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Abstract 

Introduction. Determining the tumor (nodule) characteristics in terms of the shape, location, and type is an essential 

step after nodule detection in medical images for selecting the appropriate clinical intervention by radiologists. 

Computer-aided detection (CAD) systems efficiently succeeded in the nodule detection by 2D processing of computed 

tomography (CT)-scan lung images; however, the nodule (tumor) description in more detail is still a big challenge that 

faces these systems.  

Materials and Methods. In this paper, the 3D clustering is carried out on volumetric CT-scan images containing the 

nodule and its structures to describe the nodule progress through the consecutive slices of the lung in CT images.  

Results. This paper combines algorithms to cluster and define nodule’s features in 3D visualization. Applying some 3D 

functions to the objects, clustered using the K-means technique of CT lung images, provides a 3D visual exploration of 

the nodule shape and location. This study mainly focuses on clustering in 3D to discover complex information for a 

case missed in the radiologist’s report. In addition, the 3D-Density-based spatial clustering of applications with noise 

(DBSCAN) method and another 3D application (plotly) have been applied to evaluate the proposed system in this work. 

The proposed method has discovered a complicated case in data and automatically provides information about the 

nodule types (spherical, juxta-pleural, and pleural-tail). The algorithm is validated on the standard data consisting of the 

lung computed tomography scans with nodules greater and less than 3mm in size.  

Discussion and Conclusions. Based on the proposed model, it is possible to cluster lung nodules in volumetric CT scan 

and determine a set of characteristics such as the shape, location and type.  

Keywords: automated 3D Clustering, CT lung images, describing the nodule characteristics. 
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Аннотация 

Введение. После обнаружения на медицинских снимках узла (опухоли) необходимо определить его форму, 

локализацию и тип. Это важно для выбора вида клинического вмешательства и других аспектов работы 
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радиологов. Системы компьютерного обнаружения эффективно выявляют узлы с помощью 2D-обработки 

изображений компьютерной томографии (КТ) легких. Однако более подробное описание узла (опухоли) по-

прежнему представляет собой большую проблему. 

Материалы и методы. В рамках данной работы трехмерная кластеризация выполнялась на объемных КТ 

изображениях, которые дают представление об узле и его структуре. Эти материалы использовались для 

описания развития узла по последовательным срезам легкого. 

Результаты исследований. Объединены алгоритмы кластеризации и определения характеристик узлов в 3D-

визуализации. Некоторые трехмерные функции применили к объектам, сгруппированным методом K-средних 

КТ изображений легких. Такой подход обеспечивает визуальное изучение трехмерной формы и 

местоположения узла. Данное исследование в основном сосредоточено на кластеризации в 3D с целью 

получения сложной информации, пропущенной в отчете рентгенолога. Кроме того, для оценки предлагаемой 

системы в работе применили 3D плотностный алгоритм кластеризации пространственных данных с 

присутствием шума и еще одно 3D приложение — график. Предлагаемый метод обнаружил сложный случай и 

автоматически предоставил информацию о типах узлов (шаровидный, юкстаплевральный и плеврально-

хвостовой). Алгоритм проверен на стандартных данных, состоявших из сканов компьютерной томографии 

легких с узлами размером более и менее 3 мм. 

Обсуждение и заключения. На основе предложенной модели можно кластеризовать узлы легких при объемной 

КТ и определять набор таких характеристик, как форма, расположение и тип. 

Ключевые слова: автоматизированная 3D-кластеризация, КТ легких, описание характеристик узлов. 
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Introduction. Lung cancer is a leading cause of death worldwide among both men and women, with an impressive 

rate for nearly 10 million deaths in 2021. Around one-third of deaths from cancer are to smoking and second-hand 

smoke. Many cancers can be cured if detected early and treated effectively (1). 

Computed Tomography (CT) is one of the most commonly medical imaging techniques used in the screening of 

lungs by generating three-dimensional imaging modalities and shows the lesions that cannot be visualized by 

conventional chest X-ray. CT technology is used widely by clinicians to detect, analyze, and diagnose numerous 

asymptomatic disease lung diseases such as pulmonary nodules and lung cancers, that cannot be detected by other 

medical imaging technologies. Where, early detection of these diseases is an important of health promotion and chronic 

disease prevention. However, it is noted that a big challenge associated to radiologists is the analysis of huge amount of 

data generated by CT technology. Therefore, computer-aided diagnostic (CAD) is needed to provide a computerized 

diagnosis to assist clinicians for detection and interpretation of CT lung scans (2, 3). Segmentation and clustering are 

tasks that manipulate the medical image to extract significate information and reduce the search area of the region of 

interest in image components. Where, using clustering on volumetric scan of CT can provide more details about nodule 

shapes, characteristics, and their types which are suspected be missed by radiologists during the diagnosis. Additionally, 

it provides a precise description of lung’s tissues with low-intensity (4, 5). The outcomes of 3D clustering can improve 

the precision in diagnosis of lung by identifying the nodule structures in the different levels, and the number of 

nodules (6, 7). This study aims to improve the accuracy of three- dimensional clustering of lung’s nodules by using 

volumetric CT scans of lung. Where, the three-dimensional clustering efficiently can be used to observe the current 

nodule’s progress which serves significantly the early diagnosis of lung. Furthermore, the precise details that can be 

extracted from the three-dimensional clustering offers a high potential to detect nodules and lesions with less 

than 3 mm.    

Many studies focused on the possibility of developing a computer-aided system for diagnosing, detecting, and 

segmenting lung lesions in CT scans of lung (8). However, without using volumetric CT scans of lungs, the accurate 

identification and characterization of small pulmonary nodules have not been defined in the studies. Where, 

implementing quantitative analysis of CT scans of lungs face an obstacle due to inter-scan image intensity variations 

and irregular shapes of lung lesions. A major difficulty is encountered during clustering of lung’s lesions because of the 

complex characteristics of lung’s lesions and overlapping in intensity distributions in such cases. Additionally, some 

parts of lung’s lesions may not be distinguished correctly because of the image resolution and the complexity of 

diagnosing lung’s lesions in a visual examination. Therefore, a multi-dimensional CT scan is required to determine type 

and volume of lesions.  

https://doi.org/10.23947/2687-1653-2022-22-3-261-271
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Javaid, Javid (9) proposed an automated method for segmenting and recognizing the pulmonary nodules into juxta-

vascular or juxta-pleural. Where, thresholding and k-means were combined to segment lung and detect the pulmonary 

nodules respectively. Then, the pulmonary nodules were classified into sex groups according to percentage of 

connectivity with lung walls and thickness. Fetita, Preteux (10) developed a method for discriminating lung’s nodules 

from other dense structures by using volumetric space of the thorax. Where, the achieved false positive rate was 8.5 per 

exam. Fetita, Preteux (10) applied a three-dimensional active contour method to segment 96 lung’s nodules, then the 

texture features were extracted and classified into classes by a linear discriminant analysis (LDA). Ozekes and 

Osman (11) suggested a CAD system based on volumetric CT scans of lung to detect lung’s nodules which have 

diameters (3.5–7.3) mm. In this study, four classifiers were used to evaluated the suggested system.  

Furthermore, El-Baz, Elnakib (12) exploited the efficacy of genetic algorithm (GA) to isolate nodules, arteries, 

veins, bronchi and bronchioles from the surrounding anatomical structures based on volumetric and two-dimensional 

CT lung scans. It was proved that the lung nodules were recognized precisely when using volumetric CT scans. In this 

study, it was noted that the false positive rate was reduced significantly when utilizing volumetric CT scan of lung 

compared to two-dimensional CT scan. The achieved sensitivity and false positive rates were 82.3 % and 9.2 % 

respectively.   

In this study, we proposed a new system to describe automatically lung’s lesions in volumetric CT scans, as well as, 

determining the nodule numbers, type location, shape, progress of lesion. The main contribution of this study is to 

discriminant the complicated lung’s nodules that have non seen through the clinical routine. A successful system can 

improve the accuracy of the diagnosis process. The following research objectives focus on how the above aim will be 

achieved:  

– to extract the most distinct characteristics of the lung’s nodule to that helps to determine treatment decisions and 

predict expected outcomes; 

– to detect the complicated lesions cases that cannot be identified with certainty by radiologists; 

– constructing an efficient CAD system that can determine precisely lung’s nodules number and types. 

The rest of this paper is organized as follows. In Section 2, material and method will be described and the 

conclusion will be discussed in Section 3. 

Materials and Methods. The core-aim of the present study was to build an automated algorithm of clustering 

nodules from CT lung scans in an axial plane. The proposed algorithm is divided into three stages as shown in Fig. 1. 

First, the CT lung scan undergoes an enhancing process and separating of lung from background in the pre-processing 

stage. Then, the CT lung scan is clustered in 2D and 3D for detecting the vessel and nodules from normal tissue in the 

post-processing stage, as well as reducing the area region about nodules in 2D clustering while describes the nodule 

shape in 3D clustering. The results of 3D clustering are evaluated using two ways (3D-DBSCAN method and Plot.ly 

application). The evaluation stage confirms the outcomes precision of previous stage (post-processing) in detecting the 

number and shape of nodules that founded in the complex case, which is recorded in radiologist’s report.  

 

 

Fig. 1. The Proposed Model of Lung CT scan Clustering 

Data Collection This study included 85 lung CT scans with pulmonary nodules, were downloaded from the TCIA 

(Cancer Imaging Archive) website (13). The provided data was annotated and screened by four radiologists to 

determine and extract the diagnostic details of lung’s nodules such as number, size, location, volume, diameter, type of 

Pre-processing          Post-processing        Evaluation Stage 
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lung’s nodules. In addition to slice number of the pathological lung. Figure 2, shows samples of CT lung scans form the 

provided dataset in axial viewing. 

 

 

 

 

 

 

 

 

 

 

 

 

                                                                 a)                                                               b) 

Fig. 2. Lung CT slices in the axial view: a — healthy CT lung scan; b — pathological CT lung scan 

Pre-processing of Lung CT Scan. To reconstruct the CT images, a million of independent detectors are used to 

collect the x-ray signals. Subsequently, the CT artifacts may be occurred during the reconstruction process. Where, 

these artifacts cause intensity variations across consecutive re-constructed CT scan slices. Therefore, the lung CT scans 

are pre-processed by implementing a set of algorithms such as image enhancement by gaussian filter, intensity 

normalization by histogram normalization method, lung extraction by thresholding (1, 14) as shown in Fig. 3. 

 

Fig. 3. Lung boundary identification samples: a — Original CT image; b — Preprocessed CT image 

 

Three-dimensional Clustering. In this step includes implementation of a set of image pre-processing methods to 

prepare the CT scans of lung more appropriate for implementing the K-mean clustering method. Where, reduction of 

parenchyma tissue was achieved by isolating the intensity values that represents the vessels and nodules together. Then, 

vessels and lung’s nodules were separated by implementing the K-mean clustering method on each CT image 

separately. It is an efficient and non-supervised technique that allows the cluster center to shift and fit the ROI (15–17). 

Subsequently, any hole appearing in the clustered CT scan of lung is removed by implementing a set of morphological 

operations (1). Then, the clustered CT images of each patient were stacked into single a volumetric CT scan and 

underwent the 3D graphics functions later. 

Finally, a three-dimensional volume reconstruction from cross-sectional CT scans is determined by using isosurface 

function which was provided by MATLAB and used to measure the geometric computations of clustered data, and 

improved volumetric visualization of objects. Where, pixel coordination (x,y,z) and intensity values of pixel of each 

cross-sectional clustered scan was given as input to the function. Moreover, isocaps and isonormal functions were used 

to enhance produced the three-dimensional representation of the lung’s nodules and vessels. Consequently, the three-

dimensional clustering stage detects nodules, shape, type, and progress and finds out the unseen lesions in the CT scan 

of lung. The suggested algorithm was applied to cluster nodules and vessels in volumetric CT scan of lung.  

First step was the threshold, where each value of the intensity in the volumetric CT scans by a specific value to 

extract correctly the lung’s nodules from the CT scan of lungs by using Eq. 1.  
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 G(𝑥, 𝑦) = {
1       if P(𝑥, 𝑦) > T      

0         Otherwise
  (1) 

Where, 𝑃(𝑥, 𝑦) indicates the intensity values representing the nodules and vessels which are greater than the 

threshold value which is set experimentally. 

The second step used K-means clustering on each CT lung images individually to eliminate any undesirable holes 

that occurred in the clustering process. The output of clustering process was labelling pixels of CT images into two 

main clusters (nodules and vessels). K-means clustering implemented by using the following steps. 

1. Initialize k to specify cluster center, C=𝑐1, 𝑐2,..𝑐𝑘. 

2. Determining the distance between CT lung image’s pixels and the cluster centers by using Eq. 2:  

 𝑆 = ∑ ∑ ∣∣ 𝑥𝑖 − 𝑐𝑗 ∣∣2 𝑛
𝑗=1

𝑚
𝑖=1   (2) 

where, 𝑥𝑖  is an intensity pixel associated with m and n coordinates. 

3. Assigning the CT lung’s pixel with minimum distance to the nearest cluster’s center. 

4. Updating the cluster centers according to Equation (3): 

 Ci =
1

Ni,j
∑ xi,j

Ni,j

j=1
    (3) 

where, 𝑐𝑖 and 𝑁𝑖,𝑗 indicate the 𝑖𝑡ℎcluster center, and all pixels of the 𝑖𝑡ℎ cluster respectively.  While, 𝑥𝑖,𝑗 signifies all 

pixels of 𝑖𝑡ℎ cluster center.  

5. Repeating steps 2 to 4 until minimizing the objective function S to the lowest value. 

Finally, implemented a three-dimensional function on the labelled clusters of CT images to generate the volumetric 

data. Where, the volumetric data was plotted according to a set of calculations. The following procedure was used to 

combine the labeled clusters and produce lung’s nodule’s shape and type (18). Algorithm 1 shows the pseudo-code for 

the generating of volumetric lung’s nodule steps. 

 

Results. The plotted three-dimensional space of lung’s nodules enhanced visualization of nodules and vessels and 

provided more descriptions on the lung’s nodules than what extracted by two-dimensional space. Where, the former 

provides more details regarding shape and locations of lung’s nodules. Figure 4, shows an example of pathological lung 

that has two nodules with a red referral that are appear between slices no. 60 and 64. After implementing the three-

dimensional clustering, a thin tissue between lung’s nodules that is invisible by two-dimensional clustering, becomes 

visible to the radiologists. Furthermore, it extends through CT slices no. 61 to 63. Therefore, by depending on the two-

dimensional clustering leads to make the inspection process by the radiologist prone to error and may diagnose one 

lung’s nodule as two separated nodules.  

Moreover, the proposed system provides more details about the lung’s nodule type. Where, each lung’s nodule was 

classified into juxta-vascular and juxta-pleural nodules. Figure 5, reveals how an early lung’s nodule was detected and 

notified and this will help the clinicians to improve patient survival rates. Figure 6 shows how the lung’s nodules are 

connected through their center pixels. 
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Fig. 4. Original CT Lung scan between Slice 60 and 64 with a Red arrow to indicate Two Attached Nodules: a — Candidate Nodule 

in the 60th slice; b, c, d — lung Nodules through slices 61, 62, 63; e — Nodule in slice 64; f — Normal slice after slice 65 

 

 

Fig. 5. Three-dimensional Clustering of CT lungs Attached Nodules in 60th and 64th Slices 

 

 

 

   

            a)                                                        b) 

c)                                                        d) 

             e)                                                         f) 
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Fig. 6. Three-dimensional Clustering of two lung nodules that are located in different slices 

Although the three-dimensional graphic is evaluated visually, it is essential to evaluate quantitively the quality of the 

achieved results. The Density-based spatial clustering of applications with noise (DBSCAN) method and 3D plot.ly 

application were used to evaluate the performance of the proposed three-dimensional clustering method (19, 20). 

The DBSCAN method is one of the most popular and standard clustering techniques (21–23). It was used to set of 

nearby pixels are grouped to gather into a single cluster, and isolate the outlier pixels in a low-density area. The 

clustering process of this method depends on two key parameters (Epsilon and MinPts) that deal with core point in the 

volumetric space. Where, Epsilon is the distance that specifies the neighborhoods. Two points are considered to be 

neighbors if the distance between them is less than or equal to eps. While, MinPts represents minimum number of data 

points to define a cluster. Then, a point is considered as a core point if there are at least MinPts number of points 

(including the point itself) in its surrounding area with radius eps.   

DBSCAN method was modified to cluster the volumetric CT lung scans to compare its output with the proposed 

system in this study by comparing the cluster’s centers that were achieved by both methods. Where, DBSCAN inspects 

and connects all objects to the core pixels based on eps and MinPts measures. Synchronously, all the points that do not 

represent core points are ignored. Many advantages are achieved by using this method, first, no need to initialize cluster 

numbers like k-means cluster method. Secondly, random shaped clusters are discovered easily. Finally, if the data is 

fully understood, it is easily to specify the MinPts and ets parameters. 

Fig. 7 shows how the lung’s nodules were linked through CT slices. Where, the 3D-DBSCAN method evaluated the 

connection between attached nodules compare with the clustered lung’s nodules of the proposed system in this study. It 

is noted that the center’s pixels were approximately matched as shown in Fig. 8. Fig. 9, shows how the lung’s nodules 

were linked and spread by a thin line between CT slices no. 60
th

 and 64
th

. 

 

Fig. 7. 3D-DBSCAN clustering Method, yellow cluster refers to Linked Nodules,  

and other colors refer to the Remaining Nodules of the Same Patient 

 

DBSCAN Clustering (ε =5.691, MinPls=65) 

60 

50 

40 

30 
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Noise 
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Cluster #6 
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Fig. 8. 3D-DBSCAN clustering Method, yellow cluster refers to the Linked Nodules, Centers Pixels were recognized  

by Radiologist, and other colors refer to the Remaining Nodules 

 

Fig. 9. DBSCAN Method Just Clusters the Linked Nodules and Proves One Nodule 

Another 3D application was utilized in this study to evaluate the proposed system. It is named plot.ly application. 

This application used colored bubbles to locate pixels within the candidate nodule and its structures in different slices, 

as shown in Fig. 10 and Fig. 11. It was initialized by the coordinates of lung’s nodules centers and it extended 

consecutively through similar structures in neighbor CT slices. Moreover, it was essentially to initialize pixel size and 

pixel spacing of CT scan, which are determined by Eq. 4 and Eq. 5. 

 Pixel spacing(x − size, y − size) = (
(Field of view(FOV))

(Matrix Size) 
)

2

= (
360𝑚𝑚

512
)

2
= 0.7032  (4) 

𝑣𝑜𝑥𝑒𝑙 𝑠𝑖𝑧𝑒 = 𝑝𝑖𝑥𝑒𝑙 𝑠𝑝𝑎𝑐𝑖𝑛𝑔(𝑥 − 𝑠𝑖𝑧𝑒) × 𝑝𝑖𝑥𝑒𝑙 𝑠𝑝𝑎𝑐𝑖𝑛𝑔(𝑦 − 𝑠𝑖𝑧𝑒) × 𝑡ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠 = 0.703 × 0.703 × 2.5 = 1.235                (5) 

Where x and y indicate the distance from the center of one pixel to the center of an adjacent pixel in the X and Y 

axes respectively. It is determined by squared ratio of the CT image field of view to the image array size (512×512). 

The image parameters of the provided dataset; pixel spacing, thickness, and voxel size were (0.703/0.703), 2.5 and 

1.235 respectively. Fig. 12, shows the centered pixels of lung’s nodules were labeled with two colors: red and green that 

represented actual center that was recognized by radiologist and the determined center by the proposed system. The 

black and blue colors show the overlapped area between clusters in different slices, and the remaining pixels of the 

cluster areas respectively. Generally, the plotted volumetric lung’s nodules by the Polt.ly application and 3D-DBSCAN 
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methods proved the efficacy of the suggested system in this study. Where, all used methods described accurately the 

connected regions between linked nodules in CT lung scans.    

Fig. 10. Three-dimensional Plot of lung’s Nodules was distributed on Different Levels from Slice 60 to 64 

Fig. 11. Three-dimensional Plot of lung’s nodule of the same case in Fig.10 but from different view, Black Bubbles Represent the 

Overlapping between Nodules to Show the Connected Regions 

Fig. 12. The Overlapping between Centre Pixels of Clustered and Actual Nodule in the 60 Slice with 

Two Colors Red and Green Respectively 
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Discussion and Conclusions. The main objective of this paper was to build and implement a fully automated 

algorithm to describe the pulmonary nodules in CT lung images regarding shape and location matching the radiologist’s 

report. The proposed method could cluster the nodules and showed their shape, location, type, and progress within the 

lung organ. The final algorithm outcomes and case study were evaluated by other 3D clustering methods emphasizing 

the accurate research results. This work is performed within several stages, with different methods are used for this 

purpose. Firstly, threshold and K-means clustering segment the nodules and vessels of CT lung images as objects with 

high intensity in 2D images. With 3D function, the 2D clustered images are stacked to display the nodule progress in 

3D view. The algorithm results were validated by matching the center pixels of detected nodules by 3D Clustering and 

actual nodules reported by radiologists. In addition, the study identified a complicated case in the data, which is 

suspected the radiologists may miss because it was invisible. In this case, the algorithm proves and shows an attachment 

between two nodules making the nodules as one nodule against the radiologist’s report. The evaluation stage has been 

done by applying the 3D-DBSCAN and 3D application methods, which confirm the proposed method results precision 

for this work. The Clustering of 3D-DBSCAN demonstrates the number and location of nodules and reflects the nodule 

shape as far as to describe the type of nodule. Also, determining this case confirms the work abilities in the early 

detection of nodules, which provides a chance for recovery patient. Our algorithm has a promising result on the 

standard data of CT scan images in detecting the number and location of nodules, which correspond to radiologist 

report, and automatically providing nodule shape and type. 
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