Comparing Pairwise and Simultaneous Joint
Registrations of Decorrelating Interval Exams
using Entropic Graphs

B. Mal, R. Narayanar?, H. Park!, A. O. Hero%34, P. H. Bland?, and
C. R. Meyer"?

!Department of Radiology, 2 Department of Biomedical Engineering, ® Department of
Electrical Engineering and Computer Science, * Department of Statistics,
University of Michigan, Ann Arbor, Ml 48109, USA
f bingm,rnz,hyunjinp,hero,bland,cmeyer g@umich.edu?

Abstract.  The interest in registering a set of images has quickly risen
in the eld of medical image analysis. Mutual information (M ) based
methods are well-established for pairwise registration but their extension

to higher dimensions (multiple images) has encountered practical imple-

mentation di culties. We extend the use of alpha mutual info rmation

(' MI) as the similarity measure to simultaneously register mu ltiple im-

ages. Ml of a set of images can be directly estimated using entropic
graphs spanning feature vectors extracted from the images, which is
demonstrated to be practically feasible for joint registra tion.

In this paper we are speci cally interested in monitoring ma lignant tu-

mor changes using simultaneous registration of multiple interval MR or

CT scans. Tumor scans are typically a decorrelating sequene due to the
cycles of heterogeneous cell death and growth. The accuracyof joint and

pairwise registration using entropic graph methods is evaluated by reg-
istering several sets of interval exams. We show that simultaneous joint
registration method yields lower average registration err ors compared to
pairwise. Dierent degrees of decorrelation in the serial scans are stud-
ied and registration performance suggests that an appropriate scanning
interval can be determined for e ciently monitoring lesion changes. Dif-
ferent levels of observation noise are added to the image segences and
the experimental results show that entropic graph based methods are
robust and can be used reliably for multiple image registrat ion.

1 Introduction

Most malignant tumors are rapidly changing structures that threaten the life
of the patient. Interval MR or CT scanning is often performed to follow these
changes. Quanti cation of such changes is important espeaily for early detec-
tion of response to therapy, or even more importantly as a meas of validat-
ing mechanistic hypotheses regarding therapeutic action iad cellular response.
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While segmentation of the interval exams is one method of quatifying response
to therapy, since segmentation can be quite noisy, it is qui¢ possible that such
an approach is not capable of reliably detecting small changs. Another approach
to quantifying tumor change is nonlinear registration of the serial interval exams
followed by regional integration of the resulting Jacobiandeterminants [1]. Here
the boundaries of the regional analysis need to be identi edn only one of the
interval exams as the registration will propagate those bomdaries in a consistent
manner to the remainder of the registered interval exams. Oer the duration of
interval imaging the tumor may morph signi cantly in a backg round of acquisi-
tion system related noise. For example, growing tumors genmate heterogeneous
regions of increased hypoxia and cellular density, as wellsaapoptosis and necro-
sis; likewise cells responding regionally to therapy die ath necrose as well. Over
the total span of interval imaging the tumor typically decor relates with its ini-
tial appearance even with perfect registration due to cycls of heterogeneous cell
death and growth.

There are typically two approaches to detecting these geondc deforma-
tions in serial interval exams { pairwise and joint registration. The pairwise
registration method is to repeatedly perform pairwise regstration over all the
images in the set and settle for a transformation of all the images with a xed
reference frame based on a series of compositions. But thisowld not guarantee
jointly optimal or unique results. On the other hand, joint registration achieves
a consistent correspondence of pixels across all images atfis aligns them to
a common spatial frame by optimizing an objective function that is calculated
using all the images in the group. Recently several papers ha discussed the im-
portance of registering multiple images simultaneously ad have shown improved
registration accuracy compared to pairwise methods.

Bhatia et al. [2] binned all pairs of intensities, comprising the voxel inten-
sity in the reference and the corresponding intensity in eals image into a single
histogram and computed normalized mutual information (NMI). This was ap-
plied to an atlas construction problem where the maximization of NMI was
subjected to the condition that the total deformation onto t he common spatial
frame summed to zero. A minimum description length based franework was
proposed in [3]. Groupwise registration was achieved by mimizing the length
of the encoded messages consisting of the reference imadee treference frame,
the transformation model and its parameters, and discrepany images. Learned-
Miller [£] discussed joint registration in the context of bias removal where entropy
was computed at the same voxel across the image stack and sunach over all
voxels. Its applicability to small image sets (too few sampés) may be limited by
the entropy estimates.

All the above methods targeted same modality applications.A method of
group alignment minimizing the summation of pairwise dissmilarity while im-
proving inverse consistency and transitivity was discusse in [5]. Studholme and
Cardenasl([6] estimated the joint density function of the image set and used a mea-
sure of self information to drive alignment. Zhang and Rangaajan [[/] reported
a study of several higher dimensional information theorett measures for joint



registration. In the last two methods joint densities are esimated and optimally
stored. These methods are directly applicable to multi-modlity registration.

Maximizing mutual information between images is one of the nost broadly
used methods for pairwise image registration[J8]2,10]. Itprimary advantage is
the ability to accomplish reliable and accurate alignment between the image
pairs although their intensities may be non-linearly related. In this approach,
probability densities are usually estimated using histogam or kernel techniques,
which are well established for low-dimensional problems. Wile using histograms
to compute mutual information for pairwise registration has been vastly studied
and validated in registration literature, its extension to higher dimensions has
encountered computational di culties due to the sparse nature of the multi-
dimensional histograms.

Neemuchwala et al. used alpha mutual information ( MI) { an extension of
mutual information { as the similarity measure for image registration [[I]. The
introduction of entropic graphs enables the practical computation of the similar-
ity measure in high dimensions. In this paper we extend the ufization of Ml to
simultaneous registration of multiple images. With this uni ed similarity mea-
sure calculated based on all the images in the group we can mamize the joint
correspondence through the optimization of a single objedte function that mea-
sures the statistical dependency of all images simultanealy. Since this similarity
measure is a mutual information it can be used for multi-modadity registration.
The alpha mutual information of a set of images is calculatedthrough entropic
graphs spanning the feature vectors extracted from the imags. It eliminates the
need to estimate joint densities of the feature vectors, wtih could become very
computationally intensive for multiple image cases. Usingk nearest neighbor
graphs we have demonstrated its computational feasibilityby registering several
images simultaneously.

While our e ort is focused on following tumor shape change, tearly there
are many other sources of serially decorrelating image segquces for which the
following techniques and comparisons are applicable. In tis paper we examine
the relative registration accuracy of both pairwise and joint registration applied
to 2D decorrelated image sequences; the 2D results can be gealized directly
to 3D. Additionally entropic estimation of mutual informat ion was implemented
by extraction of wavelet feature vectors followed by entropc graph estimation of

MI [LZ]. Both joint and pairwise registration has been implemented and tested
on the same data sets using the same initialization and geontéc deformation
model for performance comparison.

2 Methods

2.1 Alpha Mutual Information and Entropic Graphs

The alpha divergence between two densitie$, and f, of fractional order 2

(0; 1) is given by [T3[T14]
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D (fijjf2) is a measure of dissigﬂlarity betweenf; and f, and it converges to

the Kullback-Liebler divergence f1(z)log I;ggdz as ! 1.

Let Z; and Z, be two random variables with marginal densitiesf(z;) and
f2(z2) and joint density f1.2(z1;22). Similar to Shannon MI, the alpha mutual
information between Z; and Z, is de ned as the divergence between their joint

density and the product of their marginal densities,

Ml (Z1;Z2)= D (fl;2(22;Z2)jjfl(zl)fz(zz))

= Ty fia(iz) @)@ dadn @)

If Z; and Z, are independent, we havefi.2(z1;22) = f1(z1)f2(z2) and thus

MI = 0, which means that the random variables do not provide any information
about each other and thus agrees with their independence agmption. A limiting
case of Ml when approaches 1 is Shannon Ml given by

Zz f1.2(21;22)
MI (Z1;2Z5) = f10(21;22) log —=21 220 47 dz,: 3
(Z21;25) 1;2(21;22) gfl(Zl)fz(Zz) 102 3
The MI among multiple random variables Z;; Z; ; Zwm IS a general-
ization of ()
M::- (Zl;EZ; Z:ZM)
= log fro wm(z1i220  i2m)

1
[f1(z)f2(z2)  fwm(zw)]' dzdzz  dzw (4)

The computational advantage of MI relies on its direct estimation using
entropic graphs [15]. Examples of entropic graphs are minial spanning trees,
Steiner trees, traveling salesman problemsk-nearest neighbor graphs, etc. By
circumventing the intermediate estimation of the marginal and joint densities,
entropic graph approaches to estimating MI are suitable in multiple image
registration.

2.2 Alpha Mutual Information as Similarity Measure for Imag e
Registration

Since alpha mutual information is capable of capturing the hformation content
across the whole set of images and it can be directly estimatkusing entropic
graphs, we choose it as the similarity measure in simultanags registration of
multiple images.

The basic framework for entropic graph image registration § as follows. Given
multiple images I 1; I 2; ; Im, let X represent the common coordinate space
and x 2 X is a spatial coordinate on which an image pixel is de ned. To en-
phasize image dependence on the geometric space, we dendte images with
explicit coordinates asl 1(x); 12(x); ; Im (X). For a geometric transformation



setT = fTq; Tp; ; Twg 2 T, the transformed images after interpolation are
11(T1(X)); 12(T2(X)); ; Iv (Twm (X)), respectively. Notice that we have applied
a transformation for each image which is not always requiredlIf a certain image
is selected as the reference, the transformation posed on \till be identity. We

specify each transformation to show that if a common spatialframe other than
any of the images is chosen as the reference, each image canttansformed to
that common coordinate space. In such a framework, simultaaous multiple im-
age registration can be solved by nding the optimal transformation set T 2 T

such that the alpha mutual information is maximized:

T =arg max Ml (11(T2(x)); 12(T2(x)); v v (Tm (X)) )

2.3 Feature Extraction

The Ml between a set of images is estimated using the entropic gghs spanning
the feature vectors extracted from these images. Examplesfdeature vectors
include: the intensity and spatial location of representatve samples; the position
and orientation of a randomly chosen edge; a vector of sampiein a textured
region; or the output vector of a spatial prediction lter. T he choice of feature
vectors is typically application dependent. The desirablefeature vectors should
be capable of thoroughly representing the images while keépg the number of
feature vectors small since the construction of entropic gaphs becomes more
computationally expensive with the increase of the number 6 vectors.

To study the e ect of di erent types of feature vectors on the estimation of
MI, we examine the estimated Ml as a function of transformation parameters.
An axial MR T1 weighted slice (shown in Fig. [i(a)) is selectedas the reference
image and it is a ne transformed to generate the oating imag e. We limit the
geometric transformation to a ne only since here our objective is to get a basic
idea of the pro le of this similarity measure. MI between the reference and
oating images is estimated using two types of features: (a)pixel intensity scalar

and (b) concatenated wavelet coe cient vector.

Intensity value of a representative pixel is a straightforward choice for feature
vector. In this case, the feature vector is in fact a scalar.h Fig. @(b), MI values
are plotted with respect to the translation in the horizonta |l direction. The general
trend of estimated Ml is as expected, i.e., peak at the center and tapering o
from the center, but it su ers many local extrema due to high frequency noise
in the MRI scan.

An immediate solution to this noisy objective function is to remove high fre-
quency noise before estimating MI. Over the past several years wavelet trans-
forms have gained widespread acceptance in signal procesgiand image com-
pression in particular with the establishment of the JPEG2000 standard [16].
They are capable of well representing an image using relately small number
of wavelet coe cients. We have taken advantage of the e ciency of wavelet
transforms and used concatenated wavelet coe cients as fdare vectors. The
Daubechies wavelet transform with 4 coe cients is applied to the images and
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Fig.1. Proles of MI calculated based on dierent feature vectors: (a) An
axial MR T1 weighted slice as the reference image; (b) interity value of each
pixel as the feature vector (scalar in this speci c case); (§ concatenated wavelet
coe cients except the high frequency component as the featwe vector.

all coe cients except the high-frequency components are usd to form the fea-
ture vector. Fig. [c) illustrates the objective function pro le using the wavelet
feature vectors. Note that the MI curve is much smoother than its pixel inten-
sity counterpart (Fig. Lib)). Although calculating wavele t coe cients introduces
some computational overhead, the much less noisy objectiviunction not only
leads to faster convergence, but is also less likely for theptimizer to get trapped
in local optima. We used wavelet feature vectors in our expaments.

3 Experimental Results

In this paper we jointly register a series of decorrelating inages using the pro-
posed algorithm. While our e ort is focused on following tumor shape change,
the proposed joint registration algorithm applies to geneml multiple image reg-
istration as well since the derivation of the registration agorithm does not make
any assumptions on the nature of the images.

3.1 Synthetic Decorrelating Image Sequences

Since our primary goal is to quantitatively compare the performance of joint and
pairwise registration methods, it is necessary to know the gound truth. One way
is to work on real image sequences and consult experts to maally draw the
ground truth based on landmark correspondences. This is vgrtime-consuming,
labor-intensive and costly because a reasonably large nuralb of experts are
needed to provide reliable ground truth due to human subjecivity. An alter-

native is to use synthetic data via Monte Carlo simulations to demonstrate the



statistical performance. We take the latter approach and systematically generate
image sequences that mimic lesion changes.

1. Image Deformation and Decorrelation

During chemotherapy the lesion usually changes in the follwing fashion:
some malignant cells die as a result of drug and/or radiatiortherapy; in the mean
time some benign cells turn malignant due to the propagationof pathological
cells. For a given patient during the monitoring period the existing lesion may
change its shape and new lesion structure may be introducedsawell. The lesion
change can be modeled as a low order Markov chain due to the stidemporal
dependence between scans { simply put, in a series of examdjet lesion at a
certain time point relies heavily on the previousQ exams @Q is a small integer).
In our simulations, we choose rst-order Markov model to gererate the test
image sequences.

Let X represent the coordinate space of the region we are interesi. For
x 2 X,Yi(x);i =1; ;N, is the scene atx at the i-th scanning time point.
The scenes are generated using the following rule:

Yix)= Yi 1(T(x)+(@1 )Gi(x); i=2; ;N (6)

where Y1(x) and Gj(x); i =2; ;N are Rayleigh random variablesIO Vi + V3,
wherev; and v, are lowpass ltered Gaussian random variables. A Gaussianlter
of kernel size 23 23 was used in our experimentsT is a geometric deformation
andY; 1(T(x)) isthe interpolated scene after applying the deformationT. Y1(x)
represents the structures that exist at the beginning of theimaging period while
Gi (x) includes new structures introduced along the imaging perd.

2 (0;1] is a constant which controls the correlation between adjaent image
pairs assuming perfect registration. The smaller is, the images are more decor-
related. In the trivial case of =1 the image sequence consists of deformations
of existing structures only.

In the ideal noise-free case, the obtained images are exagtthe scenes, i.e.,

M1 (11;1n). Since the mutual information of the sequence is the same athe
smallest mutual information between the image pairs, joint registration does
not hold an advantage over pairwise. We have veri ed that both registration
approaches perform similarly using synthetic image sequeres.

However, during the image acquisition procedure random olervation noise
is inevitable and the images in the sequence are modeled as

Li(x)= Yi(x) + ni(x); i=1;2, ;N )

where n;(x) is a Rayleigh noise of the same characteristic as describeabove
except that the lowpass Gaussian Iter is of a much smaller kenel size (5 5 in
our experiments).

The images for the simulations were generated serially bageon @) and ([@).
Each new image was obtained by rst applying a geometric defamation (T)



to the previous scene in the series and then adding Rayleighaise and nally
adding a random acquisition noise.

In our experiments, thin plate splines (TPS) model is used aghe geometric
deformation T and thus the introduced deformation is a serially increasig TPS
deformation shown in Fig.[d(a). An example of realizations ¢ the Markov process
for =0:8isshown in Fig.2(b), where both deformation of existing stuctures in
the rstimage and introduction of new structures are includ ed in the subsequent
images. At the bottom left corner of the images (indicated by circles in white),
there is a structure in the fth image which has not shown in the rst one. This
is an example of new structures introduced during the Markovprocess since this
area is out of the deformation eld and thus the possibility t hat the structure is
the result of geometric deformations is excluded.

[TTTT]

(b)

Fig.2. Geometric deformations and generated images. (a) Consedue TPS
deformation; (b) An example of generated image sequence wit = 0:8.

2. Registration Results

To register a series of images, two approaches have been ajggol: sequentially
pairwise registration and simultaneously joint registration of multiple images. In
both approaches, MI (§] is used as the similarity measure.

In all registration e orts TPS were employed as the deformation interpolant
with 49 uniformly distributed control points placed on the n odes of a 7x7 rect-
angular grid spanning the deformed area in the imagelT17]k-nearest neighbor
graphs are employed to estimate MI due to their computational advantage.
Optimization was implemented using Nelder-Mead simplex mnimization [L8]
by moving the control points in the oating images. On a Pentium 4, 3.06 GHz
with 4 Gb memory, it took approximately 12 minutes to register a pair of images
and 4-5 hours for joint registration.

The registration errors are illustrated with boxplots. In each boxplot, the
bottom, middle, and upper lines of the box represent the 25thpercentile, median,



and 75th percentile of the errors. The whisker shows the exta of the rest of
the data and the outliers are shown as \+". The performance canparison of
pairwise and joint registration are shown in Fig.[3.
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Fig. 3. Registration errors for both joint and pairwise registrations. (a) Average
registration errors for di erent acquisition noise levels ( = 0:9); (b) Average
registration errors for di erent  values (the acquisition noise level is 20%). The
labels in the horizontal axis: "P' and "J' indicate pairwise and joint registration,
respectively; the number following "n' indicates the acqusition noise level, e.g.,
'n20' means the noise level is 20% of the signal power; the nurar after 'b' is
the value of

Fig. B(a) shows the average registration errors for image sgiences generated
with = 0:9. Joint registration approach outperforms its pairwise cainterpart
yielding lower registration errors. One common cause for pawise registration er-
rors is the propagation of errors along image pairs. This is de to the composition
used to map all the oating images to a common reference. In jot registration,
since every oating image is registered to the reference inge simultaneously
under the constraints of one uni ed objective function, this error propagation
does not occur. Another reason for joint registration's beter performance is that
when all the images are registered simultaneously, they caprovide additional
information to other images. For example, with acquisition noise some structure
is corrupted in an image, the other images may be able to prode supplemental
information regarding the same structure and thus help the orrupted image to
align with others.

Fig. B(a) also shows the e ects of additive acquisition noig on registration
performance. Two noise levels have been tested: 20% and 409% the signal
power. At 40% noise level, the image quality is more detericated. As a result,
the performance of both joint and pairwise registration methods is more ad-
versely a ected. For pairwise registration at such high nose levels, inaccurate
registration is more likely to occur for some pair and the regstration error will be
carried over to the subsequent pairs. Therefore, althoughtie observation noise



is uncorrelated in each image, the noise in an image actuallyras a ected the
performance of registering the other images. On the other had, for joint registra-
tion, even if every image in the sequence is severely corrugd, the uncorrelated
observation noise will not a ect the matching of other images. Therefore, the
performance degradation is less severe for joint registrain. So the higher the
noise, the greater is the improvement observed for joint regptration compared
to pairwise.

controls the weight of new structures in the whole signal corponent. The
smaller the value of , the more decorrelation and thus less mutual information
between adjacent pairs of exams. For both joint and pairwiseregistration there
must be adequate amount of mutual information between the inages to achieve
good registration accuracy. Therefore, plays a crucial role in registration per-
formance. The average errors for di erent values of are shown in Fig.[3(b). The
registration errors for both pairwise and joint methods increase as decreases.
With preliminary experimental results we observe that joint registration pro-
duces signi cantly lower average registration errors thanpairwise when 0:8.
When is smaller than 0.8, the registration error increases signi cantly for both
methods and there is no observable advantage of either mettib

This study can be used to determine appropriate intervals fo patient scan-
ning to e ciently monitor lesion change. With small time int erval between ex-
ams the adjacent exam pairs are highly correlated and regisation results are
expected to be excellent. However, imaging too frequently an be expensive and
the di erence between adjacent exams may be too trivial to track or analyze.
On the other hand, long intervals render the registration problem intractable be-
cause of poorly correlated images with very di erent lesionstructure. Clearly the
sampling interval is an important consideration factor to monitor lesion change
e ectively.

3.2 Articial Lesion Changes

With the promising results we have obtained above, we procegto track lesion
change in brain MRI scans. We choose a 256256 brain MRI scan (the lower left
image in Fig.[d) as the base image and introduce consecutive-Bpline deforma-
tion to simulate a series of lesion changes. The introduced Bpline deformation
is shown in the upper row of Fig.[4. The lower row shows an examp of the image
sequence generated with known deformation plus a random Régigh observation
noise.

20 realizations of image sequences generated using the farta (&) and (1)
with = 1 underwent registration with both joint and pairwise appr oaches.
Registration errors are calculated in the approximate areawhere the lesion is
located. The registration errors plotted in Fig. Bl show that the joint method
outperforms pairwise.
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Fig. 4. Geometric deformations and corresponding brain images. jagConsecutive
B-spline geometric deformation; (b) Corresponding brain mage sequence.
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Fig.5. Registration errors for both joint and pairwise registration of the brain
sequences. (a) Registration errors between image pairs; lAverage registration
errors across the image sequence. The labels in the horizabtaxis: "P' and *J'
mean pairwise and joint registration, respectively; the two digits following "P' or
*J' are the indices for an image pair, e.g., "14' means the ghment of |4 to 14;
“-av' after "P' or “J' means average.



4 Conclusion

We have developed a joint registration algorithm using MI as the similarity
measure. We have implemented and tested the joint registrabn algorithm for
multiple image registration on several sets of image data. & comparison, we
have also registered the same data sets using the pairwise ypach. The ex-
perimental results have a rmed that the joint method outper forms pairwise in
registering noisy image sequences by yielding lower averagegistration errors.
The high registration accuracy of MI based joint registration shows that it can
be used as a reliable means to simultaneously register muftie images.

We have studied the performance change of joint registratio as correla-
tion ( ) decreases. In conclusion joint registration works well fo su ciently
large values (> 0:8) and this observation can help us pick the optimal scan-
ning interval to e ciently and e ectively monitor lesions.
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