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Abstract. This paper examines the problem of obtaining a representa-
tion of the three-dimensional(3-D) pulmonary nodule images, which is
a key problem in discriminating benign and malignant nodules for dif-
ferential diagnosis of the lung cancer using thin-section CT images. A
curvature based approach is developed with the aim of characterizing
internal intensity structures of benign and malignant nodules. This ap-
proach makes use of curvature indexes to represent locally each voxel in
a three-dimensional (3-D) pulmonary nodule image. From the distribu-
tion of curvature indexes and CT value over the 3-D pulmonary nodule
image a set of histogram features is computed for global characteriza-
tion of benign and malignant nodules. Linear discriminant analysis is
used for classification and leave-one-out method is used to evaluate the
classification accuracy. Compared with the performance of experienced
physicians the potential usefulness of the curvature based features in the
computer-aided differential diagnosis is demonstrated by using receiver
operating characteristic (ROC) curves as the performance measure.

1 Introduction

Recently the detection rate of small peripheral pulmonary nodules has increased
due to advances in imaging technology such as helical CT scanner [1]. For small
nodules, the differential diagnosis by means of transbronchial or percutaneous
biopsies can be difficult. There has been a considerable amount of interest in
the use of thin-section CT images to observe small pulmonary nodules for dif-
ferential diagnosis without invasive operation [1,2]. In assessing the malignant
potential of small pulmonary nodules in thin-section CT images, it is impor-
tant to examine the condition of nodule interface, the nodule internal intensity,
and the relationships between nodules and surrounding structures such as ves-
sels, bronchi, and spiculation [1,2]. Several techniques have been developed to
quantify the pulmonary nodules. Nodule density analysis from CT value was
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employed in early investigations[3,4]. The pattern classification approach incor-
porating multiple features, including measures of density, density distribution,
and texture, was proposed to classify suspicious areas into malignant and benign
lesions using slice images[5]. To quantify the relationships between nodules and
surrounding structures the 3-D concentration index was derived [7] and clas-
sification approach between pulmonary artery and vein was proposed [6]. To
analyze nodule surfaces, curvatures were introduced [8,9] and fractal features
were utilized [10].

In medical image analysis, several approaches have been investigated to rep-
resent local intensity structure directly computing the geometrical characteristics
from gray-level 3-D medical images[16,17,18]. We have been investigating to an-
alyze internal intensity structure of pulmonary by using curvature indexes and
CT values [11]. The curvature indexes consist of the shape index and the curved-
ness [14]. In this paper we present histogram features of curvature indexes and
CT values to characterize the internal intensity structure for he sake of classify-
ing benign and malignant pulmonary nodules. Compared with the performance
of experienced physicians the potential usefulness of the curvature based features
in the computer-aided differential diagnosis is demonstrated by using a receiver
operating characteristic (ROC) curves [22] as the performance measure.

2 Nodule Segmentation

The 3-D chest images used in this paper are reconstructed from thin section
CT images obtained by the helical CT scanner (Toshiba TCT900S Superhelix).
The thin-section CT images are measured under the following conditions; beam
width: 2mm, table speed: 2mm/sec, tube voltage: 120kV, tube current :200mA
and 250mA. For the scan duration, patients held their breath at full inspiration.
Per patient, about 60 slices through the pulmonary nodule center at 1mm in-
tervals are obtained. The range of pixel size in each square slice of 512 pixels is
between 0.3x0.3 mm2 and 0.4x0.4 mm2, and the slice contains an extended re-
gion of the lung area. The 3-D chest image is reconstructed from the thin section
CT images by a linear interpolation technique to make each voxel isotropic. Our
segmentation algorithm is described in previous publication[8]. Briefly, the seg-
mentation of the 3-D nodule image consists of three steps; 1) extraction of lung
area, 2) region of interest(ROI) selection including the nodule region, 3) nodule
segmentation based on the geometric approach. This lung area extraction step
plays an essential role when part of a nodule in the peripheral lung area touches
the chest wall [12]. The ROI including the nodule is selected interactively. The
3-D deformable surface model proposed by Casselles [13] is utilized.

3 Curvature Based Representation

Each voxel in the region of interest(ROI) including the pulmonary nodule is
locally represented by a vector description which relies on the CT value and
two curvature indexes that decouples the shape attribute and the curvature
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magnitude. By assuming that each voxel in the ROI lies on the surface which
has the normal corresponding to the 3-D gradient at the voxel, we compute
directly the curvatures on each voxel from the first and second derivatives of
the gray level image of the ROI. To compute the partial derivatives of the ROI
images, the ROI images are blurred by convolving with a 3-D Gaussian function
of width σ. Herein, the width σ is represented as a scale. At each voxel the
principal curvatures κ1( x;σ (κ1( x;σ) ≥ κ2( x;σ)) are computed by using the
approach poposed by Thirion and Gourdon [16].

The voxel x in the ROI image is locally described by curvature indexes and
CT value. The curvature indexes consists of the shape index and the
curvedness [14,15]. The original shape index defined by Koenderink and van
Doorn [14] gives a continuous distribution of surface types between -1 and 1.
To introduce the shape spectral function of the object’s surface patch, Dorai
and Jain [15] have modified the original definition of the shape index so that
the shape index maps the surface types on the interval between 0 and 1. The
definition of shape index used here is based on the modified definition [15] and
the shape index with scale σ at the voxel x is given by

SI( x;σ) =
1
2
+
1
π

arctan
κ1( x;σ) + κ2( x;σ)
κ1( x;σ)− κ2( x;σ)

. (1)

The curvedness R( x;σ) [14] is given by

R( x;σ) =

√
κ1( x;σ)2 + κ2( x;σ)2

2
. (2)

The curvedness quantifies how highly curved a surface is, and is inversely pro-
portional to the size of the object.

4 Feature Extraction and Classification

In order to characterize globally the pulmonary nodule images through the local
description, we use the shape spectrum which is originally proposed for ob-
ject recognition in a range image by Dorai and Jain[15]. The shape spectrum
measures the amount of the voxel which has a particular shape index value to
characterize the 3-D pulmonary nodule image. The shape spectrum with scale σ
is given by

H(h;σ) =
1
V

∫ ∫ ∫
O

δ (SI( x;σ)− h) dO (3)

where V is the total volume of the specified region O, dO is a small region
around x, and δ is the Dirac delta function. In practice, a discrete definition of
the shape spectrum is given by dividing the shape index range into B bins and
counting the number of point falling in each bin k:



Potential Usefulness of Curvature Based Description 389

H

(
h =

k

B
;σ

)
=
1
N

N∑
i=1

χk (SI( xi;σ)− h) (4)

where xi is a point on the object’s surface, N is the total number of points on
object’s surface, and χk is the characteristic function of the kth bin:

χk(x) =
{
1 k−1

B ≤ x < k
B

0 otherwise.
(5)

The objective in defining the shape spectrum is to measure the amount of the
point which has a particular shape index value h. Thus, the shape spectrum is
called the shape histogram [15]. For computational purposes, such as comparing
spectra of different nodules, the shape histogram is normalized with respect
to the volume of nodule. The normalized number of voxel falling in each bin
represents the value of the shape histogram feature. The similar equations for
the curvedness and CT value are obtained in the same manner. The domains of
curvedness and CT value are specified [0,Cmax], [Imin, Imax]. A voxel in which
the curvedness value is larger than Cmax is considered as a voxel with curvedness
value Cmax. For the CT value the similar process is performed.

The linear discriminant analysis [19] is used to classify benign and malignant
nodules based on the extracted features. A forward stepwise feature selection
procedure [21] with the minimization of Wilks’lambda is used as an optimization
criterion to select effective predictor variables. A leave-one-out method [20] is
adapted to evaluate classification accuracy. In this method, one nodule image
is left out from the classifier design group and a linear discriminant function
is formed using the design group. The discriminant score is computed for the
left-out case by using the resulting liner discriminant function. This process
cycles through the data set until every nodule image is used. The discriminant
scores are analyzed using receiver operating characteristic (ROC) method [22].
The discriminant scores of the malignant and benign nodules are used as the
decision variable in the LABROC1 program which fit the ROC curve based on
maximum likelihood estimation.

5 Results and Discussion

In this section, we present classification results with a set of histogram fea-
tures derived from the curvature based representation of pulmonary nodules.
The thin-section CT images of peripheral pulmonary nodules used in this study
were provided by the National Cancer Center Hospital East. The data set in-
cluded 128 nodule images from 128 patients. Of the 128 cases, 95 contained
malignant nodules and 33 contained benign nodules. Lesions that showed no
change or decreased in size over a 2-year period were considered benign. Other
lesions were cytologically or histologically diagnosed. The performance of a set
of
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Table I. Classification results of histogram features based on
               CT values.

Feature space

Num. of bins

Num. of features
 

Error rate (%)

    HCT1             HCT2              HCT3

      25                   50                    100

        2                     3                      3

     36.7                 35.2                28.9      

Table II. Classification results of histogram features based on
               curvedness.

    HCV1             HCV2              HCV3

      25                   50                    100

       1                     1                       3

     38.3                36.7                  26.2

Feature space

Num. of bins

Num. of features

Error rate (%)

Table III. Classification results of histogram features based on
                  shape index.

    HSH1             HSH2               HSH3

      25                  50                     100

       1                     1                       2

     22.7               22.7                   20.3

Feature space

Num. of bins

Num. of features

Error rate (%)

Table IV. Classification results for selected combination of feature spaces

Combined                      Num. of features         Error rate (%)    
feature spaces

HCT3 HCV3 HSH3                12                          12.5            

HCT3  HSH3                            7                           13.3            

HCV3  HSH3                           4                           15.6            

HCT3   HCV3                          6                           26.6           

histogram features was evaluated using our dataset. Table I, II, and III present
the classification results for the histogram features based on CT value, curved-
ness, and shape index, respectively. In each table the histogram feature space
name, the number of bins, error rate, and the number of features selected are
presented. It is necessary to select appropriate scale for the effective description
of nodules internal structure [23]. We selected a scale which provided the high
classification rate over the specified discrete scales and assigned the value 2 to
the scale in this study.

The benign/malignant classification results for the selected combinations of
feature spaces are given in Tables IV. The results for only some of the interesting
combinations tried were reported. The classification result of shape histogram
features HSH3 achieved better accuracy than that of CT value and curvedness
histogram features. For the selected combinations of feature spaces the combined
feature spaces HCT3, HCV3, and HSH3 gave the best performance. The selected
features provide an information which bins contribute to discriminate malignant
cases from benign cases.

In order to comparison between physicians and computerized classification,
the probability of malignancy of each pulmonary nodule in thin-section CT im-
ages which were printed on films was ranked by 11 physicians on a scale of 1
to 10, where a ranking of 1 corresponded to the nodules with the most benign
cases.
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Fig. 1. Sensitivity, specificity, and Az value of each physician and the comput-
erized classification with the combined feature space HCT3, HCV3, and HSH3.

Fig. 2. ROC curves of four experienced physician and the computerized classi-
fication with the combined feature space of HCT3, HCV3, and HSH3.

Based on these ranking, sensitivity, specificity, and Az value, which denotes
area under the ROC curve,were computed. Fig.1 compares the performance
of the attending 11 physicians and computerized classification with the com-
bined features space of HCT3, HCV3, and HSH3. Physicians 1, 5, 6, and 9
have 15, 17, 13, 12 years of experience in Chest radiology. The computerized
classification performance is close to that of the experienced physicians. Fig.2
shows the ROC curves obtained by four experienced physicians and the com-
puterized classification with the combined features space of HCT3, HCV3, and
HSH3. The ROC curves and Az values do not necessarily reflect the accuracy
expected to be obtained under clinical conditions. Additionally, since there are
several types of benign and malignant nodules a few feature parameters to char-
acterize pulmonary nodule images are not enough to discriminate overall benign
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and malignant cases automatically. Still, these results are promising that the
features derived from the curvature based representation quantify one of the im-
portant clues for the differential diagnosis of the small pulmonary nodule images.

6 Conclusions

An important problem in the analysis of medical image data is the representation
and characterization of normal and pathology variation in anatomical shape. In
this paper, focusing on the small pulmonary nodule images, we have developed a
curvature based representation of internal intensity structure of pulmonary nod-
ules in thin-section CT images. The results of our classification study indicate
that a set of histogram features derived from the curvature based representation
are useful in differencing the benign and malignant pulmonary nodules. Although
these results were obtained with a relatively small data set, they demonstrate
the potential of using CAD techniques to analyze pulmonary nodules and to
assist physicians in making diagnostic decisions. A simple prototype has been
developed with good results, and ongoing work deals with characterizing the re-
lationship with the surrounding structure of pulmonary nodules. Further studies
need to be performed with a lager database to investigate the generalizability of
our approach.
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