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PET-CT Image Registration in the Chest
Using Free-form Deformations

David Mattes, David R. Haynor, Hubert Vesselle, Thomas K. Lewellen, and William Eubank

Abstract—We have implemented and validated an algorithm tered. The idea can still be used that, if a candidate registration
for three-dimensional positron emission tomography transmis- o matches a set of similar features in the first image to a set of
sion-to-computed tomography registration in the chest, using faatyres in the second image that are also mutually similar, it is

mutual information as a similarity criterion. Inherent differences babl {1231 F | dina to th inciple of
in the two imaging protocols produce significant nonrigid motion probably correct [23]. For example, according to the principle o

between the two acquisitions. A rigid body deformation combined Mutual information, homogeneous regions of the firstimage set
with localized cubic B-splines is used to capture this motion. The should generally map into homogeneous regions in the secon
ith localized cubic B-splines i d hi ion. The should I toh th d
deformation is defined on a regular grid and is parameterized set [1], [2]. The utility of information theoretic measures arises
by potentially several thousand coefficients. Together with a g3y the fact that they make no assumptions about the actual
spline-based continuous representation of images and Parzen. tensit | in the i but instead tatistical
histogram estimates, our deformation model allows closed-form In en_S| y V_a Ues In the |mages,_ ut instead measure stanstica
expressions for the criterion and its gradient. A limited-memory relationships between the two images [24]. Rather than mea-
quasi-Newton optimization algorithm is used in a hierarchical sure correlation of intensity values in corresponding regions o
i-N Igorithm i di hi hical lat f intensity val d f
multlresoluthn framework to automatically align the images. the two images, which may be low or negative, mutual informa-
To characterize the performance of the method, 27 scans from o measures statistical dependence of intensities in these re-
patients involved in routine lung cancer staging were used in ions. The mutual information metric has been effective in var-
a validation study. The registrations were assessed visually by_g e -t k )
two expert observers in specific anatomic locations using a split 10Us applications where the requisite transformations are linear
window validation technique. The visually reported errors are in  [2], [3] and more recently in cases involving nonlinear motion
the 0- to 6-mm range and the average computation time is 100 min descriptions [4], [7].
on a moderate-performance workstation. We have concentrated our efforts on PET-to-CT image reg-
Index Terms—Computed tomography (CT), deformation, istration in the chest, where we attempt to fuse images from a
multimodality, multiresolution, mutual information, nonlinear,  modality with high anatomic detail (CT) with images from a
Cglri]égtli%’n positron emission tomography (PET), registration, mqqality delineating biological function (PET). Although PET
' is a functional imaging modality, a transmission (TR) image is
acquired immediately before acquisition of the emission image
|. INTRODUCTION and is, therefore, in near-perfect registration with the functional

G IVEN two image sets acquired from the same patient bEgan. The TR image is similar to a CT attenuation map but it

at different times or with different devices, image regl_Jsesahlgherenergy radiation beam, resulting in less soft-tissue

istration is the process of finding a geometric transformaltid%eta“I than the CT, and detector configuration limits its spatial

g between the two respective image-based coordinate systéﬁﬁé?luuon' Once the TRand CT Images are r.egllstered, the re-

that maps a poing in the first image set to the poirt(x) in sulting transformation can be applied to the emission or standard

the second set that has the same patient-based coordinatestf'?.@ke V?'“e (S_UV) image for |_mproved PET mage mt_erpreta-
Our intentions are to provide a deformation that aligns the

represents the same anatomic location. This notion presupp ) . .

that the anatomy is the same in the two image sets, an assu mage W'th the CT image andto present the visually assessed

tion that may not be precisely true if, for example, the patie curacy achievable b.y th|s_methoq. . .
g’atlent and anatomic motion during acquisition blurs the im-

has had a surgical resection between the two acquisitions. Th The sh f boundaries in CT is obtained b
situation becomes more complicated if two image sets that €s. 1he sharpness of boundaries in &1 scans Is obtained by
ving the patient maintain maximum inspiration during the

flect different_tissue char.acteristics [.g. computed tomograp 85 required for acquisition. To avoid attenuation of the X-ray
(CT) and positron emission tomography (PET)] are to be reglbéam by the arms, the pati.ent also holds the arms overhead

Anatomically, this pose causes expansion of the arm muscles.
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normalized mutual information may be more robust [22]. The
deformation model we propose is parameterized by a large
number of coefficients. Under this condition the optimization
of mutual information is facilitated by a formulation that is
explicitly differentiable. The requirement of differentiability

in the cost function in turn means that both the deformations
and the similarity criterion must be differentiable. This is
accomplished by using a B-Spline basis to represent the test
image and model deformations and by estimating the joint
probability distribution between the test and reference images
with a Parzen window. We draw on the work of Thevenaz
and Unser [3] for the mathematical development. We now
describe the nonlinear transformation model which is used to
incorporate deformations into the geometric manipulation of
the test image.

A. Image Representation

We assume an imagg(x) is described by a set of samples
fi = f(xi), x; € V defined on a Cartesian grid with integer
spacing. The calculation of(x) at points not on the grid re-
Fig. 1. Sample CT and TR images illustrating the necessity for nonrigiguires an interpolation method based on the samyplasd their
;‘%s(té?t(':%%r(‘?l a;@lsiqi(%ngg?:ovéfmsefa?nzr;gg;ﬁg dataset. (c) Ax'éibcationaci._ We utilize an interpolation scheme that represents
the underlying continuous imagéx) by a B-Spline basis. The
(%%(pansion coefficients; of the basis are computed from the

age sampleg; through an efficient recursive filtering algo-
ithm [5]. Values off(x) that do not lie on the lattice can then

& interpolated [3]

(© (d)

of recovering nonlinear deformations due to anatomic moti
that occurs in CT images at maximum inspiration and PET T
images that are an average image of tidal breathing. Our wi
does not include a model of the respiratory process itself, or

resulting blurring that occurs in the TR images. Some sample f(x) = Z i (x - x;) 3
images of the relevant anatomy are shown in Fig. 1. i
wherex = [z, y, 2]T is any real-valued voxel location in the
ll. ALGORITHM DESIGN AND IMPLEMENTATION volume,x; = [z;, y;, z]" is the coordinate vector of a lat-

i i @) (x) = g® 3) B (2)i
Let fr(x) be a test image we want to register to a referengé:e point, andi*(x) = (31 (x)5"2(y)3*" (=) is a separable

image fr(x). We assume thafy and f» are defined on the convolution k_ernel. T_he argument of the spline window is the
4 . . ) sampled cubic B-Spline
continuous domain¥r and Vg, respectively, according to the

1 2 3
image model presented in the Section 1I-A. The transformation 3) §(4 — 6z 3+ 3lz[*), 0<|z[ <1
g(x|u) describes the deformation frob to Vg, wherep is a p(w) = 8(2 = l21)°, ; i IxI <2. @
y S| v

set of transformation parameters to be determined. We pose the _ _ _ _
task of medical image registration as an optimization problem.The gradient of the interpolated image at any location may
To align the reference imag#:(x) with the transformed test Pe calculated in a similar manner, but a derivative operator is

imagefr(g(x|u)), we seek the set of transformation paramete@plied to the convolution. This is simply the derivative of the
b that minimizes an image discrepancy functi®n Spllne window in the reSpeC“Ve dimension of each grad|ent

N . component
fi = argmin S(fr, fr o g(e|w)). 1) P
n

af(x) d3® (u) (3) (3)
Values for the transformation parametgisare iteratively o _Z €i du By —y) 7 e —z)| (4)
chosen to reduce the_d|screp_ancy. In our |mplemen_tat|ovr\}i,th similar formulas ford f /0y andd f/dz. The cubic spline
the negative of mutual information is used to measure |ma%l<|e

discrepancy. We hypothesize that the set of transformauﬁ(r:\ndowﬂ can be differentiated explicitly, and after simpli

A Co . : ation reduces to the difference of two shifted second-order
parametersi that minimizes the discrepancy function alsg

brings the transformed test image into best registration (%1%“”63

defined above) with the reference image. dB® (u) = B3 <U_|_ 1) — @ <u _ 1) ] (5)
Mutual information is an entropy-based measure of image du 2 2

alignment derived from probabilistic measures of image in- o

tensity values [1], [2], [21]. Because a large number of imade /Mage Statistics

samples are used to estimate image statistics, the effects dfet L.g and L1 be specified numbers of uniformly sized bins

image noise on the metric are attenuated. Mutual informatiafong the respective dimensions of the joint histogram of the

is also robust under varying amounts of image overlap esference and test images. The histogram bins are indexed by

the test image moves with respect to the reference, althougteger values:, 0 < k¥ < Lr and:, 0 < + < Lr and, in

u=r—=zx;
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general, correspond to linearly scaled ranges in intensity valuesCalculation of the gradient of the cost function is necessary

Scaling the data provides a method of binning data with arlfer its efficient and robust minimization. Fer—a set ofn-in-

trary magnitude and dynamic range such that any contributiondependent parameters—the gradient of mutual information is

the histogram will fall into a valid bin. We form a histogram bygiven as

determining the appropriate bin for a set of paired image values 9SS o5 05 17T

and totalling the contributions in each of the bins. When we nor- VS = [0— 9 o 0—} .

malize the histogram it behaves like a traditional probability dis- Hi Ol Hio o Ginl o

tribution. A Parzen window is used to generate continuous es/ Single component of the gradientis found by differentiating

timates of the underlying image distributions, thereby reduci§) With respect to a transformation parameter (as given in [3]),

the effects of quantization from interpolation and discretizatigid requires differentiation of the joint distribution in (6). After

from binning the data [3]. successive a_lppll_cat!ons_ of _the_chaln rule, thepiartial deriva-
The calculation of mutual information requires estimates §€ Of the joint distribution is given as

the marginal and joint probability distributions of the intensity ~ 9p(1,x) 1 Z 3O fr(X) = [r

values of the reference and testimages A&t be a cubic spline oui  Abp(#V) &~ " Abgr

Parzen window ang(®) be a zero-order spline Parzen window 3) xev

(centered unit pulse), both of which satisfy the partition of unity > 96 (u)

constraint [3]. The smoothed joint histogram ¢k( fr o g) is u

given by Ofr(t) AbTTa (xlu)
R —oJr g\X|H
p(tkln) =ay - 5O < - M) < ot t=g<xm>) )

(10)

I (8(xlw) =52
U=t— ——FF——

o
: Abg ) ] ]
x€V where#V is the number of voxels used in the summation, the

x 33 <L _ Jr(s(x|p) — f%) (6) image gradient is calculated as in (4), and the various spline
Abr derivatives 03 /0u, 0 fr /0t) are computed using (5).
wherea is a normalization factor that ensurgsp(c, k) = 1 The final term to discuss from (11) is the expression for the
and fr(x) and fr(g(x|u)) are samples of the reference an@artial derivatives of the transformatidaig(x|u)/0p. This is

interpolated test images, respectively. Each contributing imaj¢ variation in the deformation at a powtdue to a variation
value is normalized by the minimum intensity valyg, or £3, M the transformation parameters, and depends on geometry and

and the intensity range of each bikbg or Abr, to fit into the the transformatior_1 model. As will be dgscribed briefly in the
specified number of binsl(z or L) in the intensity distribu- Sectlon 11-D, the.Ilnearlt.y c_>f the expression of the transforma-
tion. The summation rangé is over a subset of voxel locationstion makes the differentiation straightforward.
in Vg that contribute to the distribution, i.®. is the intersection
of transformed voxels chosen frov- that map intoV/.

The marginal smoothed histogram for the test image is com-An important aspect of our algorithm is the expression for

D. Deformations

puted from the joint histogram the nonrigid transformation of image coordinates. We model de-
formations on cubic B-splines, because of their computational
pr(lu) = p(e, k). (7)  efficiency (separability in multiple dimensions, calculation via
K

filtering), smoothness, and local control. The description of a

The marginal probability for the reference image can be cordeformation is similar to that of the images; however, the de-

puted independently of the transformation parameters by notifaggmation is defined on a much coarser grid. A deformation is
that the B-Spline Parzen window satisfies the partition of unityefined on a sparse, regular grid of control poiatsplaced

constraint. The reference marginal smoothed histogram is coover the test image and is then varied by defining the motion

puted as g(A;) of each control point. Using a spline interpolation kernel
Fr(x) = f3 to compute the deformation values between the control points
pr(K) = a Z B <n - TR> (8) produces a locally controlled, globally smooth transformation.
xeV br The spline deformation model is differentiable with respect to
wherea is the constant in (6). both the deformation parameters (necessary for computing the
gradient of mutual information) and spatial coordinates (useful
C. Mutual Information in other applications, for example estimating inverse coordinate
mappings).

The image discrepancy measure we use is the negative of ' o (o) o, — [p=: py. p-] of the deformation deter-

wal informatio_n. The negative of mutual informatismgtween mines the spacing of the grid and can be anisotropic. The set of
the reference image and the transformed testimage is expres&%ﬁol points is a regular grid with spacings
as a function of the transformation paramete(8] . . T
_ T |(dz2—1 qy—1 q:—
S(w) == plt,nlu)log- ](jb(lhfm(m) @ A=l fen e l=l ] 2
LR priif)pr wherey,, ¢, andg. are the dimensions of the testimage. Given
wherep, pr, andpg are the joint, marginal test, and marginathe grid spacing, we can compute the coordinates of the control

reference probability distributions, respectively. points. The ¢, y, z) coordinates of the control points are stored




MATTES et al. PET-CT IMAGE REGISTRATION IN THE CHEST USING FREE-FORM DEFORMATIONS 123

in separate three—dimensional (3-D) matrices. Ary (¢, u, v)
element of these matrices has a location in the test image giv Fnumresolution seitings |«
by [t - Apz,u - Apy,v - Ap,]T. Each control poinf\; has an Jeofr !
associated three-element deformation coefficégntlescribing

the x-, y-, and z-components of the deformation. For a give l l l l
there will be|| || = 3Pz Py Pz deformatio_n CoefﬁCie_ntS' __| Gaussian test deformation stopping

The deformation at any point = [z, ¥, z]T in the testimage filter width | | pointsx | | grid resolution condition
is interpolated using a cubic B-Spline convolution kernel l

[ I 3 '- _____________________

—Aj li
D) =00 (X3) @9 || |t 1
J
A

where 33 (x) = 3 (2)83) (y)33) () is a separable cubic
B-spline convolution kernel. Only thoge corresponding to the

transformation new pu to
g(x;u) decrease S

64 control points nearest contribute to this sum. When we . v E
differentiate (13) with respect to a deformation coefficient thi ! interpolation E
parameter appears only once in the summation, resulting ir E é}fgx"g) i
single nonzero term. The derivative with respect to a x comp . 7 :
nent deformation coefficient is (the y and z components folloy : distributions E
similarly)  pLk) Pyl i
oD \ T boLVpGk)  pr() |
B X — q 1 :
(x) _ [5(3) (—J> ./0,0] . (14) : v !
a6j,m Ap H mutual : ]
. . . . . ! information reslice fr
The transformation of the test image is specified by mappir ' S VSG) | export i

reference image coordinates according to a locally perturb: e e
rigid body transformation. Given a3 homogeneous rotation
matrixR, a three-element transformation vectorand a defor- rig 2. The registration algorithm in a multiresolution framework. The area
mation termD(x|6), we can apply nonlinear transformations t@nclosed in a dashed line is the algorithmic core for computing and optimizing

the test image mutual information for a single resolution stefy. and fx are the test and
reference images, respectively.is any geometric location in the reference
_ . . . image,u is the set of transformation parametesspr, pr, andVp are the
g(x|u) - R(X XC) (T XC) + D(X|6) (15) joint, marginal test, marginal reference, and derivative of the joint distribution,
B T ; . respectively.S andV .S are the values of mutual information and its gradient,
wherexc = [42/2,qy/2,4-/2] 'STthe location of the _Cen.ter respectively, between the two images. L-BFGS-B is an optimization package
of the test volume angt = [z,y, z]' is any voxel location in that searches the parameter spacg.of

the reference image. With this transformation model, the set of
transformation parameters becomes

In order to avoid local minima, and to decrease computa-
w=1{v, 0, ¢, ts, ty, t.; 6;} (16) tion time, we use a hierarchical multiresolution optimization
) scheme. A flowchart of the algorithm in the multiresolution con-
where{y, ¢, ¢} are the Roll-Pitch-Yaw (RPY) Euler angles ofieyt is shown in Fig. 2. We initially optimize for a deformation
the rotation matriR, T = [t,, 1, ], is the translation vector, 1, recover the gross motion of the patient and large anatomic
ands; is the set of deformation coefficients. In the applicatiogyctyres. As we increase the resolution, we recover increas-
described here, the set of deformation coefficients containediygy fine misalignments. To simplify the transition between

to ~2200 members. multiresolution steps, the size of the image volume remains the
) ) o same while other parameters vary. According to an empirically
E. Multiresolution Optimization Strategy determined schedule, we maintain control over the resolution

The registration process is automated by varying the defafthe deformation, the number of image samples used to mea-
mation in the test image until the discrepancy between the twore mutual information, the degree of Gaussian image blurring,
images is minimized. The alignment process is divided into twand the optimizer’s termination criterion. The resolution steps
registrations by separating (15) into a term containing only rigate denoted a5 . .. Ly, whereM is the number of multires-
body parameters and a second with only deformation paranodution steps (typically\ = 4). The optimum set of transfor-
ters. We use L-BFGS-B [6], a limited-memory, quasi-Newtomation parameters at a coarser resolution level is upsampled to
minimization package, to reduce the cost function in (9) untilecome the starting point for the next resolution level.
termination criteria are satisfied. The limited-memory method If p = [p4, py, p-] Specifies the resolution of the deforma-
is useful here because of the high dimensionality of the paration, andp; . .. pys are the deformation resolutions for each of
eter space. Instead of estimating the entire Hessian during mihie multiresolution steps, then we proceed from resolution
mization, only a low-rank approximation is calculated, allowingp resolutionm + 1 as follows. Starting at current deforma-
linear or super-linear convergence rates. L-BFGS-B provideston resolutionp,, with deformation coefficients; ,,, and grid
additional advantage in that it allows bound constraints on tBpacingAp,,,, we first place a deformation grid over the volume
independent variables. at higher resolutionp,,,+1. The deformation at resolution is
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TABLE |
MULTIRESOLUTION PARAMETERS USED FORREGISTERING THE27 DATASETS

Parameter Ly Ly L Ly
Gaussian kernel o (pixels) 16 8 2 0
Isotropic deformation resolution (# variables |[np, 1) 3(87) | 5(381) | 7(1035) | 9(2193)
Percentage voxels used [n=10'4] 038 34 9.3 19.7
Termination criterion € 107 106 107 10°8

computed for each of the control point locations,,+; for res- respectively. In all cases, the number of bing and Ly used

olutionm + 1 to compute the joint histogram are both fixed at 50, a number
3 [ Ajmt1 — Njm established empirically by ourselves and others [22]. Computa-
. _ . (3) J,m+1 Js
D(Ajm+1) = Z bj,mf < Apm, ) ) (17) tion time is most strongly affected by the number of transforma-
J

. . ) . __tion parameterfp,, || and the number of voxels used to estimate
Then the dgformatmn cogfﬁments are the spline coefficients, /a| informationV,,, (and, consequently, the voxel sampling
of the new grid of deformation values proportionality constant).
jm+1 =T (D(Ajm41)) (18)
wherel is the recursive filter used to compute a spline basis of [ll. V ALIDATION

the test 'mage [5]. . . . . Validating the performance of an image registration algo-

In .add.|t|on to_ varying th? deformapon resolution, Gaussqri}hm with real images is not straightforward. The lack of a gold
blurrlng.|s app[led to the images W'th a kerngl that narroWgandard complicates matters and prevents any automated as-
as multiresolution proceed§. Smoothmg. the images ter?d.ss%sment of registration accuracy. Even if individuals trained
smooth th_e mutual |nformat|o_n cost function, thereby avc_)|d|r}% interpret medical images are involved in a validation experi-
local maxima. Because the image (and the C(.)St funct|on_)r_+§em, providing a method for consistently assessing individual
Smof’th‘?d we can use fewer S?mp'es to esumate the Jqm%\ges is difficult. There is a tradeoff between the number of
distributions, which is an alternative to constructing an 'maQﬁages that can be assessed and the time required to assess each

pyfam'd- We follow .the general rule that the nu'mber of dattf}\e, a situation that often forces researchers to validate algo-
points N,, at resolution levetn should be proportional to the it < hased on a limited sample size

number of independent parameters for which we are trying ©Opqy algorithms with linear/global transformation models, ret-

solve rospective validation can be performed if fiducial markers are in
Ny = nlpml|(#V) (19) place at the tlrr_1e the scan is pgrformed [9]. Th|§ methpd would

not be appropriate here as the imaged anatomy is subject to non-
where #V is the number of voxels in the volumép,,|| = rigid motion between examinations or due to physiological ef-

3 pz.m - Py,m - P=,m IS the number of deformation coefficients fects such as breathing. In cases where placing fiducial markers
andpy is a proportionality constant. Finally, the optimizer’s teris impractical or impossible, researchers often conduct valida-
mination criterion is varied. The iteration terminates when thén experiments using simulated data, generated with a physical
change in the objective function between consecutive iteratiomssimulated [29] phantom. Such studies provide insight into
falls below a specified value. At coarse resolutions, this cri- the performance range of the algorithm but still mean little in
terion can be relaxed, however, it is set more strictly with irterms of performance on real data. Landmark identification is
creasing resolution. another common method of validation, and was considered for
The alignment process is divided into two registrations: @ur validation experiments. A difficulty with this technique is
rigid body (6 parameters, = 0.05)followed by a deformation thatthere are few (if any) point landmarks in the anatomy. Struc-
(|lpm || parametersy = 10~*) recovery. Each registration pro-tures like the carina, which shows the split in the trachea and is
ceeds from coarse to fine resolution in four steps. The rigid bodell-defined in the test and reference images, do not terminate at
parameters are recovered first and then fixed for the deformatmsingle three-dimensional (3-D) coordinate, but are distributed
recovery; the flowchart in Fig. 2 is used for both recoveries. Ttaver a surface. There will always be some degree of error in the
separation in recovery stages is needed because redundansgliection of corresponding points.
the independent variables can cause competition during mini\We would like to avoid the pitfalls in landmark identifica-
mization. For the registrations presented in this paper, the mtibn, but the capacity of the human eye to rapidly and accurately
tiresolution parameter settings for the deformation recovery dadbeit only qualitatively) determine the quality of a registra-
summarized in Table I. For rigid body recovesyande follow  tion should not be underestimated. While validation methods
the same schedules given in Table I, while the number of gavolving human assessment will be prone to error, bias, and
rameters ang (and, consequentlyy,,, ) are fixed at 6 and 0.05, inconsistencies, if two images are presented in a user-friendly
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manner, experienced physicians can rapidly assess the “gestalt” 5000 ’ ‘ i '

quality of the registration in a short amount of time. Further-

more, they have priori knowledge of where in the anatomy 4000 E

the quality of the registration should be high and where these -E

requirements can be relaxed. Our aim with the experimentwas = 3000F ]

to assess the algorithm only in anatomically relevant areas. We =

took seven images from each patient set: five axial slices (four Eﬁ 2000 F 5

regularly spaced through the lungs, and one in the upper ab- 3

domen), one coronal slice at the carina, and one sagittal midline T 1060 | .

slice. Additionally, we included 10% duplicate slices to measure 5

intraobserver consistency. OF .
We created a user interface for validation that allows rapid

visual assessment of registered images. To provide a measure —1000

000 002 ©04 0908 0083 0.10

of consistency between multiple observers, we allowed only BET: lineor allenuotion volue

two-dimensional (2-D) image navigation, and presented only
specific images for assessment. The interface is based on a $ajit3. A third-order polynomial is used to map PET attenuation values to CT
window, a display technique that fixes one image over anotHggunsfield units.
and allows the user to vary the lines of transition from the top
image to the image below. The images are stationary, but Wighuested to use only the provided presets when measuring reg-
the mouse button held the vertical and horizontal lines of tragration accuracy.
sition move with the mouse cursor. To quantify the perceived
error, a ruler is placed over the image and fixed to the mouse
cursor. A set of error bars physically sized according to the
ruler divisions is used to assess the registration accuracy foThe image sets used for the validation study consist of
the given image pair. The observer makes two error assessmé&&-PET and CT scans of the chest in 28 patients. Each set
for each image pair: overall, or “representative,” error and magentains an FDG-PET scan and a chest CT scan performed on a
imum error. Using this method, the two strongest visual tegtatient undergoing initial staging for nonsmall cell lung cancer.
will be the presence/absence of similar anatomic structures drtese scans were all performed at the University of Washington
the magnitude of discontinuities in tissue boundaries. The vdlitedical Center. The chest CT scan was performed with spiral
dation technique will measure errors in translation (both localtgchnique and bolus intravenous contrast administration, using
and globally) but will not assess rotation errors. Since both im- variety of GE CT scanners (and with varying collimation
ages contain similar anatomic information, we found the sphind pitch) with submillimeter intrinsic spatial resolution. The
window display technique preferable to a pseudocolor imagaaging protocol specified an arms-up position and breath-hold
overlay for validation. at maximum inspiration. PET imaging was performed on a
Since the intensity values for CT and TR scans are not in td& Advance Scanner with measured isotropic resolution of
8-bit display range, window and level functionality is necessagpproximately 5 mm in air (which decreases due to scattering)
for rendering specific anatomic structure. Image interpretati¢dl]. For the FDG PET scan, emission imaging was performed
is sensitive to the display parameters, in that if the anatomy is ricim the neck to the pelvis. Transmission imaging (15 min
rendered at similar window and level settings, feature boundith a 511-keV energy beam) of the thorax and upper abdomen
aries can significantly vary. Therefore, some form of displawas also performed for the purpose of attenuation correction.
normalization is required to provide consistency in the imag@&herefore, emission images spanning from the neck to pelvis,
presented in the validation experiment. Window and level sétansmission and attenuation-corrected images of the thorax
tings for CT images are standardized in Hounsfield units so \@ad upper abdomen were available for testing our image fusion
estimated the intensity transformation for attenuation valuesapproach.
Hounsfield units using the joint histogram from a single reg- All patients received both scans within at most two months of
istered image set. Averaging along the CT Hounsfield (refezach other, and did not have surgical resection or major tumor
ence) and PET attenuation (test) dimensions produces sevgraivth between acquisitions. The TR scans are exported from
datapoints that are fit with the third-order polynomial shown ithe PET station as a single 3-D floating-point data set of size
Fig. 3. As shown in Taét al. the intensity transformation from 128 x 128 x 103. The TR voxels have a physical size4029 x
CT to TR values is nonlinear due to scattering, and they geh29 x 4.25 mm?; therefore, each TR scan axially images 437.75
erate a figure similar to Fig. 3 [8]. mm in its field-of-view (FOV). The CT scans are acquired ax-
During validation the intensity values of the TR slices armlly with slice thicknesses that vary from 2—7 mm. Once the
transformed using a lookup table generated from the polyngatient scan is acquired, the in-plane voxel size is set to mag-
mial fit. We should note that the intensity transformation applienify the patient anatomy as much as possible, within the range
to the TR slices discussed here is used for validation only anfl0.7-1.1 mm. The CT FOV varies across patients and is gen-
not during the registration process. Standard window and lewshlly smaller than that of the TR scan (a typical CT FOV covers
settings are applied to both the TR and CT slices for improv&®0 mm of axial anatomy). For the data presented here, the PET
consistency during image interpretation. The physicians weFR scan is the test imagf- and the CT scan is the reference

IV. DATA
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fr- We should note that theoretically either scan can be the t
or reference, but we have consistently used the CT scan as
reference image. In the one case we did juxtapose the relati ‘
ship, a poor registration resulted.

Several preprocessing steps are performed before registe ‘ '
the images. The images are filtered with a Gaussian blaf (
voxel), the TR image is resliced to have isotropic voxels, ar
using cubic B-Spline interpolation the spatial resolution of th
CT is reduced to match that of the TR. All the images pre- (@)
sented in the validation experiment have an isotropic voxel si
of 4.29 mm for the registration. As explained in the introduc
tion the arms are present in the PET images and are extrane
features for which there is no correspondence in the CT. Wi
the aid of a simple graphical user interface, manually plac
polygons in several axial slices are extended through the P
volume to exclude the arms. The voxels within this voluriie [
in (11)] represent the set of image samples from which mut,. &
information is computed. No other cropping or masking is per- (c)
formed on the images. A final postprocessing step zooms 1’
selected slices of the TR and CT volumes for validation, pr:
ducing 2-D images of size 38884 with1.43 x 1.43 mm? pixel
dimensions. In some cases, the rigid body registration requit
a manual initialization along the z axis. 4

V. RESULTS (e) ®

Twenty-eight patient sets were registered for the ValidatiGif, of tha (1. (0) Aal and (6) coronal views of the tanslormed TR image.
experiment, with one failing due to a limited CT FOV. All datarhe crosshairs are at the same image coordinates in both CT and TR volumes.
presented is for the 27 patients successfully registered, withARproximately corresponding (e) axial and (f) coronal (f) slices from the
gross misregistrations being the only criteria for a successi{]fedistered TR volume are shown for comparison.
registration. Alignment was assessed by two radiologists with
experience interpreting both PET and CT images. Registratimas possible for the observers to determine an exact error mea-
was performed on a DEC Alpha RS6000 (dual 375-MHgure, especially for the maximum assessed error. In future work,
processors, 1.2-GB RAM) workstation running Compaq Tru6ae will experiment with a method of estimating the error on a
Unix. The algorithm is implemented as a library of C modulesontinuous domain.
and compiled on both the Windows 98 and Unix platforms The means, medians, and standard deviations of the overall
using Microsoft Visual G-+ 6.0 (Microsoft Corp., Redmond, and maximum assessed errors for both observers are given
WA) and gcc (Gnu C compiler), respectively. L-BFGS-B is & Table Ill. Although the median error index is zero for the
library of routines written in Fortran 77 [20]. The Interactive‘overall” assessments, remember that the error index of zero
Data Language (IDL, Research Systems Inc., Boulder, C&)rresponds to a mm-equivalent as given in Table Il. We can
was used to manage program execution by allocating memaiso group the results by anatomic region and compare errors
loading and calling library modules, and interfacing wittin all patients for a given region and for all the anatomy. The
L-BFGS-B. IDL is also used for the graphical user interfacesssessed error by anatomy is shown in Fig. 6. The errors in
for manual segmentation, dual image viewing, and validationaxial slices in the upper lung regions are small, while the
Using the DEC Alpha workstation, an average~df00 min poorest performance is in the abdomen. As shown in Fig. 6 the
(~10 min for rigid body,~90 min for deformable) was re- sagittal and coronal slices were also assessed as being less well
quired to register each dataset. Example images from a regigistered than the lung regions shown in axial slices. There
tered dataset are shown in Fig. 4 with a locked cursor, while some tendency for observer 2 to grade more harshly than
Fig. 5 shows sample images from the validation user interfaadserver 1 in the “overall” category, but their choices agree
The validation experiment was conducted on a Macintosh Glrly well (k = 0.61). Perhaps because the maximum error can
400-MHz desktop computer. The 205 slices used in the dxe assessed more objectively, the observers tend to agree more
periment were divided into four sets, each of which requirad this error categoryx = 0.68). Intraobserver consistency
~1.5 h for an observer to assess. The observers scored the as@s measured from the assessments of 21 duplicate slice
racy of the registration by selecting the appropriate error rangeesentations. Observer & & 0.94 for “overall,” x = 0.81
(Table I1) based on the on-screen error bars, and the observérs’“maximum”) tended to be more consistent than observer
selections were recorded by the validation software. At the tin2e(x = 0.60 for “overall’, x = 0.69 for “maximum?”). Given
the validation experiments were conducted, we did not feeltite nature of the validation experiment, only translation errors
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Fig. 5. Sample images from the seven anatomic locations considered in the validation experiment, as presented to the observers with the s@iverindow v
Images are rendered using lung window/level unless noted otherwise. (top row from left to right) Lower lung, mid-lower lung, mid-upper lungy &umguppe
(bottom row from left to right) Abdomen (mediastinal window), carina, midline (mediastinal window), and midline (repeat in lung window).

TABLE I TABLE I
ERRORINDEX RECORDED BY THEVALIDATION USERINTERFACE CORRESPOND GLOBAL STATISTICS FORVALIDATION EXPERIMENT
TO ERRORRANGES IN PIXELS AND MILLIMETERS
Error index for “overall” Error index for “maximum”
recorded error index pixels mm Statistic assessment assessment
observer 1/ observer 2 observer 1/ observer 2
0 0-4 0-5.7 mean 0.36/0.74 1.16/1.26
1 4-8 5.7-11.4 median 0/0 1/1
2 8-12 11.4-17.2 standard deviation 0.54/1.12 1.10/1.39
3 12-16 17.2-22.9
4 16-20 22.9-28.6
w
<,
E - [ observerl overall
are measurable and we can make no claims about the rotation £ B vl
accuracy of the results. g | B observer? max
=
VI. DiscussioN ANDCONCLUSION E :
The results of the validation study indicate that the algorithm s £ 2 5 f % % g
is capable of accurate registrations in the thorax, and the radi 2 s oL o3 T e E
ologists who validated the results felt the errors were generally a2 E g 5 E =
within clinically acceptable ranges. We have identified regions E B

in the anatomy for which the algorithm succeeds in varying de-
grees. According to visual assessments of 27 patient datasets by
6. Mean overall and maximum assessed errors by anatomy for both

two observers, the overall error in the considered anatomy tB’E!qé'\ervers for the 27 patient datasets. The average performance for all the
an error index of 0.54, which is in the 0- to 6-mm error rangienages is given in the last data series.
(recall that the original PET voxel size 4¢4.3 mm on a side).
The mid to upper lung regions are registered the most accuratielyg and soft tissue regions are perhaps driving the deforma-
with a mean overall assessed error index of 0.24, which is akson, and the smaller airway anatomy is moved along with them.
in the 0—6 mm error range. The assessed performance in thelabreasing the deformation resolution in these dimensions may
domen is the worst in general with a mean overall assessed eyieid better results. Using a mathematical phantom such as the
index of 1.37, which is in the 6- to 11-mm error range. MCAT phantom would allow us to characterize the algorithm

The algorithm produces registrations with relatively large agthen a respiratory model is included in the image data [29].
sessed error in the coronal and sagittal planes. This is parfite registration accuracy in the smaller anatomic regions (such
ularly true at the lung-diaphragm interface since more surfaae along the trachea) can likely benefit from some form of clus-
area of the diaphragm is imaged on coronal or sagital slicesing of deformation control points. This highlights the prin-
compared to the axial plane, and the diaphragm is not expectgohl limitation of the algorithm: the inability to use a nonuni-
to be in the same location due to the differences in image dorm grid of sampling points in the test image. Future work will
quisition (breath-hold vs non breath-hold). Additionally, largeaddress this limitation.
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From the validation study, we notice a poor assessment in thg7] J. Kybic, P. Thevenaz, A. Nirkko, and M. Unser, “Unwarping of unidi-
abdomen. At 511 keV, the TR scan shows little intensity differ-

ences between fat, muscle, and soft tissue, resulting in a uniformy
image in the abdomen (except for gas bubbles). At 140 keV, the
CT scan of the abdomen, on the other hand, shows clear delin-
eation of the anatomy. Since there are few shared structures ip:,]
the TR and CT scan of the abdomen on which the algorithm can
anchor, a poor registration results. In this case, the PET emission
or SUV scan may be a better candidate for alignment with CT; 4
An alternative approach includes using attenuation and emission
values simultaneously, which may improve the overall accuracy
in the torso.

In addition to the question of how fine a grid do we need

to represent a given set of deformations, we must also decide
how fine a deformation grid we can effectively use. The coarser; o
ness of the grid effectively regularizes the deformation and pre-

vents violent local deformations. This may impose an uppe
limit on grid fineness, unless additional regularization terms ar

included in the cost function.

We have validated the algorithm only for the TR to CT

(11]

(14]

matching problem. It is natural to question if it will work well

for other inter- or intra-modality image pairs. PET images

(15]

are among the worst (after single photon emission compute@®!

tomography) of the 3-D imaging modalities in terms of tissue

delineation and signal to noise ratio. We believe that given thél7]

success of the TR-CT registration problem, the other modality

combinations will be no more difficult or significantly easier. [1g
Clinical studies are currently underway for assessing the

utility of the registration method described here for improved
PET image interpretation, assessment of response to therapy,
studying tumor biology, and image-guided therapy applications.
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