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ABSTRACT 
 

In this paper, we present a computer aided diagnosis (CAD) system for lung nodule detection in 
computed tomography (CT) images. Here, the density values of pixels in CT image slices are used and 
scanning the pixels in 8 directions is evaluated. By using various thresholds while scanning the pixels, 
lung nodule shapes and parts of the normal structure shapes (blood vessels, bronchus etc.) are found. 
All shapes are labeled using connected component labeling (CCL). Two rules are used to distinguish 
lung nodules from normal structures. In the first rule, the euclidean distance of the shape, and in the 
second rule the regularity which is the ratio of euclidean distance to thickness of the shape is 
considered. The performance of the system is evaluated using a test set which contains totally 35 
normal and abnormal images, with 61 nodules. When results are compared with the second look 
reviews of a chest radiologist, it is seen that the system achieved 89% sensitivity with 0.457 false 
positives (FPs) per image. The proposed system which obtains high sensitivity with acceptable low 
number of false positives per image, may improve the computerized analysis of lung CTs and early 
diagnosis of lung nodules. 
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1. INTRODUCTION 
 
According to the World Health Organization 
(WHO), lung cancer is one of the world’s most 
common cancers, accounting for more than 1.2 
million new cases annually. Lung cancer, often 
presented in lung nodules, can be difficult to 
detect in its early stages. A pulmonary nodule is 
generally defined as a rounded opacity, at least 
moderately well marginated and no greater than 
3 cm in maximum diameter [1]. The most 
common causes for nodules detected by chest 
radiograph are granulomatous disease and lung 
cancer [2]. Other etiologies include solitary 

pulmonary metastases, hamartomas, and 
carcinod tumors [3,4]. Approximately 30% to 
40% of solitary pulmonary nodules identified by 
chest radiography are malignant [3,4]. The 
American Cancer Society (ACS) reports that 
many early stage lung cancers are diagnosed 
incidentally as a result of imaging studies 
requested for an unrelated medical condition. 
The discovery of X-rays by Wilhelm Conrad 
Röntgen, in 1895 [5], has revolutionized the field 
of diagnostic medicine [6]. Today many types of 
examinations have been replaced by computed 
tomography (CT) and/or magnetic resonance 
imaging (MRI). However, the accuracy and 
efficiency of viewing hundreds of source axial 
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images per exam are limited by human factors, 
such as attention span and eye fatigue.  
 
Researchers have developed various 
computerized lung nodule detection methods. 
For detecting lung nodules, Giger et al. [7] have 
used multiple gray-level thresholds to extract 
candidates, then, calculated 2-D geometric 
features such as perimeter, compactness and 
circularity for each candidate at each threshold. 
A rule-based approach was used to assign a 
confidence rating, in the range 1–5, to each 2-D 
candidate, with 1 being definite vessel and 5 
being definite nodule. Confidence ratings were 
modified based on ratings of the nodule in 
adjacent slices. 94% per-nodule sensitivity was 
achieved with 1.25 false positives (FPs) per 
patient. Armato et al. [8], [9] applied multilevel 
thresholding and a rolling ball algorithm toward 
detecting lung nodules. Shape and attenuation 
features were classified using linear discriminant 
analysis and the algorithm achieved 70% per-
nodule sensitivity with 1.5 FPs per axial section. 
Brown et al. [10] have presented an algorithm 
for both detection and surveillance of lung 
nodules in CT. Region-growing and 
morphological operators were used to create 
candidate locations. Attenuation, location, 
volume, and shape features were matched to 
model objects in a semantic net with fuzzy 
membership that serves as a generic a priori 
anatomic model. In the initial detection task, 
86% per-nodule sensitivity was achieved with 11 
FPs per patient.  
 
In this study, we design a CAD system for lung 
nodule detection in CT images. Using the density 
values of pixels in image slices and scanning 
these pixels in 8 directions with distance 
thresholds, lung nodule shapes and parts of the 
normal structure shapes (blood vessels and 
bronchus) are found. All shapes are labeled using 
CCL. Then, two rules are used to distinguish 
lung nodules from normal structures. Hence, the 
true lung nodules are detected successfully.  
 
2. MATERIALS AND METHODS 
 
Each CT slice used in this study is formed of a 
16 bit ASCII coded matrix with dimensions 512 
X 512. These ASCII codes are related with the 
density values of each pixel in slices. Using these 
ASCII codes density values in Hounsfield units 
(HU) are calculated. HU is a unit of x-ray 
attenuation used for CT scans, each pixel being 

assigned a value on a scale on which air is -1000, 
water is 0, and compact bone is +1000 [11]. The 
dataset used in this study is formed of training 
set and test set. While system is designed using 
the training set, test set is used to evaluate the 
efficiency of the proposed system. For the 
training set 14 abnormal slices with 43 nodules 
and 6 normal slices are chosen randomly. One of 
these slices can be seen in Figure 1. When this 
training set is examined, it is determined that 
density values of the nodules are between 
“minimum density threshold” and “maximum 
density threshold” values.  
 

Figure 1. A CT image slice 
 
2.1 EXTRACTION OF CANDIDATE 
LUNG NODULE REGION 
Pixels, which form the candidate lung nodule 
region, must be members of a set of adjacent 
neighbour pixels with densities between 
“minimum density threshold” and “maximum 
density threshold” values. It has been observed 
that diameters of lung nodules are between upper 
and lower boundaries. So, to understand whether 
a pixel is in the center region of the shape, first, 
diameter of the shape (assuming the pixel in 
question is the center) should be considered. In 
this stage, we introduce two thresholds which 
form the boundaries. As seen in Figure 2, one is 
the “minimum distance threshold” representing 
the lower boundary and the other is the 
“maximum distance threshold” representing the 
upper boundary.  
 
If a pixel has adjacent neighbours that are less 
than “minimum distance threshold” or more than 
“maximum distance threshold” in 8 directions, it 
could be concluded that this pixel couldn’t be a 
part of candidate lung nodule. Otherwise, it 
could be a part of candidate lung nodule. 
Examples of determining the pixels to be a part 
of candidate lung nodule can be seen in Figure 3. 
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While the pixel under investigation in Figure 3a 
and 3b is not a part of the candidate lung nodule, 
in figure 3c it is a part of the candidate lung 
nodule. The values of minimum and maximum 
distance thresholds are dealt with the resolution 
of the CT image. These thresholds are used to 
avoid very big or very small structures such as 
parts of chest bones or heart and vertical vessels. 
 
 

 
Figure 2. Minimum and maximum distance 
thresholds in 8 directions 
 
At first step, to find all shapes (including lung 
nodules, blood vessels and other structures) 
which have density values between “minimum 
density threshold” and “maximum density 
threshold”, 0 pixel is assigned to “minimum 
distance threshold” and 5 pixels are assigned to 
“maximum distance threshold”. Assigning 0 to 
“minimum distance threshold”, we aimed to find 
all the shapes conforming the density constraints. 
The reason of choosing 5 as “maximum distance 
threshold” is that, it is the best and the most 
efficient number to be assigned which have been 
found by trial and error method. If the pixel 
meets conditions explained above, pixel’s 
coordinates are recorded to be one of the pixels 
forming the candidate lung nodule region of the 
slice. As seen in Figure 4 in grey color, at the 
first step scanning the CT by assigning 0 pixel to 
“minimum distance threshold”, shapes including 
blood vessels, lung nodules and other structures 
which have suitable density values, are found. 
 

 
(a) 

 
(b) 

 
(c) 

 
 
Figure 3. Examples of scanning with 
minimum and maximum distance thresholds 
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Figure 4. Lung nodules, blood vessels and 
other structures with suitable density values 
when “minimum distance threshold” is 0 pixel 
and “maximum distance threshold” is 5 pixels 
 
 
At second step, to eliminate small and thin 
shapes, 1 pixel is assigned to “minimum distance 
threshold” and 5 pixels are assigned to 
“maximum distance threshold”. If the pixel 
meets the conditions above, pixel’s coordinates 
are recorded to be one of the pixels forming the 
candidate lung nodule region of the slice. As 
seen in Figure 5, scanning the CT by assigning 1 
pixel to “minimum distance threshold”, we find 
shapes which are more similar to some parts of 
blood vessels and candidate nodules. If a shape is 
too small and thin, its pixels couldn’t have a 
number of adjacent neighbour pixels greater than 
or equal to the value of “minimum distance 
threshold”. So, it should be erased. 
 

 
Figure 5. Lung nodules and parts of blood 
vessels remained with suitable density values 
when “minimum distance threshold” is 1 pixel 
and “maximum distance threshold”  is 5 pixels 
 

2.2 RULE BASED DETECTION OF 
TRUE LUNG NODULES 
The problem here is that, some shapes look like 
nodules as in Figure 5, which are actually parts 
of the blood vessels. At the third step, to find the 
real lung nodules by distinguishing them from 
normal structures such as blood vessels and 
bronchus, we look at Figure 4, label each shape 
by using connected components labeling (CCL) 
and record the coordinates of each pixel of each 
shape.  
 
CCL works by scanning an image, pixel by pixel 
(from top to bottom and left to right) in order to 
identify connected pixel regions - i.e. regions of 
adjacent pixels which share the same set of 
intensity values V [12]. The CCL operator scans 
the image by moving along a row until it comes 
to a point p (where p denotes the pixel to be 
labeled at any stage in the scanning process) for 
which V={1}. When this is true, it examines the 
four of the neighbours of p which have already 
been encountered in the scan (i.e. the neighbours 
(i) to the left of p, (ii) above it, and (iii and iv) 
the two upper diagonal terms). Based on this 
information, the labeling of p occurs as follows 
[13,14]: 
  

• if all four neighbours are 0, assign a new 
label to p, else  

• if only one neighbour has V={1}, assign its 
label to p, else  

• if one or more of the neighbours have 
V={1}, assign one of the labels to p and 
make a note of the equivalences.  

 
After completing the scan, the equivalent label 
pairs are sorted into equivalence classes and a 
unique label is assigned to each class. As a final 
step, a second scan is made through the image, 
during which each label is replaced by the label 
assigned to its equivalence classes. For display, 
the labels might be different grey levels or 
colors. 
 
As seen in Figure 4, grey colored shapes are lung 
nodules, blood vessels and other structures which 
have densities between “minimum density 
threshold” and “maximum density threshold”. 
Also by looking at Figure 4, it can be realized 
that blood vessels and lung nodules have 
different morphologies. While lung nodules are 
thicker and circular, blood vessels are thinner 
and longer. So, to distinguish true lung nodules 
from normal lung structures (mainly blood 
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vessels) by using their morphologies, 2 rules are 
taken into account. In the first rule, the euclidean 
distance of the shape and in the second rule the 
regularity which is the ratio of euclidean distance 
to thickness of the shape is considered. We now 
explain these rules explicitly. 
 
Rule 1: As mentioned above, lung nodules are 
circular, but blood vessels are long and thin. We 
can distinguish these two structures by 
calculating their euclidean distances. Because 
blood vessels are longer than lung nodules, it is 
expected that their euclidean distances are 
bigger. So, we use an “euclidean distance 
threshold” and assume that, for a shape to be a 
blood vessel candidate, its euclidean distance 
must be bigger than the “euclidean distance 
threshold”. Otherwise, it would be a lung nodule 
candidate. The euclidean distance is calculated as 
follows:  
 

( ) ( )2minmax
2

minmax yyxxEd −+−=         (1) 
 

Rule 2:  As mentioned above, blood vessels are 
thinner than lung nodules. We can distinguish 
these two structures by calculating their 
thickness and regularity. The regularity of a 
shape is the ratio of its euclidean distance to its 
thickness. Because blood vessels are thinner than 
lung nodules, it is expected that their thickness is 
smaller and their regularity is bigger. So, we look 
for the thickness to compare the regularity of the 
shape with “regularity threshold”. For a shape to 
be a candidate blood vessel, its regularity must 
be bigger than the “regularity threshold”. 
Otherwise, it would be a lung nodule candidate. 
 
To calculate the thickness of the shape, we first 
find the center coordinates. The center 
coordinates (xc,yc) are calculated as follows: 
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As a further step, yc min (minimum y coordinate 
corresponding to xc), yc max  (maximum y 
coordinate corresponding to xc), xc min (minimum 
x coordinate corresponding to yc) and xc max 
(maximum x coordinate corresponding to yc) 
coordinates are found. Using these values, the 
height and width are calculated as follows: 

 
 minmax cc yyheight −=             (4) 

 
minmax cc xxwidth −=            (5) 

 
To find the minimum thickness of the shape 
which we denote by S, the smaller one of height 
and width is chosen for the reasons explained 
above: 

 
S = min(height,width)                    (6) 

 
And finally, the regularity (R) is calculated as 
follows:  

S
ER d=              (7) 

 
If these 2 rules are both valid for the same shape, 
it means that the euclidean distance of the shape 
is bigger than the “euclidean distance threshold” 
and the regularity of the shape is bigger than the 
“regularity threshold”, the shape is a blood 
vessel. Because shape is not a true lung nodule, it 
is erased from Figure 5. These operations are 
repeated for all shapes and finally Figure 6 is 
obtained showing only true lung nodules with 
grey color.  
 

 
Figure 6. True lung nodules in the CT image 

slice. 
 
 
3. RESULTS 
The efficiency of our CAD system evaluated 
using the test set which contains 22 abnormal 
images with 61 nodules and 13 normal images. 
For various “euclidean distance threshold” and 
“regularity threshold” values the following 
results are achieved: 0.76 sensitivity with 0.142 
FP/image, 0.84 sensitivity with 0.257 FP/image, 
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0.89 sensitivity with 0.457 FP/image, 0.93 
sensitivity with 0.828 FP/image and 0.95 
sensitivity with 1.4 FP/image.  
 
Figure 7 shows the free-response receiver 
operating characteristic (FROC) curve which is a 
plot of operating points showing the tradeoff 
between the sensitivity versus the average 
number of false positives per image. See Figure 
8 for the detected nodules and a FP in a slice. 
Nodules are shown with white circles and the FP 
is shown with a black circle. 
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Figure 7. Free-response receiver operating 
characteristic curve showing the performance 
of the nodule detection task 
 

 
Figure 8. The detected true lung nodules in a 
CT image slice 
 
4. CONCLUSIONS 
In this paper, we develop a CAD system to 
automatically detect lung nodules in CT images. 
Use of CAD as a second reader may not only 
decrease the number of missed nodules, but also 
improve clinical efficiency. Morphological 
analysis of nodules is facilitated by computerized 
techniques. With computer-aided analytical 
techniques, one is more capable of studying the 
internal architecture of nodules. 

This diagnostic system is constructed on image 
processing techniques and medical knowledge. 
We present the effectiveness of our system by 
applying it to patient’s data and comparing the 
results with the second look reviews of a chest 
radiologist. The results show that when fully 
developed, a CAD system may improve the 
accuracy and efficiency in lung nodule detection.  
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