, metastasis) especially post-therapgrtaiynamics

(c) most useful for automated deformable regisirgtrocesses

(d) possible for extending forward simulated-futol®ect behaviofgeometry)




Introduction: Proposed Solution

Staged, hierarchical evaluation of pairs or tripleft models corresponding to
specific components of observed objects

measures of mutual agreement or discord at eagh sta
"~ conventional image data parameterd(gd,e...)

" network elements describing transform operatGid,H,Q,F,...) that can be
interpreted as a way to encoal®e object (or segment) into another

sets of functions that can be applied for fastueate transformations
forward/backward in time representing spatial aavdporal behavior of the
observed objects

This is something like an encryption schempglied to geometrical objects that
follow very complex, dynamic rules (in this casgganic, metabolic)




Introduction: Requirements (Ideal)

Improve image registration accuracy AND utility tijnicians

Improve computational performance and accuracy
Not add to more complicated protocols for imagingnterpretation

Versatility to accommodate progressive novel dgualents in diagnostic
radiology, alternative spectral imaging, non-raolgptal therapeutics



Constraints and Caveats

Cannot get too general or too basithe aim is to have something that can really work
realistic time frame — some step forward for atti@s® particular sub-branch of oncology
that could be implemented into the clinical wordli, 2 years, not much more

But if this can lead to something that has theeptél for extension, even generalization, to
multiple forms of diagnosis, therapeutiesen outside oncology, then this is also good

A massive amount of work has been done alreadydnyy people much more experienoed
every aspect of medical imaging and radiologicalabmgy — much of what is suggested here
as some “new” approach has not yet had the opgortian“connect” with real medical data

The extensive prior and current work by otherdd@atually provide the basis for a healthy
“synthesis” approaghusing established algorithms, software, datahagash could rule out
the need or benefit for any radically different eggzh (such as what may be suggested here)

Even if a lot of what follows is full of holes, might lead to a practical theorem or ttat
ultimately can be useful to improve upon some efdRisting technology




Some Foundations

Mutual information is, first of all, the only infmation really, because information is always
about something. So I[X;Y] is telling us about winge have in X that can tell about Y. Itis
also telling us about uncertainty, insofar as I[HFYH(X) + H(Y) — H(X,Y)

This leads into relative entropy or informationeligence which can be thought of as a
““distance" between the joint probability p(x,¥) @and the probability g(x,y) = p(X)p(y) ,
which is the joint probability under the assumptadnndependence

The converse of the distance or separation isnieial dependence or agreement between
for instance two object models. Here we can fpéatand p(y) in terms of some object or
artifact that may / may not be present in a poraban image.

For any p(x) we are concerned with g(for some object and its absence, p&x1-p(x). Is
some object (feature) of interest present or not?

The feature may be a parameter set, a range wésalColor, location, diameter of a
definable marker, a fractal texture, an estimablemwe, all characteristics that can be found
in both the input data (e.,g., image) and the dbjeadel, compared, and examined for
mutual agreement.
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Promising Work

Hannes Kruppa and Bernt Schiele, “Mutual Informatior Evidence Fusion,

Perceptual Computing and Computer Vision Group, EliHch, CH
http://homepages.inf.ed.ac.uk/rbf/CVonline/LOCAL_EIBS/KRUPPA1/cvonline.html

A simpler place to start — faces in rooms — carctiraputer find them?
(Important — first find the faces before trying teentify them)

They take a mutual information approach usingwaag combinations of different
object models

color/shape template/shape
combined combined
Stage 2

color shape template

...................................... .Kruppa. & .Schiele.




Pairing Up Models

. Goal: Find where are the human faces in the image
. Use skin color, facial shape, and a template neatch
. First use color and template (stage 1), compasemied with expected, deforming

to fit for a maximum Ml

ohserved distribiution | expected distribution

Observed distributions are compared to
expected, and fitting (moving) can occur to

maximize mutual information,

but sometimes for a given observed-
expected pairing, there may be too much

interference from other observables

U= plskinM,)

nAa.

- p(w’cfﬁ.|e)

od..

Kruppa & Schiele
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Overcoming by Stepping Up

Absences or overabundance (shadows, bright lights3kew some of the
pairings, and this is why there are parallel amddrchical pairings of models

The key to overcoming failures in one model igdioyng the pairing and then
introducing another level based on the results filoanfirst pairings, and so on

| piskinia)

skin color

Kruppa & Schiele

eigenfaces

shadows

Eigenface cue fails 11



Best-fitting among best pairs

face
region
Stage 3
color/shape template/shape
combined combined
Stage 2
color shape template

]

(i

Kruppa & Schiele
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About Face...

Kruppa & Schiele

eigenfaces

Can we apply something from “out
there” with entirely different image
feature types and matching
problems, to something on
seemingly a different ‘order’
altogether?

13



All images taken from ... a UPMC paper coincidentall
HCC Example ) Pap g

“Fibrolamellar Hepatocellular Carcinoma: Pre- andtthesapy Evaluation with CT
and MR Imaging” — Tomoaki Ichikawa, MD, Michael Fel@e MD, Luigi Grazioli,
MD, & Wallis Marsh, MD (UPMC and Yamanashi Medic¢ahiv.)

Radiology 2000; 217:145-151

Pretreatment

1 Year Later




Transforms of Interest

. Temporal: M(t11) M, (t2)

. Displacement: MXy, Y0,Zo) M1(Xq, Y1,21)

. Orientation: Observer(xy;,z) [M1(Xo, Yo.Zo)] ~ Observer(x;, Yisj;Z4) [M1(Xo, Yo%)l

. Modality (MRI, CT, PET,US): M M,

In each of these transforms there can be many ttmesforms occurring. It is desirable if we can
establish what are some of the rules by which tayoccur, what are the dependencies, and
what then are the likely paths by which to deformd seshape the expected distributions of

parameters for a given model or sub-model in or@eptimize (maximize) the mutual
information between the two.

15



Challenges

FACES - seemingly a much easier problem, moretdide’ challenges:
(a) mostly the same shape, and normalizable in gggm
(b) color, lighting, shadow can throw off one modebnother

Multimodal imaging of TUMORS (and other anatomiodjects)

(a) mapping from MRI to CT to to US

(b) changes in coordinate systems

(c) growth, coloration changes, hematoma, hemogehdiglocation

(d) effects from surgery and other therapy

(e) almost by definition, models;nd M will have differences that involve qualitative
differences that cannot be easily compared

So there must be some transform functions defioedap from the attributes of Mo those
of M, that cannot be compared as if they were simplescalvector transforms of each
other

16



A Clue from the Biometric World

Compartmentalize the features and the tasks &ctgdtack, and recognize — don't try to
bundle it all together, but use the higher-scaleandle discrepancies at lower details

Faces for instance —

Localize where they are, pinpoint in the world-spaad relative to others

Rule out illogical, impossible things (2 faces an® space, insufficient size, etc.)

Then tackle orientation and axes — can eyes, nosgineven be seen, or what transforms
must be applied

Find key features in the face, and apply transfaras if necessary

Then lock onto key features and starting comparing

For discrepancies, look into what could have chdngden, how

For inconsistencies, go back and re-examine foimtip@ssible, the orientation, the projective
geometry aspects

Anatomical objects — similar approach, differer¢dfics
Location

What must be vs. what cannot be

Orientation

Key features expected to stay the same or incrdas®ase
Features that are expected to change or have ahange

17



GENET Overview

Consider two objects, static 3D modelg &dhd M,, generated from transformations of 2D
data sets (e.g., MRI and CT, or multiple CT). Mgtand M, be static representations of the
same anatomical objekt, an instance of a tyde object (e.g., hepatoma).

Objective: to derive a geometrical encoding nekiatbat aids in adaptive deformable
registration from M M, and that is extensible to other modelsafithe same anatomical
objectL ;, s.t.

(a) Mutual agreement between Bhd M, can be maximized (this is the classic goal; mutual
information is maximal, and there is a useful ielaestablished between the objects)

(b) a deformation functiorpfcan be applied to variations of;Mnd M, (M, and M, that
are individually generated - following sets of rutgss/erning objects of typle - but that are
independent of each other (namelyyland M)

CLAIM: such a network, if it exists or can be apximated, will potentially be useful as a
means of rapid registration between members afgetaclass of models representing
including incomplete models Mhat individually may not be readily classifiedant
agreement with any other mode| Mderived from similar data sets

18



In Other Words

If we can develop some generalizable tools (th&lEEor Geometrical Encoding Network)
that work very well for describing, hierarchicalbttributes of some well-defined images (the
models M) that are known to be derived from viewing, undiferent circumstances (time,
sensing modality) the same fundamental objegt (

Then we may hope to find certain patterns (withiem Network that thus describes relations
within some of these Mintramodular) and between different ¢htermodular)).

These patterns should not be limited in correspand only to the individual images used in
the process of deriving (constructing) the GENETthay should have some applicability to
transforming other images that we know to be cotatk@lbeit with some fuzziness,
distortion, incompleteness, to the same fundameijalctL

This is still a hypothesis, prior work has beeniled, but there is work by others that shows
promise. It also has some unusual connectiongtiwork and graph theory, to solitons, and
to cryptology. Hmmm.

It might be way off base, or it could shorten cangions, handle noisy, missing and
ambiguous image data, and help therapies like IMRd tissue-specific nanomaterial
implants to work more accurately and under robooictrol for extracranial regions that are
hard to motion-stabilize during treatment.

19



Two Interesting Current Approaches

Multi-Modal Volume Registration by Maximization of Maitinformation

William M. Wells Ill, Paul Viola, Hideki Atsumi, Sh Nakajima, Ron Kikinis

An approach based upon estimating entropies andatiges, then applying a stochastic
analog of gradient descent to achieve a local nhiné@mation maximum.

Not requiring segmentation, the goal is to be dkmdiosyncratic properties of specific
imaging modalities.

Applied experimentally to MRI-CT and MRI-PET, focas neurosurgery application.

An Efficient Mutual Information Optimizer for Multireition Image Registration
Thévenaz, P., Unser, M.

An approach for multiresolution context registrattbat is based upon the Kullbeck-Leibler
measure of mutual information which in turn restgloe use of joint histograms of test and
reference image data.

Applies Parzen window functions and a derivativéairquardt-Levenberg, not using least
squares but the Parzen function.

Applied to CT and MRI (using PD, T1 and T2 modabi for brain image registration

20



Diffusion-Attraction

Based upon J. P. Thiron (1995 et al)

“Maxwell’'s demon” --- akin to simulated annealing,
basically a hybrid of diffusion and attraction
competing in the same object space

Suggestion — this should be done in
parallel at multiple scales and
spanning multiple subregions of
two models M1 and M2

21



Abstracting the Diffusion-Attractor-Breather

Consider two images of one object and we havanddfil+ subnets of
the GENET to accommodate several models (colomplie
granularity, fractal-measure, volumetric relationgach subnet
defines how a portion of Man transform into some;M

The functions that operate in the arcs of the lg(apbnet) may be
computationally implemented through diffusion, @attron, stochastic
gradients, Parzen windows, Morse functions — atghbiat they are
abstract functions, not entirely removed conceptdsdm
“overloaded functions” in programming languages.

The functions are like a coding algorithm, and kireg from subnets
and GENETSs toward increasingly generalizeable dedtion
fucntions fD is a bit like working from a “crib” teard a full-fledged
decoding of the cipher.

One subnet could govern the dynamics of how diffusnd attraction
interplay to deform one part of an object topolagp another and in
the process reduce the blindness and iterativeenurtithe
computations involved.

Imagine that these two
images are really not both
CT, or more significantly
different in view and features

22



Smartening Up the Diffusion-Attractor-Breather

Operatively we want to perform diffusion only orrtegén elements of

the topology, attraction on others. We want tenpolate but

intelligently. We want to create a “breather” ftina for the way we
M, are trying to change M M,, in such a way that not only do we
achieve a 1-up straightforward deformable regismadf M; M, but
alsowe get a deformation function 5  vo vi,..jthat can be
applied to M, and not limited only to the specific transformation
and registration of M;  M,. That was only the carrot for the
umbers to go do their trotting and pull the wagon...

23



Is there a neural network in the room?

Yes, there might be, but it is not a typical one.

The function f is mapping multiple variables that are essentiagigtor spaces,

to others on the basis of some classification @fgenfeatures and possible
topological configurations (volume fitting). It m&e that what we are dealing
with are higher-ranked tensors, and these couttidebjects that are classifiable
as patterns/configurations using some very simeleal networks.

The bi-stable coupled associative matrix modeledagoon
dx/dt=- 7/ (6 (i —%) + SW; ¥, (1)
where
y; = sin(x), (2)
W; = VY, - (3)

yields a simple but extensible tool for doing v&ast classifications and once
learned and codified, they could be applied infélsard environment useful to
(for instance) clinical radiology applications
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A Few More Thoughts on GENET

Is there only one optimizer for all volumes andge modalities?

How fast can we improve the computations? We ltavsidered thus far only the
algorithmic aspects. We can also engage MIMD p&isin, 16-way and 32-way
multiprocessing, now compact enough and cheap énimufit into the clinical
budget stream.

Can we tune a GENET to be smart in the adaptimsesaising a look-ahead neural
network for instance to adjust for patient breaghthus making CyberKnife apps
more practical for liver, colon, spleen, pancre&smach

Can we use a GENET approach to go after smallstateses — abdominal, breast,
lymphatic, and not only with RT but with tissue-sifie, guidable nano-dispensers,
something like the TNT (tagged nanothread) con@apt being implemented in
different forms) or with polymer-embedded drug @ety protocols, possible
tissue-regional patches with timed-released thrdagtart” PET and PVB?

At least we may have a step forward with one da#drle registration at a time, and that
would not be so bad after all...

25



GENET Speculations

Are the dynamics (growth, remission as well) ajanric structures behaving
topologically in a manner that follows a solitokidV path?

u, + W, + kuu = 0, u = u(x,t)
Can we skip some of the image calculations andoose surfaces using what we
may know to be necessarily the case from a Morserétic perspective about the
topologies?
Volumetric boundaries are very interesting atdekular level. What can we learn
about the geometry of growth including metastasisatso normal cell

differentiation by examining abstractly the bourydaaiationships that we can see
dynamically through MRI, CT, and particularly US?

Could this help us to evolve some kind of solitot@nsegrity network (STN) that
defines how cells and clusters of cells can dedim& measure (chemically)
topological boundary zongthereby determining to-grow-and-divide or to-die
decision-protocols (and affecting, through signgénetic switches, the chemical
activations to carry out those protocols)?

Ultimately question # 4 is very, very interestifhgr the author, for over 40 years).
26




Conclusions

Several recent developments in formal mutual mfmtion theoretic and
computational solutions for deformable image regtgin have very promising
results (e.qg., Kruppa, Schiele; Thevanaz, Unser;aVidlells, but this is just the
short-list)

Most of this work has a lot in common, mathemalycg@omputationally, and in
the targets (MRI+C, MRI+PET, CT+US; brain mainly)

We are looking at work that can definitely be greged and developed through
today’s technology for reasonable-term clinicallmapions, timeframe measurable
In several months to a few years, project scopé&lasr SBIR FastTrack

Integration of such work with clinical IMRT inclung CyberKnife type devices is
a reasonable outcome, but this can serve non-capleall D/T as well

And then there is the possibility that with “dedgied slave labor” something like
GENET might actually amount to something — shorfouthe CPU, at least we
hope, breakthrough if we are blessed

All this could also be useful outside of the fieldoncology, just to keep in mind.

27



Next Steps

SOME OPTIONS

. Plan new R1 proposal to NIH/NCI

. Enfold things into existing project underway oadyg to submit
. SBIR/STTR pathway, possible FastTrack
NIH naturally

DOE (e.g., pathway pursued by JNAL, Hampton, ODU)
DHS (HSARPA) — a twist but there are matches anahectmons
(consider upcoming Center of Excellence opps)

. Private sector — various, great environment irsBittgh

. ISTC funding for enhanced team (maths, softwdneical trials) outsourcing,
offshore (get 100% of phase 1 paid, agree to colwase 2, can apply to grants)

GOAL
Get started, have real data, environment, aboitiptus and to Do It
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Thank You

Martin (is-at) @ forteplan.com

(804) 740-0342 home

(202) 415-7295 cell

Maybe inventor of this GENET Not this Genet
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Backup/Reference Material
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BioScan Tech Summary

First generation work was focused on developlggrahms for optimizing image
capture with a Nogatech CCD-based video chipsebangstom-design device for
wireless data capture and transmission to a PC.

Image optimization was guided by parameter ggted to lens, lighting and capture
control, obviating the need for operator interventor decision-making

Images were automatically archived, displayed,@ocessed with recognition software
(OpenNet suite, developed and marketed initialh\6BYC).

The BioScan workstation provided internet coninegtto an e-collaboration application
(e-Presents) for real-time consultation by Ob/Gyth ancology experts to assist with
interpretating image results (current samples glusugh historical comparison).

The BioScan imaging database was designed fbtinea updating and agent-based
notification triggering using the ADaM (Active Dalkdover) software subsequently
completed and redirected to Intel Corp. application

BioScan enables the use of real-time, ad hocimgadny medical specialists during
clincal procedures as well as the informal at-homaging by individuals to be
integrated and processed through automated knowle@dmagement and discovery
logic, pattern recognition logic, and expert ingmtion, for the purpose of providing
“heads up” warnings or definitive diagnostic indaa@ to multiple forms of cancer or
other surface-observable diseases such as STDs.
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Resources

The following images and charts give a snapsttodduction to a few of the tool
components that were developed and applied in ibSdan R&D process. Not all
of these images reflect BioScan directly, cervaaicer, or skin-related imaging.

These images are provided to show some of whappnadluced and can be deployed
now to either a new Bioscan initiative or to otpeojects, unrelated to BioScan, for
which the same expertise (including mathematicalefing, image analysis,
electronics design and testing, database and kdget&ase implementation) can be
very easily applied.

Wireless Telemed Interface

Macromolecular
Networks Simulation Verite interactive pattern
detection/classification
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Resources (More)

Another Verite application, with EKG

SQL (Oracle) Data Server
interface for image data mining

Rows/Sec

e-Presents conferencing and
muilti-channel video streaming

ADaM'’s exceptional performance
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B\ Transparent FastL
@ Transparent Tpump
6000 @ Special FastL
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Resources (Still More)

Screenshots of SOAR-based production-rule system
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Resources sans Images; Current Tech Status

There are images archived from some of the edBlEScan Bayesian Network
modeling and the pattern classifier work, all frdm 1997 — 2004 period. These can
be provided later once de-archived.

All of the mathematical and software work canrésonstituted and re-run on
general-purpose Windows and Linux platforms. Himply a matter of having the
resources and adequate funding support for thegrty resume or to take on a new
course different from BioScan per se (e.g., a ptajeoncological imaging and
treatment of interest to the readers of this priegem, possibly unrelated to surface
images, etc.)

The current thinking about BioScan is to takeaad&ge of superior micro-imaging
that is commercially available, to take full ad\ege of the wireless capabilities, and
to integrate the diagnostic and pre-diagnostictions into established clinical
procedures and patient disease management progsawsll.

The results of studying inverse method modelsni@ge registration, correlation,
and tracking enable one to consider the practjcafiredirecting some of this early
work toward multimodal radiation-based treatmemid tissue-specific
chemotherapies, quite different from BioScan bukim@ause of the same
mathematical and computational resources, inclugarhgaps the integrated
Bayesian, product-rule and neural net models.
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Why AdaM is important

1. If you cannot collate, coordinate and efficiergbcess the patient image data, in real-time, free-
form (with respect to views and users) and withdacking users during backup and archiving
periods, then you have a very inefficient mediahflase and it is not conducive to the open-
ended purposes of BioScan.

2. The ADaM software outperformed that from NCR-Tetadvith their own product as a data
warehouse. It outperformed ab Initio, a leadehanfteld of Extract-Transfer-Load for Fortune
100 VLDB applications.

CONFI\ ¢ p
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Bs-. Ban
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: : d oS
: spacei (node with ETL Set
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i | with oXe)
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= i 0 v ©0o
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] Spact ) ] O
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L] External P data flow ETLPs)
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References

1.

Early overview document (product oriented, highel)
http://tetradgroup.com/library/bioscan.doc

Technical documents and notes available, on\aadHCDs

Early published paper on the neural net component
http://tetradgroup.com/library/bistablecam_ijcnriis

ADaM extract-transfer-load system, critical foetsuper-fast
movement of image data, triggering of agents, ammidination of
Images within patient-specific and feature-speafatabase views
http://tetradgroup.com/library/ADaM_Design_Desaoptl-1.doc

ADaM performance optimization, a key part of #ystem enabling
massive throughput and parallelism for high-densngging (not
only for BioScan but more for MRI, CT, PET, 3d-akound, digital
X-ray) http://tetradgroup.com/ADaM_PerfOpt.doc

Additional material available, in published, grablished, archived,
and workbook forms, along with databases and stmoualanodeling
software (Matlab, Mathematica, Maple)
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Current Program Status

1. The electronics hardware for the mobile wirelesage capture and
collection has been radically simplified.

2. Pre-contract agreements with suppliers and partnehe electronics
hardware domain have been established.

3. Matching fund agreements for phase-1 work haes lobtained.

4, The software development has proceeded extepsiueing 2001-2004
and includes work using SOAR, GeNie, BNJ, JESS,RMUO, plus
extensive work in the application of inverse methuabels (for more
advanced applications than BioScan will requirenmst applications).

5. Project work has been in hiatus due to fundisges.

6. Project work can be resumed and a substantial ed¢@echnical personnel
can be activated within 1 to 3 months.

7. All prior work, intellectual property, patent djgations, data, algorithms,

designs, etc. remain the property of the authopMiziak and are
assignable under contract.
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Some I3 Material
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Making Sense of the Data (I)

Basic diffusion equation - usable as starting ptoninverse problems

Tu _11u _
A ==1 u(x,0) =f(x) u(0,t) =u(a,t)=0
o K (0,t) =u(a,t)
Time-transition is accomplished in Fourier domain
¥ a
f(x)= f sin pn> f =2 %f(x)sin pn > dx
n=1 a ao a
¥ 2
ux,t)=  fekaltgin plt
n=1 a

Transition backwards in time requires amplificataf high frequency
components - most likely to be noisy and skewed

41
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Making Sense of the Data (ll)

Heuristic and a priori constraints needed to naamphysical realism and
suppress distortions from inverse process

First-pass solution best match or interpolatiomagia set of acceptable
alternatives

x =argmin||Ax- y| S.1. Al X
X
Final solution may minimize the residual error dnd regularization term

x =argmin|Ax- y|; #1 [L(x- X)[;

Regularization offers fidelity to the observed data and an
a priori determined (e.g., higher-scale-observed) s  olution model
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Making Sense of the Data (lll)

o Diffusion _ Attraction

* Modeling situations and schemas
as composite “images” in n-D

* |terative process with
exploration of parallel tree paths

— Speculative track; not required
for Nomad Eyes sensor fusion
to be useful to analysts

— Purpose is to enable automation
of the analysis and forecasting
post-collection process

— Area of active current research
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Making Sense of the Data (IV) - ISBAT

Multiple modalities
Sensor 1 Sensor 2 — Acoustic, EM, Optical, Text,
NLP, SQL, Al-reasoning...
« All looking at the same topic of
interest (aka “region”)
e Each sensitive to different
physical/logical properties
— “Trigger” data
— Contiguity (space/time)
— Inference relations

— “Hits” with conventional DB
gueries (immigration, known
associations, other
Investigations)

o Compare with Terrorist Cadre
Tactic models (schemas, maps)

Particular credits - Eric Miller, NEU
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