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Abstract. In this study, a computer-aided detection (CAD) system was developed for the detection of lung nodules in
computed tomography images. The CAD system consists of four phases, including two-dimensional and three-dimensional
preprocessing phases. In the feature extraction phase, four different groups of features are extracted from volume of interests:
morphological features, statistical and histogram features, statistical and histogram features of outer surface, and texture
features of outer surface. The support vector machine algorithm is optimized using particle swarm optimization for
classification. The CAD system provides 97.37% sensitivity, 86.38% selectivity, 88.97% accuracy and 2.7 false positive per
scan using three groups of classification features. After the inclusion of outer surface texture features, classification results of
the CAD system reaches 98.03% sensitivity, 87.71% selectivity, 90.12% accuracy and 2.45 false positive per scan.
Experimental results demonstrate that outer surface texture features of nodule candidates are useful to increase sensitivity and
decrease the number of false positives in the detection of lung nodules in computed tomography images.
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1. Introduction

Lung cancer is the most widespread form of cancer, with the highest mortality rate worldwide [1].
Radiologists thus examine numerous computerized tomography (CT) scans of lungs each day. In
addition to the large number of CT images, the small size of nodules and the difficulty in
distinguishing them from native lung structures, such as vessels and bronchi, contribute to very long
time periods necessary for the examination of CT scan images. Computer aided detection (CAD)
systems can assist radiologists in the detection of lung nodules. Image intensity thresholding is a
frequently used method in the preprocessing phase of image segmentation [2-4]; airway tree and
vessel segmentation are also helpful methods [5-7]. Morphological image processing methods are
often used to specify regions of interests (ROIs), volumes of interests (VOIs) and segmentation [8-12].
CAD systems use extracted features from ROIs and VOIs to determine nodule or non-nodule
candidate. Statistical, histogram, morphological and textural features can be used in the classification
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Fig. 1. Block diagram of the CAD system.

phase [13-16], as well as rule-based approaches [17, 18], artificial neural networks [19, 20], genetic
algorithms [21], clustering algorithms [22], and support vector machines (SVM) [23-25].

In this study, a CAD system was developed with the aim of reducing the time radiologist required to
examine CT scans, as well as reducing the margin of error through the use of outer surface features.

2. Developed CAD system

The block diagram of the CAD system is presented in Figure 1. During the preprocessing phase,
unwanted forms are eliminated from the CT images and the relevant volumes are identified. During
the feature extraction phase, the features of the VOI are calculated and recorded in a feature matrix.
Next, the features of the VOIs are classified, and a nodule candidate is identified.

2.1. Preprocessing phase

The preprocessing phase of a CAD system serves to enhance the image and to identify the ROI or
VOI by means of procedures performed on the actual medical images. The developed CAD system has
both 2D and 3D preprocessing phases.

2.1.1.  Gray level mtensity thresholding and conversion to binary image

In the 2D preprocessing phase, a multiple thresholding method was applied to threshold the pixel
value range which constitutes a form. The lower limit is designated the minimum intensity threshold,
and the upper limit is referred to as the maximum intensity threshold. The pixel values between these
two threshold values constitute the ROI, in which nodules may be present. Following the image
thresholding process, CT images are converted into binary images [26-28].

2.1.2.  Adjacency examination and labeling

The technique of conducting an adjacency examination on binary images is frequently used to
identify abnormal forms in numerous image processing applications. A procedure can be performed on
the actual image using the coordinates of the identified forms on the binary image as a result of the
adjacency examination. Conducting an adjacency examination on binary images involves the
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Fig. 2. (a) Binary image matrix; (b) adjacencies; (c) labeled adjacencies.

identification of values of 1 present on adjacent pixels. For all pixels with a value of 1, the adjacencies
of every pixel in all 8 directions are evaluated; this process is repeated for every adjacent pixel with a
value of 1 [29, 30]. When the adjacency examination is performed for a minimum number of
adjacencies, small forms are ignored in order to simplify the calculation; the identified adjacencies are
specified on a label matrix. This label matrix is convenient for morphological feature extraction
procedures, performed on adjacencies for which the label matrices have been identified. The
coordinates of the label numbers included in the label matrix can also be accessed on the actual image
in order to perform feature extraction on the basis of intensity values. Figure 2 displays an adjacency
identification performed due to the results of an adjacency examination with a minimum of 4
adjacencies. The actual binary image matrix is represented in Figure 2(a), while Figure 2(b)
demonstrates adjacencies that were identified, both labeled and unlabeled. The label matrix created as
a result of that particular adjacency examination is presented in Figure 2(c).

2.1.3.  Rule-based detection of non-nodules in 2D preprocessing

Lung nodules are generally spherical in form; when lung CT images are examined in 2D, the
circular forms should be identified in order to detect the nodules. The spherical forms are examined on
a 3D basis. In order to enhance the performance of the CAD system, the forms on a lung CT slice
image which are not circular in 2D are removed.

To perform this procedure, a rule-based method is applied on the thresholded slice images. The
minimum distance and maximum distance thresholds are used to detect circular forms of a minimum
size. The adjacencies of each pixel in eight directions which may represent a region of interest based
on the intensity value are examined. Forms with adjacencies found by examination to be below the
minimum distance threshold or greater than the maximum distance threshold in any direction are
excluded; the numbers and pixel coordinates of slices that include the forms which cannot be regions
of interest are recorded. This information will later be used in the removal stages of non-spherical
volumes of interest in the 3D preprocessing phase. The resulting images of the procedures involved in
gray level thresholding and the subsequent conversion to binary images as applied to lung CT slices
are presented in Figures 3(a) and 3(b). The regions of interests identified as a result of the 2D
preprocessing are shown in Figure 3(c).

2.2. 3D preprocessing phase
Each pixel with a value of 1 located in the image matrix during the adjacency examination is

subjected to an examination of adjacency in 26 directions; these 26 adjacent forms are comprised of
the 8 adjacent pixels in the same slice as the examined pixel, 9 adjacent pixels in the previous slice to



S1216 O. Demir and A. Yilmaz Camurcu / Computer-aided detection of lung nodules using outer surface features

(a) )] {c)

Fig. 3. (a) CT image; (b) binary image; (c) ROIs after 2D preprocessing.
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Fig. 4. Adjacency examination in 26 directions.

E = label number of the volume of interest;

i = first section no;

Em = section where the field is the widest,

K5 = last section no;

If the field of Eis generally not increased in sections between K7 and Km,
Not a nodule candidate

Or if the field of ¥ is generally not decreased in sections between Km and Es
Eis not anodule candidate

Else F is anodule candidate

Fig. 5. Pseudo code for identifying spherical forms in a CT scan.

the examined pixel, and 9 adjacent pixels in the following slice of the examined pixel. Figure 4 shows
the examined pixel and its adjacent forms in 26 directions. An adjacent pixel with a value of 1
identified in any direction is labeled with the same label number, and is subjected to an adjacency
examination in 26 directions. This procedure continues until all pixels are labeled.

The circular forms are identified in a rule-based approach during the image preprocessing phase.
The first rules applied are related to the area, or the number of pixels in the volume of interest in its
respective slice. The area of the structures in the spherical form gradually increases from the slice in
which they were first observed towards the slices in which the middle sections of the form are located.
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It is observed that the area gradually decreases from these slices towards the final slices the structure is
imaged. A rule which controls the area in consecutive slices has been set in order to remove structures
such as vessels, the areas of which do not change at a specific rate. The lung nodules may also have an
ellipsoidal form. Therefore, the forms in which the field increases are first fixed in some slices and
then begin to decrease, are not excluded based on these rules. A pseudo code for identifying the
spherical forms in a CT scan is presented in Figure 5.

2.3. Feature extraction phase

The developed CAD system extracts four different groups of features from a VOI: morphological
features, statistical and histogram features, outer surface statistical and histogram features, and outer
surface textural features. These features are listed in Table 1. Morphological features are observed by
means of measurements and calculations determined by the shape of the VOI. In this phase, seven
features are extracted. The statistical and histogram features are determined by the values of voxels in
the VOIs and the statistical calculations made based on these values, made on the basis of pixel values
in actual images [31-33]. The outer surface of a VOI is identified on the label matrix by detecting the
coordinates of the voxels constituting the VOI located on the delineations of the VOI in the CT slice
images.

Analysis of textural features provides characteristic data related to textural image processing
applications; Haralick’s Gray level Co-occurrence Matrix is a statistical method widely used for
textural analysis. The outer surface textural features are calculated using the Gray Level Co-
occurrence Matrix (GLCM). GLCM is a two-dimensional matrix in which the frequency of occurrence
of gray level combinations is plotted based on an examination of the binary adjacencies of pixels
constituting the textural image [34-39].

The GLCM is created according to the adjacency relationship of two pixels. Of the pixels examined,
the first is called the reference pixel, and the second is called the adjacent or target pixel. The direction
of the adjacency examination is important in creating the GLCM. During the process of creating the

Table 1
Extracted features

Number  Morphological Features Number  Statistical and Histogram Features
1 Volume 1 Mean
2 Minimum Axis Length (MinA) 2 Maximum Pixel Value
3 Maximum Axis Length (MaxA) 3 Minimum Pixel Value
4 MinA / MaxA 4 Most Frequent Pixel Value
5 Equivalent Radius 5 Varience
6 Sphericity 6 Standard Deviation
7 Compactness 7 Skewness

8 Kurtosis
Number  Outer Surface Statistical and Histogram Features Number  Outer Surface Texture Surface
1 Mean 1 Contrast
2 Maximum Pixel Value 2 Energy
3 Minimum Pixel Value 3 Entropy
4 Most Frequent Pixel Value 4 Homogenity
5 Varience 5 Moment
6 Standard Deviation
7 Skewness
8 Kurtosis
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Fig. 6. Calculation of a GLCM

Table 2
Data of training and test groups
Group Number of Number of Number of Number of Non-Nodule
Patients Slices Nodules Structures
Training 100 13547 572 1314
Test 100 14211 609 -

GLCM, the examinations may also be performed on the basis of the reference pixel's adjacencies in 8
directions. On the image matrix, all pixels from the top left corner to the bottom right corner are
examined alternately as reference pixels. Figure 6 demonstrates the creation of GLCM.

2.4. Classification phase

In the CAD system, the support vector machine (SVM) was used as a classification algorithm, based
on the statistical learning theory presented in by [40, 41]. Particle swarm algorithm (PSO) is an
optimization technique presented in 1995 by [42, 43]. The PSO algorithm was developed for the
optimization of functions that are not continuously linear. The support vector machine used in the
study was optimized by the particle swarm algorithm [44-46].

3. Experimental studies with the CAD system

The CT images used to measure the performance of the developed CAD system were taken from the
Lung Image Database Consortium—Image Database Research Initiative (LIDC — IDRI) image data set
in the Cancer Imaging Archive (TCIA) archive. This database was developed by the LIDC formed by
the National Cancer Institute (NCI). The LIDC-IDRI database includes 1018 CT scan results of 1010
patients, consisting of a total of 244,527 slices obtained by CT scan [47, 48]. In this study, 27,758
images of 200 patients were selected at random from the LIDC-IDRI collection. Slice thicknesses of
selected scans were 1 mm. 100 patients were used for the training of the classification algorithm, while
the images belonging to the remaining 100 patients were used for the test. The data pertaining to the
training and test groups is presented in Table 2.

3.1. Implementation of experiments
The experiments of the CAD system were performed using two different groups of extracted

features in order to determine their impact on test performance. In the first group, statistical,
histogram-related features were included, while in the second group outer surface statistical features
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added. In the third group, the outer surface textural features were added to other features. The
classification algorithm was trained using data of 100 patients in the training group. The performance
of the CAD system was measured on with the images of 100 patients in the test group.

The CAD system identified 570 out of 609 real nodules in the first group on the basis of features.
The CAD system made correct detections for 1622 of 1983 non-nodule structures. The CAD system
identified 593 out of 609 real nodules in the second group on the basis of features. The CAD system
made correct detections for 1713 of 1983 non-nodule structures. The CAD system achieved greater
success when the classification algorithm was trained through the addition of the outer surface textural
features; in these experiments, the average number of false positive (FP) results per patient was 2.7.
The CAD system identified 597 of 609 nodules correctly in these experiments. It made correct
detections for 1748 of 1983 non-nodule structures; in these experiments, the rate of false positive (FP)
results per patient was reduced to 2.45. The performance rates of the CAD system can be seen in Table
3. ROC curves of all experiment types are shown in Figure 7.

Table 3
Experimental results
Status of Features Sensitivity Selectivity Accuracy FP
Morphological, statistical and histogram features 93.60% 81.80% 85.07% 3.75
+ Outer surface statistical and histogram features  97.37% 86.38% 88.97% 2.7
+ Outer surface textural features 98.03% 87.71% 90.12% 2.45
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Fig. 7. ROC Curves of the CAD system.

Table 4
Performance comparison of the proposed method with the existing method

Work Dataset Features Sensitivity  FP/Scan
[49] 50 Scans Morphological, statistical 89% 7.3
[50] 84 Scans 3D Morphological, statistical 97% 6.1

88% 2.5
[51] 112 Scans Morphological, 2D textural 85.91% 1.82
[52] 28 Scans Textural 90.6% 1.17
[21] - 2D, 3D Morphological, statistical 94.1% 545
[53] 42 Scans Morphological, 3D shape Index 95.9% 0.22
[54] - Surface Statistical 97.5% 6.76
Our study 100 Scans 2D, 3D Morphological, statistical, 98.03% 2.45

Outer surface statistical and textural features
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Table 4 compares proposed method for nodule detection with recent studies. We selected 8 CAD
schemes which are using similar methods and datasets. The performance of our method is similar to or
better than other methods. The summary of comparison can be seen in Table 4.

4. Conclusion

In this study, a CAD system capable of extracting and classifying the morphological, statistical and
histogram-related, and outer surface texture features of lung nodules was developed. The performance
of the CAD system was measured without including the outer surface statistical and textural features;
in these experiments, the FP rate of 3.75 per patient with a sensitivity of 93.6% was achieved with the
CAD system. Then, performance of the CAD system was measured with including outer surface
statistical features. In these experiments, the FP rate of 2.7 per patient with a sensitivity of 97.37% was
achieved with the CAD system. When the performance was measured by including the outer surface
textural features, the CAD system had a greater rate of success; while the sensitivity of these
experiments was 98.03%, the FP rate per patient dropped to 2.45. The nodules which could not be
detected by the developed CAD system were examined. As part of this examination, it was determined
that the nodules adjoining the lung wall could not be detected by the CAD system. Furthermore, the
nodules for which the gray level was outside the threshold values could also not be detected by the
CAD system.

As a result of performed experiments, it was demonstrate that the outer surface textural features of
lung nodules are distinctive. These features increase the sensitivity of the CAD system and decrease
the FP number per CT scan. The success achieved by the CAD system demonstrates that it can be
effectively used in clinical studies.
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