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Abstract

QUANTITATIVE ASSESSMENT OF VOLUME CHANGE IN
TUMORS USING IMAGE REGISTRATION

by

Saradwata Sarkar

Chair: Charles R. Meyer

Tumor volume change is currently under investigation by numerous groups including the
Radiological Society of North America’s Quantitative Imaging Biomarker Alliance as a
biomarker for assessing response to therapy. Accurate early quantification of tumor
volume change could lead to shorter phase III clinical trials as well as the possibility of
interactively adapting an individual patient’s therapy such as drug or dose modification to

achieve optimal response.

The temporal evolution of tumor mass in a patient is a complicated process in three
spatial dimensions. Standard clinical techniques for tumor response evaluation, like the

unidimensional Response Evaluation Criteria In Solid Tumors 1.1 (RECIST 1.1) or
Xiv



bidimensional World Health Organization (WHO) measurement methods have limited
effectiveness in accurately assessing small, early changes. Most current approaches
estimate tumor volume change indirectly by individually segmenting the interval exams
in 3D and then subtracting the volumes between time points to obtain a change estimate.
Such indirect methods tend to ignore the crucial mutual information present in the
tumors. Ensuring the consistency of these independent segmentations across intervals can

hence become a significant challenge.

This thesis develops a low noise, low bias direct algorithm to measure volume change
using 3D image registration. Tumor pairs are spatially registered across interval exams
and volumetric change is calculated by summing local scale changes obtained from the
Jacobian map of the deformation. Such an approach not only provides a summary statistic
of volume change but can also potentially show regions of differential growth and
contraction across the lesion that are difficult to obtain via binary segmentation
approaches. The registration-based algorithm is evaluated using synthetic and in vivo
interval scans where true tumor volume change is unequivocally known. The 95%
confidence error interval of measured volume change was (-8.93%, 10.49%) and
(-7.69%, 8.83%) using mutual information and normalized cross correlation, respectively,
as similarity measures for registration. To the best of this author’s knowledge, these are
the tightest bounds reported thus far for zero-change in vivo studies. No statistically
significant evidence of functional bias was found for the registration-based volume

change measurement algorithm.

XV



Statistical models are developed to show that using the registration-based algorithm the
error in measuring volume change increases with increase in tumor volume and decreases
with the increase in tumor’s normalized mutual information, even when that is not the
similarity measure being optimized. The developed registration-based change
measurement algorithm is also compared with other approaches to demonstrate that it has
the potential to outperform indirect segmentation-based volume change measurement
methods. The potential of an accurate registration-based volume change measurement
algorithm in tracking progression of chronic obstructive pulmonary disease is also

suggested through an initial study on a normal and a diseased patient.
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Chapter 1

Introduction

1.1 Problem Introduction and Motivation

The response to therapy of tumors often serves as a valuable surrogate marker for
predicting clinical outcome in a patient. As far back as the early 1960s, an attempt was
made to study the response of tumors to therapeutic agents [1]. The 1979 World Health
Organization (WHO) handbook for reporting results of cancer treatment [2], [3] was the
first standardized process to unify tumor size change measurement and tumor response to
therapy. The WHO criterion for size measurement involves a bilinear measurement of the
greatest diameter and the longest perpendicular diameter in each lesion. The sum of the
product of the two diameters of all lesions is used to classify a patient into one of four
categories — complete response, partial response, stable disease and progressive disease.
In 2000, Therasse et al. [4] introduced the Response Evaluation Criteria In Solid Tumors
(RECIST) guidelines which employ a unidimensional measurement technique (sum of
the longest diameters of target lesions in the axial plane) to quantify tumor burden. The
simpler 1D RECIST soon became more popular than 2D WHO [5], [6], [7] and also the

most widely used criteria in cancer clinical trials [8]. Today standard clinical radiological



techniques for change assessment largely depend on the RECIST or rather the newer

RECIST 1.1 [9] and to a somewhat lesser extent, the WHO criteria.

The temporal evolution of tumor mass in response to cytotoxic therapy is, however, a
complicated process in three spatial dimensions. Standard clinical techniques for tumor
response evaluation, like the unidimensional RECIST 1.1 or bidimensional WHO
measurement methods make many assumptions [10], [11], [12] and may be hopelessly
challenged in accurately assessing small, early changes of irregularly shaped lesions.
These criteria work best when the tumors under consideration are spherical and their
change of shape due to progression of disease or response to therapy is symmetrical.
However, tumors often exhibit complicated geometry and their shape evolution is not
typically symmetric either. Also, making diameter measurements only along the

transverse plane ignores changes to the lesion along the scanner’s axis.

With the advancement in three dimensional image acquisitions, the value of volumetric
measurement of tumors for response assessment has now come to the fore. Volume
change measurement is likely a more reliable marker for response assessment. Studies by
Partridge et al. [13] and Yeo et al. [14] have suggested that tumor volume change
measurements are more sensitive indicators of pathologic tumor response than tumor
diameter measurements. Levine et al. [15] found that volumetric CT was dramatically
better in size determination than RECIST especially for small lesions. There are reasons
to believe that accurate early quantification of tumor volume change could lead to shorter
phase III clinical trials as well as the possibility of interactively adapting an individual

patient’s therapy such as drug or dose modification to achieve optimal response [16],



[17]. As such, volume change quantification is now a major topic of interest for the NIH,

the FDA and pharmaceutical companies [18].

However, until the present time, finding accurate techniques for volumetric change
measurement of tumors remains a significant challenge. One approach to solve the
problem is to individually segment the interval exams in 3D and subtract the volumes
between time points for a change estimate [19], [20]. This is an indirect method in that
volume change is not measured directly and the efficacy of these techniques will depend
on the accuracy and consistency of the segmentation across interval scans [21]. This
thesis investigates an alternative, less explored but direct approach to volume change
quantification using image registration. The goal is to develop low noise estimators of
volume change that may be able to detect statistically smaller effect sizes, i.e., smaller
tumor volume changes that can be observed in shorter intervals. The following section

provides an overview of image registration.

1.2 Image Registration Overview

Often imaging applications require the acquisition and analysis of multiple views or
images of the same scene. The multiple images might be acquired from different
viewpoints or at different times or using different sensors [22]. The goal of image
registration is to determine a geometric transformation between two or more such
corresponding images in order to compare or combine the information jointly provided
by them. Today image registration is widely used in the fields of remote sensing,
astrophotography, cartography, computer vision and medical imaging to name just a few.

In the field of medical imaging, image registration has been successfully used for



applications like treatment monitoring, patient motion correction, construction of
probabilistic population atlases and combining complementary information from multiple

modalities (e.g. from CT and MRI) for diagnostic purposes.

The basic notion of image registration, as stated above, is to find a geometric
transformation that will make a homologous or floating image of an object similar to a
reference or source image of the object [23]. To state this formally, we seek to estimate T

such that
T = argmax;(S(U(xy), VT (xy)))

Here U and V denote respectively the reference and homologous images of the object.
They can be thought of as mappings of coordinate locations x in their domain or field of

view () to intensity values, as stated below.
U: Xy € .Q.U g U(XU)
V: Xy € QV L d V(XV)

T is a spatial transformation that maps the coordinate frames of the two images U and V

such that U(xy) and VT (x) represent the same location post registration, i.e.,
T:xy - xy ©T(xy) = xy

It should be noted that due to the discrete nature of the image domains Q; and Q, the T
we refer to is not purely a spatial transformation but also has to take sampling and
interpolation issues into account. S is a similarity measure for the two images calculated

on the overlap domain Qf ;; of the two images where



QlTJ,V = {xy € QuIT  xy) € Qp}

Registration algorithms usually iteratively estimate the transformation T to optimize a

suitable similarity measure or cost function S.
The formal statement above illuminates the key ingredients of any registration algorithm:

e Spatial Transformations
e Sampling and Interpolation
e Similarity Measures

e [terative Optimization

Let us look at these in a little more detail.

1.2.1 Spatial Transformations

These are geometrical mappings that determine correspondences between the reference
and homologous images (usually 3D to 3D) and can be broadly classified into two
categories: Linear transformations (Rigid-body and Affine transformations) and Non-

linear transformations.

1.2.1.1 Linear transformations

Rigid-body and Affine transformations fall under the category of linear transformations.
Rigid-body transformations preserve distances between all points and in essence
represent a simple mapping between two Cartesian system of coordinates. For 3D to 3D
transformations, the mapping is governed by six degrees of freedom — three translations
and three rotations. Rigid-body transformations have often been successfully used for

some registration applications involving the brain or other rigid anatomical structures like



individual bones [23]. Affine transformations preserve parallel lines. To the six degrees
of freedom of a rigid-body transformation, six more are added — three to allow
anisotropic scaling and three to allow skews. Example applications of affine registration

in medical imaging are mentioned in [23].

1.2.1.2 Non-linear transformations

These are complex high degree of freedom transformations that map straight lines to
curves. An excellent review of geometric transformations used for non-linear registration
is provided by Holden [24]. Non-linear transformations can broadly be classified under
two categories — transformations derived from physical models like those based on linear
elasticity or fluid flow, and transformations that model the deformation using basis

functions like radial basis functions, B-splines etc.

Linear elasticity based models are founded on Hooke’s law of linear relationship between
stress and strain tensors and solved by the Navier-Cauchy linear elastic PDE. Fluid flow
based models are governed by the Navier-Stokes equation applied to velocity fields. For

details, the reader is referred to [25], [26].

Thin plate splines (TPS) are perhaps the most commonly used radial basis functions

(RBFs). The TPS displacement in 3D, F (xy), is given below.

N
F(xy) = AxU+B+IZWiri

i=1

Here A and B define an affine transformation and I is the identity matrix. W; are the
warping coefficients, N are the number of control points or landmarks and r; are distance
functions ||xU — Xy; || between the interpolation point x;; and landmark or control point

6



centre xy ;. A, B and the TPS coefficients W; are determined by solving the above set of
linear equations at the N control point locations in the reference image U [27]. The TPS
interpolant minimizes bending energy which functions as an internal regularizer. Large
deformations can lead to singularities in the matrix leading to folding without additional
regularization. Also, TPS are globally supported and hence computationally complex.
There are other topology preserving [24], computationally efficient RBFs with local
support that can be used to model deformations - most notably Wu’s [28] and
Wendland’s [29] compactly supported RBFs. These functions, unlike TPS, do not require

the polynomial affine part and the coefficients {W;} are solved as
KW = F(xy)
where K is a N X N matrix of radial basis function expansions with
Ky = (|, =0, )

Some of Wendland’s 14, functions (positive definite in R% and C?* continuous) are

listed below.
P30 = (1-1)%
P, = (1—-7r)i@r+1)
Pi, = (1— r)f’r(35/3 r2+6r+ 1)
where

_ _((a-n), 0<r<i
A-r. = { 0, otherwise



The extent of local support a is controlled by a scaling factor on r

Yo = 'l’(r/a)

Wendland’s functions were suggested by Fornefett for registration [30]. Another popular
basis function expansion is cubic B-splines, piecewise polynomials of degree 3 with
compact support and C? continuous. They are often described by a free-form deformation

model as proposed by Rueckert [31].

1.2.2 Sampling and Interpolation

To represent the homologous image in the coordinate frame of the reference, we need to
determine not only the corresponding spatial coordinates of the reference image in the
homologous image but also the intensity of the homologous image at those coordinates.
As mentioned previously, the image domains (; and Q) are discrete in nature and
intensity values for both images are only defined at the sampled locations, i.e., the
coordinates of the two images. Usually an estimated transformation T will map
coordinates in the reference image domain to non-sampled locations in the homologous
image domain where the corresponding intensity values are not known. Interpolation is
necessary to determine the intensity value of the homologous image at these coordinates.
This interpolation can be implemented by convolving the homologous image with an
appropriate kernel. The sinc function is ideal for interpolation but impractical due to its

infinite extent. In practice interpolation is realized via interpolants of bounded support.

Nearest neighbor interpolation assigns the intensity of the spatially closest neighbor to the
coordinate of interest. This makes the interpolation fast but also noisy. Linear

interpolation is most popularly used [32]. The intensity at a given coordinate is



determined by a weighted average of the intensities of its neighbors. The weights are
determined by the distance of the neighbors from the point of interest. For smoother
changes to the joint histogram, Collignon [33] introduced partial volume interpolation.
Weights are determined just like in linear interpolation but are not used to interpolate
intensities. Instead they are used for fractional updates to the joint histogram at the point
of interest and its neighbors. Artifacts related to image interpolation have been studied

widely and some of them are discussed in [34].

1.2.3 Similarity Measures
Similarity measures are objective functions that determine how ‘close’ or ‘similar’ two
images are to each other. The simplest measure is the sum of squared differences (SSD)

cost function. It is defined as

1
SSD(U,V) = N Z U (xy) = VT (xy)I?

XUEQE’V
where N is the number of voxels in the overlap domain of the two images. More robust to

the presence of outliers is the sum of absolute differences (SAD) cost function, defined as

1
SADW,VY = 5 > 1UGk) = VT (xy))
erQ}}_V
When a linear relationship between the intensities of two intra-modality images exists, a
common similarity measure employed is normalized cross correlation. Normalized cross

correlation is given as



2. (UQ) =DV (x) — V)
VEZuU ) = )22,V (x,) — V)2

NCC(U,V) =

Here U and V are mean intensity values of the images U and V7 respectively.
Registration is achieved by maximizing the normalized cross correlation of the two
images. None of these measures, however, are robust to contrast enhanced differences

that are frequently encountered in medical images.

Information theoretic measures are much more robust than the above mentioned
measures. Among information theoretic measures, mutual information and its variants are
the most widely used for image registration, especially for multimodality image
registration. Registration by maximizing mutual information was introduced by Viola
[35] and evidence of its versatility can be found in [36]. Mutual Information is computed
as

MIUY) = ). Z puv (@t v)log (pu(u)p$ )

u

where pl, (u, v) is the joint density of scans U and V and py (u) is the marginal density
of U and pl (v) is the marginal of V. The densities are computed via a joint histogram of

the images in the overlap domain and are hence dependent upon the transformation.

Mutual information is defined as the amount by which the uncertainty in an image

decreases by knowing the other image [32]. In other words,

MI(U,V)=HU) - HWU|V) =H{V) - H{V|U)
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Here H(U) and H (V) are the Shannon entropies of image U and ¥ respectively and

H(U|V), H(V|U) are conditional entropies. Mutual information is also defined as
MI(U,V) = HU) + H(V) — H(U,V)

where H(U,V) is the joint entropy of the two images. Registration of two images can
also proceed via the iterative minimization of joint entropy. However, mutual information

is much less sensitive to overlap than joint entropy and hence usually preferred.

Studholme proposed a normalized measure of mutual information and found it to be less
sensitive to changes in overlap than mutual information [37]. Normalized mutual
information is defined as

HWU)+ HV) _ MIU,V)

NMI(U, V) = HWU,V) _ HW,V)

Information theory offers a host of other measures that can potentially be used for

registration. A few such measures are discussed in [38].

1.2.4 Iterative Optimization

The similarity measure employed during registration is generally optimized via an
iterative strategy. Several such optimization strategies have been discussed in the
literature and can be primarily classified into two broad categories — gradient-based and
non-gradient-based [39]. Gradient-based strategies include techniques such as steepest
gradient descent, conjugate-gradient methods, quasi-Newton methods and Levenberg-
Marquardt optimization. The speed of convergence of such methods can be improved by

using stochastic approximation and importance sampling techniques [40]. Downhill
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simplex and Powell’s direction set method are examples of non-gradient-based strategies.
The registrations in this thesis use the downhill simplex optimization strategy proposed
by Nelder and Mead [41]. The Nelder-Mead Simplex method is relatively robust to local
minima and their effectiveness in multiresolution MI-based registration schemes have

been shown in [39].

1.3 Summary of Contributions

Standard techniques for tumor response assessment, like RECIST 1.1 or WHO criteria,
make many assumptions about the geometry and shape evolution of the tumor which
limits their efficacy in measuring small early changes. Most current research efforts
advocate the use of sequential 3D segmentations to measure tumor volume change. This
thesis explores the use of image registration-based methods for tumor volume change
measurement and investigates if such methods can yield accurate and low noise estimates

of tumor volume change.
The following is a summary of the contributions of this thesis.

¢ 3D nonlinear image registration has been used to develop a low noise, low bias tumor
volume change measurement algorithm.

e A linear mixed effects model has been used to characterize the performance of the
proposed algorithm. It is shown that the error in measuring volume change increases
with increase in the volume of the tumor and decreases with the increase in its
normalized mutual information content even when that is not the similarity measure

being optimized.
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e The developed registration-based change measurement algorithm has been compared
with other approaches and it has the potential to outperform indirect segmentation-
based change measurement methods.

e The potential of an accurate registration-based volume change measurement
algorithm in tracking progression of chronic obstructive pulmonary disease has been

suggested in an initial study.

1.4 Dissertation Overview

This chapter introduced the problem, provided an overview of image registration and
summarized the contributions of this thesis. Chapter 2 describes a preliminary study
aimed at assessing the feasibility of image registration-based algorithms for measuring
volume change in tumors. Two registration-based change measurement methods are
discussed and tested on hepatic lesions in interval CT exams and some of the concepts
developed here are investigated in later chapters. Chapter 3 discusses the proposed 3D
warping registration-based tumor volume change measurement algorithm. The bias and
variance of the method are estimated by testing in vivo and synthetic breast tumors in
diffusion MRI exams where truth is unequivocally known. Statistical models are
developed to characterize the performance accuracy of the proposed algorithm. Chapter 4
discusses the major segmentation-based approaches for measuring volume change in
tumors and demonstrates some of the challenges faced by such approaches. The
developed registration-based method for estimating tumor volume change is compared
with two segmentation-based approaches on common datasets. Chapter 5 extends the

application of the developed registration-based tumor volume change measurement
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algorithm to investigate its potential promise in tracking chronic obstructive pulmonary

disease. Chapter 6 discusses the contributions of this thesis and future work.
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Chapter 2

A preliminary study to assess the feasibility of image
registration-based methods for lesion volume change
estimation

2.1 Introduction

This chapter discusses a pilot study conducted on hepatic lesions in interval CT exams to
assess the feasibility of image registration-based methods for lesion volume change
estimation. Rather than a rigorous analysis of such methods, this was essentially a study
of concepts. Some valuable ideas developed in this preliminary study are explored further

in later chapters. This chapter is based on Sarkar et al. [42].

The liver is the largest gland of the human body and serves a wide range of vital
functions including detoxification, protein synthesis and metabolism. It is also a common
site for malignant tumors — both primary and metastatic. The National Cancer Institute
reports an increase in incidence and mortality rates for liver cancer over the past two
decades with an estimated 18,910 deaths in the U.S. in 2010 alone [43]. Typical treatment
options include one or a combination of surgery, ablation, chemotherapy or radiation
therapy. During the course of therapy, diagnostic CT scans of the patient’s liver are
acquired at regular intervals to monitor the response to therapy over time. Standard

clinical radiological readings, for reasons discussed in Chapter 1, often prove inadequate
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for response evaluation. An accurate quantitative measure of tumor volume change over
interval scans, however, can considerably aid in ascertaining the efficacy of ongoing
therapy. The need then is to develop techniques for accurately measuring tumor volume
change between interval exams and this is currently considered a significant challenge.

Figures 2-1 and 2-2 illustrate the complexity of the problem.

(a) (b) (©)

Figure 2-1 CT liver scans of patient showing tumor (a) baseline (b) after 1 month
(c) after 5 months
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(@) (b) (©

Figure 2-2 CT liver scans of patient showing gross diffuse metastatic disease (a) baseline
(b) after 3 months (c) after 8 months

Shown above are interval CT liver scans of two patients, chronologically arranged from
left to right. The tumors have been marked for the benefit of the reader. The tumor
depicted in Figure 2-1 has complex fuzzy boundaries and the complicated shape
evolution over time is also evident from the scans. Figure 2-2 shows a patient with gross
diffuse metastatic disease. The tumors have diffused throughout the organ and have dark
necrotic cores surrounded by active tissue evident from the wide intensity variations
within the tumors. As can be ascertained from the figures, quantification of volume

change across intervals for in vivo lesions can be a complex task.

An IRBMED (Institutional Review Board of the University of Michigan Medical School)
approved pilot study was conducted on human subjects to assess the feasibility of using
registration-based approaches for measuring volume change of hepatic tumors in interval
CT exams. The de-identified retrospective data that was analyzed was obtained from

interval abdominal CT exams of high risk patients diagnosed with stable disease or
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partial response to therapy. Two registration-based approaches — Weighted Gray Value
Difference and Non-linear warping followed by Jacobian integration — were employed to
measure the volume change of lesions across interval exams and the results were
compared to estimates obtained through careful manual segmentation of the lesions in the

€xams.

The use of image registration-based techniques for tumor volume change estimation is
relatively less explored as compared to sequential segmentation [19, 20]. An initial
registration-based endeavor to quantify tumor volume change was made by Thirion et al.
[44]. Thirion registered several synthetic multiple sclerosis lesions using the Demons
nonrigid registration algorithm [45] and calculated tumor volume change by integrating
the deformation field using concentric spheres and embedded isosurfaces. Reeves et al.
[46] used 3D rigid body registration to improve the consistency of sequential
segmentations and the accuracy of change measurements in interval scans of pulmonary
nodules. Meyer et al. [47] used low degrees of freedom registration to align liver lesions.
This was followed by a weighted gray value subtraction scheme to compute lesion
volume change. Extensions to the Meyer method and modifications to Thirion’s scheme
including the use of a spatially varying Jacobian map of local scale changes will be

discussed in this chapter.

2.2 Registration-based methods for Volume Change Measurement

A total of six lesion pairs in CT liver scans of high-risk cancer patients with scan
intervals ranging from 1 month to 4 years were examined. The 3D experimental 512 x

512 de-identified CT scans were acquired using a GE Medical, LightSpeed Ultra CT
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scanner. The voxel volumes ranged from 2.2 to 3.7 mm3 with slice thicknesses of 5 mm
and peak kilovoltages of 120 kVp. To obtain an estimate of the “true” lesion volume
difference between the interval scans, all the lesions were carefully segmented in every
exam by S. Sarkar. These manual segmentations were repeated 10 times independently to
obtain the lesion volume difference between each homologous and reference exam pair.
The lesions were then analyzed using two registration-based methods, Non-linear
warping followed by Jacobian integration and Weighted Gray Value Difference. All
techniques were implemented using MIAMI-Fuse (Mutual Information for Automatic
Multimodality Image Fusion), a software program for the automatic alignment of medical
datasets obtained using same or different modalities [36]. Both registration-based
techniques were used to obtain 10 independent estimates of the volume change in each
lesion pair. Sample means, sample standard deviations and 95% confidence intervals

were estimated using a bias-corrected and accelerated Bootstrap method [48].

Let us now look at the two registration-based methods in detail.

2.2.1 Weighted Gray Value Difference

This method uses a weighted gray value difference image of two registered interval
exams to estimate the change in lesion volume of homogeneous lesions only. It involves
a locally rigid registration between the homologous and the baseline or reference exam.
Registration is followed by gray value subtraction of the registered scans yielding a

difference image (Figure 2-3) of the lesion with improved contrast-to-noise ratio.
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Figure 2-3 Difference image of registered homologous and reference scans

The change in volume is estimated by linearly weighting and trimming the histogram
values obtained after manually segmenting the lesion in the difference image and
multiplying the number of voxels obtained (full and partial) by the voxel volume. The
linear weighting and trimming curve (shown in Figure 2-4) is essential to accurately
account for the contribution of partial voxels as described in [47]. It should be noted that
the histogram shown in Figure 2-4 is for an ideal case with no noise. A real histogram,
affected by noise of the difference image, looks somewhat like the one shown in

Figure 2-5.

Counts

Figure 2-4 Example ideal histogram and trimming curve of a slightly misregistered
lesion with no volume change
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Figure 2-5 Histogram of lesion volume difference affected by noise

Meyer et al. [47] require the sketching of an additional VOI in the background, exclusive
of the lesion, to combat contrast enhanced intensity differences in the subtracted image
and set the zero difference offset for the weighting curve. This works fine if, between the
reference and registered homologous exams, the difference in intensities of the two
backgrounds is about the same as the difference in intensities of the two lesions. If this is
not the case, then one would end up selecting an erroneous zero difference offset by
drawing the additional VOI in the background. To counter this problem an approximate
estimate of the lesion and background intensities are made in both exams prior to creating
the difference image. If the difference is substantial, one of the exams is linearly scaled
such that the mean background and lesion intensities of both exams overlap. A typical
linear graph to do such a scaling is shown in Figure 2-6. The VOI to set the zero
difference offset of the weighting curve is now defined on the difference image obtained

through this modified registered reference-homologous pair.
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Figure 2-6 Linear scaling to match the background and lesion intensities in
the exams before gray value subtraction

2.2.2 Non-linear warping followed by Jacobian integration

It is well known from the calculus of continuous variables e.g. tensors that the Jacobian
determinant of a geometric transformation at a given voxel provides the local volume
ratio between the deformed and the undeformed voxels. In this method, a non-linear
registration scheme is employed to capture the deformation of the lesion over time and
acquire a Jacobian map of tissue volume changes. The local scale changes obtained from
the map are integrated to yield the net volume change of the lesion. If the reference is
feature-poor and thus low on mutual information outside the lesion, as is often the case in
hepatic CT images, constraints are imposed on the Jacobian to ensure local volume
preservation beyond the tumor boundaries. Such a method is potentially capable of
tracking complicated shape changes in the lesion and providing accurate volume change

estimates.
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Consider a reference scan that is feature-poor outside the lesion (Figure 2-7). Since there
are no intrinsic features to drive the registration outside the lesion in the feature poor
surround, constraints need to be imposed on the deformation interpolant to ensure local
volume preservation outside the lesion while not affecting the volume change
calculations within the lesion. This is ensured by the following implementation. Initially,
a uniformly spaced grid of control points is positioned in the reference exam in 3D just
outside the boundary of the lesion of interest. Figure 2-7 (blue points) shows the location
of some of these points in one slice of the reference scan. Three control points are placed
in the homologous exam approximately corresponding to the locations of the first three
distance sorted control points in the reference exam. A mutual information guided rotate-
translate registration scheme is then employed to obtain the transformation between the
exams. This transformation is then used to place the corresponding grid of points in the
homologous exam. Next, another uniformly spaced grid of points is placed on the
reference, this time lining or just within the lesion boundary as shown in Figure 2-7 (red
points). The control points on the lesion in the reference exam are distance sorted and six
points are placed on the lesion in the homologous exam that correspond to the
approximate locations of the first six points on the reference lesion. Note that a uniform
grid of points, as deployed here, is not generally an optimal distribution of the control
points. The density and distribution of control points should be based on what the local

mutual information content of the object of interest allows it to support [49].
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Figure 2-7 Placement of outer and inner grid of control points on reference image

The reference and homologous exams are now automatically non-linearly registered
using thin plate splines (TPS) as the deformation interpolant with the chosen six points
acting as the starting point. The objective function used for the registration is mutual
information. During registration it is ensured that the homologous outer grid of points do
not move from their fixed locations obtained through the rotate translate registration in
the previous step. This means that, in the registration process, the optimizer (Nelder-
Mead Simplex) only controls the inner grid of homologous points to compute the
deformation. The resulting vector-valued deformation field F is used to obtain a Jacobian
map representing the local volume expansion or contraction of every voxel (x,y, z)
computed by the warp. The Jacobian determinant at a given voxel (x, y, z) can be

computed as shown below.

OFx(x,y.z) OFc(x,y,2) 0Fx(x.y.2)

ox ay dz
OFy(x,y,z) 0Fy(xy,z) 0Fy,(xy72)
— Y Y Yy
]F(x,J’;Z) - Ax ay 9z
an(x,y,z) an(x,y,z) an(x,y,Z)
ox dy 0z
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Local expansions and contractions yield positive Jacobian values Jz(x,y,z) > 1 and < 1
respectively, whereas a value of 1 indicates no volume change in the voxel. The volume
change is estimated by summing up the local scale changes over the lesion as given by
the Jacobian. The Jacobian values are monitored throughout the registration to prevent
any folding and hence obtain a bijective mapping between the exams. The crucial step of
tethering the outer grid of points during non-linear registration constrains the effect of the
thin plate splines and ensures that the Jacobian values go back to 1 outside the lesion
(ensuring local volume preservation outside the tumor). The use of TPS ensures this
transition is maximally smooth [27]. The vector valued TPS displacement in 3D, F(x), is

given by the equation below.
F(x) = Ax+B+ 1YY, W,

Here A and B define an affine transformation and I is the identity matrix. A, B and the
TPS coefficients {W;} are determined by solving the above set of linear equations at the
N control point locations in the reference as discussed in Chapter 1. The TPS is a globally
supported function and hence computationally complex. Also, large deformations can
lead to singularities in the matrix leading to folding. This is prevented, in the
experiments, by removing control points (on the inner grid only) from the locations

nearest the most negative Jacobian iteratively during the registration.

2.3 Results

The mean Homologous - Reference lesion volume differences (in cc) together with 95%

confidence intervals are listed below for the six lesion pairs for all three techniques —

25



manual segmentation (MS), Weighted Gray Value Difference (WGVD) and Non-linear

warping followed by Jacobian integration (JI) (Table 2-1).

MS JI WGVD
Lesion 1 (Reference Tumor Volume: 2.5 cc)
Mean Vol. Change 6.724 7.149 6.651

Mean CI (95%)

(6.702, 6.751)

(6.718, 7.400)

(6.549, 6.728)

Lesion 2 (Reference Tumor Volume: 153.9 cc)

Mean Vol. Change

-67.124

-74.184

-43.816

Mean CI (95%)

(-64.909, 69.524)

(-67.155, -80.401)

(-37.690, -50.506)

Lesion 3 (Reference Tumor Volume: 153.9 cc)

Mean Vol. Change

~41.449

-34.534

-13.833

Mean CI (95%)

(-40.317, -42.809)

(-32.052, -36.435)

(-12.375, -15.640)

Lesion 4 (Reference Tumor Volume: 5.1 cc)

Mean Vol. Change

0.950

1.037

0.864

Mean CI (95%)

(0.890, 0.988)

(0.738, 1.281)

(0.847, 0.872)

Lesion 5 (Reference Tumor Volume: 5.1 cc)

Mean Vol. Change

-0.024

0.086

-0.125

Mean CI (95%)

(-0.109, 0.062)

(-0.141, 0.272)

(-0.235, 0.019)

Lesion 6 (Reference Tumor Volume: 12.3 cc)

Mean Vol. Change

-5.701

-8.350

-4.137

Mean CI (95%)

(-5.442, -5.960)

(-7.430, -9.240)

(-4.069, -4.174)

Table 2-1 Mean volume change in cc together with 95% confidence intervals for all 6
lesions using all three methods
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Figure 2-8 and Figure 2-9 are plots of mean lesion volume change estimates together with
95% confidence intervals for the two algorithms in comparison to that of manual
segmentation. In accordance with the observations of Meyer et al. [50], the higher
variance or wider 95% confidence intervals associated with greater tumor size can be
noted for the manual segmentations shown in the plots (reference tumor volumes are
included in Table 2-1). In both figures small boxes inside the main plot have been
provided to offer a magnified view of the relatively smaller changes. It should be noted
that ground truth volume change is not known in this study. This necessitates the reliance
on careful manual segmentations for obtaining estimates of the “true” or “close to true”
volume change. The dashed line across the diagonal can be viewed as an indicator of
agreement between the volume change estimated by the two registration-based methods
and the “true” volume change obtained via manual segmentation. For good agreement,
the estimated 95% confidence interval of volume change using the algorithms should
intersect this dashed line. In other words, good agreement would imply there is an
overlap in the 95% confidence intervals of volume change as estimated by manual
segmentation and as estimated by the algorithms. From the plots this overlap is evident in
2 out of 6 cases for the weighted gray value difference method and in 4 out of 6 cases for
the non-linear warping followed by Jacobian integration method (see Figure 2-8 and

Figure 2-9 and Table 2-1).
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Figure 2-8 Mean Vol. Change for Weighted GV Subtraction vs Manual Segmentation.
From left to right: Lesion number 2, 3, 6, 5, 4, 1. Reference Tumor volumes are included
in Table 2-1

The overall accuracy of the non-linear warping method is clearly better compared to the
weighted gray value difference method especially for large effect sizes (large volume
changes) as evidenced by Figure 2-8, Figure 2-9 and Figure 2-10. This is likely due to the
inhomogeneities typically associated with large volume changes in large lesions where

the simple linear weighting scheme of the weighted difference method proves ineffective.
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Figure 2-9 Mean Vol. Change for Jacobian Integration vs Manual Segmentation. From
left to right: Lesion number 2, 3, 6, 5, 4, 1. Reference Tumor volumes are
included in Table 2-1

Figure 2-11, Figure 2-12 and Figure 2-13 show checkerboard plots of non-linear warping
registration for three lesions. The region of focus of the registration is outlined in the

figures and the good overall alignment in these regions can be noted from the figures.
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Figure 2-10 Mean lesion volume change in cc as estimated by manual segmentation,
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Figure 2-11 Checkerboard plot of non-linear warping registration for Lesion 1
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Figure 2-13 Checkerboard plot of non-linear warping registration for Lesion 4
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2.4 Discussion

This pilot study demonstrated the potential promise of registration-based algorithms in
measuring tumor volume change. The Weighted Gray Value Difference method is by
design insensitive to slight misregistration but it is, however, sensitive to the lesion model
used. Presently it simplistically assumes that the lesion of interest is a simple lesion with
uniform contrast. In the case of inhomogeneous lesions the resulting difference histogram
ends up with multiple peaks and the simple linear weighting scheme breaks down. While
it was accurate in the case of small, simple, homogeneous lesions it is unlikely to fare
well when these assumptions are violated. Non-linear warping followed by Jacobian
integration, on the other hand, is potentially capable of tracking complicated shape
changes as well as intensity variations in the lesion and does not make assumptions about
the lesion model. Based on the results of this initial study, future efforts were directed
towards improving and assessing the accuracy of measuring tumor volume change using

non-linear registration only.

Another interesting concept developed in this chapter is the outer ‘fence’ of control
points that is deployed in the feature poor reference dataset to enable the Jacobian to go
back to 1 immediately beyond the lesion. This is a useful trick for handling datasets that
have low mutual information content beyond the tumor boundaries. Since subsequent
investigations on different datasets did not encounter this problem associated with low
mutual information, this concept was not developed further during the course of this
thesis. However, this is still potentially a useful idea and more work needs to be done to
ascertain the optimal density and location of such a grid of points with respect to the

inner grid of points placed on the tumor.
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Chapter 3

Evaluation of an image registration-based algorithm for
measuring tumor volume change

3.1 Introduction

In this chapter a 3D warping registration-based algorithm is developed to estimate
volume change in tumors. The tumor of interest is spatially registered between two
interval scans and the volumetric deviation of the tumor is calculated by summing local
changes in volume obtained from a spatially varying Jacobian map. Such an approach not
only provides a summary statistic of volume change but can also potentially show regions
of differential growth and contraction across the lesion. Also the incorporation of partial
volume effects, often ignored in some segmentation approaches, is automatically

included in a registration-based paradigm.

The algorithm best suited for early volume change detection would be the one with the
least measurement noise and least bias on average [21]. One major obstacle in the
assessment or validation of different volume change measurement algorithms is the lack
of sources where true volume change is reliably known. Synthetic exams and very short
interval exams provide solutions to this problem. The bias and noise variance of the
proposed registration algorithm, in the quantification of volume change in breast tumors,
is assessed using such sources.
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3.2 Materials and Methods

This section describes the dataset and the registration algorithm used to estimate tumor
volume change together with the statistical models used to characterize the performance

of the algorithm.

3.2.1 Dataset

The clinical merit of a volume change measurement algorithm will be characterized by its
ability to evaluate response to therapy early, i.c., by its ability to measure small volume
changes that occur in short time intervals. In other words from the clinical standpoint the
main motivation lies in evaluating the noise and bias of an algorithm in measuring zero or
close to zero tumor volume change. Although large non-zero volume changes may be
easily discerned by an expert radiologist, a good volume change measurement algorithm
should also be able to track small changes. To gauge the performance of the registration-
based change measurement algorithm that will be discussed below, two kinds of interval
scans were used — clinical interval scans where true tumor volume change is known to be
zero for assessing the repeatability of the method and synthetic interval scans with
random but known non-zero tumor volume change primarily for observing functional

bias effects.

The clinical dataset used for this investigation comes from an ongoing study at the
University of Michigan aimed at early evaluation of response to neoadjuvant
chemotherapy in 9 breast cancer patients. In the imaging protocol every patient receives
two pre-treatment baseline isotropic diffusion MRI (dAMRI) scans within a very short

interval (15 minutes). These exams are also referred to as “coffee-break™ exams. An
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expert radiologist delineates the tumor's volume of interest (VOI) using a contrast
enhanced anatomical scan. The enhanced anatomical scan is warped onto one exam out
of each “coffee-break” pair and the VOI mask is subsequently mapped onto the
associated diffusion scan. Since these diffusion exams are taken within a few minutes of
each other, it is reasonable to assume that within this interval there are no macroscopic
changes to the tumor, i.e., the ground truth of tumor volume change between these two
exams is zero. However, even though both scans were derived from the same volume,
they differ due to the decorrelating effects of noise during scan acquisition, patient
repositioning and patient motion. These factors make these very short-interval exams
excellent resources for assessing the measurement noise associated with volume change
measurement algorithms at the null point of volume change. Manual segmentations, even
when done by experts, have significant variability [50]. It is therefore likely that the
tumor volumes as represented by the expert in the nine patients are not entirely accurate.
However, this does not affect the way the algorithm’s performance is evaluated because
the study’s assessment paradigm considers changes in tumor volume and not the
individual tumor volumes as ground truth. Each “coffee-break” pair represents the same
volume in the patient — any non-zero deviation measured by the algorithm is in error.
Another point to note is that volume change is not computed here via subtraction of
multiple expert annotated volumes which would add to the variability of change
measurements. Only one annotation is done, that on the reference volume and the volume
change is computed by summing the Jacobian of the deformation over this expert
annotated reference volume of support. All “coffee-break”” MR datasets used in the study

are 288 x 288 x 60 with a voxel volume of 3.84 mm?3 (1.25 mm x 1.25 mm x 2.46 mm);
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the registrations are performed on the fat suppressed, zero diffusion gradient image, i.e.,
the T2-weighted, b=0 image, acquired using a 7-coil breast receiver array on a Philips 3T
magnet, Tr = 4720 ms, Te=50 ms, sense=2. The tumor volumes across the nine patients

ranged from 5.39 cc to 57.35 cc as defined by the expert.

While the “coffee-break” dataset provides realistic noise at the operating point of zero
tumor volume change, it is difficult to obtain clinical scans with non-zero volume change
where truth is also unequivocally known. To counter this problem, data sources with
known non-zero tumor volume change can be obtained from synthetic scans like
phantoms [51] or mathematical models [52]. In this study we synthesized 30 homologous
scans by 3D random scaling, rotating, translating and linearly interpolating one scan of a

breast cancer patient (see equation below) chosen from the pool described above.
H =R, (@)R,(@)R,(8)sC + T(ty, t},t,)

In the above equation H is the coordinate vector of the generated synthetic scan, C is the
coordinate vector of the original clinical scan, s is the isotropic scaling factor chosen
randomly from a uniform distribution to create contractions and expansions of the
original volume in the range (-80%, 80%), 6, @ and ¢ are yaw, pitch and roll angles
respectively to generate 3D rotations and are chosen randomly from

N (0 degree, 25 square degrees), ty, t, and t, are translations in X, y and z directions
respectively and chosen randomly from N (0 mm, 4 mm?). The random rotations and
translations caused the tumor in some synthetic scans to end up outside the field of view.
Such scans were discarded. The radiologist's segmented tumor mask (VOI) in the original

scan was dilated by 3 voxels such that the tumor edge voxels play a role in the
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subsequent registration. In decorrelating the noise in the synthetic exams from the
reference region of interest, 30 reference scans were derived from the masked scan by
adding a random Gaussian noise realization which led to a five-fold decrease in SNR.
Each pair in the resulting set of 30 homologous and reference scan pairs now had a

random, known, non-zero volume change in the region of interest. One such pair is

shown in Figure 3-1.

(a) (b)
Figure 3-1 Sample slice from a synthetically generated dataset (a) slice of dilated

reference VOI with added, decorrelated noise; masked volume of interest was 42.19 cc
(b) scaled, rotated, translated and interpolated homologous image

3.2.2 Registration Algorithm

The tumor of interest is registered between two interval scans using a 3D warping
registration algorithm. Warping is necessary to accurately capture the potentially
heterogeneous deformation of tumor compartments in the breast. All registrations were
implemented using MIAMI-Fuse (Mutual Information for Automatic Multimodality
Image Fusion), a software program for the automatic alignment of medical datasets

obtained using same or different modalities [36].
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The registration details for the “coffee-break” exams, i.e., exams where true tumor

volume change is known to be zero, is described below. For each of the 9 patients:

The tumor’s volume of interest as drawn by the radiologist was dilated using a 3x3
binary structuring element to include regions external to the tumor. The dilated region
served as the reference volume and ensured that edge information associated with the
tumor was not lost while still keeping the focus of registration on the tumor. Three
different sets of dilations (approximately 50%, 100% and 200% of the size of the
segmented tumor volume) were chosen to investigate if incorporating information
external to the tumor improved the registration of the tumor itself.

A set of hexagonally close-packed control points were automatically generated in the
3D reference volume spaced 12 mm apart (Figure 3-2 (a)). Small variations to this
spacing were not found to affect registration accuracy and hence this spacing was
used for all the tumors. However, in general, the number N (e.g. in 3D, degrees of
freedom = 3N) or spacing of control points chosen should be based on what degrees
of freedom the mutual information density of the region of interest supports in
practice without folding. The control points were then distance-sorted in the reference
volume by maximizing the Euclidean distance between the points. This ordered the
control points in a coarse to fine scale across the reference volume to set up a

decreasing scale space registration paradigm.
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(a) (b)

Figure 3-2 Placement of control points (a) automatic hexagonal arrangement of
control points in reference volume (b) manual placement of first 5 corresponding
control points (only 4 are visible here) in the homologous volume

For each of the first five distance-sorted control points in the reference, one
approximate corresponding control point was chosen in the homologous volume (the
other “coffee-break” scan) as shown in Figure 3-2 (b). Except for this manual
initialization all the other steps described above and below were automatically
controlled by MIAMI Fuse. Five control points were required for starting because
less than five describes only a linear solution which is unlikely to lead to capture of a
warping required to register the deformed tumor after repositioning in the “coffee-
break” exam.

A 3D warping registration was performed between the two volumes to align the
homologous image with the reference image. The algorithm implemented an
iteratively increasing degrees of freedom and decreasing scale space warping
registration. Two similarity measures were separately used for registration - mutual

information and normalized cross correlation. Mutual information is robust to
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contrast enhanced intensity differences as opposed to some voxel similarity measures
such as sum of squared intensity differences, sum of absolute differences and
normalized cross correlation. So similar structures with different contrasts just show
up as different clusters in the bivariate histogram and can still be registered using
mutual information. Normalized cross correlation has been used for intra-modality
registration and is optimum when the much stricter assumption of a linear relationship
between the intensity values of the two images is valid [23]. The deformation
interpolant used for warping was thin plate splines (TPS). In the absence of any
knowledge regarding the mechanical properties of the tissue, TPS was used as the
deformation interpolant as it is maximally smooth [27]. To prevent the deformation
from folding, the sign of the Jacobian determinant was monitored at the finish of each
schedule line optimization. The control point closest to the most negative Jacobian (if
there were any) was iteratively removed after each optimization cycle and the cycle
repeated until there were no negative Jacobian values. The optimizer used was
Nelder-Mead Simplex which is relatively robust to local minima [53].

The determinant of the first order partial derivatives of the deformation tensor F
obtained by the warping registration was used to form a Jacobian map representing
the local volume expansion or contraction of every voxel (x, y, z) in the reference
volume. The Jacobian determinant at a given voxel (x,y, z) can be computed as

shown below.

40



]F(x,y,z) =

0F(x,y,2) 0FK(xy z) 0F(xY,2)

0x dy 0z
0, (x,y,z) O0FE,(x,y,z) O0F/(x,y,2)
0x dy 0z
0K,(x,y,2z) 0E(x,y,2z) 0F(x,y z)
0x dy 0z

Local expansions and contractions yield positive Jacobian values Jz(x,y,z) > 1 and <
1 respectively in a Jacobian map, whereas a value of 1 indicates no volume change in
the voxel. The total volume change was estimated by summing up the local scale

changes, as given by the Jacobian, over the volume annotated by the radiologist in the

reference image as shown in the equation below.

Ur(x,y,2) = Dv

(x,y,2)EUtumor

Here Uymor represents the 3D tumor volume as annotated by the radiologist in the

reference scan and v represents the voxel volume of the reference exam.

Now the registration details for the synthetic exams with known non-zero volume change
will be described. The registrations of the 30 synthetic pairs of homologous and reference
scans followed the same process described above except only one similarity metric
(mutual information) and one dilation (200% tumor volume) was used. All 30 TPS
warping registrations were automatically started with the same 64 distance-sorted
hexagonally close-packed control points placed on the reference scan and the
corresponding guess for the first 5 out of the 64 control points placed on the homologous
scan. Note that due to the way these synthetic datasets were created, a rotate-isotropic

scale-translate registration algorithm will likely provide a less noisy solution than a
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higher degrees of freedom TPS fit. However the standard blinded approach was chosen to

obtain a fair evaluation of the registration-based volume change measurement algorithm.

3.2.3 Statistical Model

Several linear mixed-effects (Ime) models were fitted to the volume change results
obtained from the “coffee-break™ data. Selection of the model was based on the Bayesian
information criteria [54]. Results obtained from using mutual information and that from
using normalized cross correlation were fitted separately. The mixed effects models were
implemented using the method of restricted maximum likelihood estimation via the Ime
function in the R package nlme and R’s general purpose optimization routine. The
following is the linear mixed effects model fitted to the data where the log transformed

volume change error was considered as the response:

lOg (|Vhijk - Vri ) = lOg(Vrl) + Sijk + Iij + €ijk

Interactions between predictors were not found to be significant. Another linear mixed
effects model, shown below, was fitted to the data with the percentage volume change

error as the response.

|Vhijk — Wy

*100 =6 + Sijk + Ri + Sijk
V.,

Here i = 1,2, ...9 represents the nine tumors, j represents one of the 3 different dilations
chosen and k = 1,2, ... 10 represents the different randomly restarted registration
repetitions taken under each setting. V;, and ;. represent the estimated homologous tumor

volumes and the manually segmented reference tumor volumes respectively. I is a
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random tumor intercept for a given dilation nested within a given nodule, R is a random
tumor intercept for a given nodule, 6 is a fixed tumor intercept and ¢ is the random error
term. S is the normalized mutual information content of the tumor — a similarity measure.
Normalized mutual information was computed on the registered annotated tumor volume
and is defined as the ratio of the sum of the entropies and joint entropy of the registered
exams as shown below.

HU)+ HV) _ MIU,V)

SUVY=—fgawv = HOY

Here H(U, V) is the joint entropy and H(U), H(V) are Shannon entropies of the two
images U and V respectively. This quantity is used in lieu of the mutual information or
cross correlation similarity measures because it is less sensitive to overlap [37] and hence

facilitates comparisons across different tumors of differing information content.

For the synthetic data the true non-zero volume change percentages with respect to the
reference volume of 42.19 cc was known from the design. The true, scaled homologous
volumes ranged from 8.92 cc to 72.20 cc. The estimated vs true volume change

percentages were compared using Bland-Altman plots [55] and linear regression.

3.3 Results

Figure 3-3 shows checkerboard plots for three registered tumors with alternating squares
of the dilated manually segmented reference tumor and the “coffee-break” homologous
mapped onto reference tumor volume. The overall good alignment can be noted from the

figures.
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Figure 3-3 Checkerboard plots of dilated segmented reference tumor and homologous
mapped onto reference tumor volume for 3 patients (a) Patient 1, Reference Tumor
Volume = 10.86 cc (b) Patient 2, Total Reference Tumor Volume = 27.74 cc. Red ovals
drawn to highlight the diffuse tumors (c) Patient 3, Reference Tumor Volume = 39.64 cc

Figures 3-4 and 3-5 show the mean percentage volume change error plots with respect to
log of reference tumor volume for “coffee-break” data using mutual information and
normalized cross correlation respectively. The 95% confidence intervals are depicted via
the vertical lines.
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Figure 3-4 Percentage tumor volume change error plot with 95% confidence intervals for
“coffee-break”™ data using mutual information as similarity measure. Red, green and black
represent the three different dilations used. Mean error was 0.78% (95% ClI:
(-0.17%, 1.73%)), 95% limits of error were (-8.93%, 10.49%).
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Figure 3-5 Percentage tumor volume change error plot with 95% confidence intervals for
“coffee-break™ data using normalized cross correlation as similarity measure. Red, green
and black represent the three different dilations used. Mean error was 0.57% (95% CI:
(-0.24%, 1.38%)), 95% limits of error were (-7.69%, 8.83%).

Table 3-1 and Table 3-2 show the parameter estimates of the fitted linear mixed-effects
(Ime) model for registrations using mutual information and normalized cross correlation
respectively. The response variable was tumor volume change error. Table 3-3 and

Table 3-4 show the parameter estimates of the fitted linear mixed-effects (Ime) model for
registrations using mutual information and normalized cross correlation respectively. The
response variable in this case was percentage tumor volume change error. The similarity
measure used for all models was the normalized mutual information of the registered

tumor as mentioned previously.
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Predictor

Name and

units of

Predictor

Estimate’s

2.5 %ile

Estimate

Estimate’s

97.5 %ile

Std. Error

p-value

log V.

Log of
reference
volume in

CcC

0.6735

1.3199

1.9662

0.2803

0.0015

S(U,V)

Normalized
mutual
information

(bits/bits)

-2.2847

-1.6629

-1.0412

0.3156

<0.0001

Table 3-1 Parameter Estimates of Ime model for volume change error with 95%
confidence intervals. Registration was done using mutual information as similarity
measure. Normalized mutual information was used as the similarity measure

in the Ime model.

47




Predictor

Name and

units of

Predictor

Estimate’s

2.5 %ile

Estimate

Estimate’s

97.5 %ile

Std. Error

p-value

log

Log of
reference
volume in

CcC

0.7208

1.4493

2.1779

0.3159

0.0018

S(U,V)

Normalized
mutual
information

(bits/bits)

-2.6032

-1.9002

-1.1971

0.3569

<0.0001

Table 3-2 Parameter Estimates of Ime model for volume change error with 95%
confidence intervals. Registration was done using normalized cross correlation as
similarity measure. Normalized mutual information was used as the similarity measure in

the Ime model.

Figure 3-6 and Figure 3-7 show the fitted 3D models for MI-based (Table 3-1) and NCC-

based registrations (Table 3-2) respectively. The predictors are log of the annotated

reference tumor volume in cc and the normalized mutual information of the registered

tumor. The response is the log of volume change error i.e. the log of the unsigned

difference between the estimated homologous and annotated reference tumor volumes.

The points of intersection of the perpendicular black lines on the planes represent the

coordinates of the main effects (i.e. normalized mutual information of the registered

tumor and log of reference tumor volume in cc) obtained from the registrations.
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Figure 3-6 Predicted volume change error vs log of reference tumor volume and
normalized mutual information for mutual information-based registrations. The points of
intersection of the perpendicular black lines on the planes represent the coordinates of the

main effects (i.e. normalized mutual information of the registered tumor and log of
reference tumor volume in cc) obtained from the registrations.
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Figure 3-7 Predicted volume change error vs log of reference tumor volume and
normalized mutual information for normalized cross correlation-based registrations. The
points of intersection of the perpendicular black lines on the planes represent the
coordinates of the main effects (i.e. normalized mutual information of the registered
tumor and log of reference tumor volume in cc) obtained from the registrations.
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Predictor

Name and

units of

Predictor

Estimate’s

2.5 %ile

Estimate

Estimate’s

97.5 %ile

Std. Error

p-value

S(U,V)

Normalized
mutual
information

(bits/bits)

-136.8983

-83.3752

-29.8521

27.1811

0.0024

Table 3-3 Parameter Estimates of Ime model for percentage volume change error with
95% confidence intervals. Registration was done using mutual information as similarity
measure. Normalized mutual information was used as the similarity measure in the Ime

model.

Predictor

Name and

units of

Predictor

Estimate’s

2.5 %ile

Estimate

Estimate’s

97.5 %ile

Std. Error

p-value

S(U,V)

Normalized
mutual
information

(bits/bits)

-71.9693

-40.5282

-9.0871

15.9670

0.0117

Table 3-4 Parameter Estimates of Ime model for percentage volume change error with
95% confidence intervals. Registration was done using normalized cross correlation as
similarity measure. Normalized mutual information was used as the similarity measure in

the Ime model.
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For the synthetic exams with known non-zero volume change, the Bland Altman plot of
the difference vs the mean of estimated and true volume change percentages is shown in
Figure 3-8. 95% limits of agreement of the difference are included. The dashed blue line

is the line of equality.

Bland Altman plot for True and Estimated Volume Change Percentage
Reference Volume = 42.19 cc

Estimated Volume Change % - True Volume Change %

-50 0 50
Mean (True Volume Change %, Estimated Volume Change %)

Figure 3-8 Bland Altman plot of the difference vs the mean of estimated and true volume
change percentages. The solid blue line at 0.42% (95% CI: -0.23% to 1.07%) represents
the mean difference. Note that the confidence intervals do not exclude zero bias. The
95% limits of agreement are shown with a solid red line. The lower and upper limits are -
3.02% (95% CI: -4.14% to -1.90%) and 3.86% (95% CI: 2.74% to 4.98%) respectively.
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Scatter plot of estimated vs true volume change percentages together with the mean and
limits of agreement derived from the Bland Altman plot are presented in Figure 3-9. The
regression parameters for estimated vs true volume change percentage are presented for

comparison in Table 3-5 together with their 95% confidence intervals. The R? value was

0.9985.
Predictor Estimate’s Estimate Estimate’s Std. Error p-value
2.5 %ile 97.5 %ile
Intercept -0.3427 0.3364 1.0156 0.3316 0.3190
Slope 0.9779 0.9929 1.0079 0.0073 <0.0001

Table 3-5 Parameter Estimates of linear regression model for the synthetic exams
(estimated vs true volume change percentage) with 95% confidence intervals.
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Scatter plot of Estimated vs True Volume Change Percentage
Reference Volume =42.19 cc
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Figure 3-9 Estimated vs true volume change percentage for the synthetic exams. The
mean bias and 95% limits of agreement derived from the Bland Altman plot are shown
with blue lines. The diagonal red line is the line of equality.

3.4 Discussion

Accurate tumor volume change measurement is likely a reliable marker for the evaluation
of the tumor’s response to therapy. Most approaches to measure volume change involve
sequential segmentation of the tumor in the two images. This study investigates the less

explored approach of using image registration to quantify tumor volume change. The
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good alignment visible on the checkerboard plots (Figure 3-3 (a) to (c)) suggests that the
developed warping registration-based approach is capable of tracking the complicated
shape evolution of tumors of varying size, morphology and geometry. Previous work to
standardize tumor size change measurement and response set the cutoff bounds for
response and disease progression using 1D RECIST and 2D WHO measurements to
(-30%, 20%) and (-50%, 25%) respectively [9] [56]. Therasse et al., assuming spherical
geometry, also suggested the bounds for 3D volume calculations to be (-65%, 73%) using
RECIST and to be (-65%, 40%) using WHO [4]. Figure 3-4 and Figure 3-5 indicate that
much tighter bounds in volume change calculations can potentially be obtained by using
a registration-based algorithm for measuring tumor volume change than either RECIST
or WHO. Comparison with segmentation-based approaches will be done in the next
chapter. The mean volume change percentage error for the mutual information-based
registrations was 0.78% with a 95% confidence interval of (-0.17%, 1.73%). The lower
and upper limits for the 95% limits of the error were -8.93% and 10.49% respectively.
The mean volume change percentage error for the normalized cross correlation-based
registrations was 0.57% with a 95% confidence interval of (-0.24%, 1.38%). The lower
and upper limits for the 95% limits of the error were -7.69% and 8.83% respectively.
Note that zero is not excluded from the 95% confidence intervals for the bias in the mean
error for both similarity measures. The volume change estimation is thus either unbiased
across the population or the experiment is insufficiently powered to observe the bias. In
this case more datasets would need to be examined in future to decrease the error on the

95% confidence limits for the mean bias.
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The linear-mixed effects models fitted to the data (Table 3-1 and Table 3-2) indicate that
the error in estimating tumor volume change is a function of both initial tumor volume
and the normalized mutual information content of the tumor. The positive slope of the
parameter estimates (1.32, p-value < 0.005 for MI and 1.45, p-value < 0.005 for NCC)
associated with tumor size indicate that volume change error increases with increase in
tumor size. This is consistent with the findings of Meyer et al. [50]. The negative slope of
the parameter estimates associated with the similarity measure (-1.66, p-value < 0.0001
and -1.90, p-value < 0.0001) show that volume change error decreases with increase in
the similarity measure across the population, i.e., increase in the normalized mutual
information content of the tumor across the population. Figure 3-6 and Figure 3-7
graphically represent the results of Table 3-1 and Table 3-2 respectively and depict the
same trends outlined above. For example, from Figure 3-6 for the MI-based registrations,
an error of 0.1 cc for a 6.3 cc tumor can be expected to decrease to 0.08 cc when the
normalized mutual information of the tumor goes up from 1.12 to 1.17. An error of 3 cc
for a larger tumor of volume 63 cc can be expected to decrease to 2.5 cc for the same
increase in normalized mutual information from 1.12 to 1.17. The Ime models fitted to
the absolute percentage volume change data (Table 3-3 and Table 3-4) show that
percentage volume change error decreases with increase in normalized mutual
information content of the tumor across the population (slope: -83.38, p-value < 0.01 for

MI and slope: -40.53, p-value < 0.05 for NCC).

For the synthetic exams, estimated volume change percentage was compared to the true
volume change percentage using a Bland Altman plot (Figure 3-8). The Bland Altman

plot suggests a mean bias of 0.42% but the 95% confidence interval (-0.23%, 1.07%)
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does not exclude zero. Note that zero is also not excluded (-0.34%, 1.02%) in the 95%
confidence interval for the estimate of regression intercept as shown in Table 3-5. Since
zero is not excluded in the 95% confidence interval, the volume change estimation is
either unbiased or the experiment is insufficiently powered to detect the bias. The 95%
limits of agreement for the population of differences between the estimated and true
volume change percentages were (-3.02%, 3.86%) from the Bland Altman plot. The mean
bias and 95% limits of agreement are low compared to the range of volume change being
measured (-80%, 80%) as shown in Figure 3-8 and Figure 3-9. This indicates good

agreement.
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Chapter 4

Comparison of image registration-based and image
segmentation-based tumor volume change measurement
algorithms

4.1 Introduction

As mentioned previously, most efforts aimed at tumor volume change estimation are
based on sequential segmentation. This is an indirect approach in that the tumor volume
change between two interval scans is not obtained directly but via the subtraction of the
independently segmented volumes in the two exams. This is in contrast to the
registration-based approach described earlier wherein tumor volume change in a scan pair
is measured directly. In this chapter we will look at a level set-based active contour
segmentation approach for breast tumor volume change estimation to highlight the
general challenges faced by a segmentation-based change measurement approach, discuss
some of the segmentation approaches developed by other researchers for change analysis
of pulmonary nodules and also compare some of these approaches with the proposed

registration-based change measurement method.
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4.2 Level set-based active contour segmentation of breast tumors

A sequential segmentation approach was used to measure the change in volume of breast
tumors in the diffusion MRI “coffee-break” dataset described in the previous chapter.
The level set-based 3D active contour segmentations were done using ITK-SNAP, a user
friendly open source application software for 3D medical image segmentation [57].
Details of the implementation in ITK-SNAP can be found in [57]. Briefly, active contour
evolution by region competition [58] was implemented using ITK sparse field level set
algorithm. The contour is embedded as the zeroth level set [59] of a higher dimensional
function Y defined everywhere on the image domain and evolves according to the
following partial differential equation:

oY (%,t)

=F
ot v

At any time t, the evolving contour can be obtained by solving for (X, t) = 0. F
represents the sum of internal and external forces acting normally on the evolving

contour and is shown in the equation below.

F= a(Pobject - Pbackground) + ﬁK

The internal force is proportional to the mean curvature of the contour k and the external
force is proportional to the difference of object and background probabilities obtained

from a voxel probability map of the image domain.
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ITK-SNAP allows the user to choose appropriate values for the weighting parameters a
and P that govern the evolution. a adjusts the propagation velocity and can be varied
from -3 (contracting) to 3 (expanding) and 3 adjusts the curvature velocity and can be
varied from 0.0 (detailed) to 0.5 (smooth) to 1.0 (spherical). A combinatorial approach
was used for the parameters - varying a as 1, 2 and 3 and B as 0.1, 0.3 and 0.5 to span a
range of feasible parameter values for the segmentations. Since all spherical seeds were
placed entirely within the confines of the tumor, only expansive forces were chosen for a.
Similarly the range of B values was chosen to reflect the irregular, complex shape of the
breast tumors. The same intensity threshold range was chosen for both the scans of a
given “coffee-break” pair except for one pair for which different thresholds had to be
chosen due to high variations in intensity between the two “coffee-break” scans. The
seeds were initialized in approximately corresponding or analogous locations determined
visually in each exam of the “coffee-break” pair. This was done to minimize variability in
the initialization process for a given pair of zero change exams. 8 out of the 9 “coffee-
break” breast tumors were successfully segmented. One case (shown in Figure 3-3 (b))
could not be segmented using this algorithm as there were multiple small lesions spread
throughout the breast and the segmentations leaked. Out of the 9 different combinations
of a and [ values, the values of =2 and =0.3 gave the best performance on average in
terms of error in computing volume change (5.07%122.20% S.D. of the average of the
two computed tumor volumes) for the 8 tumors. Choosing the best (, B) combination for
an individual tumor in terms of error in percentage volume change improved the
performance to 0.46%%16.42% S.D. of the average of the two computed volumes. At

this point, however, it is best to refrain from drawing a comparison between the
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performance of the registration-based algorithm and ITK-SNAP because ITK-SNAP is
not optimized for measuring volume change. Comparison with the method proposed in
this thesis and segmentation-based algorithms designed specifically for volume change
measurement will be done in a later section. Instead this section will focus on the
challenges faced during the level set segmentations which are in general true for any
segmentation-based approach, i.e., a segmentation-based algorithm needs to address these

challenges for accurate tumor volume change measurement.

The first challenge in a segmentation-based indirect change measurement algorithm is to
ensure consistency (minimize the bias) of the segmentations across the two images — a
difficult task due to variability caused by, among a host of other factors [60], image
acquisition noise and patient motion. For example, uniform dilation or erosion by 1 mm
of a lesion of diameter 23 mm increases or decreases its volume by 28% and -24%
respectively. If two segmentations differ all around by 1 mm (about the size of a pixel) in
segmenting this lesion, the volume change can be overestimated or underestimated by
28% or -24% respectively. Figure 4-1 shows a “coffee-break™ breast lesion pair. True
volume change is 0. Figure 4-1 (a) and (c) show the 3D segmented volumes on the two
exams using the same segmentation parameters (i.e., thresholds, analogous seed point
locations, propagation velocity weight and curvature velocity weight). Figure 4-1 (b) and
(d) show one representative slice from each exam (not at the same scale). The relative

difference in volume between the two zero change exams was computed to be 18.6%.
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(©) (d)

Figure 4-1 Zero change breast lesion pair segmented with identical parameters. The
relative difference in volume was 18.6% (a) segmented volume in exam 1 (b) one slice
from exam 1 (c) segmented volume in exam 2 (d) one slice from exam 2

Figure 4-2 shows another zero change breast lesion pair. Figure 4-2 (a) and (d) show the
3D segmented volumes on the two exams using the same segmentation parameters (i.e.,
thresholds, analogous seed point locations, propagation velocity weight and curvature
velocity weight). Figure 4-2 (b), (c) and Figure 4-2 (d), (¢) show two representative slices
from each exam. The relative difference in volume between the two “coffee break”

exams was 8.8%.
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(d) (e) ®

Figure 4-2 Zero change breast lesion pair segmented with identical parameters. The
relative difference in volume was 8.8% (a) segmented volume in exam 1 (b) and (c) two
slices from exam 1 (d) segmented volume in exam 2 (e) and (f) two slices from exam 2

The other major challenge in a segmentation-based change measurement algorithm is the
issue of variability in change measurement. Changes in the employed segmentation
parameters, say in the hands of different observers, can lead to widely different estimates
of volume change for the same tumor. Inter-observer variability in segmentations can be
quite high [50] and as variances add up, volume change calculations via subtraction of
the two segmentations has twice the variance. Figure 4-3 and Figure 4-4 show the
variability of the segmentations caused by varying segmentation parameters in the same

scan. In Figure 4-3, all parameters in the scan (thresholds, seed point locations, curvature
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velocity weight) were kept same except for the propagation velocity weight a. The
relative difference in volume between the two segmentations was 10.1%. In Figure 4-4,
all parameters in the scan (thresholds, seed point locations, propagation velocity weight)
were kept same except for the curvature velocity weight (3. The relative difference in
volume between the left and middle segmentations was 14.0% and between the left and

right segmentations was 33.8%.
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(a) a=1 (b) a=1

(c) a=2 (d) a=2

Figure 4-3 Variability due to change in segmentation parameters in the same exam. The
relative difference in volume was 10.1% between the segmentations (a) segmented
volume, a=1 (b) one slice from segmented volume, a=1 (c) segmented volume, a=2 (d)
one slice from segmented volume, a=2
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(a) B=0.1 (b) p=0.2

(d) p=0.1 (e) B=0.3 (f) $=0.3

Figure 4-4 Variability due to change in segmentation parameters in the same exam. The
relative difference in volume between the left and middle segmentations and left and
right segmentations was 14.0% and 33.8% respectively (a) segmented volume, 3=0.1 (b)
segmented volume, $=0.2 (c) segmented volume, 3=0.3 (d) one slice from segmented
volume, 3=0.1 (e) one slice from segmented volume, 3=0.2 (f) one slice from segmented
volume, $=0.3

4.3 Segmentation-based approaches for volume change measurement

Several segmentation-based volume change measurement algorithms are discussed in the
literature largely aimed at pulmonary nodules [60]. As discussed in the previous section,
volume change measurement accuracy depends on the accuracy of volume segmentations
in the individual images as well as the consistency of the segmentations across the images
and most efforts are directed towards improving these. Yankelevitz et al. [61], in an early

study, used volumetric segmentation and an exponential model to determine the growth



rate of nodules. They also achieved a volume accuracy of +3% for synthetic nodules.
Okada et al. [62] used anisotropic Gaussian fitting and an ellipsoidal volume model for
estimating the volumes of solid and nonsolid nodules. Goo et al. [63] studied synthetic
lung nodules and recommended the use of statistically determined variable thresholds for
volume segmentation. As in vivo lung nodules often have complicated attachments with
vasculature, pleura or hilum, which also exhibit similar attenuation values, thresholding
alone is rarely sufficient for successful segmentation. Kostis et al. [64] used
supersampling and iterative morphological filtering to extract the lung nodule from the
pleural surface and attached vessels. They reported successful segmentations, as
determined by a radiologist, without manual intervention in 80% of nodules with vascular
attachments and 72% nodules with pleural attachments. Kuhnigk et al. [20] also used
morphological filtering but adaptively determined the morphological opening parameters
instead of using fixed parameters like Kostis et al. In the final step of volume
determination, they improved on simple voxel counting methods by computing partial
voxels as well. In a study of “coffee-break” scans, they reported an absolute median
percentage error of 4.7% with a 95% error limit of 26.9% for 96 out of 105 nodules.
Volume change measurements could not be made for 9 out of 105 nodules due to leakage
onto adjoining structures. A partial volume analysis approach was also recommended by
Ko et al. in their study of synthetic lung nodules [65]. The Lesion Sizing Toolkit [66]
developed by Kitware used a shape detection level set for nodule segmentation and for 6
“coffee-break™ scans reported a mean error of 7% with a standard deviation of 9%. In
another “coffee-break” study conducted on lung nodules isolated in lung parenchyma,

Gietema et al. [67] reported a mean difference volume of 1.3% with (-21.2%, 23.8%) as
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the 95% limits of agreement. Siemens LungCare was used for the segmentation of the
nodules. LungCare was also used for volume change measurement of 151 zero-change
nodules by Wormanns et al. [19] and they reported their mean volume change error and
95% limits of agreement as 0.7% and (-20.4%, 21.9%) respectively. Reeves et al. [46]
used adaptive thresholding, 3D rigid body registration followed by rule based
segmentation adjustments to improve the consistency of volume change measurements
across intervals. In a study of 50 stable (diagnosed as benign via biopsy or observed to
have no growth over two years) nodules they were able to see a reduction in the standard
deviation of percent volume change calculations from 11.54% to 9.35% (p=0.03) using
this method as opposed to employing independent fixed threshold segmentations.
Jirapatnakul et al. [68] reported a mean percentage volume change of 1.98% and (-25.2%,
18.6%) as the 95% limits of agreement for semi-automated segmentation of zero-change
datasets with same slice thickness for both images. When scans of differing slice
thicknesses were included the mean percentage error and the 95% limits of agreement
rose to -12.2% and (-54.6%, 30.3%) respectively. The VOLume Change Analysis of
Nodules (VOLCANO) 2009 challenge had 13 teams using 17 different methods for the
change analysis of 50 lung nodules [69]. The results are summarized in the proceedings

of the Second International Workshop on Pulmonary Image Analysis [70].

4.4 Comparison with registration-based approach

Publicly available datasets with known truth are essential for objective comparison of
different change measurement methodologies. As part of the National Cancer Institute
exercised Reference Image Database to Evaluate Therapy Response (RIDER) contracts

[18], two such sources — United States Food and Drug Administration (FDA) phantom
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data and Memorial Sloan-Kettering Cancer Center (MSKCC) “coffee-break™ data — are
available via the National Biomedical Imaging Archive website. The registration-based
change measurement algorithm discussed in the previous chapter was tested on part of
the FDA phantom data and the whole of the MSKCC zero change data. Krishnan et al.
[66] have used the Lesion Sizing Toolkit to segment and measure nodule volumes on an
identical subset of the FDA dataset. Zhao et al. [71] have evaluated the variability of
segmentation-based tumor volumetric measurements in repeat CT scans using the same

MSKCC data.

4.4.1 FDA phantom data

The FDA has made publicly available CT scans of an anthropomorphic thoracic phantom
with vasculature and synthetic nodules of varying sizes attached to the vasculature [72].
The nodules come in four different shapes (spherical, elliptical, lobulated, spiculated), six
different sizes (diameters ranging from approximately 5 mm to 40 mm) and four different
densities (ranging from -800 HU to 100 HU). In a combinatorial approach, different
scans were acquired by varying dose, pitch and slice collimation and then reconstructed
by varying slice thickness and reconstruction kernels. The phantom was repositioned for
each new imaging protocol. For each of the scanned nodules, true volumes were
determined from weights measured via a precision scale of 0.1mg tolerance and the

manufacturer provided densities.

Six different CT scans were analyzed from among those available using the registration-
based change measurement algorithm introduced previously. These scans were chosen to
be consistent with the ones analyzed with the Lesion Sizing Toolkit by Krishnan et al.

[66] so that a comparison between the algorithms could be made. Each scan had an
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approximately 5 mm, 8 mm and 10 mm diameter spherical nodule of density 100 HU
attached to vasculature. Three of the scans had slice thicknesses of 0.8 mm and slice
increments of 0.4 mm and the other three had slice thicknesses of 3 mm and slice
increments of 1.5 mm. Two scans had a dose of 25 mAs, two had 100 mAs and the
remaining two had 200 mAs. All scans were acquired using a Philips 16-row
multidetector scanner Mx8000 IDT and slice collimation of 16x0.75 mm and pitch 0.9
and reconstructed using a detailed reconstruction kernel. Thus effectively for each of the
three nodules there were 6 “coffee-break" scans with zero volume change. However
variations in acquisition (dose) and reconstruction (slice thickness) parameters together
with the noise attached to phantom repositioning for each protocol is expected to make

volume change measurements noisy.

The first step in the registration-based algorithm was to obtain a mask of the nodule in the
reference image. For each of the nodules, the 200 mAs scan with slice thickness 3 mm
and slice increment 1.5 mm was chosen as the reference. Level set-based active contour
segmentations with region competition were performed to obtain the nodule masks using
ITK-SNAP [57]. The estimated reference volumes using ITK-SNAP and the true

volumes provided by the FDA are compared in the table below.

Nodule approximate

diameter (mm)

True volume (ul)

Estimated reference

volume (pul)

Error in estimation

(% of true volume)

5 64 60.23 -5.89
8 255 299.33 17.38
10 506 538.43 6.41

Table 4-1 FDA phantom data:

true vs estimated volumes




Before registration, the reference volume was dilated using 5 iterations of a 3x3 binary
structuring element. A set of hexagonally close-packed control points were automatically
generated in the 3D reference volume spaced 6 mm apart. This spacing was chosen so
that at least 5 control points (minimum required to compute a thin plate spline warp) were
deployed on the dilated reference volume for the smallest nodule (5 mm diameter). This
low degree of freedom warping approach is sufficient for registering these largely
homogeneous nodules. The rest of the algorithm used for registration is similar to the one
described for the registration of breast tumors in Chapter 3. Five registrations were done
per nodule between the reference image and the other 5 “coffee-break” homologous
images obtained from varying exposure and slice thickness. A total of 15 registrations
were performed (five/nodule). The mean volume change percentage error for the three
nodules was 1.19% with a standard deviation of 5.60%. For the 5 mm diameter nodule
the mean error was 2.09% with a standard deviation of 4.65%. The corresponding
statistics for the 8 mm diameter and 10 mm diameter nodules were 2.18%+8.02% and -

0.72%414.12% respectively.

As mentioned previously, Krishnan et al. used the Lesion Sizing Toolkit to measure
nodule volumes on an identical subset of the FDA phantom data. The Lesion Sizing
Toolkit follows a modular approach to segmentation. Separate feature generator modules
are used in a region of interest defined tightly around the tumor to detect strong edges,
detect the lung wall, detect surrounding vessels and threshold intensities. A feature
aggregator module combines the information from these generated features to form an
aggregated feature image. A shape detection level set is then implemented and the

contour evolution proceeds using the aggregated feature image as the propagation

71



component and the contour’s curvature as an internal force component. For all three
nodules, they reported a mean error of 35% with respect to the true volume provided by
the FDA. Volume change was not computed but the standard deviation of the volume
measurements was reported as 20% of the true volume. These being zero change nodules
any deviation from zero can be viewed as error. Since variances add, the standard

deviation or error in volume change measurements can be expected to be

~ 20v2% = 28% of the true nodule volume. Compare this with the standard deviation
of 5.60% of the estimated reference nodule volume for the estimates obtained from the
registration-based method. Since the segmentations had a mean bias of 5.97% (from
Table 4-1) of true nodule volume, this implies that the standard deviation or error in the
registration-based volume change measurements was 5.60% of the estimated volume or

5.93% of true nodule volume.

4.4.2 MSKCC “coffee-break” data

The Memorial Sloan-Kettering Cancer Center, New York acquired same day repeat CT
scans of 32 patients aged 29 to 82 years (mean age 62.1 years) [71]. All patients were
diagnosed with non-small cell lung cancer. Both scans for a patient were acquired under
breath hold within 15 minutes of each other and the patients were required to leave the
scanner table after the first scan. Scans were acquired using a 16 detector row (GE
LightSpeed 16) or 64 detector row (GE VCT) CT scanner. While the in-plane resolutions
varied, the slice thickness of all scans was 1.25mm. As described in Zhao et al. [71], the
nodules had complicated geometry and 18 out of the 32 nodules were attached to one or
many surrounding anatomic structures including the mediastinum, hilum, pleura and

chest wall.
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The registration-based change measurement algorithm discussed in the previous chapter
was used for the volume change quantification of these nodules. For each of the 32
patients one CT scan was randomly chosen as the reference and the other exam from the
“coffee-break" pair served as the homologous. The tumors were segmented only in the
reference exams by implementing level set active contour segmentations with region
competition in ITK-SNAP. Manual correction, if required, was used to prevent any
leakage into the surrounding vasculature, pleura or hilum. Please note that the manual
correction was applied before the registration process in order to capture the extents of
the tumor as accurately as possible. The registration-based algorithm did not use multiple
segmentations or annotations to determine volume change. The segmentation was in the
reference volume only and was used as a region of support for the registration (after
dilation) and subsequent integration of the Jacobian of the deformation for the volume
change computation. The segmented reference was dilated by 5 iterations of a 3x3 binary
structuring element. Around 8 to 30 control points were distributed in a hexagonal close
packed arrangement in the dilated reference volume depending on the size of the nodule,
i.e., the number of control points deployed increased as the size of the nodule increased.
As the nodule volumes varied widely in size (from 1 cc to 150 cc), no one density of
hexagonal close packing was found to be optimal. Instead hexagonal close packed control
point spacings were varied between 8 mm to 22 mm to generate § to 30 control points on
the reference volumes. It was found that a relatively low number of control points were
sufficient to accurately warp lung nodules. This is in contrast to the breast tumors
discussed in Chapter 3 which had a much higher mutual information density/unit volume

and could support higher degrees of freedom. The nodules were registered using a
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multiscale thin plate spline warping registration algorithm as described in Chapter 3. The
results of the volume change percentage error for these zero change nodules are shown in
Figure 4-5. The mean error was 2.55% with a 95% confidence interval of (0.08%,
5.03%). The 95% limits of agreement were -10.90% (95% CI: -15.14% to -6.67%) to
16.01% (95% CI: 11.78% to 20.25%). As zero is excluded from the 95% confidence
interval of the mean error, there is a possibility that the volume change estimation has a

small positive bias.
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Figure 4-5 Plot of volume change percentage error vs reference tumor volume for the
zero change MSKCC data. The mean error was 2.55% (95% CI: 0.08% to 5.03%) with
95% limits of agreement between -10.90% (95% CI: -15.14% to 6.67%) to 16.01% (95%
CI: 11.78% to 20.25%). Excluding the outliers the mean error was 1.25% (95% CI: -0.5%
to 3.0%) with 95% limits of agreement (-7.96%, 10.46%)

However, this bias is largely due to the two outliers visible on the top left of the plot
(Figure 4-5). Both of these were small, noisy nodules and it is likely that the registration
did not do as well because of the small and noisy clusters in the bivariate histogram.

Excluding these nodules, the mean error was 1.25% with a 95% confidence interval of
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(-0.5%, 3.0%) and the 95% limits of agreement were (-7.96%, 10.46%). Since zero is not
excluded in the 95% confidence interval for the mean error, it is possible that the volume
change estimation is, in general, unbiased over the whole gamut of lung nodules of
varying shapes and sizes. More small, noisy nodules would need to be analyzed in future
to ascertain if there is a systematic positive bias associated with such nodules or if the

large positive errors in this case were random and simply a result of registration error.

Zhao et al. used the semi automatic segmentation algorithm described in [71] to segment
the nodules in the 32 “coffee-break” scan pairs. Briefly, the algorithm implements an
iteratively decreasing threshold level segmentation in a region of interest that tightly
encloses the nodule. At each threshold level, the largest geometrically connected contour
is identified and the threshold level that provides the maximum surface gradient is chosen
as optimal for the segmentation. They computed the mean relative difference of the tumor
volumes on the average of the two tumor volumes. They obtained a mean relative error of
0.7% and (-12.1%, 13.4%) 95% limits of agreement from a Bland Altman plot analysis.
However, expert radiologists considered 13 out of the 32 nodules (41%) as
unsatisfactorily segmented due to leakage onto adjoining structures. Segmentations for
these scan pairs were manually corrected side by side by an expert radiologist before
computing the volume change. While manual side by side correction in both scans
worked out well in the case of these 32 “coffee-break™ scan pairs, based on previous
findings of other researchers, we feel that such an approach can prove suboptimal in
many cases, especially when the nodules change in shape or size. Manual annotations,
even when done by expert radiologists, have been shown to be a major source of

variability [50]. Reeves et al. [73] showed that the limits of agreement among radiologists
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for a 10 mm nodule were between (-23.4%, 27.7%). Also, since variances add, volume
change calculations based on the difference of two segmentations is expected to double

the variability of the results.

4.5 Discussion

Most segmentation algorithms measure change indirectly. Segmentations are done
independently in the two images and volume change is computed via subtraction of the
segmented image volumes. This independent approach ignores crucial mutual
information present in the two images of the tumor. Also variances add, making change

measurements based on volume subtractions more noisy.

The registration-based algorithm discussed previously does not use multiple
segmentations to compute change. Only one segmentation is done in the reference image
to provide a region of support for the registration and subsequent integration of the
Jacobian of the deformation. While accurate segmentation in the reference image is
desired for accurate computation of percentage tumor volume change, a registration-
based change measurement algorithm is relatively insensitive to small errors in this
segmentation. This is because before registration the segmented reference mask obtained
automatically, semi automatically or via expert annotation, is dilated to include
information from the tumor surroundings which helps the registration of the tumor in the
two scans. For example, in the case of a lung nodule attached to multiple vessels and the
pleura, the entire nodule and its surroundings are registered due to the dilation of the
segmented mask. If the nodule changes size (due to progression in disease or response to

therapy) and the vessels and the pleura do not, registration will reflect the result in the
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Jacobian values of the computed deformation. The Jacobian values will be 1 (or close to
1) on the vessels and pleura indicating little or no change in size and greater than or less
than 1 on the nodule depending on the growth or contraction of the nodule volume. If the
volume change is calculated over this entire region it will be accurate in that it will reflect
that only the nodule changed size. The computation of the volume change percentage
(calculated over the segmented reference tumor), on the other hand, will depend on the
accuracy of the segmentation or annotation and as long as that is accurate to a reasonable
degree of tolerance, true or close to true volume change percentage of the nodule can be
computed. On the other hand for segmentation-based change measurement methods, if
the segmentations of the object of interest end up being different or inconsistent across
scans, say due to variability associated with image noise or change in shape, size or
attenuation of the tumor across intervals, both the calculated volume change and volume
change percentage (calculated over the average of the two segmented volumes) will be
erroneous. Changes in nodule morphology or its degree of attachment to surrounding
anatomical structures can adversely affect the accuracy and consistency of segmentations.
However, changes in shape and size are easily captured by an accurate warping
registration algorithm. Also interval changes or variations in attenuation in the nodule
simply show up as different clusters in a mutual information-based registration
algorithm’s joint density function and the accuracy of the registration (and thus the
volume change measurement) is not adversely affected. In addition, a registration-based
change measurement algorithm can also detect differential growth or contractions across

tumor sub-volumes which segmentation-based approaches generally ignore.
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Chapter 5

Tracking chronic obstructive pulmonary disease using image
registration-based volume change measurements: an initial
study

5.1 Introduction

In the previous chapters an image registration-based algorithm for accurate quantification
of tumor volume change has been developed. The tools and concepts discussed, however,
are not limited to the estimation of volume change in tumors. Another potential
application of the image registration-based volume change quantification algorithm is in
tracking the progress of obstructive lung disease in patients. Chronic obstructive
pulmonary disease or COPD is a progressive disease of the lungs that impairs normal
lung function. COPD mainly refers to the presence of one or both of the following
conditions — emphysema, a condition in which the alveoli lose their functional shape
making gas exchange difficult and chronic bronchitis, a condition characterized by
inflammation of bronchi that makes it harder to breathe. COPD is diagnosed clinically via
spirometry tests and the FEV, /FVC ratio of the lungs is used to determine the stage of the

disease [74].

Image registration has been used to track rates of lung expansion and contraction and

subsequently compared with spirometry data [75]. Reinhardt et al. used 3D inverse
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consistent image registration [76] using sum of squared differences as the similarity
measure and compared the degree of regional lung expansion measured by the Jacobian
of the deformation to xenon CT based measures of specific ventilation in five
anesthetized sheep [77]. Even though the correlation coefficients of the linear regression
between the average Jacobian and average specific ventilation varied widely among the
five animals (0.08 to 0.94), a linear relationship between the two was apparent. Li et al.
[78] used an intensity and landmark-based inverse consistent image registration algorithm
to track lung tissue changes during the respiratory cycle. In the studied human subject,
they demonstrated good global alignment of the lung volumes including lobar fissures.
Some misregistration, however, is visible in the alignment of the internal features of the
lung. To track lung tissue changes accurately during respiration, good alignment in both
global and local features is necessary. In this chapter mutual information-based 3D
warping image registration will be used to accurately register and track volume changes
in the lung tissues of patients diagnosed with chronic obstructive lung disease. Changes
in global and regional lung volume are lower in diseased lungs than normal lungs. The
Jacobian values of the deformation obtained from registration can, therefore, potentially

be used to quantify the state of the obstructive disease.

This chapter is exploratory in nature and intended as a proof of concept. In future, several
patients with varying degrees of obstructive lung disease would need to be analyzed to

see if registration can be used to track progress of COPD in longitudinal studies.
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5.2 Methods and Materials

Patients who underwent diagnostic CT scans were graded 1 through 4 based on clinical
exam reports. Patients with moderate to severe disease were classified as Grade 1, mild to
moderate disease patients as Grade 2, the ones with mild disease as Grade 3 and the
“normal” patients as Grade 4. Testing was done on two extreme datasets (one case from
Grade 1 and one from Grade 4) to see if the Jacobian of the deformation computed from
the registration was sensitive to the stage of lung disease. For example, a patient with
severe obstructive disease can be expected to exhibit relatively lower increases in lung
volume during full inspiration than a normal person. It was expected that this difference

will be apparent in the Jacobian values of the computed deformation.

In this section the process used to register the lungs during different phases of the
respiratory cycle in patients with COPD will be described. Two CT scans of each
patient’s thorax were acquired during expiration phase and inspiration phase using a GE
LightSpeed16 scanner. The scans were acquired using 120 kVp, 100 mAs with an in-
plane resolution of 0.74 mm and slice thickness of 1.25 mm. The slice spacings in the

expiration scan were 20 mm and in the inspiration scan they were 1.25 mm.

5.2.1 Segmentation

The human lungs reside within the thoracic cavity with a slip boundary separating them
from the thoracic wall. Due to their varied elasticity, the deformations of the lungs, the

heart and the thoracic wall can differ considerably from each other during a respiratory

cycle. The presence of the chest wall and heart can therefore hamper the registration of

the lungs by dramatically increasing the degrees of freedom needed to describe the
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deformation. Hence a 3D region growing segmentation algorithm was implemented,
using ITK modules [79], as a preprocessing step to extract the two lungs from the
expiration CT scan. This ensured that the focus of the registrations remained on the lungs
and also obviated the need to deploy additional control points on the periphery of the

lungs to track the movement of the chest wall and heart in unison with that of the lungs.

Two seeds are required for initializing the 3D region growing segmentation process. The
first seed is used to extract regions containing the chest wall and the heart. The second
seed is used to extract regions containing the DICOM padded values (-2000) and the
regions beyond the chest wall. Thresholds for the region growing process are selected
from volumes of interest placed on the regions to be extracted. The results of these two
region growing segmentations are combined and subtracted from the original image

volume to obtain the segmented lungs.

5.2.2 Registration

All registrations were done using MIAMI Fuse (Mutual Information for Automatic
Multimodality Image Fusion) [36], a software suite for the automatic alignment of
medical datasets, built on Advanced Visualization System 5 (AVS). Registrations were
performed to map the geometry of the patient’s lungs in the expiration phase into the
geometry of their inspiration phase. The densely sampled inspiration field (spaced 1.25
mm apart) was always chosen as the homologous image during the registration as it was
interpolated onto the frame of the reference image. The sparsely sampled segmented
expiration image (with slices spaced 20 mm apart) was chosen as the reference. The
segmented reference was dilated by 2 iterations of a rectangular 3x3 binary structuring

element to help capture edge information. A multiscale registration algorithm, similar to
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that described in the previous chapters, was used for the thin plate spline warping
registrations. Mutual information was chosen as the similarity measure as it is more
robust than the sum of squared differences to the variations of HU in the lung

parenchyma caused by the entry and exit of air through the lungs.

Four hundred distance sorted control points (around 20/lung slice on average) were
placed uniformly in the reference volume for the Grade 1 patient during the registration.
For the Grade 4 “normal” patient, multiple registrations were performed 2 to 3 slices at a
time and 1 lung at a time. Breaking up the whole registration process for the two lungs
into multiple smaller registrations of 2-3 slices/lung allowed the registration to proceed
with locally higher degrees of freedom required for the accurate registration of these high
information datasets. Throughput was increased by doing the multiple registrations in
parallel. Decoupling the large movements of the patient’s left and right lungs also makes
it easier for the thin plate splines to compute the deformation. It should be noted that even
though these lung datasets require relatively high degrees of freedom for accurate
registration, the degrees of freedom required is highest for Grade 4 patients (around 40
control points/lung slice on average) and lowest for Grade 1 patients due to the stiffness

of the diseased lung.

5.3 Results and Discussion

Checkerboard plots from representative slices for both patients are included in Figure 5-1
and Figure 5-2. Figure 5-1 shows checkerboard plots of the expiration vs. the inspiration
mapped onto the expiration image for the Grade 1 patient clinically classified as having

moderate to severe disease. Figure 5-2 shows similar checkerboard plots for the Grade 4
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patient clinically classified as “normal”. Both the Grade 1 and Grade 4 cases were
successfully registered — the Grade 4 patient requiring higher degrees of freedom to
register than the Grade 1 patient. The complexity of registering Grade 2 and Grade 3
patients is expected to lie somewhere between these two grades. Grade 1 patients with
severe obstructive disease typically exhibit small deformations between inspiration and
expiration respiratory cycles and the transformation is easily captured using the
deformation interpolant (in this case thin plate splines). Grade 4 or “normal patients”
typically exhibit much larger and more complex deformations between respiratory cycles

which are more difficult to capture and require higher degrees of freedom.
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Figure 5-1 Checkerboard plots of registration for patient with moderate to severe disease
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Figure 5-2 Checkerboard plots of registration for “normal” patient
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Note that not only is there a good global alignment but the internal features are also well
registered. This is desirable if we are to use registration to accurately account for both
local and global changes in lung volume. Figure 5-3 and Figure 5-4 show the Jacobian of
the computed deformation in representative slices for the Grade 1 and Grade 4 patient
respectively. Some deep black spots visible inside the lungs are because features in these
regions were removed by the mask obtained from the region growing segmentation
algorithm. These regions were not included in the registration and the Jacobian values of
deformation there have been set to 0 for convenience. Note that a clear difference in the
Jacobian values is visible by comparing Figure 5-3 with Figure 5-4 (means and standard
deviations of Jacobian values included). The Jacobian values for the Grade 4 “normal”
patient are visibly higher than that of the Grade 1 patient with moderate to severe disease.
This is because the local expansions in lung volume are higher for a “normal” patient
when going from the expiration phase to the inspiration phase than for a patient with

obstructive disease.
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Figure 5-3 Jacobian values of local scale changes in representative slices for Grade 1
patient with moderate to severe disease. Mean and standard deviation of the Jacobian
values over the lung mask are included in (a) through (e)
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(a) Jacobian values: 1.57 + 0.21 (b) Jacobian values: 1.54 + 0.28
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(e) Jacobian values: 1.45 + 0.35

Figure 5-4 Jacobian values of local scale changes in representative slices for Grade 4
patient classified clinically as “normal”. Mean and standard deviation of the Jacobian
values over the lung mask are included in (a) through (e)
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The figures above indicate that the Jacobian of the deformation of the registration can
potentially be used to track chronic obstructive pulmonary disease. The changes in lung
volume during the respiratory cycle are correlated with the stage of obstructive disease.
An accurate volume change measurement algorithm, such as the one developed and
discussed over the last few chapters, should potentially be capable of tracking such
changes. Many more patients at varying stages of lung disease would need to be analyzed
to see if statistically significant differences can be detected in the Jacobian values of local
scale changes for different stages of the disease. If it is possible to statistically detect
differences, a lung atlas of Jacobian values can then potentially be used for tracking the

progression of the disease in a longitudinal study.
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Chapter 6

Conclusion

6.1 Contributions

This thesis advances the efforts made towards improving the sensitivity of tumor size
change as an anatomical marker of tumor response. Using RECIST 1.1, the standard
technique for response assessment, a spherical tumor’s volume needs to change by as
much as -65% to be classified as partial response or by as much as 73% before it falls
under the progressive disease category [4]. These numbers suggest that while the
specificity of RECIST 1.1 is likely high (i.e., tumors that have not responded or have not
shown progression are unlikely to have such large volume changes and be incorrectly
classified in the partial response or progressive disease category), it is hardly sensitive in
terms of early detection, i.e., even if a tumor has responded or shown progression it will
not be detected unless its volume changes by around 70%. This implies that potentially
valuable time and resources are wasted before a therapy regimen can be classified as
either effective or ineffective. Low sensitivity also implies a high false negative rate (i.e.,
the tumor has responded or shown progression but is incorrectly classified as stable)

which adversely affects the negative predictive value of RECIST 1.1. Among the
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methods being designed for tumor volume change measurement, the one best suited for
early change detection would have the least measurement noise and least bias on average
in terms of measuring volume change [21]. Most methods for tumor volume change
quantification involve the sequential segmentation of the tumor in the two interval scans
and then the indirect measurement of change via the subtraction of the two segmented
volumes. In this thesis, a low noise, low bias algorithm to measure tumor volume change
directly using 3D non-linear image registration has been developed. The registration-
based volume change measurement method was tested on synthetic datasets with known
non-zero volume change and no statistically significant evidence of functional bias was
found in the change measurements. It was also tested in a zero change dual baseline in
vivo study of diffusion MRI breast tumors. Two similarity measures were independently
used for the registrations — mutual information (MI) and normalized cross correlation
(NCC). The 95% confidence interval of error in measured volume change was (-8.93%,
10.49%) with a mean bias of 0.78% for MI-based registration and (-7.69%, 8.83%) with a
mean bias of 0.57% for NCC-based registration. Zero was not excluded from the 95%
confidence intervals for the mean bias of both MI and NCC-based registrations indicating
that our volume change estimation was either unbiased or the tests were insufficiently
powered to detect a bias. The 95% confidence intervals stated above for the error in
measured volume change are substantially more sensitive than RECIST. This implies that
if appropriate thresholds for response classification are chosen for the developed
registration-based method, the specificity of RECIST 1.1 can potentially be matched at a
much higher sensitivity, i.e., a receiver operating characteristic curves analysis would

likely have a higher area under the curve for the registration-based method than RECIST
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1.1. To the best of this author’s knowledge, the error bounds reported in this thesis are
also the tightest bounds reported thus far for zero change in vivo studies [46], [67], [71],
[80]. This implies that registration-based methods may potentially have higher sensitivity
than indirect segmentation-based change measurement methods. Additional testing,
however, needs to be done on common databases with known truth to compare the

performance of the developed algorithm with other methods.

A linear mixed effects model was developed to characterize the performance of the
registration-based change measurement algorithm. The model shows that the error in
measuring volume change using the registration-based method increases with increase in
tumor volume. It also indicates that both volume change error and volume change
percentage error decrease with the increase in normalized mutual information content of
the tumor even when that is not the similarity measure being optimized during

registration.

Approaches that calculate change indirectly by independent segmentation of the tumors
in the two exams ignore crucial mutual information present in the tumors. The developed
registration-based change measurement algorithm is compared with segmentation-based
methods of volume change measurement [66], [71] to demonstrate that the registration-
based method is potentially capable of outperforming indirect segmentation-based
volume change measurement algorithms. In addition to providing a summary statistic of
volume change, a registration-based approach can also potentially show regions of
differential growth and contraction across the lesions that are difficult to obtain via binary

segmentation approaches.
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The proposed registration-based volume change measurement algorithm is not limited to
the estimation of volume change in tumors. A potential application is in tracking the
progress of obstructive lung disease that affects the changes in lung volume during
respiration. The Jacobian of the deformation obtained from the registration can
potentially be used to track such changes and relate them to the state of the disease. This
possibility is demonstrated in a preliminary feasibility study of a patient diagnosed with

chronic obstructive pulmonary disease versus a normal patient.

In summary,

¢ A low noise, low bias tumor volume change measurement algorithm using 3D
nonlinear registration has been developed.

e A linear mixed effects model has been developed to show that using the proposed
algorithm the error in measuring volume change increases with increase in the
volume of the tumor and decreases with the increase in its normalized mutual
information content even when that is not the similarity measure being optimized.

e The proposed registration-based change measurement algorithm has been compared
with other approaches and it has the potential to outperform indirect segmentation-
based change measurement methods.

e The potential of an accurate registration-based volume change measurement
algorithm in tracking progression of chronic obstructive pulmonary disease has been

suggested.
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6.2 Future Work

6.2.1 General concerns

The goal of this thesis and other similar works is to develop accurate tools for measuring
tumor size change. The underlying assumption here is that anatomical size change is
indicative of the patient’s response to therapy. While this may be true in general for
cytotoxic therapy, anatomical markers like tumor size change are alone not enough to
categorize the response of tumors to the broad spectrum of therapy drugs [49]. In many
cases functional biomarkers like changes in the apparent diffusion coefficient in
Diffusion-weighted MRI exams [81] or PET exam studies [12] may be more indicative of
response. The need then, in future, is to not only develop tools for accurately measuring
anatomical size change but also to investigate if the measured changes have meaning in

terms of clinical response.

6.2.2 Tumor volume change measurement using compactly supported RBF

Thin plate splines were used as a deformation interpolant in the registrations described in
this thesis. Most registration algorithms start out with an initial step in which the two
images are globally registered using affine or rigid body transformation followed by non-
linear warping at finer scales. Thin plate splines (TPS) are a globally supported radial
basis function with a built-in affine component and hence do not need this additional step
during registration. However, being globally supported, computation times for thin plate
splines are usually higher. An alternative is to use compactly supported radial basis
functions (RBF) like Wu’s [28] or Wendland’s [29] functions. Besides the gain in

computation time, it will be interesting to see how a local RBF does in tracking local
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scale changes of tumors across intervals. These local RBFs and the globally supported

TPS have been discussed in Chapter 1 section 1.2.1.2 of this thesis.

Note that I attempted to use Wendland’s 15 , function as a deformation interpolant for
registering tumors across interval scans. However, while images that were previously
aligned globally were successfully registered, Wendland’s function was unable to capture
deformations without such a preliminary global alignment. In other words, while the
compactly supported RBF did well in capturing local deformation, the registration folded

in the cases where there was global misalignment.

Wendland’s functions, unlike TPS, do not require the polynomial affine part and the

warping coefficients {I;} are solved as
KW = F(x)

where K is a N X N matrix of radial basis function expansions with

Ky = ([ru, =0,

A future plan is to augment the K matrix of the compactly supported RBF to support
additional degrees of freedom in the coefficient matrix W so that a global affine solution
together with the warping coefficients can be computed. The resulting ill-posed set of
equations can be solved using a pseudo-inverse of the K matrix to obtain a least squares

solution.
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