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A Framework for Predictive Modeling of Anatomical traumatic injury [13]-[18]. Several other studies have focused more
Deformations generally on modeling material properties of soft tissue [19]-[24].
Biomechanical models represent an important aspect of deformable
Christos Davatzikos, Dinggang Shen, Ashraf Mohamed, and modeling, since they utilize physical knowledge about properties of
Stelios K. Kyriacou deformable organs. However, they have two limitations. First, they
require that material properties, constitutive equations, and boundary

) o ] conditions are known. This is rarely the case, particularly with respect
Abstract—A framework for modeling and predicting anatomical defor- to boundary conditions. (Modeling brain shift is perhaps one of the
mations is presented, and tested on simulated images. Although a variety . N I~ .
of deformations can be modeled in this framework, emphasis is placed on VerY few exceptions, since itis greatly facilitated by the rigid skull and
surgical planning, and particularly on modeling and predicting changes of  the easily modeled effect of gravity.) Second, they are computationally
anatomy between preoperative and intraoperative positions, as well as on very demanding.
deformations induced by tumor growth. Two methods are examined. The An alternative approach is based on statistical modeling utilizing a

firstis purely shape-based and utilizes the principal modes of co-variation . . L
between anatomy and deformation in order to statistically represent de- number of training samples for which the deformation is known [25],

formability. When a patient's anatomy is available, itis used in conjunction  [26]. For example, in [26] the growth of the mandible was measured
with the statistical model to predict the way in which the anatomy will/can ~ from images of a number of children. The statistical properties of the
defqrm. The s_econd_ method IS related, and it USGS. the statistic_al model in under|ying growth field were examined via principa| Component anal-
conjunction with a biomechanical model of anatomical deformation. Itex- v s and the principal eigenvector that reflected a large percentage of
amines the principal modes of co-variation between shape and forces, with - . . . .
the latter driving the biomechanical model, and thus predicting deforma- the Variation of the growth field was used to predict the direction of
tion. Results are shown on simulated images, demonstrating that system- growth. Related are a number of statistical shape models [27]-[30] that
atic deformations, such as those resulting from change in position or from use principal component analysis in the context of segmentation and
tumor growth, can be estimated very well using these models. Estimation emplate matching. These models are not concerned with prediction
Zgg“ﬁ%&'ﬂ;ﬁ?ﬁggigpeizzt?gp“cat'on’ and particularly on how system- oo e 1yt rather with modeling normal anatomical variability for the
scope of shape segmentation and quantification.
_ Index Terms‘—Deform‘abIe mot_iels, intraoperative deformation, soft In this paper, we describe a framework for modeling and predicting
tissue deformation, surgical planning. deformations, which has two novel contributions. First, it examines not
only the principal modes of variation of shape [27] or deformation [26],
|. INTRODUCTION but also the principal modes of co-variation between shape and defor-
. . ) ) o . ) mation. Therefore, anatomical information collected from a particular
Modeling anatomical deformations is becoming increasingly 'mpoffatient’s images can contribute to a more accurate prediction of how the

tant in image-guided surgery. Anatomical deformations might be di&iens anatomy will deform, compared to prediction based only on
to diverse factors such as changes in patient positioning, needle punRG

X ) fistical properties of the underlying deformation field [26]. Second,
turing, skull opening, tumor growth, or natural bone growth after I'Sve present an approach for incorporating biomechanical knowledge

constructive surgery..M'any of these deformations can be predicteqﬁﬁj the statistical predictive model, thereby capturing the nonlinear
a large extent by statistical or biomechanical deformable models. Tﬂ%mechanical behavior of soft tissue.

former require that the deformation of interest can be observed in 3n our framework. we assume that the deformation of interest is

number of cases, which are treated as training samples from whicR gy for a number of cases that are used as training samples. Training
statistical predictive model is built. The latter are based on knowledggmples can be obtained in one of two ways, leading to two different,
of the b|omechaq|cal bghawor of biological t|.ssues. ) but related methods for predictive modeling. The first one is referred to
A number of investigators have used biomechanical models 1aane hased estimatigS8BE). In this method, from the training set
prt_edlct |n_traoperat|ve dt_aformatlons, particularly with re_spect to b_rawe find the principal modes of co-variation between shape and defor-
shift during image-guided neurosurgery [1}-[4]. Biomechanicg},,ion by applying principal component analysis on vectors that hold
models have also been used to model deformations induced by variglisy, |andmark coordinates and their respective displacement vectors.
pathologies such as turr_10r growth [5], [6], edema [7]-{9], hydrc\Nhen presented with a new shape, which corresponds to the anatomy
cephalus [10], [11], and intracerebral hematoma [12], as well as f9f 5 hatient, we express the shape in terms of the principal eigenvec-

tors via an optimization procedure. We, thus, simultaneously obtain
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are optimized for best prediction of deformation in the training set.) Tt X d1
deformation field is then calculated by applying the resulting forces X
a finite element (FE) biomechanical model of the anatomy. One ad 2 o
tional advantage of FBE is that it calculates displacements everywh ~ X5 dz d
in the interior of a structure, and not only on the boundaries being mc X, d
eled. X, —
At this stage of our work, we have not applied our methods to§ = q —d
particular application, but we have created simulated shapes and
formations, in order to test and compare our methodologies. We
currently in the process of applying this method to a variety of clir
ical applications, including modeling the deformation of the prosta L
between the preoperative and intraoperative positions, and statistic
characterizing soft tissue deformation caused by tumor growth.

Fig. 1. A schematic diagram showing a number of landmarks that comprise
Il. METHODS the vectors which represents a patient’s anatomy. The veqtdn this figure

. . ) . ._._holds the respective displacement vectors.
In this section, we first describe our framework for parameterizing P P

the statistical properties of shape deformability, which is based on prin- o
cipal component analysis. Next, we describe our approach for pfEm which it follows that

dicting the deformation, based in part on the patient’s anatomy and M
in part on the statistical model of shape deformability. Finally, we ex- s = s + Zaiv-"f (2a)

tend this framework to incorporate biomechanical properties of the de- i=1

forming anatomy. M
a= g+ D@y (2b)

=1

A. Statistical Model of Shape Deformability

Assume that a collection of points, perhaps landmarks, defining' 4€ Vectors andq are then represented entirelyby.¢ = 1...., M,

shape are arranged in a vectofsee Fig. 1). Consider, also, an aSSOprovided that the meam,, and the eigenvectors of the covariance ma-
ciated vectorg, which will be used to represent the deformation of‘r'x’ C, Off(x,) ha\(e been determined from th'e training set. Equation
the shape. The vectorg can have different forms, as will be elabo-(1) €an be written in a more compact form as:

rated later in this section. In its simplest form, it comprises a number of

- ) : . X = Va 3
displacement vectors defined on their respective landmarks. In another nt ®)
form, it comprises forces, which applied to a biomechanical model @fere
anatomical deformation yield displacements. Consider the vector ]
created by concatenatisgandq. Our assumption is that follows a a=|ag,..., cyM]l
multivariate Gaussian distribution, with densjfyx) that is parame-
terized by its mean andV is a matrix containing the eigenvectors@fthat correspond to

the M largest eigenvalues.
s The pdf of the coefficient vectar is given by
H=1- M
Hq gla)=c exp{— 2 2>il } (4)
and its covariance matrix ) ) ) o
where )\; denotes théth eigenvalue ofC, andc is a normalization
c {C” CW} . constant.
qu qu ..
B. Training
The probability density function (pdfj(x), or equivalently,. and In order to estimate the statistical parameters (mean and covariance

C that parameterize it, can be estimated from a set of cases in whigfrix) of the previous section, we need a number of training samples
the patient's anatomy, and the way in which this anatomy deforms, a& which the vectox is known, i.e., samples for which both the shape

both known. In that case, a number of vectaisi = 1,..., /', are  and its deformation are known. Training samples can be obtained in
used to calculate andC. As we discussed in Section |, there are tW@ne of the following two ways.

ways for obtaining these samples.

! 1) The undeformed and deformed configurations of a patient’s
Let the eigenvectors df be denoted by

anatomy can be captured by tomographic imaging. For example,
if high-quality intraoperative imaging is available, preoperative
K . ) and intraoperative images of a number of patients can be used
> to build a statistical model linking patient anatomy with its
Ve possible deformations. An example of a systematic deformation
is in prostate brachytherapy, where the patient changes form
the preoperative supine position to the intraoperative lithotomy
position. Significant changes in the shape of the prostate and
W the surrounding anatomy can render the preoperative plans
< = /l,—l—zac,:v;, M<EK-—1 1) inaccurate. In order to extract the shap(_as of interest from
— tomographic images, we can use an adaptive-focus deformable

wherev,. andv,, are the parts of; corresponding te andq, respec-
tively. Then,x can be parameterized as follows:
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shape model (AFDM) described in detail in [31] and [29]. Specifically, for a givers,, we find the vectora that minimizes the
Point correspondences in AFDM are determined primarily viafallowing objective function:
similarity in a set of geometric attributes, which characterize the

shape from a local and fine scale to a global and coarse scale. @) =|ls — so||* + w—
2) Conceptually, using real patient images, as described above, is g(a)
the most straightforward way of developing a statistical model M 2 1
of deformation. However, from a practical perspective, it is lim- = |[#s + Za’ivsi —Sof + w@ (5)
ited in two ways. First, for many types of anatomical deforma- =1 :

tions, a prohibitively large number of patient images would b\tfavherew is a relative weighting factor. The first term in (5) seeks vec-

needed to train a statistical model. An example is deformabili ? L
. ) rs that get as close as possible to the patient’s observed undeformed
ofthe spine, where one would need at least 20 or so patients, each : .
r}atomyso , Whereas the second term favors shape representations asin

. ) a
o_f which wou_l_d need to be scanned in tens or even hgnd_redséga) that are likely, according to what has been observed in the training
different positions, so that the normal range of variation in de-

formability of the spine can be captured by a statistical modeﬁ.amples' The solution is found using the Levenberg-Marquardt [32]

. . . . nonlinear optimization scheme.
Second, itis often impossible to obtain images from both the un- Leta be the vector minimizing(a), and let it be expressed as

deformed and the deformed configuration of the anatomy. For
example, if one is interested in statistically characterizing the
deformation induced by tumor growth, it is very unlikely that
a large enough number of patients can be found that have berennerefore our estimate ef, is given by
scanned both before and after the tumor growth. In order to over- '

come these limitations, we can generate a very large number of M

training samples via statistical sampling, in conjunction with a 8§ = ps + Z&ivsi. (6)
biomechanical model. For example, one can start with a number =1

of normal spine images, build biomechanical models based on

properties of bone and soft tissue, and deform these modeldihthis point, we have determined the coefficients of expansion in (1)
many possible ways, each time generating a pair of (shape, @4 (2a). Therefore, applying them to (2b) readily yields an estimate
formation). These pairs can be used as training samples for a &hthe unknown deformation field

tistical model. For a new patient, the statistical model can serve o

asa s_tatisti_cal p_rior iq pr(_adﬁctin_g or trackin_g deformations, per- Qo = g + Z&iqu" @)
haps in conjunction with limited intraoperative data such as fluo-
roscopic (or ultrasound, in many applications) images. Similarly,
one can simulate the growth of the tumor in a number of normbi summary, the expansion af in terms of the eigenvectorsy; } is
images, thus generating training samples obtaining both the peetermined from the part of that is known, namely,,, and is subse-
tumor and posttumor anatomy. In Section I, we show how thiguently applied to the part that is not known, namely

training set can be used to build an estimator of the anatomy of

a tumor patient prior to the growth of the tumor. D. Shape- and Force-Based Estimation

a=[a....,aut.

=1

In what we described earlier, the predicted veeioepresented the

C. Predictingq deformation field. We refer to this method sisape-based estimatipn

since it treats anatomical structures as shapes. An alternative method

The procedure described above effectively determines not only tikat we examine next uses boundary forces in plaag, and will be

main modes of variation afandqg, but also the main modes of co-vari-referred to agorce-based estimatiormhe premise in FBE is that, if
ation betweers andq. Therefore, ifq is to be predicted, or to be es-the biomechanical behavior of an organ of interest can be modeled,
timated under partial or noisy information, the statistical knowledgéen it could be included in the process of estimating the deformation
determined in the previous section can be used as a statistical priietd. For example, if our goal is to model deformations of the prostate
Let us assume thaf represents the deformation between a patienttsetween the preoperative and intraoperative positions, then we would
preoperative and intraoperative positions. Let the patient’s preopelike to include into our modeling basic facts about the elastic behavior
tive anatomy, as determined from the patient’s images, be represendéthe prostate, such as the differences in the elastic properties of the
by the vectos, . At this point we will assume tha, is accurately ob- central and peripheral zones.
served, although our formulation can be easily extended if only a noisyOne could argue that if the biomechanical behavior of a structure
or incomplete observation &f, is available. Knowings,, our goal is of interest is known, then its deformation can be modeled entirely via
to predict the vectoq, which will determine the deformation for this a biomechanical FE model. However, this is not the case, in general.
patient, and therefore the patient’'s deformed anatomy. Since we kndhe forces that would be required to drive such a biomechanical model
S., We can express it in terms of the eigenvectors and the coefficieat® not known, and cannot be easily modeled due to the complexity of
vector,a, asin (2a). Typically, if an orthogonal basis is available, the cdhe human anatomy and physiology, and also due to the fact that only
efficients of expansion in terms of the vectors of that basis are found layited coverage of the anatomy around a structure or organ of interest
projection. However{v; } form a basis for the entire vectsr, not for is typically provided by the patient’s images.
the truncated vectar. Therefore, projection ofiv;} is not possible. In order to incorporate biomechanical knowledge into our estimation
Projection on{v,. }, the truncated eigenvectors, will not provide therocess, we developed the FBE method. The basic principle of FBE is
correct coefficients vector either, sin¢e., } do not form an orthog- that the forces that need to be applied to the boundary of an anatomical
onal basis. Therefore, in order to find the veciarhich represents an region, which might include an organ or a collection of organs, can
expansion of, in terms of{v,, }, we solve an optimization problem form the vectorg, which is estimated as above. The estimated forces
in which a is found so that it yields a shape that fi{s and that has are then fed into a biomechanical model of the anatomical region of
high likelihood, the latter being expressedddyn) as in (4). interest, thereby providing the required deformation field.
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Unlike SBE, in which the vectoq that represented displacements Uniform pressure P
was known in the training set, in FBE this is not the case, since nc
force measurements are typically provided by tomographic imaging
Forces could be computed from the known boundary displacements, k
solving the associated boundary value problem, if the elastic propertie
of the structures of interest were known. Since, however, the range ¢
elastic parameters that is often found in the biomechanics literature ce
only be viewed as approximate, in our approach we have chosen
estimate these elastic properties fro m the training set alongayib
that optimal prediction is achieved in the training set. This leads to the
following iterative algorithm.

Step0) Use AFDM to segment the structures of interestin sampli
images, and to determine point correspondences. Dis
placement fields are obtained readily from the point cor-
respondences.

Step 1) Based on arough estimate of the elastic properties of the
structures of interest, and on the available displacemenly. 2. The model used as computational phantom in our first experimental
fields of the training samples, calculate the force distristudy. Uniform pressure was applied at the top and fixed boundary conditions

bution along the boundaries of the anatomical regions #fre applied at the bottom of the large ellipse. Each ellipse had its own elastic

interest. usina an FE biomechanical model. This ste Péoperties. Deformations were simulated using FEs with linear elasticity but
L 9 . . ) P Bnlinear kinematics.

straightforward, since knowledge of displacements an

elastic parameters leads directly to estimates of stresses
and boundary forces everywhere. the prostate, one might want to focus only on the deformation of the
Step2) Leave one of the training samples out«Setcalculated prostate anatomy between the preoperative supine position and the in-
boundary forces for the remaining training samples. Faraoperative lithotomy position. The underlying forces that are respon-
the left out sample, determine the statistical estimator afble for this deformation are very complex and difficult to model. For
q, givens, as described in Section II-C (see (7)). example, in the lithotomy position, the weight and repositioning of the
Step 3) Test the estimation accuracy on the left out sample. |legs causes deformation which eventually propagates to the prostate via
particular, apply the estimateg to the biomechanical other structures. To add to this complexity, the whole body anatomy is
model, thereby obtaining an estimate of the displacemenbt even known for a patient, since much of it is outside the field of
field. Estimated displacement fields are then comparadew of the scanner, thus precluding the use of a biomechanical model
with true displacement fields, which are known from Steffor estimating deformations. In the previous discussion, our assump-
0 for these training samples. tion has been that one can isolate the prostate as the ROI, and knowing
Step4) Repeat Steps 2 and 3 for each training sample, each tiimat it is composed of elastic soft tissue, one can model its deformation
calculating the estimation error. Compute the average esaused by forces exerted on it by surrounding tissue, no matter what

Zero displacement /)

timation error over all the training samples. the actual origin or distribution of these forces is.
Step 5) If the error has converged then stop. Otherwise, update
the elastic parameters based on the gradient of the average . RESULTS

estimation error and go to Step 1. ] ) ] ] )
We performed two kinds of experiments, both using simulations of

This procedure determines estimates for two sets of variables: 1) op- : X ! . .
. . . . chanical deformations. The first experiment was motivated by the
timal elastic parameters, 2) variables of the predictive model (the se . - . S ’
ential use of our predictive framework in estimating deformations

v;,i = 1,..., M corresponding to the optimal elastic parameters 0 . . . .,
. . . . e;ween the preoperative and intraoperative positions. The second ex-
When presented with a new patient (i.e., the preoperative anatomy 0f. . . :
riment was motivated by potential uses of our framework in mod-

the patient), we use the predictive model to obtain force estimates. ﬁfe ) ; ) )
then feed these estimated forces into the FE mesh created for that pa SOf.t tissue deformathn under growing tumprs. In both experi-
. . . . ._ments, simulated deformations were generated via an FE model.
tient, and by using the elastic parameters determined from the training
set, we calculate the displacement field, and therefore the deformed )
anatomy. A. Experiment 1

Internal Forces In the presentation of FBE, we have restricted our We considered a synthetic shape comprising five ellipse-like areas
discussion to boundary forces. It should be noted that this does not nsee Fig. 2). Each ellipse represents a different anatomical region with
essarily imply that our method is only applicable to problems that iiits own elastic properties. The material behavior is assumed to be linear
volve this kind of forces. Known internal forces, such as gravity, can fedastic with a Poisson ratio equal to 0.48, which gives an almostincom-
added to the FE model, thus providing the capability of incorporatimessible behavior typical of soft tissues. The Young’s moduli, denoted
effects induced by such forces. The density of the tissue is approli E; for theith ellipse, are within the range of the Young’s moduli of
mately known and the direction of gravity would be known for botisoft tissue (order of 10 000 N/
the preoperative and intraoperative positions. In contrast, the handlindgn order to simulate deformation, we applied uniform pressure at
of the so-called residual stresses within the tissue due to swelling #fe top and fixed boundary conditions at the bottom (see Fig. 2).
fects would be rather more difficult to handle since it would requirkinear elasticity is not necessary but is just a convenient first approx-
quantification of these stresses. Further research will be needed to ehation. ABAQUS/CAE [33] was used for the automatic creation
cidate the effect of these residual stresses in our methodology. of the geometry, the application of elastic properties and boundary

Our premise with the use of boundary forces in FBE is that one caonditions, meshing, and the solution of the resulting FE model.
focus on a region of interest (ROI) and model how surrounding ré&dthough linear materials were used, large deformation mechanics
gions affect the deformation in this ROI. Referring to the example oéndered the problem nonlinear.
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TABLE |
NORMALIZED ERRORSOBTAINED FOR FIVE TARGETS FROM THE TRAINING
DATASET WITH RELATIVELY LOWER PARAMETER VARIATION. EACH ROwW
CORRESPONDS TO ADIFFERENT SAMPLE USED FOREVALUATION BY THE
“L EAVE-ONE-OUT” M ETHOD. THE MEAN FOR SBE WAS 0.085= 8.5%
AND THE MEAN FOR FBE WAsS 0.08= 8%

Error in SBE | Error in FBE
0.115256 0.054368
0.047286 0.066952
0.065547 0.056310
0.081303 0.070515
0.116419 0.153702

distributions from which the Young’s moduli of the training dataset
were sampled. The subscript 1 denotes the two largest elliptical re-
gions, whereas 2, 3, and 4 denote the small internal elliptical regions.
By using material properties different than the true (mean) ones, we
wanted to test the robustness of our predictive model to substantially
different estimates of the elastic parameters. (Note that these elastic
parameter estimates are only used as initial values in Step 1 of the opti-
mization procedure of Section II-D.) For each of the five test samples,
we calculated the root-mean-square displacement error throughout all
nodes on the boundaries of the five ellipses. These errors, normalized
against the root-mean-square of the displacement vectors for the same
nodes, are reported in Table |, together with the mean normalized error.
Representative examples of the prediction of the deformed shapes are
shown in Fig. 4(a) for SBE and Fig. 4(b) for FBE.

We then tested the performance of the algorithms on the set of sam-
ples with relatively higher variability in shape and mechanical param-
eters. Fig. 5 shows a representative result from that sample set. Here,
FBE outperformed SBE. Error measurements are given in Table II.

B. Experiment 2

Our second experiment was motivated by the problem of modeling
softtissue deformation caused by tumor growth. In particular, in [5], we

(b)
Fig. 3. Four example simulated shapes resulting from statistically sampliggscribed a biomechanical model of brain deformation caused by tumor

the distribution of the ellipses and applying the mechanical model of Fig. 2. (QPOWth Under certain approximations, we demonstrated that it is pos-
Relatively lower parameter variation. (b) Relatively higher parameter variatio! ’ !

Solid lines denote the undeformed configurations while dotted lines denote #8!€ to model sqft tissue deformation by tumor growth, a_nd touse this
deformed configurations. model for matching an atlas of the human brain to a patient’s images.

One of the fundamental problems, however, in this type of modeling is
that the patient’s images prior to the development of the tumor are not

In order to simulate variability in shape and loading conditions, Wgailable. The initial position in which the tumor started is not known,
used statistical sampling for all major parameters of the simulategher. Therefore, it is practically not possible to model deformation
training samples: pressure at the top, major and minor diameters foliglposed by tumor growth, knowing only the patient’s images, unless
eIIipseS, the YOUng’S mOdU”, and pOSitionS of the three small e”lpSQﬁ/ergmp“fy”']g approximations are made. Matching an atlas to a pa-
We created two sets of training samples, having relatively lower agént's images is also subject to the same problem, since the process of
relatively higher variation in parameters. The first training set includgdmor growth and deformation of surrounding structures must be sim-
20 samples and the second one included 40 samples. Their paramefgigd on the atlas.
were drawn from Gaussian distributions haVing standard deViationsrhe ill posedness of the pr0b|em of tumor-induced deformation can
1/20 and 1/10, respectively, of the absolute values of the paramet@gs.overcome by using the framework presented in this paper. In par-
Four typical sample shapes from the first sample set (relatively lowggular, one can build a statistical model linking shape and deforma-
parameter variation) are shown in Fig. 3(a), illustrating the extent §én, as we described in Section II, by selecting a number of normal
variation in the samples. Four typical sample shapes from the sec@glin images and simulating the deformation of soft tissue caused by
sample set (relatively higher parameter variation) are shown in Fige growth of a tumor. If a large number of such simulations are per-
3(b). formed, then the resulting pairs of [shape, deformation] can be used

In order to test our predictive model, we used the “leave-one-outi our framework to build a statistical model linking anatomy and de-
method. In particular, we randomly selected five of the 20 training sarformation. Here, the anatomy is the patient’s images, i.e., the anatomy
ples and used each one of them as test sample. Each time the remaidéigrmed by the tumor. When new a patient’s images are known, the
19 samples were used to train the predictive model. The following edeformation field can be estimated by our methodology. As an imme-
timates were used for the elastic properties for FBE:= E\i...n *  diate result, the patient’s anatomy prior to the development of the tumor
2, Fy = Fomean * 0.5, E5 = Esmean * 2, F4 = Eumean * 0.5. By  can be estimated by applying the inverse deformation field. Finally, if
FE'means Fameans - - - , €tC., we denote the mean values of the Gaussiam atlas of the normal brain is matched to the estimate of the patient’s
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(b) Fig. 5. Prediction of the deformation for test case 1 (first in Table II), for the

set of 40 samples with relatively higher variability in shape and mechanical

Fig. 4. Prediction of the deformation for test case 5 (last in Table ), for the,ameters. Circles denote the truth. (a) Result of SBE (crosses). (b) Result of
set of 20 samples with relatively lower variability in shape and mechanicggg (Xs).

parameters. Circles denote the truth. (a) Result of SBE (crosses). (b) Result of
FBE (Xs).
TABLE 1
pretumor anatomy, it can then be mapped onto the patient’s ima%@RMALIZED ERRORSFROM VARIOUS TARGETS FOR THETRAINING DATASET
’ : : RELATIVELY HIGHER PARAMETER VARIATION. THE MEAN FOR SBE
after tumor growth, for the purposes of surgical planning. ITH THE
’ . . . WAs 0.3643AND THE MEAN FOR FBE WAs 0.2257
In order to test our framework in this paradigm, we generated 30
synthetic shapes representing the ventricles of different brains. We then

Error in SBE J Error in FBE

deformed these shapes by growing tumors, as shown in Fig. 6. From the 0.304303 0.053248
training samples we then calculated the mean and covariance matrix of 0.126730 0.073419
x, and the corresponding eigenvectors. 0.346008 0.566100

We then tested that, given the deformed configuration of a new 0.532299 0.387028
shape, we could predict its undeformed configuration. Fig. 6 shows an 0.512355 0.048511

example of this prediction mechanism. In Fig. 6(b), circles represent
points of the deformed shape, and crosses represent the optimal fit

founq by minimizing the en_ergy f_unction in (5). Fig. 6(a) shows th%ctane SGl with 128-MB RAM. In contrast, a statistical solution was
predicted undeformed configuration of the shape, found by applylragl the order of 10 s. Note that FBE required the solution of a FE

the Inverse deforr_nqﬂon field, along with true undeformed shape Q)r?oblem for each sample and the target so this method was slower than
circles). The prediction was very accurate. SBE by an order of magnitude.
In order to examine the error introduced in FBE by the inherently
approximating nature of FE modeling, we tested the behavior of the
The most CPU intensive operation was the solution of the FE profivo methods using a statistical sample set composed of 20 identical
lems. Each solution needed an average of 2 minutes on a 225-Mé#anples. SBE gave an error of 0.0000, as expected, while FBE gave an

C. Computational Considerations
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additional computational complexity, which in three dimensions is ex-
pected to be considerable.

®e Although it is clearly impossible to fully predict intraoperative de-
formations without additional intraoperative data, it is certainly ben-
eficial to predict as much as possible of the deformation, and to ac-
count for this deformation during preoperative planning. As preopera-
tive plans might need to be adjusted and recomputed intraoperatively,
starting from a good initial guess should substantially reduce optimal
planning computational time.

Naturally, our model is capable of providing predictions which are
limited to the aspects of the deformation that are systematic enough to
be captured by the statistical model. For example, if we trained a sta-
tistical model to capture the deformation of a soft tissue body organ
due to needle puncture, the model will only be capable of predicting
deformations that are produced by needles inserted at the same point
and with the same orientation as that which was encountered in the
training cases. To overcome this limitation of the linear predictive sta-
tistical model, we are investigating the parameterization of the model
by variables such as needle position and orientation. To be able to deal
® with problems of this nature, training should be performed separately

for each value of the parameter (i.e., each possible orientation and in-
© sertion point of the needle).

Although in this paper we tested our proposed framework using
simulations of fairly systematic anatomical deformations, our method-
ology has a very wide range of applications in real-time tracking of
deformations. In particular, off-line biomechanical simulations can
be used to train our statistical model, thus yieldingtatistical prior
for the kinds of deformations one would expect for the particular
anatomy of the patient. This prior can then guide a real-time matching
of preoperative images of the patient with limited intraoperative infor-
mation, such as that provided by fluoroscopic or ultrasound images.
Finally, interactions between surgical instruments and organs can be
) modeled the same way, after the statistical model is trained based on

biomechanical simulations (e.g., simulations of needle puncturing).
Fig. 6. Prediction of (a) the undeformed configuration from (b) the deformefhe gain of this approach is in speed, since biomechanical models are

configuration, from simulated data of tumor growth and deformation Gfften too costly to be implemented in real time, whereas our statistical
surrounding shapes. Circles represent the true shapes and crosses represent the

fitted (a) and predicted (b) shapes, using the proposed algorithm. model Ca_m be updated very quick_ly ona regul.ar PC' . )
On-going work focuses on the implementation in three dimensions,

and on the application of this method in several clinical problems, in
error of 0.0032. We conclude that the approximating nature of FEMdasder to identify the applications which involve systematic deforma-
not a serious source of error in the methodology. tions that can be predicted with reasonably high accuracy.
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