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Abstract

We propose a new tumor growth measure for pulmonary
nodules in CT images, which can account for the tumor
deformation caused by the inspiration level’s difference.
It is accomplished with a new nonrigid lung registration
process, which can handle the tumor expanding/shrinking
problem occurring in many conventional nonrigid registra-
tion methods. The accurate nonrigid registration is per-
formed by weighting the matching cost of each voxel, based
on the result of a new nodule detection approach and a
powerful nodule segmentation algorithm. Comprehensive
experiments show the high accuracy of our algorithms and
the promising results of our new tumor growth measure.

1. Introduction

Lung cancer is worldwide a common cause of cancer
death, accounting for 18% of all deaths from cancer. Each
year, approximately 1.4 million people are diagnosed with
lung cancer [2]. Early detection and treatment of lung can-
cer has proven to significantly improve the survival rate. To
aid in early detection, Computed Tomography (CT) chest
screening is popularly used due to its high resolution, re-
duced scanning time and affordability. With the CT imag-
ing, the detected pulmonary nodules larger than 1 c¢cm in
largest dimension have a higher likelihood of malignancy.
Otherwise, the nodule is more commonly benign but the
malignancy cannot be precluded. The challenge for the ra-
diologist is to correctly identify the few malignant lesions
among numerous small benign nodules.

The volumetrically determined growth rate [8, 17] of
pulmonary nodule has been reported to be extremely use-
ful in distinguishing between benign and malignant pul-
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monary nodules, among the different features [16] pro-
posed in the CT imaging based Computer-Aided Diagnosis
(CAD). Most methods [12, 17, 8] for computing the growth
rates are based on the scheme that the nodules in the im-
ages scanned at different times are first segmented indepen-
dently and then the growth rate is computed based on the
volumetric (or diametral) measurements of the segmented
nodules. One weakness in the traditional methods is that
the inspiration level is not considered although its change
can cause unexpected variability to growth rate’s compu-
tation [5]. The inspiration can lead to more than +12%
volume change of lung, which can bring in significant er-
rors to the growth rate’s computation. Another weakness
of many previous methods [17, 16, 3] is the inter-observer
and intra-observer variability [3] because they rely on man-
ual segmentations. Therefore, it is necessary to account for
the inspiration level differences and to provide an automatic
and accurate segmentation tool for lung nodule in order to
compute accurate growth rates.

In this paper, in order to compute an accurate growth
rate for pulmonary nodule, we propose a new tumor growth
measure that can account for the nodule deformation caused
by the different inspiration levels in two CT scans, and
a new scheme to compute the measure. The scheme is
founded on the accurate nonrigid registration of the CT im-
ages scanned at different times, which provides the quan-
titative measurement of the nodule deformation caused by
the different inspiration levels.

In order to obtain an accurate nonrigid registration,
we propose to alleviate the unexpected nodule expand-
ing/shrinking effect [15] caused in the nonrigid registration
process by weighting voxels in the matching cost of reg-
istration based on the nodule detection results. This un-
expected deformation is caused by the large driving force
due to the tumor intensity difference caused by the tumor



growth. As a result, the small nodule will be nonlinearly
deformed to the larger one. This deformation is not caused
by lung’s deformation but wrongly by the registration algo-
rithm. It can bring in significant errors to the later tumor
growth’s computation.

For the registration and tumor growth’s computation, we
also introduce a new automatic nodule detection method
and a powerful nodule segmentation approach. Our nod-
ule detection is a template matching technique based on a
series of representative templates identified efficiently with
the affinity propagation [4] and a newly defined distance
between template and local image patch. The segmenta-
tion approach is accomplished by solving a Markov Ran-
dom Field (MRF) with graph cut [18] which was reported
to be extremely efficient.

Comprehensive experiments show the high accuracies of
our nodule detection, segmentation and registration algo-
rithms, and show the promising results of our new tumor
growth measure.

2. Previous Work

There exist different models to describe the tumor
growth rate, such as the exponential growth process [8], and
the doubling time [17], etc. The doubling time is proba-
bly the most widely used measure. One main disadvantage
in most previous measures is that the tumor deformation
caused by the lung’s deformation between different inspira-
tion levels can not be handled in tumor growth’s computa-
tion.

For lung nodules’ detection in CT data, two main types
of methods have already been reported: the filtering or tem-
plate matching based methods [19, 20, 1, 9], and the training
based methods [7], both frequently followed by some post
processing. With the first method, nodule regions are de-
tected by thresholding the convolved values of images using
selected filters or templates. The weakness of these meth-
ods is that the filters or the templates need to be predefined
based on some prior knowledge which are usually expressed
explicitly by functions such as Gabor or Gaussian, etc. In
practice, it is very difficult to pre-design functions to fully
and robustly represent the various nodules. Also, due to
the possiblely large number of templates, the speed is often
slow. For the training based methods, neural networks [7]
or support vector machine (SVM) are usually applied with
some representative features of lung nodule, such as texture
etc. Unfortunately, the results highly depend on the char-
acteristics of the training and testing examples, and on the
features used in the training and testing processes. More-
over, to obtain accurate classification, a large training set is
needed, resulting in slow speed [20]. With the two kinds of
existing methods, although the sensitivity of nodule detec-
tion can be high, the specificity is relatively low.

For the accurate segmentation of pulmonary nodule, be-
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sides the widely used manual segmentation [17, 16, 3], there
are also some algorithms [12, 8] proposed to reach high ac-
curacies. However, some modern segmentation techniques
like the graph cut [18] are worthy to try because of their
better reported performances.

3. Measuring Tumor Growth

In order to account for the nodule deformation caused
by the inspiration level’s difference in the computation of
nodule growth rate, we modify the doubling time [17] to
a new measure called the adaptive doubling time (ADT).
Other tumor growth rate measures can also be modified in a
similar way.

The original doubling time [17] is computed as
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where V; and V5 are the nodule’s volumetric measurements
in the first CT scan and the follow-up one, respectively, and
0t denotes the interval between the two CT scans.

The ADT is computed by incorporating the nonrigid
transformation 7 of the lung scanned at early time to the
one scanned at later time through the registration process
(will be explained in sec 4) as
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where J,, is the average Jacobian determinant of 7 over the
voxels in the nodule of the later scan. For any point x in the
nodule, the Jacobian determinant is calculated as
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where 7, 7, and 7, represent the scalar functions of the
transformation in 7 in the directions relative to x, y and z
axes, respectively.

By incorporating J,, in the ADT in Eq. (2), nodule’s
deformation caused by the lung’s deformation is elimi-
nated, resulting in a more accurate measurement of nodule’s
growth rate. Note that the lung’s deformation is caused by
the different inspiration levels, patient motion, or other rea-
sons. Based on 7, the Jacobian determinant J7(x) in Eq.
(3) can measure the factor by which the tumor expands or
shrinks at x. Obviously, the accuracy of ADT’s computa-
tion in Eq. (2) relies on the accuracy of 7.

4. Image Registration

Given two images Z and 7, registration is to find an op-
timal geometrical transformation 7 that models the motion



from 7 to J and constructs the mapping of the voxels (vol-
ume pixels) in Z to J. The optimal 7 is found by maximiz-
ing a similarity measure between the overlapping regions of
the transformed image 7 (Z) of Z and J.

The transformation 7 in our registration algorithm is
composed of a global transformation 7g and a local trans-
formation 7. For an image point x = (x, ¥, 2)” in the 3D
image 7, where z, y and z are the coordinates, we then have

“

The global transformation 7g is set as the affine trans-
formation, and the parameters are estimated by the itera-
tive multi-resolution search strategy [13] with the Sum of
Squared Difference (SSD) similarity measure.

The local transformation 7, is given by the free-form
deformation (FFD) model based cubic B-splines [13]. The
basic idea of the FFD based B-splines is to deform the im-
age through manipulating an underlying lattice of uniformly
spaced control points (CPs). The deformation of any voxel
can be obtained through interpolating some CPs’ displace-
ments. The parameters to be solved for this model are the
displacements of the CPs. Details of the model can be found
in [13].

The estimation of the local transformation can be formu-
lated as the minimization of an energy function. Our energy
function has two terms: a data term F, to characterize the
similarity between the transformed image and the target im-
age, driving force behind the registration process that aims
to minimize the matching cost between the two images; and
a smoothness term F; to regularize the transformation field,
discouraging certain improbable or impossible transforma-
tion. It is written as
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where 7' = T, (Z), ' (p) means the image value of voxel p
in Z’, C models the matching cost, V,, represents the neigh-
boring voxels of p, || - || is the Ly norm, A, is an adjusting
parameter (e.g. 0.01) balancing the two terms.

One key element in registration is the specification of
E; in Eq. (5). The traditional image similarity measure like
the SSD can cause the nodule expanding/shrinking problem
[15]. It is caused by the large driving force from the in-
tensity variations due to the tumor growth. It results in the
unexpected mapping of the small nodule to the large one,
leading to large errors to the tumor growth’s computation.

To solve the tumor expanding/shrinking problem, we
compute the matching cost in Eq. (5) as

C(T0)-TW) = 1-a) @) -T0) ©
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where «,, is a value with range in [0 1] representing the
probability of voxel p belonging to nodule. The value of
oy, will be determined by the nodule detection process in
sec 5.

With the matching cost in Eq. (6), the driving forces of
the reliable non-nodule voxels in the registration are very
large because their o values are very small, while the driv-
ing forces from the unreliable nodule regions are very small
because their o values are larger. As a result, the non-
nodule voxels plays a much more important role in the com-
putations of the CPs’ displacements than the nodule. Please
note that the smoothness term in Eq. (5) can bring in accu-
rate deformations to nodule voxels although nodule’s inten-
sities may not be used at all in the registration process.

5. Nodule Detection and Segmentation

To determine ¢, in Eq. (6), we need the probability value
of each voxel belonging to the nodule. This is done by the
nodule detection and segmentation process in this section.

For the template matching based techniques in nodule
detection, we believe that better nodule templates can help
improve the detection accuracy, and more advanced seg-
mentation techniques can produce more precise nodule re-
gions. Better nodule templates should be able to fully and
concisely explain the main characteristics of the nodules.
They should not only be able to represent the large vari-
ations of nodule appearances but also distinguish nodules
from other tissues such as vessels.

We propose a new powerful tool for automatic detection
and segmentation of lung nodules in CT data. We focus
on selecting better nodule templates to improve detection
accuracy and use more advanced segmentation technique
to improve the segmentation accuracy. To accomplish this,
we identify the representative nodule templates from many
pre-selected local patches in nodules by utilizing the affin-
ity propagation [4]. We then perform the nodule detection
based on template matching using a newly proposed conju-
gate norm, and the nodule regions’ segmentation by solving
a Markov Random Field (MRF) with graph cut [18].

Our detection and segmentation approach consists of
four steps: the identification process to find the represen-
tative nodule templates, the template matching process to
detect nodules, the segmentation process to refine the de-
tected regions, and the false positives reduction process to
further improve the detection results. In the following, we
provide the details of the first three steps. For the final step,
we used a similar method to [19].

5.1. Identifying Representative Nodule Templates

We select randomly many local patches in pulmonary
nodules and identify a series of representative nodule tem-
plates with affinity propagation [4]. The identified repre-



sentative nodule templates can express concisely and fully
the main information of the patches.

Before explaining the technique of affinity propagation,
we explain more on how to represent a nodule patch. A
simple way is to use directly the concatenated vector by the
pixels’ intensities. However, this method is sensitive to im-
age translation, rotation, noise and other variations caused
by the possibly different scanning conditions. In this pa-
per, we describe a nodule patch with some features which
are invariant to translation and rotation etc, and use the con-
catenated feature vectors, denoted by {Fi, 3 =1--- Nq},
to represent the IV, randomly selected nodule patches from
the training data.

Affinity propagation [4] was designed to find an optimal
set of clusters, given large noisy data sets, i.e. {F}, i =
1--- Ny} inour case. It can detect special data points called
exemplars, and connects every data point to the exemplar
that best represents it. Affinity propagation is able to effi-
ciently and quickly find the exemplars in a few minutes, for
which it would normally take hundreds of hours of com-
puter time using other methods. The optimal set of exem-
plars found by affinity propagation is the one for which the
sum of similarities of each point to its assigned exemplars is
maximized. The exemplars found from nodule patches are
used in this paper as the representative nodule templates,
denoted by {7}, i = 1--- N;}.

The input for affinity propagation is a list of similari-
ties between a pair of data points, i.e, the feature vectors
for nodule patches in our case. We compute the similar-
ity between two nodule patches indexed by ¢ and j as the
negative squared distance between the two corresponding
features vectors:

S(i, j) = —distey(F;, F)? (7
where the computation of the distance between the two fea-
tures depends on the kinds of features we are using. Differ-
ent features may have different definitions of the distance.

We currently use two kinds of features for describing a
nodule patch: the probability density function (PDF) of in-
tensity values in the patch [20] and the Gabor texture fea-
tures [14]. We hence represent the features vector for a nod-
ule patch i as F; = [FP¥ F9°*T | For the former features,
the distance between two PDFs, e.g. F 4 and FJP U is mea-
sured by their absolute Kullback-Leibler (K-L) divergence
that describes the relative entropy between the two PDFs,
denoted by Dy, (Ff 4 34 f ) The latter features (Gabor)
are translation and rotation invariant. The number of Gabor
textures is N, X Ny where N, is the number of orientations

within a period of 7 and Ny represents the radial frequen-
cies. We set N, = 4 and Ny = 4 in our experiments. The

distance between two Gabor features’ vectors, e.g. F9°
and Ff“b is simply the absolute Euclidean distance, denoted

104

K

by Dey, (F gab, FJQ ab) . The distance in equation (7) is there-
fore defined as
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where )\, is a parameter taking value between [0 1] to weigh
the density and texture of the nodule patch differently. We
set \g 0.5 in our experiments. Note that Dy; is a
Fiqab,Fj?ab
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value between [0 1]

to [0 1].

Affinity propagation views each data point as a node in
a network, and searches for exemplars by recursively trans-
mitting two kinds of real-valued messages along edges of
the network until convergence. Here edge in the network
means the connection between two neighbor nodes. In our
case, any two data points are considered connected. The
first kind of message is the “responsibility” sent from each
data point to candidate exemplar, reflecting the accumulated
evidence for suitability of this candidate exemplar to serve
as exemplar for the data point. The other kind of message
is the “availability” sent from candidate exemplar to a data
point, reflecting the evidence of how appropriate it would
be for the data point to choose this candidate exemplar as
exemplar. The definitions of the two messages are given in
[4]. The message transmission of affinity propagation can
be easily performed with the technique in “belief propaga-
tion”, designed in the study of inference problems [11].

With the affinity propagation above, we find N; repre-
sentative nodule templates {7;, ¢ = 1--- N;}, which con-
tain the most important information of nodules’ appearance
in the training data.

5.2. Detecting Nodules using Template Matching

Given the representative nodule templates, various meth-
ods can be applied to detect the nodules from a CT chest im-
age. A simple way is to convolve the given CT image with
T;, and threshold the convolved values. This way is limited
in practice because it is sensitive to the translation, rotation
and other variations as explained above. We can also use the
intensities of the representative nodule templates as training
data and then utilize k-NN to perform detection [20]. This
method has the same problems as the previous one. In ad-
dition, the possibly large number of pixels in the template
may cause problems in the detection process.

In this paper, we introduce two approaches which are
much more robust. We name them Match#1 and Match#2,
respectively. The Match#1 approach computes the normal-
ized distance, denoted by dist,,qtcn1, Of a local patch cen-
tered at an arbitrary pixel in the CT chest image and a rep-



resentative nodule template. This is performed using the
equation (8), based on the PDF and Gabor features, as ex-
plained in the last section. The pixels with distance below a
threshold to any representative template are treated as nod-
ule pixels. The Match#2 approach uses a conjugate norm
instead of the conventional Euclidean norm of the inten-
sity vectors to measure the distance between a representa-
tive nodule template and a local patch. The conjugate norm
is computed based on the Locality Preserving Projections
(LPP) [6].

In the Match#2 method, we consider the representative
nodule templates and the local patches (having same size)
as points in a high dimensional space spanned by the inten-
sities of the pixels in each template or patch. We believe
that the “intrinsic dimensionality” of the data points in the
higher dimensional space is much lower than the number
of pixels in the templates or patches and perform dimen-
sionality reduction using LPP. We then perform template
matching in the low-dimensional space.

LPP can be seen as an alternative to Principal Compo-
nent Analysis. Although it is a linear dimensionality reduc-
tion algorithm, it can discover the nonlinear structure of the
data manifold in the high dimensional space. The solution
of the LPP algorithm is obtained by solving a generalized
eigenvector problem, and is a matrix () in size N, X N,
where N, denotes the number of eigenvectors and NV, is the
number of pixels in the patch. Each row of () is an eigen-
vector, and contains the information of an axis of the low-
dimensional space. With @), we define the distance between
a representative template ¢ and a local patch j as a conjugate
norm

Deoj(Zis Z;) = (Zi = Z))" QT Q(Zi - Z;)  (9)
where Z,; and Z; are the concatenated vectors of the inten-
sities in the corresponding patches. As in equation (8), we
can normalize Dg,; to [0 1] and denote it by

_ Deoj (Zilzjz
1+ Deoj (Zi, Z5)

distmatch2 (Zia Zj) (10)

To compute LPP, we use the k-nearest neighbors to con-
struct the graph and the “simple-minded” way for specify-
ing the weights of the edges in the graph. Details can be
found in [6].

Our Match#2 matching approach is composed of three
steps. We first select V; local patches which are distributed
randomly over the given CT image. We then run the LPP al-
gorithm on the IN; patches plus the IV, representative nodule
templates to obtain the matrix ). We finally perform tem-
plate matching by dropping off some of the minor eigenvec-
tors in ) and comparing the local patch centered at an arbi-
trary pixel with all the representative templates using equa-
tion (9). The pixels whose value of distance, dist,,qtch2, tO
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any template is below a threshold are treated as correspond-
ing to a nodule.

5.3. Segmentation of Nodule by Solving an MRF

The connected areas of nodule detection results using
methods in last section usually cannot accurately determine
the nodules” boundary. We use graph cut [18] as a seg-
mentation process to refine each detected nodule region by
solving a Markov Random Field (MRF) problem. The seg-
mentation is performed in a rectangular region obtained by
expanding the bounding box of the detected nodule regions
for 25 pixels in both row and column directions of the im-
age.

Before performing the graph cut, we concatenate the in-
tensities in a local window centered at a pixel as its intensity
vector, and project the vector onto the first 3 eigenvectors in
() (obtained in last section). We therefore get 3 feature val-
ues for each pixel and use them to perform segmentation.

Our graph cut algorithm models nodule pixels and back-

ground pixels both with three Gaussian distributions of the
three features plus intensity. The algorithm recursively es-
timates the Gaussian parameters and assigns each pixel to
a class. More details related to graph cut can be found in
[18].
To compute «, in Eq. (6) based on the matching distances
in sec 5.2 and the segmentation result in sec 5.3, if voxel p is
not in the segmented nodule region, we set «, to zero, and
otherwise, we set o, = 1 — dist(p) where dist(p) means
voxel p’s value of dist,,qich1 OF distqtcnz as explained in
sec 5.2.

6. Results

Because the computation of our tumor growth measure
ADT in sec 3 relies on the result of image registration in sec
4, and the registration process needs the results of nodule
detection and segmentation in sec 5, we validate the three
processes in the reverse order.

For all the CT pulmonary data sets in our experiments,
the size is 512 x 512 x 360, the resolution is 0.62 x 0.62 x 1
mm?, and the time interval between the two scans ranged
from 45 days to 735 days.

6.1. Validation on Nodule Detection and Segmenta-
tion

In order to validate our nodule detection and segmen-
tation algorithms, we chose 10 clinical cases, including 7
solid nodules and 5 ground glass opacity (GGO) nodules,
and consisting of 85 slices of solid nodules and 53 slices of
GGO nodules. The ground-truth nodule regions were spec-
ified by a trained rater. We evaluate the performances in a
leave-one-out cross-validation (LOOCV) fashion. LOOCV
involves using a single clinical case from the 10 clinical
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Figure 1. (a) ROC curves of our Match#1 and Match#2 algorithms
with and without identifying the representative templates. (b) ROC
curves of our Match#2 algorithm with and without graph cut seg-
mentation, with the Euclidean norm, and with the proposed conju-
gate norm, and of the k-NN algorithm.

0.9 1

cases as the validation data (testing data), and the remain-
ing cases as the training data. LOOCYV repeats this such that
each case is used once as the validation data.

From the training data, we chose about N, = 600 nod-
ule patches of size 9 x 9 in each repeat of the LOOCYV pro-
cess, and from which about N; = 23 representative nodule
templates were identified. In addition, the detected regions
whose area is less than 5 mm? were dropped off before the
segmentation-based refinement process in our experiments.

We fit the binormal receiver operating characteristic
(ROC) curve with the ROCKIT algorithm [10] and use the
area under the curve (AUC) to measure the performance
of our approach. ROC curve measures the false positive
rate and the true positive rate of the obtained nodule pixels
as we change the discrimination threshold of the distance
diStm,at(:hl or diStmatchQ-

We first validate the effectiveness of the representative
nodule templates identified by our method. We draw the
ROC curves of our methods with the representative nodule
templates, and without them but instead by treating all of the
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Figure 2. Demonstration of the performances of our nodule de-
tection and segmentation algorithms. (a) One slice of CT chest
image. (b) Color-coded correlation values in our template match-
ing. (c) Nodule detection result shown by the region in red color.
(d) Segmentation result show by the curve in red color.

selected nodule patches as templates, in Fig. 1 (a). For the
two cases, the proposed conjugate norm was used. From the
results, we can see that the representative nodule templates
improve the detection accuracy. Moreover, we find that the
computational cost spent in the template matching process
can be reduced by about 12 folds in our experiments. We
illustrate the detection and segmentation results on a slice
using our method with Match#2 in Fig. 2.

We also illustrate the improvement of our methods by
using the proposed conjugate norm, and by using the
segmentation-based refinement process. For both, the iden-
tified representative nodule templates were used. For the
former one, we plot the ROC curves with the conventional
Euclidean norm and the proposed conjugate norm in Fig. 1
(b). Note that the segmentation-based refinement was used.
From the results, we can see that the proposed conjugate
norm greatly improves the accuracy. For the latter one, we
draw the ROC curves without the segmentation-based re-
finement process and with it in Fig. 1 (b). Note that the
Euclidean norm was used in the template matching. From
the results, we can see that the segmentation with graph cut
can improve the nodule detection accuracy. The improve-
ment can also be observed in Fig. 2.

We finally compare our method with k-NN. k-NN was
ran by training using about 50 manually chosen exemplar
9 x 9 nodule patches and testing on the test images in each
repeat of the LOOCV. From the ROC curves of k-NN and
our method in Fig. 1 (b), we can see that our method based
on the identification of the representative nodule templates
behave much better than k-NN training based on the manu-



ally selected nodule patches.

6.2. Validation of Image Registration

To validate the effectiveness of our matching cost (Eq.
(6)) in handling the nodule deformation caused by the ex-
panding/shrinking problem in the nonrigid registration pro-
cess, we ran our algorithms on 11 pairs of CT scans and
computed the nodule volume changes. Each pair consists of
an early scan and a follow-up scan, between which the nod-
ule’s size bears obvious differences and the inspiration lev-
els are guaranteed to be similar. The nodule volume change
between the two scans is computed as the percentage of the
absolute nodule volume’s difference relative to the nodule
volume in the early scan. Note that there is a small nod-
ule deformation caused by the inspiration level difference in
our data sets. In our experiments, we set the control points’
spacing as 8mm. The conjugate norm was used in nodule
detection for the registration with our matching cost func-
tion in Eq. (6).

From our experiments, we found that the mean value of
the nodule volume changing percentages is 13.98% without
the registration process, 0.18% if computed after registra-
tion with the traditional SSD, and 14.21% if computed after
registration with our new matching cost in Eq. (6). From the
results, we can see that the nonrigid registration with the tra-
ditional SSD measure bears significant expanding/shrinking
effects on nodule. Obviously, this unexpected nodule defor-
mation can bring in large errors in tumor growth’s compu-
tation. In contrast, the result of our method is very similar
to the one without registration, meaning that our method
can efficiently handle the expanding/shrinking. The com-
parisons with one example pair of scans are shown in Fig.
3.

6.3. Assessment on Tumor Growth Measure

Experiments performed to evaluate our adaptive dou-
bling time (ADT) measure on tumor growth was designed to
compare the differences with the traditional doubling time
(DT). Two CT scans were obtained for each of 10 small be-
nign pulmonary nodules that have been observed to have no
significant growth by an experienced rater. We computed
the DT values based on the manual segmentations of the
nodules and the ADT based on the new scheme proposed
in this paper. The mean and standard deviation of DTs are
1098 days and 879 days, and the values of ADTs are 25901
days and 223 days. It means that ADT is a better and more
stable measure than DT. It is because the nodule deforma-
tion caused by the inspiration level’s difference can be ac-
counted in ADT but can not in DT.

We also compute the ADT measure values on 9 malig-
nant nodules, for each of which, two CT scans were ob-
tained. We found that the resulting ADT values range from
45 days to 184 days.
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Figure 3. The new matching cost in Eq. (6) can efficiently han-
dle the nodule’s expanding/shrinking problem commonly caused
in the nonrigid registration process with the traditional cost mea-
sures like SSD. (a) and (b) show a nodule detected during the ini-
tial CT scan and a follow-up CT scan, respectively. (c) and (d)
show the overlapping results of the nonrigidly aligned small tu-
mor over the large tumor. (c) is obtained with the traditional SSD
measure while (d) is with our matching cost measure in Eq. (6).

7. Conclusion and Future Work

We proposed a new tumor growth measure called adap-
tive doubling time (ADT), which can account for the tumor
deformation caused by the inspiration level’s difference. In
order to compute ADT, we propose a powerful nonrigid
lung registration algorithm. The new algorithm can han-
dle the tumor expanding/shrinking problem caused in many
traditional nonrigid registrations. This is accomplished by
weighting of the matching costs of each voxel based on a
newly proposed nodule detection process and a powerful
segmentation refinement process.

However, as also pointed by Reeves et al. [12], the eval-
uation of the tumor growth measures is not an easy task. Al-
though we have achieved promising results from the ADT
with 10 benign tumors, more data is necessary for the vali-
dation, and more complete evaluations with well established
growth rates of malignant nodules are needed.
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