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ABSTRACT 
The accurate segmentation of lung lesions from computed tomography (CT) scans is important for lung cancer detection. It helps 
in research and also provides valuable  information for clinical diagnosis and treatment. However, the process is challenging to 
achieve a fully automatic lesion detection. Here, a novel segmentation algorithm is proposed, its an improved toboggan algorithm 
with a three-step framework, which are automatic initial seed point selection, multi-constraints  lesion extraction and the final 
lesion refinement. This approach does not require any human interaction  for lesion detection. Yet, it provides a high lesion 
detection sensitivity and a comparable segmentation accuracy with manual segmentation. It is also compared with original 
toboggan based growing automatic segmentation approach (TBGA) method. The results had better segmentation accuracy. The 
average processing time consumption for lesion segmentation was also reduced using this new method. Thus, the improved 
toboggan algorithm can achieve robust, efficient and accurate lung lesion segmentation in CT images automatically. 
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INTRODUCTION 

 

Lung cancer is the most common cause of cancer –related death in men and second most common in 

women. In 2012, lung cancer occurred in 1.8 million people and resulted 1.6 million deaths [1]. Early detection 

and diagnosis of cancer provides survival benefit improvement. Overall, 17.4% of those in united states 

diagnosed by means of lung cancer survive for about five years after diagnosis, while its worse in developing 

world [1]. Deep analysis of radiographic images provides information about the microenvironment and also the 

need of intra-tumoral heterogeneity for personalized medicine [2]. Testing of large numbers of image features 

extracted from computed tomography (CT) with high throughput provides information about  spatial and 

temporal genetic heterogeneity by non-invasive way, which provides improved results than invasive biopsy 

which helps in medical research, computer-aided diagnosis, radiotherapy and also evaluations of surgery results 

[5]. For this purpose, accurate segmentation of lung lesions is the must. One method for lung lesion 

segmentation is radiologists delineate the lesion manually. First, they may overestimate the lesion volume to 

enclose the whole lesion. Manual description is also varying. Moreover, the processing time consumption for 

segmentation is also high. As a result, a highly robust, efficient and automatic lung lesion segmentation 

approach is required. 

However, accurate segmentation of lung lesions is also difficult because of the heterogeneity of the lesions. 

As shown in Fig 1, due to the diversity of lung lesions, segmentation accuracy is deficient. The shape, intensity 

and location of lung lesions change wholly. The intensity of lung lesions is sometimes close to the intensity of 

vessels, fissures or chest wall. Sometime, close to the intensity of lung field which is a imprecise finding on CT 

scans that indicates a partial filling of air spaces, partial collapse of lung alveoli [6]. Moreover, the influence of 
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the inbuilt noise in CT images can also be considerable. All these facts render that it is very challenging to 

achieve the precise detection of lung lesions automatically. 

Based on the CT data of lung, many researchers have  done relevant works to lung lesion segmentation.   D . 

M. Campos et al [3] proposed, a supervised lung nodule segmentation method  which uses a shape-based, 

contrast-based and intensity-based feature set to produce three preliminary segmentations and an artificial neural 

network to obtain a more accurate segmentation. The segmentation uses a region growing approach and the 

volumetric shape index to detect nodule and provides a seed point. The problem  in this segmentation method is, 

its time-consuming  and also requires human interaction for initial seed point  selection.  

 

   
 

   
 

   
 

Fig. 1: Different types of lung lesions 

 

In [4], S. Diciotti et al proposed, an automated correction method based on a local shape analysis of the 

initial segmentation making use of 3-D geodesic distance map representations. The advantage is, the nodule 

segmentation is done only for recognized vessel attachments. This method can also be used to any existent 

nodule segmentation algorithm for improving the segmentation quality. In [7] D. Wu et al proposed, a stratified 

statistical learning approach to recognize whether  detected nodule in CT images connects to any of three other 

major lung anatomies, namely vessel, fissure and lung wall. The system that detects the nodule integrates texture, 

gray scale, shape and curvature which was built to provide a reasonable segmentation input for the later 

classification  and also a new iterative fissure structure enhancement filter with superior performance  was 

presented. However, it is not applicable for weak texture lesions.  Farag et al proposed  a general lung nodule 

shape model  using implicit spaces as a signed distance function [8]. The shape model is fused with the image 

intensity statistical information. The nodule shape model is mapped to the image domain by a global 

transformation. By this the shape of nodule is analysed. But, the processing time utilised by this method is high. 

In [9],  a novel pathological lung segmentation method was proposed that takes into account  the neighbour prior 

constraints. Here, fuzzy connectedness algorithm was used to estimate the lung volume and texture features are 

used to identify the abnormal imaging patterns. 

In order to make the automatic lung lesion segmentation, it is necessary to develop an automatic and 

accurate method for the seed point selection. Using the algorithm of [10] the error caused by manual analysis 

was reduced and the accuracy  was also improved. A nodule detection method using iso-surface triangulation 

with varying thresholds and phenotypic features was proposed in [11] to detect lesions. Using the self-

organizing maps (SOMs) and artificial neural networks (ANNs) classification, it  obtained a detection sensitivity 

of 80% on CT images from the LIDC-IDRI. In [12], Divergence and multi-scale enhancement filters for nodule 

clustering were used. A genetic algorithm and ANNs were the final classifiers for false positive elimination.  

All the above mentioned methods provide feasible ways for lung lesion detection, but they require pre-

processing, such as contrast enhancement and entire lung volume segmentation and also the number of human 

interactions was  not clear. To provide fast, accurate and reliable lung lesion detection and segmentation for 

clinical diagnosis a new method has been proposed to overcome all the above issues. 

 

Methodology: 

The proposed method is a novel lung lesion seed point detection method based on the improved toboggan 

algorithm. It is proposed to achieve the automatic selection of the lesion seed point, which is one of the lesion 

segmentation problems. The proposed method consists of three steps: seed point selection, lesion extraction and 

lesion refining. First, the pre-processing is  done to remove the noise and thresholding is done to the CT image   
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Fig. 2 represents the overview of the proposed method. The input is a slice of CT image containing lung 

lesion(s). The pre-processing is done using Otsu thresholding to remove noise from CT image. For the selection 

of seed point, the improved toboggan algorithm is applied to segment the lung lesion image  automatically. The 

second step is, the lung lesion is segmented by the automatic region growing method with distance constraint 

and growing degree constraint. By the multi-constraints, other lung tissues are excluded on the original CT 

scans. Finally, in lung lesion refining stage, abnormal regions around the lung lesion are smoothened. 

 

A. Pre-Processing: 

Pre-processing is done initially. Here, Otsu thresholding is used in pre-processing stage to remove the noise 

from the CT lung image such that the segmentation can be done accurately. 

 

B. Seed point selection using  Original Toboggan algorithm: 

Toboggan method is a non-iterative, single-parameter, linear execution time method for selectively 

augmenting the contrast of multi-spectral images with random dimensionality [14]. It gives the gradient 

magnitude of an image; each pixel determines a slide direction by finding the pixel in a neighbourhood with the 

lowest gradient magnitude. Generally, several pixels will represent local minima in the gradient terrain within 

their own neighbourhood due to image features or noise [15]. Pixels that slide to the same local minimum are 

grouped together, thus segmenting the image into a collection of small region. It requires less memory space to 

store the data [16]. But, this method over segments the image pixels by sliding over the derivative terrain. The 

original toboggan algorithm is 

Step1: Calculate the gradient image. 

Step2: Scan the four neighbourhoods (or eight) of each pixel in the gradient image. 

Step3: Mark the pixels that slide to the local minimum 

Step4: Repeat the process for all pixels until all pixels in the image are segmented. 

By using these steps the toboggan algorithm undergoes the process to segment the image. The flow chart of 

the proposed  work is shown in the Fig. 2. 

 

C. Seed point selection using Improved Toboggan Algorithm: 

Improved toboggan algorithm helps to overcome the over segmentation caused by this conventional 

toboggan approach using a new algorithm for calculating the local minima. Multi-scale Gaussian convolution is 

used which could reflect image gradient changes in different directions. Besides, the highlighted noise would be 

eliminated by the improved toboggan algorithm. By the improved toboggan method, the highlighted vessels, 

tracheal wall and other noise in the gradient image will be moved into the lower value of the lung field while the 

lesion remains at a higher value. Therefore, the other tissues would be dimmed and the lesion could be enhanced 

in the label image for the subsequent automatic seed point selection.  

In this method, the toboggan gradient stack is used to store the local minima pixel. Instead of marking each 

small region with a unique label by the original method, small regions with the same minimum gradient value 

are marked as the same label, even when they are not morphologically connected. This approach can effectively 

minimize the over segmentation. For the new toboggan, an empty stack is pre-defined to store the local minima 

gradient pixels. Each new local minimum gradient magnitude will be compared with all of the existing elements 

in the stack. A value in the stack with the maximum similarity to the new local minimum would be returned to 

mark the original source pixel. Otherwise the new minimum will be pushed into the stack and used to label the 

source pixel 

 

 
Fig. 2: Flow chart of the proposed work 
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D. Lesion Segmentation: 

For the segmentation of lesion, the proposed region growing algorithm with distance constraint and 

growing degree constraint are described. A seed point is selected automatically in the lung lesion regions we 

obtained in section B. The multi-constraints have been proposed to control the lesion segmentation. As the 

intensity of vessels is close to that of the lung lesion, they are sometimes considered as part of the adjacent 

lesions. These tissues are massive obstacles for lesion segmentation. In the next section of “Lung lesion 

refinement”, a lung lesion refining method is used to exclude all incorrect vascularised regions and other tissues. 

A lung lesion refining method is used for more accurate lesion boundary detection. Since the iterative 

growing segmentation only uses gray scale information but neglects the morphologic characteristics of the 

lesion, incorrect segmentation exists. In the two adjacent lesion slices, for example, one slice includes a slender 

vessel but its adjacent slice does not. It is displayed as a change on the original transverse images. In this section, 

those changes will be smoothened for accuracy improvement. 

 

RESULTS AND DISCUSSION 

 

Both publicly available and in-house acquired datasets were used to evaluate the performance of improved 

toboggan  method. The slice thicknesses for these images ranges from 1.25 to 2.50 mm with a 0.70 mm × 0.70 

mm resolution. 

In this lung lesion automatic segmentation method using improved toboggan algorithm there is no human 

interaction for the  initial seed points selection and also in further segmentation process. 

The time efficiency of improved toboggan algorithm  is greatly improved compared to other existing 

segmentation methods. 

 

       
(a) (b) 

 

       
(c)                                            (d) 

 

       
(e)                                             (f) 

 

      
(g)                                           (h) 

                                   

Fig. 3: (a) input lung CT image, (b) Otsu threshold image, (c) noise removal image, (d) gradient image, (e) ROI 

based on original toboggan method, (f) output obtained based on original toboggan method, (g) ROI 

based on improved toboggan algorithm, (h) output obtained based on improved toboggan algorithm. 

 

The output obtained using the original toboggan method and improved toboggan method is been shown 

here. The three-steps framework for lung lesion segmentation is the best contribution of this proposed method. 
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An automatic lung lesion seed point(s) selection is the initialization, and then the lung lesion segmentation was 

performed without human interactions. The proposed method could achieve a high recognition rate of lung 

lesions. 

The tissues connected to the adjacent lesion with similar intensity of pixels, a high degree of recognition is 

lacking by the proposed method. So, Our future work will focus on the accurate boundary detection by using the 

feature extraction and classification of features so as to improve the accuracy. 

 

Conclusions: 

In this paper, an automatic, stable and quick-response lung lesion segmentation algorithm is presented, 

which has been tested for both  public and clinical dataset. The initial seed points were first detected using an 

improved toboggan method for lesion segmentation. Then, the lesion was extracted by an automatic growing 

algorithm with multi-constraints. Finally, the segmentation result was optimized by a lung lesion refining  

method. The important component of this work is that it does not require human interactions for lesion seed 

point detection. Compared with the previous lung lesion segmentation algorithms, better performance was 

obtained with improved time efficiency by our method. 
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