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ABSTRACT 
 
The ability of a clinician to properly detect changes in the size of lung nodules over time is a vital element to both the 
diagnosis of malignant growths and the monitoring of the response of cancerous lesions to therapy.  We have developed 
a novel metastasis sizing algorithm based on 3-D template matching with spherical tumor appearance models that were 
created to match the expected geometry of the tumors of interest while accounting for potential spatial offsets of nodules 
in the slice thickness direction.  The spherical template that best-fits the overall volume of each lung metastasis was 
determined through the optimization of the 3-D normalized cross-correlation coefficients (NCCC) calculated between 
the templates and the nodules.  A total of 17 different lung metastases were extracted manually from real patient CT 
datasets and reconstructed in 3-D using spherical harmonics equations to generate simulated nodules for testing our 
algorithm.  Each metastasis 3-D shape was then subjected to 10%, 25%, 50%, 75% and 90% scaling of its volume to 
allow for 5 possible volume change combinations relative to the original size per each reconstructed nodule and inserted 
back into CT datasets with appropriate blurring and noise addition.  When plotted against the true volume change, the 
nodule volume changes calculated by our algorithm for these 85 data points exhibited a high degree of accuracy (slope = 
0.9817, R2 = 0.9957).  Our results demonstrate that the 3-D template matching method can be an effective, fast, and 
accurate tool for automated sizing of metastatic tumors. 
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1. INTRODUCTION 
 
Lung metastatic disease is a common result of many primary cancer types that can frequently lead to loss of life as well 
as cause a multitude of considerable complications for patients if not addressed promptly and effectively.  Regular 
screenings are crucial in identifying metastatic disease early enough to optimize treatment efficacy and patient outcome 
where computed tomography (CT) is the current imaging modality of choice as it has been shown to be the most 
sensitive in detecting pulmonary nodules1-10.  However, the presence of small lung nodules on CT scans does not 
necessarily alone provide confidence that a patient possesses lung metastases since most small lung nodules are caused 
by benign processes11-13.  The indeterminate nature of radiographic pulmonary nodules as a clinical finding was 
illustrated in the Early Lung Cancer Action Project (ELCAP) study where among the 233 of the 1000 initial subjects that 
presented with 1 to 6 pulmonary nodules on their first screening only 27 (12%) of these subjects actually had malignant 
lung disease3.  A major aspect of the difficulty in diagnosing patients based on the radiographic appearance of small 
nodules is that, with the exception of calcification, nodule morphologic characteristics do not provide clear indication for 
distinguishing benign from malignant processes14.   
 
 Pulmonary nodule growth rate, on the other hand, has been discovered to be an early and reliable predictor of 
nodule malignancy10,15-17.  In particular, malignant growths are distinguishable from benign nodules using the doubling 
time (DT) values that can be derived from growth rate information18.  Malignant tumors in the lung were found normally 
to have DTs between 30 days and 14 months while benign nodules typically take longer than 14 months to double in 
volume17,19-21.  Along these same lines, a malignancy risk of less than 10% has been estimated for nodules lacking a 
measurable increase in nodule volume over a 6-month period22.  Furthermore, the recording of growth in nodules less 



than 10 mm in diameter has been recommended as a condition before attempting biopsy to confirm the diagnosis of a 
malignant lesion3.  Growth rate data can also enable the prioritizing of lung metastases on the basis of relative 
aggressiveness where the more aggressive nodules can be administered local treatment first in patients with too many 
metastases to have them all treated with stereotactic radiosurgery in a single therapy session.  Similarly, ascertaining the 
change in nodule size post-treatment is essential to clinicians for establishing tumor response to therapy.  As a result, the 
accurate sizing of lung nodules across serial CT scans and subsequent growth rate determination can play a significant 
role in the clinical evaluation process for cancerous lung lesions.     
 
 In general, the clinical approach to nodule sizing has been unidimensional or bidimensional where the diameter 
or cross-sectional area of the nodule is measured by the radiologist using manual drawing software.  Diameter and cross-
sectional area measurements can then be utilized to approximate nodule volume and doubling time  through the 
implementation of either a spherical, elliptical, or irregularly-shaped (perimeter-based) model for the nodule23.  There are 
inherent concerns with how these common manual methods for tumor sizing are time-consuming and introduce user 
subjectivity and other measurement errors inherent with the 2-D image viewing of a 3-D object.  Numerous studies have 
demonstrated that human-reader driven measurements of pulmonary nodules suffer from substantial intra- and 
interobserver variability24-27.  When used on CT scans of the lung, three-dimensional volume measuring techniques 
appear to reduce user subjectivity and overall measurement error as compared to conventional unidimensional or 
bidimensional techniques13,15,27-29.  Moreover, recent evidence indicates that the availability of automated or semi-
automated volume calculation tools to radiologists can decrease noticeably the variability of pulmonary nodule volume 
measurements11-12,30.  Consequently, the evidence suggests that there is a distinct niche that could be filled by a 
computer-aided diagnosis (CAD) system with the ability to perform accurate 3-D volume assessments of pulmonary 
nodules. 
 
 Existing CAD approaches to the sizing of pulmonary nodules have centered primarily around either 
segmentation-based or model-based methods10,15,31-33.  Segmentation-based methods typically involve intensity 
thresholding followed by voxel counting and they benefit from their capacity to handle irregular 3-D nodules shapes.  
However, segmentation-based methods can be affected by different CT scanner parameters due to their dependence upon 
the absolute CT values and it has been shown that they experience inaccuracies related to the fraction of partial volume 
voxels31.  Model-based methods allow for 3-D volume determination without the explicit segmentation of nodules and 
can be more generalizable because they avoid dependence upon the absolute CT values, but they are only effective if 
they represent successfully the radiographic morphology of the object to be detected in the majority of instances.  
Anisotropic sampling of CT data is also an issue for model-based methods where they must account for unequal 
resolution in all three dimensions in order to achieve accurate volume matching with a nodule's 3-D shape.  Regardless 
of the approach, robustness with regard to a wide range of nodule volumes and the capacity to separate the nodule's 3-D 
borders from surrounding anatomical structures are integral factors in producing a successful volume measurement. 
 
 We have developed a fully-automated CAD approach for the sizing of lung metastases that is based on the 
observation that pulmonary nodules appear in CT images as structures with approximately spherical 3-D intensity 
profiles34.  Our fully-automated algorithm calculates the volume of pulmonary nodules by matching their morphology in 
3-D with spherical tumor appearance models.  The purpose of this paper is to validate the ability of our algorithm to 
improve the accuracy of volume measurements for lung metastases and in turn, allow for the direct calculation of nodule 
growth rates using repeated CT scans for the same patient.  This more detailed knowledge of the absolute size and 
relative aggressiveness of multiple lung metastases within each patient offered by our algorithm will help clinicians 
provide earlier diagnoses and better tailor treatment strategies to promote enhanced quality of life and prolonged 
survival.   
 
 

2. METHODS 
 
Our algorithm calculates the volume of a lung metastasis by matching its size on a sub-voxel level to 3-D spherical 
templates designed to represent accurately the typical appearance of a metastasis within a CT dataset34.  Spherical 
templates were generated to incorporate partial volume effects in both the in-plane and slice thickness directions.  Four 
different spatial models were utilized for each size template to represent possible nodule partial volume effect 
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orientations in the slice thickness direction where one spatial model placed the central CT slice exactly through the 
center of the spherical template while the other three models offset the center of the sphere from the central slice by one-
half the slice thickness and in equal and opposite directions by one-third the slice thickness (see Figure 1).  Furthermore, 
the spherical templates included zero padding in both the in-plane and slice thickness direction that was equal in width to 
twice the in-plane voxel size in order to ensure that metastases did not match with erroneously small spherical templates.   
 

A normalized cross-correlation coefficient (NCCC) was calculated to identify the degree of similarity between 
the lung metastasis and the different sized spherical templates:  
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where dataset “x” consists of the voxel intensity values for the 3-D spherical template and dataset “y” consists of the 
voxel intensity values for the 3-D image region containing the lung metastasis that is actively being sized.  The spherical 
template that produced the optimal NCCC value (closest to one) was considered to provide the most accurate estimate of 
nodule volume.  The initial approximation of the center of the nodule to be sized can either be selected manually or 
generated by an automated lung nodule detection algorithm’s output34.  For the purpose of guaranteeing that the spherical 
template matching process was properly aligned in 3-D for the most accurate sizing of each nodule, NCCC values were 
calculated throughout a 125-voxel neighborhood around the selected nodule center with the capability of also searching 
further neighboring voxels depending on the trend of NCCC values within the initial volume of interest (VOI).  The 
computational cost for searching these additional voxels was minimal with the entire sizing process taking several 
seconds per nodule running in MATLAB 7.235 on a Power Mac G5 with quad 2.5 GHz processors and 4 gigabytes of 
RAM. 
 

In order to validate the accuracy of our metastasis sizing approach, simulated lung CT nodules were generated 
based on the 3-D appearance of confirmed lung metastases found within patient CT datasets acquired at our institution.  
A total of 17 lung metastases were contoured manually from four different patient CT datasets.  The spherical 
coordinates for the points that compose the borders of these extracted metastases were identified on each CT slice.  The 

Figure 1. Models illustrating the variations in 
appearance of a sphere on simulated CT image 
slices caused by changes in position of the 
central image slice.  Left pair:  central image 
slice intersecting exact center of sphere.  Right 
pair:  central image slice shifted one-third of 
the slice thickness from the exact center of 
sphere. 



use of spherical harmonics then allowed the reconstruction of the full 3-D structure of each metastasis from these 2-D 
samplings of its shape.  The spherical harmonics values that defined uniquely each 3-D metastasis system were 
calculated using the following equations: 
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where r is the nodule radius, A represents the constants determined from the extracted nodule contouring, Y is the 
spherical harmonic, θ is the polar (colatitudinal) coordinate, φ is the azimuthal (longitudinal) coordinate, and P is an 
associated Legendre polynomial.  After the 3-D reconstruction of each metastasis, the volume was determined by 
dividing the nodule into a combination of pyramids defined by the data points used to generate its irregular 3-D shape.  
The volume of each individual pyramid was calculated using vector mathematics and the summation of these values was 
designated as the gold standard volume for that tumor.  In addition to the original reconstructed volume, each metastasis 
3-D shape was subjected to 10%, 25%, 50%, 75% and 90% scaling of its volume to allow for 5 possible volume change 
combinations relative to the original size per each reconstructed nodule.  After reconstruction, the nodules were adjusted 
randomly for positional shifts in the slice thickness direction, converted into 2-D slice representations, and inserted 
strategically into a healthy region within a different patient’s CT dataset.  Finally, the inserted nodules were blurred with 
a Gaussian filter to duplicate the point spread function of a standard clinical imaging scanner and Gaussian noise was 
added using a standard deviation equal to the average intrinsic noise of the utilized patient CT datasets. 
 

Figure 2. Example 
reconstruction of one of 
the 17 extracted CT lung 
metastases that were 
used as simulated 
nodules with views from 
the slice thickness [A] 
and oblique [B] 
directions.  3-D surface 
contour points were 
generated through the 
utilization of spherical 
harmonics equations. 

A B 

Figure 3. Five sequential CT slices illustrating the insertion of the example simulated nodule (circled) that was shown in Figure 1 
into a healthy region of a different patient’s CT dataset where Gaussian blurring and Gaussian noise are then added. 



 The lung CT images used in this work were collected with a standard GE Genesis Lightspeed CT clinical 
scanner with slice thickness and separation 3 mm, in-plane resolution 0.9375 mm, tube voltage 120 kV, and tube current 
70 – 120 mA.  Images were obtained during 20 to 30 second end-expiration breath-hold, with no injected contrast. 
 
 

3. RESULTS 
 
The principal rationale behind utilizing simulated nodules that had been reconstructed in 3-D from the contours of lung 
metastases found within actual patient CT datasets was to produce 3-D intensity profiles representative of real lung 
metastases for testing our sizing algorithm.  Figure 2 demonstrates the ability of the 3-D reconstruction based on 
spherical harmonics equations to provide a 3-D nodule shape that is consistent with the irregularities of lung metastasis 
geometry found within patient CT datasets.  Figure 3 displays the sequential 2-D slice appearance of the reconstructed 
nodule shown in Figure 2 after it has been inserted into the healthy region of a different patient’s CT dataset and 
subjected to Gaussian blurring and the addition of Gaussian noise.  The relationship between the NCCC value and the 
spherical templates of varying radii is then shown for this simulated nodule in Figure 4 where the best-fit template 
possesses a volume equal to 904.8 mm3 as compared to the gold standard volume of 867.8 mm3 (4.1% deviation). 
 
 The ability to differentiate often subtle changes in overall 3-D nodule volume is the critical factor that underlies 
the possible use of our algorithm as a clinical tool to aid radiologists in identifying metastatic processes and monitoring 
the therapeutic response of treated lesions.  Figure 5 shows the volume change values calculated through best-fit 
template matching compared to the true volume changes determined during the 3-D nodule reconstruction process.  The 
data displayed in Figure 5 illustrate the general overall accuracy of our best-fit spherical template matching-based 
approach in producing volume change values when judged against the gold standard volume change values (slope = 
0.9817, R2 = 0.9957). 
 
 

4. CONCLUSIONS 
 
We have developed a novel approach to 3-D lung nodule sizing in CT scans that has the capacity to determine accurately 
small changes in volume at a low computational cost.  Simulated nodules reconstructed from the actual 3-D morphology 
and intensity profiles of real patient lung metastases were employed to evaluate the efficacy of our algorithm.  The 
validation of our algorithm's volume change calculation accuracy in this manner reduces a great deal of the ambiguity 
and subjectivity that is encountered when radiologist measurements are utilized as the gold standard for nodule size.  
Similarly, testing with simulated nodules inserted into patient CT lung datasets eliminates dependence upon validation 
through phantom studies where success with synthetic nodules does not ensure in vivo accuracy due to patient motion 
effects, less distinct nodule borders, and intricate surrounding anatomy affecting results36. 
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Figure 4. Normalized cross-
correlation coefficient (NCCC) 
curve for example simulated nodule 
shown in Figures 1 and 2 where 
reconstructed metastasis is found to 
best match a spherical template with 
a radius of approximately 6.0 mm 
and corresponding volume of 904.8 
mm3 as compared to a gold standard 
volume of 867.8 mm3 (4.1% 
deviation). 



 In this study, volume change was selected as the metric by which to analyze our algorithm as consistency in 
computing the change in size of a lung nodule has greater clinical relevance than accuracy in absolute volume 
determination30.  The volume change measurement results presented here demonstrate that our 3-D spherical template 
matching-based algorithm can be implemented as a precise and reliable means of calculating automatically the volume 
change of metastatic lung nodules within CT datasets.  These positive results are especially encouraging given the large 
anisotropic voxel size of the CT data that was tested.  Future work will focus upon combining our low computational 
cost sizing method with automated image registration and nodule labeling approaches for the purpose of providing a 
clinical tool to assist radiologists in more definitively diagnosing and monitoring metastatic tumors. 
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