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thoracic CT images [2]. Yankeleviz et al. presented a technique to evaluate nodule
growth based on sequential thin-section CT images [3]. In their technique the nodule
growth was assessed by comparison the image from the initial scan including the
maximal area with the image form the repeat scan including the maximal area. This
comparison was done by displaying the two image sets side by side. However, the
thoracic CT images are not usually reproducible in terms of patient positioning,
inspiration, and cardiac pulsation. The complexity of the lung deformation makes the
analysis of sequential thoracic CT images difficult. In comparison with the existing
approaches of deformation analysis of brain and heart diseases, few works have been
done to address the problem of tracking interval changes in thoracic CT image
sequences [4]. Fan and Chen [5] presented an approach to estimate volumetric lung
warping and registration from 3-D CT images obtained at different stages of
breathing. Their warping model was governed by a model derived from continuum
mechanics and a 3-D optical flow.

The purpose of this study is to aid differential diagnosis of lung lesions through
quantitative analysis of interval changes of the 3-D pulmonary nodule with respect to
the internal structure of the nodule, the nodule margin characteristics, and the
relationship between surroundings and the nodule. In this paper, we present an
approach to analyze the displacement field of thoracic CT image sequences
combining with 3-D rigid and affine registration, non-rigid registration, and vector
field analysis. We apply our method to sequences of 3-D thoracic images with lesions
to evaluate interval changes of 3-D pulmonary nodules.

2. Methods

2.1 Overview

The method consists of four steps; 1) The 3-D rigid registration of the two successive
3-D thoracic CT images., 2) the 3-D affine registration of the two successive region-
of-interest (ROI) images extracted from two registered 3-D thoracic CT images, 3)
non-rigid registration between local volumetric ROIs, 4) analysis of the local
displacement field between successive temporal images. For the first step, we
computed a rigid transformation between two successive 3-D thoracic CT images I1
and I2. We then resampled the image I2 into I2� to superpose I2 to I1 roughly. To avoid
complexity of the whole lung deformation caused by a combination of body
movement, heartbeats, and respiration, we interactively selected and extracted a local
ROI image including a nodule of interest from the registered 3-D thoracic CT image.
The ROI image was a cubic region (128x128x128 voxels). For both I1 and I2� the
same location of the nodule center was interactively determined and the cubic region
centering on this location was extracted. The ROI images extracted from I1 and I2� are
denoted as F1 and F2, respectively. We then computed an affine transformation
between two ROI images, F1 and F2, and we resampled image F2 into F2� to
superpose to F1. In our experiments we always resample the data into isotropic
volumes before processing them. As previously ascertained by other researches
[6],[7], the mutual information confirms to be a successful measure of goodness of fit
for registration of images. Studholme presented that mutual information is not
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independent of the overlap between two images and suggested the use of the
normalized mutual information as a measure of image alignment [8]. We used the
normalized mutual information as a voxel similarity measure. Next, we computed the
non-rigid displacement between F1 and F2� using a warping function which maps F1
to F2�. The warping function is a displacement field represented by a 3-D array of
displacement vectors. To design the warping function, we used the active net model
proposed by Sakaue [9] for the extraction of a texture region. The active net model is
a two-dimensional (2-D) elastic network model with is a 2-D extension of Snakes
proposed by Kass [10]. This model deforms the net to wrap a target region
minimizing the internal strain energy of the net and the image energy that attracts the
net toward features such as edge of the target region. Witkin et al. formulated
multidimensional matching and registration problems as the minimization of an
energy measure that integrates a similarity term and a smoothness term of the
deformation field [11]. Following their idea, the active net model also might be
applied to estimate the non-rigid displacement by replacing the image energy with the
integral of the density difference between the image sequences. In this study, we
extended the active net into 3-D, which is called 3-D active net to estimate a volume
displacement field between F1 and F2�. After computing the local displacement field
between successive ROI images, we analyzed the displacement filed using the vector
field operator based on the Jacobian operator [13].

Thoracic 3-D Image I2

Rigid Registration

Thoracic 3-D Image I'2

Extraction of ROI

Affine Registration

ROI F2ROI F1

ROI F'2

Non-rigid Registration

Displacement Field

Deformation Analysis

Thoracic 3-D Image I1

Fig. 1.  Block diagram of the method.
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Fig. 2. ROI images of the benign nodule. (a) ROI image C0 measured at T0. (b) ROI image
C1 measured at T1. Cross-sections for the xy-plane, yz-plane, xz-plane are shown.

images A0 and A1 of a patient with a benign nodule. These images A0 and A1 measured
at different time T0 and T1, respectively. The period between T0 and T1 was 150 days.
The data set B contains sequential 3-D thoracic CT images B0 and B1 of a patient with
a malignant nodule. These images B0 and B1 measured at different time T2 and T3,
respectively. The period between T2 and T3 was 30 days.

Figs. 2 and 3 show ROI images of benign (A0 and A1 ) and malignant (B0 and B1) It
is observed that the benign nodule reduces its volume over time and the malignant
nodule expands its volume over time.

We computed the displacement fields between two consecutive ROI images by
using the non-rigid registration. Fig.4 shows the deformed grids of the benign and
malignant nodules. It can be observed that the effect of a shrinking and an expansion
of the grids for benign and malignant nodules evolutions. Fig.5 shows application
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Fig.3. ROI images of the malignant nodule. (a) ROI image D0 measured at T2. (b) ROI
image D1 measured at T3. Cross-sections for the xy-plane, yz-plane, xz-plane are shown.
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results of the vector field operator based on the Jacobian. The more contrasted areas
demonstrate the shrinking or the growing regions of nodules. From the display of the
displacement fields and the contrasted image by the Jacobian operator, it is observed
that the benign case reduces in the volume and the surrounding structure is involved
into the nodule in the evolution process. It is also observed that the malignant case
expands in the volume without deform the surrounding structure.

The application results of our method to the sequence of 3-D thoracic images
demonstrate that the time interval changes of lesions can be made visible.
Additionally, the experimental results shows that the displacement field computed by
our method might be used to quantify how the lesions evolve their volume and
surrounding structures by using the vector field operator based on the Jacobian. Real
pulmonary nodules have a complex evolving process types such as tissue

Fig. 4. 3-D Displacement fields. (a) Benign nodule. (b) Malignant nodule. Cross-sections
of 3-D displacement field for the xy-plane, yz-plane, xz-plane are shown.

Fig.5. Applications of the vector field operator based on the Jacobian. (a) Benign nodule.
(b) Malignant nodule. Cross-sections of 3-D displacement field for the xy-plane, yz-plane,
xz-plane are shown.



110           Y. Kawata et al.

deformation, tissue displacement into other tissues, and combination of them. Still,
the quantitative analysis of the displacement field of consecutive nodule images could
aid physician diagnosis of indeterminate pulmonary lesions using only the static 3-D
thoracic image.

4. Conclusion

We have presented a volumetric analysis method in evolving processes of pulmonary
nodules by combining with 3-D rigid and affine registration, non-rigid registration,
and vector field analysis. The application results of our method to the sequence of 3-
D thoracic images have demonstrated that the time interval changes of lesions can be
made visible. Additionally we have presented that the deformation field and the
contrasted image by the vector field operator might be used to quantify how the
lesions evolve their volume and surrounding structures. To analyze the capabilities of
our method, we are collecting successive 3-D thoracic CT images from appropriate
clinical cases.
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