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Abstract 
Computer aided pulmonary nodule detection has been among major research 

topics lately to help the early treatment of lung cancer which is the most lethal kind 
of cancer worldwide. Some evidence suggests that periodic screening tests with the 
CT of patients will help in reducing the mortality rate caused by the lung cancer. A 
complete and accurate computer aided diagnosis (CAD) system for detection of 
nodules in lung CT images consists of three main steps: extraction of lung 
parenchyma, candidate nodule detection and false positive reduction. While precise 
segmentation of lung region speed upthe detection process of pulmonary nodules by 
limiting the search area, in candidate nodule detection step we attempt to include all 
nodule like structures. However, the main problem in the current CAD systems for 
nodule detection is the high false positive rate which is mostly associated to 
misrecognition of juxta-vascular nodules from blood vessels. In this paper we 
propose an automated method which has all of the three above mentioned steps. Our 
method attempts to find initial nodules by thresholding and template matching. To 
separate false positives from nodules, we use feature extraction and neural 
classifier. The proposed method has been evaluated against several images in LIDC 
database and the results demonstrate improvements in comparison with the  
previous methods. 

 
Keywords: False positive reduction; neural classifier; pulmonary nodule detection; 
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1. Introduction 

Lung cancer has been reported as the leading cause of cancer related death around 
the world. Lung cancer often does not develop symptoms until it is in its advanced 
stage.Therefore, early detection and diagnosis of lung nodules has became a focus of 
research to raise the survival chance of patients suffering from lung cancer.  

Computed tomography (CT) of the patients (particularly thin section scans) has 
proved as the best imaging modality for characterization of the small pulmonary 
nodules. However, analysis of the large number of scans makes it a cumbersome task 
for radiologists to manually assess the tumor biology. As a results several CAD systems 
have been developed lately aimed at providing radiologists with a second opinion to 
estimate the size and location of pulmonary nodules.  
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An accurate CAD system for pulmonary nodule detection consists of three main 
steps: lung region extraction, candidate nodule detection and false positive reduction. 
Precise extraction of lung region and elimination of noise and unrelated structures will 
speed up the detection of candidate nodules by limiting the area where nodules are to be 
sought and next calculations are applied to. For identification of initial nodules several 
methods such as multi-thresholding, Gaussian filters, and match filters have been 
proposed in the literature. Most of the recently presented CAD systems for pulmonary 
nodule detection have high sensitivity rate. The main problem in the current systems is 
that the number of their false positives is still high. Since the nodules are frequently 
attached to blood vessels or pleura, many non-nodule anatomical structures are 
recognized as nodules. To reduce the false positive rate, a third step is usually added 
which attempts to classify candidate nodules to nodules and false positives. 

In this paper we have proposed a CAD system for pulmonary nodule detection which 
consists of the three mentioned steps. In our method, we use thresholding and template 
matching for initial nodule detection. Also we employ a neural classifier for false 
positive reduction. 

The rest of the paper is organized as follows: Section II reviews the methods 
proposed for pulmonary nodule detection in CT images. In section III LIDC dataset 
which has been used in this paper is introduced. In section IV the proposed method is 
explained in details. In section V the results are discussed and finally section VI 
concludes the paper. 

2. Related Work 

Although CAD has been applied to various image modalities, CT has provided better 
results due to its sensitivity. Particularly in thin-section CT scans of patients, small 
nodules are more likely to be detected, therefore we only review methods that have been 
applied to thin-section CT images. 

In 2007 Qiang Li [1] reported the performance of CAD systems for lung cancer 
detection in thin-section CT images. In a thin section CT scans, the section thickness is 
small typically between 1 to 2.5 mm. A CAD scheme can generally detect and 
characterize small and possibly curable cancers more reliably in thin section CT than in 
thick-section CT, because the partial-volume effect is much lower in thin section CT 
than in thick-section CT, and also because three-dimensional (3D) image processing 
and analysis techniques become applicable in thin-section CT. 

Qiang Li [1] described a general CAD system by two major phases including 
suspicions nodule identification and false positive reduction. Some methods such as Li 
et al;[2] however involve a nodule enhancement processing which helps in detection of 
low contrast nodules and those connected to blood vessels or airway walls. They 
showed superior results comparing to methods that do not include an enhancement on 
nodules [3,4]. Bae et al;. [5] Developed a method for detection of nodules in three 
categories: isolated, jaxtapleural and juxtavascular nodules. They employed spherical 
shape morphological filters to enhance juxtavascular nodules. 

Many methods used single or multi-thresholding for initial identification of nodules 
directly from the images without applying nodule enhancement [6,7,8].Ge and Gerun et 
al. [4,9] employed weighted k-means clustering segmentation for initial nodule 
identification including a feature extraction and classification process. 
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For false positive reduction step, candidate nodules must be classified into nodules 
and non nodules. Many investigators [10 ,11 ,12] have used a rule-based  classifier to 
distinguish nodules from false positives. Because the rule-based classifier generally has 
a clear semantic meaning, it can be readily comprehended or interpreted by human 
beings. However, rules were generally determined manually and empirically in existing 
CAD schemes, which leads to tediousness, long design time, and an overtraining effect. 
Also neural networks, linear discriminant analysis and genetic algorithms have been 
used for differentiation of nodules from false positives [11,13 ,14]. 

Also in a recent work Gin Mo Goo [15] studied status of research on available CAD 
for pulmonary nodule detection. A wide range of sensitivities from 55 to 95% with false 
positive rates of 0.55 to 8.3 per examination were reported in this study. However, it is 
difficult to compare the results of CAD’s performance from the various studiesas most 
of the performances were evaluated with different data sets, and particularly a different 
size database, the different nature and characteristics of the nodules and various 
evaluation methods, as well as the differences in the employed CAD algorithm.   

Although studies have shown that CAD increased the observer's performance in 
detection of pulmonary nodules, giving the moderate sensitivities, it still acts as a 
second reader.  

In this paper we proposed a method which attempts to improve the sensitivity while 
decreasing the number of false positives. We evaluated our method on public dataset of 
LIDC which is introduced in the next section. 

3. DataBase 

The LIDC/IDRI Database [16] contains 1018 cases, each of which includes images 
from a clinical thoracic CT scan and an associated XML file that records the results of a 
two-phase image annotation process performed by four experienced thoracic 
radiologists. In the initial blinded-read phase, each radiologist independently reviewed 
each CT scan and marked 
lesions belonging to one of three categories ("nodules >=3 mm,” “nodule<3 mm,” and 
“non-nodule>=3 mm”". In the subsequent unblinded-read phase, each radiologist 
independently reviewed their own marks along with the anonymized marks of the three 
other radiologists to render a final opinion. The goal of this process was to identify as 
completely as possible all lung nodules in each CT scan without requiring forced 
consensus. 

The Database contains 7371 lesions marked “nodule” by at least one radiologist. 
2669 of these lesions were marked “nodule>=3 mm” by at least one radiologist, of 
which 928 (34.7%) received such marks from all four radiologists. These 2669 lesions 
include nodule outlines and subjective nodule characteristic ratings.  

4. Method 

In this section the proposed method for pulmonary nodule identification is explained 
in details. The presented method consists of three main steps. First, the lung region 
where nodules are located must be extracted. This task is performed using thresholding, 
edge detectors and morphological filters. In the second step, we attempt to find 
candidate nodules in two phases using thresholding in consecutive slices and template 
matching method. The combined results from this step are further analyzed in the final 
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step for elimination of false positives. Ultimately, features are extracted from initial 
nodules and candidate nodules are classified into nodules and false positives using a 
neural classifier. 

 
A. Extraction of pulmonary parenchyma 

The extraction methodology of the pulmonary parenchyma can be regulated by 
removing the background as an initial step (i.e., the pixels with the same grey level as 
the lungs but located outside the chest) from the image to avoid confusion. 

This is intended, due to the high similarity between the grey levels of the lungs and 
the image background, which cannot be simply applied by using a Thresholding 
technique. Instead an ad-hoc operator is used which, starting from the four corners of 
the image, moves along the four directions identifying as background pixels, those 
pixels whose grey level is within a pre-fixed range. Figure 1 shows an original image 
from CT before removing the back ground. 

When a pixel value is found outside the range (out pixel), then it is analysed for few 
more pixels in the scan direction. If any of the pixels have values within the range then 
both these pixels and the out pixel are marked as background pixels and the scan goes 
on to be continued. If not, the scan is interrupted along the direction under examination 
and the successive row or the particular column is analyzed in a similar way. These 
images produced by the operator are converted to binary images by means of some 
specific technique like Thresholding technique that uses either a static or a dynamic 
threshold depending on the lung zone and the slice that belongs to the zone in the lungs. 

More specifically, after discarding the first few initial and last slices of a CT scan 
that do not contain lung images the remaining slices are classified into three groups 
corresponding to the upper, middle and lower parts of the lung volume. In the first and 
last groups the lung image represents a smaller percentage of the slice than in the 
second group. Therefore a different thresholding technique is applied depending on the 
group the given slice belongs to. By using a dynamic threshold determined through an 
iterative procedure for the slices of the middle part of the lung, a threshold is determined 
empirically for all other slices. The thresholding operators produce each slice which is 
transformed into a binary image where the foreground, i.e., the object we are interested 
in, consists of the lungs and all the rest is background. See figure 1. 

Afterwards, the morphological opening and closing operators are applied so as to 
improve the image and border definition to enhance the separation between distinct 
regions and to fill the gaps in the borders. 

Then we detect the image borders through a tracking algorithm that uses the Sobel 
operator and reduce the border 

size to one pixel using thinning algorithm. In this algorithm, a 
pixel is considered a border pixel if at least one of its neighbors is white. The 

algorithm starts building all the border pixels chains and then eliminates the excess 
pixels producing a one-pixel contour image. 
B. Candidate nodule detection 

Lung nodule detection is a very difficult step in a CAD system development. 
Actually, in CT lung images, nodules are frequently attached to blood vessels or to the 
pleura; further their grey tone is so similar to vessels sections that traditional intensity-
based methods are inappropriate. Instead, an effective nodule detection algorithm must 
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take both the greylevel and the object shape into account. As a result, a method that 
attempts to detect nodules on a slice by slice basis may not produce good results.  

Radiologists indeed trace suspicious structures in a sequence of slices to see if they 
are nodule or part of ananatomical structure which belong to lung. If a detected structure 
with higher gray value than background is vessel it will appear in consecutive slices 
while a nodule is of a spherical limited shape and it is not of fixed gray value in 
different slices. 

We use a two phase process for identification of candidate nodules. We first apply a 
threshold to lung regions to eliminate black pixels. Also morphological filters are 
employed to remove the imaging noise. The threshold is also applied to the ten previous 
and next slices of the current image. Number of slices for which a suspicious structure 
passes the threshold value is more for a vessel than for a nodule. Moreover noise will 
disappear very fast by thresholding. This is indeed a fuzzy co-occurrence of gray values 
for pixels of a nodule or vessel. 

However we should note that when a nodule is attached to vessels, it might be 
considered as a part of vessel and will be removed. To overcome this problem, nodules 
must be separated from vessels. Therefore each image is divided to small windows. As 
a result, juxtavascular nodules will not be eliminated completely. Unfortunately, 
dividing the image into windows and applying the threshold to each window will also 
lead to elimination of small isolated nodules. 

We perform the nodule candidate detection process in two parallel stages and 
combine their results. First, the initial threshold is applied to the lung region to separate 
the parts of lung with higher gray values including nodules, noise and anatomical 
structures as explained above. In the first stage we follow the pixels with higher values 
than background in previous and next slices to separate the nodules from noise and 
vessels. In the second stage, we employ a template matching algorithm which is applied 
to each image after initial thresholdingin which regions with higher gray value has been 
detected. By combining the results from these two separate phases, we attempt to 
retrieve suspicious nodules. 

Nodules are of different sizes, shapes and gray values. In LIDC lung images nodules 
are marked and separated from non nodules. Different nodule patterns have been 
collected from LIDC database for detection of nodules in CT images. See figure 3.  
These 60 nodule patterns have been averaged to help the extension of the method to 
other datasets of lung images. Using similarity measurement, similarity between each 
nodule pattern and detected regions is measured.  Afterwards, those pixels for which 
their similarity measurement for at least one pattern passes the threshold are marked.  
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Figure 1. Lung parenchyma extraction 
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Where P is a window and tempk is the kth pattern. 
The results combined from these two phases are the candidate nodules which include 

nodules and false positives. See figure 2.  There are still some non-nodule structures 
that have been mistakenly identified as nodules. To minimize the false positives, we add 
another step to the proposed method. In this final step we attempt to minimize the 
number of false positives using feature extraction from pixels of candidate nodules. 
These two last steps are applied lung region identified by a segmentation algorithm 
which defines the internal region [17]. 

 

 
Figure 2. candidate nodules 
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Figure 3. some of the nodule patterns extracted from LIDC 

C. False positive reduction 

Available cad systems for lung nodule detection mostly have high false positive rate. 
For false positive reduction features are usually extracted from candidate nodules and 
they are classified to nodules and false positives. 
Most false positive findings are crossings between blood vessels. To reduce the amount 
of FP per scan, voxel-based neural approach (VBNA) is developed [13]. 

Each voxel of a region of interest (ROI) is characterized by a feature vector 
constituted by the grey level intensity values of its 3D neighbors (Figure 4) and the 
eigen values of the gradient and the Hessian matrices [18]. A feed-forward neural 
network is trained and tested by assigning each voxel either to the nodule or normal 
tissue target class. Finally a candidate nodule is characterized as “CAD nodule”, in this 
case if the number of pixels within its ROI is labeled as “nodule” by the neural 
classifier, it exceeds some qualified threshold. 

 

 
Figure 4. Voxel based neural approaches for reduction of false positive 
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5. Results and discussion 

The proposed CAD has been applied to CT images of 7 patients from LIDC database 
which includes 1100 slices. All the images have been preprocessed and lung region is 
extracted for each of them. The CT for each patient contains different number of 
nodules. The results of the presented CAD system are demonstrated in terms of 
sensitivity and false positive per scan. Since the candidate nodule detection step 
includes all nodules that have been marked by radiologists, the sensitivity of the method 
is 100%. In the final step false positive rate is reduced. The final results for each patient 
are seen in Table I. See figure 5.For each patient there are several types of nodules. The 
proposed method detects nodules attached to vessels or bronchial walls as well as solid 
nodules. Yet, most false positives detected by the method are associated to attached 
nodules. 

Table II shows the results obtained by other methods. We should note that the 
presented method in the literature has been evaluated against different datasets of lung 
images with different number and types of nodules. Precise comparison of methods is 
not possible unless the methods are tested on the same set of data. Also it has been 
shown that we can increase sensitivity of methods in the cost of increasing the false 
positive numbers. However we attempt to increase the sensitivity while keeping the 
false positive rate of the method low. The approach employed for candidate method is 
fast and easy to implement due to using various nodule patterns. 

Yet we could improve the method by evaluating against different set of data 
particularly with a focus on detection of nodules attached to anatomical structures in 
lung which cause the major part of false positive rate. 

 
Table 1. Results of the proposed classification method 

Image number Number 
of slices 

Numder of slices 
with nodules 

Number of 
nodule types Sensitivity False 

positive 
13614193285030025 269 5 4 100% 1 
13614193285030026 268 39 23 100% 2 
13614193285030027 136 17 24 100% 3 
13614193285030030 104 23 10 100% 2 
13614193285030031 109 13 23 100% 3 
13614193285030032 106 18 70 100% 4 
13614193285030033 116 11 13 100% 3 

 
Table 2. Results obtained by other methods 

method DataBASE sensitivity false positive rate 
BAE [5,19] 20 PATIENTS WITH 164 SOLID NODULES 91.2% 6.9 FPS/SCAN 
BROWN[7] 29 PATIENTS 77 NODULES 70% 15 FPS/SCAN 
PAIK[10] 8 PATIENTS 80% 1.3 FPS/SCAN 
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Figure 5. Results of the proposed CAD on one example image 

 

 

6. Conclusion 

In this paper a CAD system for lung nodule detection has been proposed. The 
proposed method consists of three main steps including lung parenchyma 
extraction,candidate nodule detection and false positive reduction.For candidate nodule 
identification we use a two phase method. First a threshold is applied to all the images 
to separate regions with higher gray values than background.These regions are then 
followed in consecutive slices to detect nodules from other structures in lung. Also a 
template matching approach is employed to find the similarity between the detected 
regions and 60 nodule patterns collected from LIDC dataset. Combined results from 
these two phases constitute candidate nodules. Finally in the third step features are 
extracted from candidate nodules and they are classified into nodules and false positives 
by a neural classifier.The proposed CAD for pulmonary nodule detection has been 
evaluated against several images in LIDC database and the results show progress 
comparing to previous methods. 

For the future we suggest to evaluate the method on different set of images with a 
concentration on identification of nodules attached to vessels or walls of lung which 
cause the major part of false positives. Currently CAD is employed as a second reader 
to assist radiologists for lung cancer detection. An enhancement on the available 
methods may be obtained by investigation of juxtavascular nodules in different datasets 
of thin-section CT scans of patients.  
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