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Abstract 

Small pulmonary nodules are radiologic findings that represent an important challenge in diagnosis systems. 
While these nodules are the major indicator for lung cancer and metastasis, their properties like size and location 
play an important role in classifying the benign one from the malignant. Estimating the growth rate of the nodule 
size states the degree of malignancy. 

This paper presents a computer-aided diagnosis (CAD) system to detect small-size pulmonary nodules from the 
chest computed tomography (CT) images through two dimensional (2-D) and three-dimensional (3-D) methods. 
Also, a computed volumetric growth is a promising way to distinguish malignant from nonmalignant pulmonary 
nodules. It was applied to lung nodules (2 to 7 mm in diameter) and achieved sensitivity 94.6% with an average; 
it is expected to aid radiologists in the detection of small nodules on thin-section multi–detector row CT images.  

Keywords: Computer-aided diagnosis (CAD), Computed tomography (CT), Morphologic operations, 
Co-occurrence matrix, 3D region growing, Growth rate 

1. Introduction 

Pulmonary nodules are important finding in Computed Tomography (Fischbach F, 2003) (CT) which helps in 
the detection of lung cancer (American Cancer Society, 2003) (R. T. Greenlee, et al, 2001) at earlier and more 
curable stages. Depending only on the radiologist view to detect the nodules may lead to false results which 
increase the death percentage.  

With the fast advancement of MDCT, there is an urgent need to develop computer aided tools to detect the 
largest possible number of different size nodules and to measure their features (size, location, compactness and 
elongation). The 3D volume estimation allows follow-up of the growth rate for nodules with labeling as benign 
or malignant to determine the appropriate therapy. 

One of the best predictors of nodule malignancy is growth rate or doubling time (William J. Kostis, et al, 2003) 
(J. P. Ko & M. Betke, 2001) (Henschke, et al, 2004). As, nodule size is also highly correlated with malignancy. 
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Significantly larger nodules (>3 cm in diameter) are more likely to represent lung cancer (William J. Kostis, et al, 
2003). Characterization of nodules as early as possible, i.e., when they are still small in size is the basic element 
for accurate diagnosis. 

2. Previous Work 

Generally speaking, there are two possible philosophies for designing a CAD system:  

1‐ The first is based on the determination (by means of thresholding and segmentation algorithms) of the 
parenchymal volume and the search of the nodules only inside that volume. 

2‐ The second is based on the search of the nodules in the overall CT-scanned volume and the 
determination of the position of the nodule with respect to the parenchyma. 

Each philosophy has its advantages and disadvantages but the basic requirement for any good performing CAD 
System (Gurcan MN, et al, 2002) (Reeves AP & Kostis WJ, 2000) (Reeves AP & Kostis WJ, 2000) (Armato SG, 
et al, 2001) is to have an accurate automated selector of nodule candidates (exactly defined volume) to reduce the 
worse sensitivity and specificity possibility. Other aspects should be considered in the detection of nodules is 
their position and shape as there are two classes: - an “internal nodule” which is located inside the nodule (quite 
spherical shape) and “pleural nodules” which is connected somehow to the pleural surface (irregular shape). A 
number of methods and systems for automated nodule detection are developed over the years (D.-Y. Kim, et al, 
2003) (Brown MS, et al, 2003) (Lee Y, et al, 2001), some are focused on the “density” (considering the fact that 
lung nodules have relatively higher densities than those of lung parenchyma) while others are focused on “model” 
(considering some features like compactness, elongation and size). 

Two-dimensional measures are used in proposing nodule candidates in detecting algorithms and estimating the 
malignancy degree of the identified nodules. Giger et al. (M. L. Giger, et al, 1994) reported the use of perimeter, 
area, compactness, and circularity features in 2-D automated nodule detection. Toshioka et al. (S. Toshioka, 
1997) added mean density and variation measures to improve the detection performance. McNitt-Gray et al. (M. 
F. McNitt-Gray, et al, 1999) used also texture measures to the previous mentioned features. Other 2-D methods 
for nodule segmentation and growth rate analysis have also been described (J. P. Ko & M. Betke, 2001) (M. F. 
McNitt-Gray, et al, 2001). 

Three-dimensional (3-D) measures of nodule volume, shape and location have been described (D. F. Yankelevitz, 
et al, 2000) (William J. Kostis, et al, 2003). Brown et al. Described automated lung region segmentation by 
fuzzy matching (M. S. Brown, 2001). Ko and Betke, identified the nodule location and evaluated it by tracing 
volume change (decrease, stable, increase) (J. P. Ko & M. Betke, 2001). 

3. Pulmonary Nodules Detection Proposed System 

Materials and methods to produce the system are explained as follows. 

3.1 CAD Algorithm 

This CAD algorithm was designed and organized to use 3D algorithms that take advantage of thin-section 
volumetric CT data, it has combined both 3D and 2D morphologic operations in the segmentation, detection, and 
classification of pulmonary nodules to get more efficiency and accuracy based on CT volumetric data acquired 
from multi–detector row CT which have four main modules (2D preprocessing, 3D preprocessing, Detection and 
classification) as illustrated in flowchar shown in Figure 1. 

3.2 Automated Extraction of the lungs 

Segmentation for the thorax and lung region was based on a thresholding method in each section. The threshold 
was determined by analyzing the 2D region histogram, which showed distinct groups of pixels belonging to the 
thorax and background air (Russ JC, 2002) (J. P. Ko & M. Betke, 2001) . The thoracic region was segmented 
from the thresholded binary image. Background pixels representing air outside the thorax were clipped, and the 
morphologic operations of erosion and dilation were applied to eliminate the scattered background. The 
boundary detection processes were repeated in the segmented thorax region to segment the lung region. 

The lung boundary detected with the gray-level thresholding technique often does not include juxtapleural 
nodules because these nodules are contiguous with the body wall and are thus segmented as a part of the body 
wall instead of the lung region. In addition, central pulmonary vessels with any attached vascular nodules may be 
excluded from the segmented lung region. A morphologic operation was performed to correct such segmentation 
“errors” in the lung boundary. Circular “closing” filters of variable diameters were applied iteratively to the 
segmented lung region to capture the juxtapleural nodules and to include central pulmonary vessels. The closing 
filter consists of a dilation followed by erosion morphologic operations and is used to fill in holes and small gaps. 
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The segmentation process of the lung region, including boundary revision, is illustrated in Figure 2. The final 
segmented lung region contains three types (isolated, juxtapleural, and vascular) of lung nodules, blood vessels, 
pulmonary parenchyma, airway, and other structures. 

3.3 Density Computation 

Sometimes, Hounsfield unit is an indicator for the calcified or non-calcified nodules (S. Antani, 2004). In the 
image processing steps, grey level values rather than Hounsfield units (HU) are utilized. Figure 3 shows the 
range for HU values. 

HU = grey level – 1024 (Binsheng Zhao, et al, 2003) 

Equation 1. Hounsfield unit calculation based on the gray level value 

3.4 3D volume data generation & growing 

The 2D segmented lung regions were stacked to generate a 3D data set for lung volume (D. F. Yankelevitz, et al, 
2000) (M. F. McNitt-Gray, et al, 2001), and a region-growing technique with 18-connectivity was applied to the 
voxels to group contiguous structures in three dimensions. The volume of each group was computed by counting 
the number of connected pixels and converting its dimension to cubic millimeters. Grouping and labeling 
processes were applied to the connected soft-tissue structures (nodule candidates and vessels) in the segmented 
lung regions to generate a 3D data set (Figure 4b). In each lung, the largest connected structure corresponded to 
the pulmonary vessel tree. The nodules attached to the vessels, vascular nodules—were also included in this 
vessel group (Figure 4c). The remaining soft-tissue structures were labeled and stored as the non-vessel group, 
which contains isolated and juxtapleural nodules. 

3.5 Detection of nodule candidates 

There are two types of nodule candidates; each one has a different method for its detection. 

3.5.1 Juxtapleural nodule candidates 

Isolated and juxtapleural nodule candidates were first detected from the non-vessel group by excluding 
non-nodule soft-tissue structures that did not satisfy predetermined nodule size and geometric and shape 
constraints (D.-Y. Kim, et al, 2003) (Brown MS, et al, 2003) (Lee Y, et al, 2001).  

First, the Nodule size with an upper limit 3cm on diameter or volume 14.14 cm3 (4⁄3 3[1.5] ߨ) and lower limit 
3mm or 14.14 mm3 in volume thus, the candidate with size not in the predefined range was considered to be 
non-nodule (background noise). 

Second, the compactness of each nodule candidate was computed as the ratio of its volume to the volume of the 
smallest 3D box that encloses the candidate structure. As the nodules are compact and spherical, the candidate 
with compactness values less than 0.5 or greater than 1.5 was considered to be non-nodule. 

Third, elongation factor was computed for each candidate by using the ratio of the maximum to the minimum 
eigenvalues that were calculated from the voxel coordinates of the candidate structure. The elongation factor 
becomes close to 1 for a relatively round or spherical structure. 

While a candidate with an elongation factor of greater than three was considered to be a non-nodule. The 
remaining nodule candidates that were not excluded according to size, compactness, and elongation criteria from 
the non-vessel group were subsequently classified as nodules. 

3.5.2 Vascular nodule candidates 

Detection of vascular nodules (D.-Y. Kim, et al, 2003) (Brown MS, et al, 2003) (Lee Y, et al, 2001), however, is 
more difficult than that of isolated or juxtapleural nodules because vascular nodules are attached to the 
pulmonary vessels. Vascular nodules are distinguished morphologically from the vessels because they are 
typically spherical in shape, while the vessels are elongated. Direct application of shape criteria, such as 
compactness or elongation factor, is ineffective for the identification of nodule candidates without disassociating 
them from the attached vessels, so a 3D multilevel morphologic matching method was used to identify and 
extract vascular nodule candidates from the vessel group. These filters were spherical in shape, and four different 
sizes of the filters (3, 6, 9, and 12mm in diameter) were used to identify nodule candidates ranging from 3 to 
30mm. Each filter was particularly sensitive in the detection of nodule candidates whose diameters were close to 
that of the corresponding filter.  

The morphologic filters were convolved with the 3D data of the vessel group to compute correlation factor. The 
correlation between 3D data and morphologic filters can be expressed in terms of the fast Fourier transform 
method. After the correlation was computed, vascular nodule candidates were selected by performing 
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thresholding of the correlation values. The threshold value was determined empirically at 70%. The use of lower 
threshold values, as with the use of an increasing number of morphologic filters, increased the sensitivity of 
detecting nodule candidates but at the price of increasing the computation time and the number of false-positive 
candidates. After the multilevel matching process, 3D region growing and labeling was applied to the nodule 
candidates. The 3D shape and geometric features were computed for each candidate. Candidates classified (Way 
TW, et al, 2006) (Beigelman-Aubry C, et al, 2007) (Ahn MI, et al, 2010) as non-nodules were eliminated by 
means of the rule based scheme, as described in detecting the isolated and juxtapleural nodules, and the 
remaining candidates were flagged as nodules. 

3.6 Classification the detected nodules (Benign/Malignant) 

Differentiating between benign and malignant nodules helps in treatment decisions especially at early stages. 
Neural networks (Y. Matsuki, et al, 2002) are touted as predictive systems that are useful in medical diagnosis. 
They have many desirable properties that make them ideally suited to this task as they are simple to develop, 
they learn by examples and they deal with ambiguity or missing data. 

A three-layer feed-forward neural network used as a tool for classification between benign and malignant 
nodules based on the extracted features from some patient images co-occurrence matrices, and then determines 
the query nodule type for the patient. 

3.6.1 Co-occurrence Matrices 

Statistical methods (T. Andrysiak & M. Choras, 2005) (H. Mller, et al, 2004) (Qian J, et al, 2002) such as 
Haralick co-occurrence (A. Materka & M. Strzelecki, 1998) (Michael Lam, et al, 2010) matrices generally focus 
on the distributions and relationships of the gray levels in an image. The general idea of a co-occurrence matrix 
is to represent an image’s texture features by counting pixel intensity pairs, using a matrix to keep track of all the 
pixel-pair counts. Our method calculates a separate co-occurrence matrix for each direction (0o, 45 o, 90 o and 
135 o) and displacement (1, 2, 3 and 4 pixels). After the co-occurrence matrices are formed, Haralick features are 
calculated from the matrix data. Since there are four directions, four displacements and eleven features, the result 
is a 4x4x11 matrix, which is averaged by distance. The minimum values by direction are then stored as eleven 
elements in the feature space. These elements can then be combined to form feature vectors of varying lengths. 
Since there are eleven features, there are  

 

N =ා j!
k! ሺj െ k!ሻ൘

௝

௞ୀଵ

 

Equation 2. No. of features combinations where j = 11 (Haralick features) and N = 2047 unique vectors 

To determine which of these vectors were best for our data set, we wrote a routine to perform a simulated query 
for each image in the database and calculate the mean precision and recall.  

3.7 Evaluating Pulmonary Nodules 

After detecting the nodule, growth rate and doubling time (H. Mller, et al, 2004) (Qian J, et al, 2002) (William J. 
Kostis, et al, 2003) (J. P. Ko & M. Betke, 2001) must be determined to evaluate the malignancy level (Henschke, 
et al, 2004) (Libby, et al, 2004) which lead to the appropriate medication (MacMahon H, et al, 2005) (Park EA, 
et al, 2009) (Tao C, et al, 2009) as shown in (Figure 5). 

4. Experimental Work 

The patient database consisted of diagnostic thoracic CT scans from 21 consecutive patients with pulmonary 
nodules (11 men, 10 women), who were referred to undergo thin-section CT scanning for the evaluation of 
pulmonary nodules. The CT images were acquired by a multi-detector row CT scanner (MDCT), it provides an 
image matrix size 512 × 512 pixels and a field-of-view of 200–250mm, and gives an in-plane resolution of 
0.35–0.45mm. Twenty-one scan sets in the database comprise a total of 3400 images, with the number of images 
per set ranging from 60 to 250, with a mean of 155 images per set. 

5. Results & Discussion 

This CAD system can detect 60 nodules with two false positive nodules per case set and sensitivity 94.6% 
according to Table 1. The final diagnosis will be made by the radiologist (White CS, et al, 2007), while CAD 
systems may serve to flag probable nodules when the images are reviewed. 
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With rapid advances in computers and CT image acquisition technology, CAD techniques will achieve 
improvements in diagnostic accuracy and move closer to the clinical arena. In the past decade, various CAD 
systems have been proposed for the detection of pulmonary nodules on CT images based on two-dimensional 
(2D) morphologic features on each section. In this study, the pulmonary nodules can be divided into three types 
in terms of their proximity to surrounding anatomic structures: isolated, juxtapleural, and vascular nodules. 
Detection of isolated nodules is easier than that of the other two types in terms of both human perception and 
computer detection, because the isolated nodules are surrounded by a distinctly low-attenuation pulmonary 
parenchyma. In contrast, detection of juxtapleural and vascular nodules is more challenging because these 
nodules may not be easily differentiated from abutting soft-tissue structures. 

6. Conclusion 

There is always the risk of missing a lesion as radiologists have to analyze large amounts of data per case with at 
least 400 cut per exam especially with new generation multi-detector row CT (MDCT), and 10-25 cases per day 
therefore, the proposed automated CAD system helps to avoid missing pulmonary nodule. It takes advantage of 
thin-section volumetric data of multi-detector row CT images to acquire complete a thoracic scanning within a 
single breath-hold. The system was organized to identify nodules of three different types (isolated, juxtapleural, 
and vascular) in terms of their locations or adjacent anatomic structures of non-nodule structures by 3D model. 
Calculating nodules 3D volumetric data set based on the determination of the features (volume, compactness, 
elongation) for the candidates then rule-based decision approach was used to flag nodules. Finally nodule 
candidates classified to malignant and non-malignant by using methods, such as those based on statistical 
methods like neural networks and estimate growth rate and doubling time for the nodule to state the malignancy 
level. 

The results of this study demonstrated that a CAD system could detect pulmonary nodules, including small ones, 
with high sensitivity and a relatively low false-positive detection rate. Such a system may assist radiologists in 
the interpretation of CT images and mark the locations of suspicious objects for more attention, particularly, lung 
cancer screening as shown in Figure 6.  
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