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ABSTRACT

Lung cancer is proving to be a catastrophic threat to the mankind and is main cause of deaths among other
cancer related casualties. The presence of solitary pulmonary nodules in human lungs in the form of
benign or malignant determines the gravity of lung ailment. This survey focusses on different techniques
used to detect and classify the lung nodules which in turn will assist the domain experts for better
diagnosis. Among many imaging modalities Computed Tomography (CT) being the most sought after
because of its high resolution, isotropic acquisition which helps in locating the lung lesions. Since the
volume of the CT scans are very large, Computer Aided Detection/Diagnosis (CAD/x) has more advantages
in addition to manual interpretation with respect to speed and accuracy. This paper attempts to summarize
various methods that have been proposed by several authors over the years of their research.
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1. INTRODUCTION

Human lungs are pair of large, spongy organs that help to respire which constitutes the respiratory
system. The main chore of this system is to make fresh air (oxygen) into and get waste gases
(carbon dioxide) out of the body [1]. The windpipe - trachea, transmits inhaled air in to the lungs
through tubular branches-bronchi, which divides further in to smaller branches called bronchioles.
The bronchioles ultimately culminates in bunch of air sacs called alveoli, where oxygen from the
air is absorbed in to the blood. Carbon dioxide the waste product of metabolism moves from
blood to alveoli where it is exhaled

Cancer is when cells in the body begin to grow out of control. In cancerous cells the DNA which
is present in every cell is not repaired after damage rather these cells grow and form new
abnormal cells. Among many other cancers, Lung cancer is an aggressive and heterogeneous
disease and is the leading cause of cancer related deaths resulting in more deaths than other
cancers combined. As per the statistics of American Cancer Society, lung cancer is the major
cause of the cancer related death in USA. The estimates of new cases and deaths in 2012 are 2,
26,160 and 1, 60,340 respectively. In 2013 the estimated new cases and deaths are 2, 28,190 and
1, 59,480 [1] respectively. In India approximately 63,000 lung cancer cases are reported every
year. When a person has lung cancer, then they have abnormal cells that cluster together to form a
tumour (nodule). Not all tumours are cancerous. These non- cancerous tumours are called benign
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nodules. The other cancerous nodules that grow without order, control and obliterate the healthy
lung tissues around them are called malignant nodules.

Lung cancer is classified into two types (i) Small Cell Lung Cancer (SCLC) which constitutes
10% to 15% of all lung cancers and (ii) Non-Small Cell Lung Cancer (NSCLC) which shares
80% to 90% of lung cancers. Though early stages of NSCLC - stages I, II and IIIA, can be treated
with remedial lung resection, advanced stages- Stages IIIB and IV, have very gloomy prognosis

[2].

A Computer Aided Detection System (CAD) is one of the principal research streams in medical
imaging and diagnostic radiology. A well-developed CAD helps in processing image for
detection and extraction of abnormalities and also aids in classification of image features between
normal and abnormal. In most of the cases CAD offers a very useful second opinion when
radiologist examine patient at cancer CT screenings. A CAD system is instrumental in reducing
the number of false negative diagnosis [3].The success of a CAD system is measured in terms of
accuracy in diagnosis, speed and its degree of automation.

Amid various non-invasive medical imaging modalities such as X-RAY, Magnetic Resonance
Imaging (MRI), Positron Emission tomography (PET), PET-CT, the Computed Tomography
(CT) is widely used for spotting and diagnosing lung nodules. Since the invention in 1972 by
G.N.Hounsfiled, the advancement in CT imaging has contributed in a great deal to the field of
Pathology. CT has been influential in increasing the survival rate by diagnosing the life
threatening ailments, mainly the cancer [4]. Recent CT scanners exhibit isotropic acquisition of
whole chest with very high resolution within a single breath hold.

A typical lung nodule detection scheme is shown in Figure.1, which comprises of the following
sequences of processing steps. Image Acquisition, Image Enhancement, Lung Parenchyma
Segmentation, Candidate nodule Detection, False Positive Reduction and Nodule Classification.
These steps are explained in the following sections.
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duc

4
b
—
|

Nodule
Classification

PRE-PROCESSING SEGMENTATION

Figure 1. Processing steps in typical Lung nodule detection scheme

2. IMAGE ACQUISITION

To design a CAD for lung nodule detection system, CT images are well preferred as offers
visualization of low contrast or small volume nodules by diminishing the slice thickness. Lung
CT images can be acquired from publicly available databases namely Early Lung Cancer Action
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Program (ELCAP) [5], Lung Image Database Consortium (LIDC) [6] or Medical Image Database
[7]. As per the literature there are other imaging techniques and many private databases used by
the researchers, which are obtained from private hospitals.

3. PREPROCESSING

Since the Digital Imaging and Communications in Medicine (DICOM) images with noise uses the
reconstruction method to enhance resolution denoising these original images is necessary.
Preprocessing of an image refers to the procedure of enhancing the quality and interpretability of
the input lung image by reducing the noise and unwanted artefacts. In lung CT scans,
preprocessing improves the visibility of pulmonary nodules. Types of filters used in
preprocessing phase are Laplacian of Gaussian filter (LOG), Ring Average filters, Median filters,
Morphological filters, Selective Enhancement Filter and so on.

3.1. Selective Enhancement filters

Various types of selective enhancement filters are used to enhance blob like structures and to
suppress vessel like structures by [8] [9] [10] [11] and [12] recommended a selective
enhancement filter to enhance dot like objects and to repress lung vessels. Cylindrical and
spherical filters were combined for a better visualization of nodules by [13].

3.2. LoG filter

The Laplacian of Guassian (LoG) filter is preferred in enhancing blob like structures whose
intensity is differs from that of background. [14] used LoG filters to enhance the input image.
[15] and [16] recommended LoG filter for enhancement.

3.3. Median filter

Median filter was used by [17] and [18] to remove the noise from the image. The advantage of
this filter is that it doesn’t distort the edges.

3.4. Other filters

Prewitt filter was used by [19] to enhance the horizontal edges. 3D filter was 1. introduced by [20]
to orient the Ground Glass Opacity nodules. [21] Compared several filters and used a linear
smoothing filter called adaptive Weiner filter for studies. To denoise and preserve the spherical
structures 3-D Coherence-Enhancing Diffusion (CED) filter is used on the acquired CT images by
[22]. Bilateral filters are used to remove the noise in the image by [23]. 2-D Mutiscale filters are
used by [24] to search for blob like geometrical structures in image. A summary of the
enhancement methods and a note of remarks are given in the Table 1.
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Table 1. Summary of various enhancement methods

Study

Method

Features/Results

Takabhiro et al. [8]

Selective Enhancement Filters

Enhance blob like structures,
Suppress vessel like
structures

Sun et al.[11]

Selective Enhancement Filters

Enhance dot like objects,
Repress lung vessels

Chen et al. [13]

Combination of Cylindrical

Better visualization of

and Spherical Filters nodules

Vijaya Kishore et al. [19] Prewitt Filter Enhance horizontal edges

Oda et al. [20] 3D Filter Orientation of the Ground
Glass Opacity nodules

Sergei V. Fotin et al. [14] LoG filter Enhance the blob like
structure

Hong Shao et al. [21] Adaptive Weiner Filter Denoising, smoothing

Shingo et al.[24] 2D Mutiscale Filter Search and enhance blob like

structure

4. LUNG PARENCHYMA SEGMENTATION

Image segmentation is a technique of partitioning an image in to multiple regions of the lung
refers to the process of extracting the lung region from other anatomical parts of the body in chest
CT images. This process plays a vital role in nodule detection by improving accuracy and
precision that helps in early diagnosis of lung cancer. An accurate segmentation will reduce the
computational cost of detection.

In CT image of a lung, the anatomical structures that may require segmentation are lungs
themselves, the airways, the vessels, lung lobes. Segmentation is a complex activity due to
pulmonary structures of similar densities namely arteries, veins, bronchioles and different
scanners used. Numerous publications have addressed the issue of segmentation of lungs. The
proposed techniques are measures with respect to accuracy, processing time and level of
automation. Mostly used segmentation techniques can be classified as methods based on
thresholding, deformable boundaries, edge detection and shape models.

Lung is a sack of air in the body which exhibit as darker regions in CT images compared to other
parts of the chest. This fact has motivated the researchers to explore an optimum threshold which
separates the lung from other tissues. The majority of the research in the segmentation revolved
around techniques such as thresholding, multiple thresholding, optimal thresholding, adaptive
thresholding, region growing, graph cuts, active contour model, hybrid segmentation, fuzzy c
means clustering, morphological operations and so on.

4.1. Thresholding

In thresholding techniques selecting the threshold level and in region growing approach selecting
a seed point has a greater impact on segmentation outcome. The recent methods use model based
and optimization methods as compared to earlier heuristic based approaches. [25] obtained a
threshold that separates the lung from other tissues. Region growing followed by Connected
Component Analysis method was proposed by [26] to extract the lung region. [27] proposed an
accurate segmentation method with four step. (1) Extracting the airway from lung region
(2)Removal of pulmonary arterial and venous vessel trees by finding a suitable threshold (3)
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Using a largest threshold to separate right and left lung (4) Morphological smoothing of lung
boundary . [28] performed the segmentation using histogram analysis followed by Connected
Component Labeling (CCL) and morphological closing operations to smother the segmented
lung.

The accuracy of threshold based segmentation depends upon image acquisition protocol and
acquisition type. In most of the cases the concentration of pulmonary constructs, say arteries,
veins, bronchi are very much near to the concentration of chest tissues. To overcome this
inhomogeneity in the densities in the territory of lung, further rigorous post processing is
required.

4.2. Deformable boundary models

Deformable boundary models such as active contours, level sets were also used in segmentation.
Active contours or snakes are capable of extracting the Region of Interest. A parametric
deformable model was used [29] to separate lung region. The deformable models had serious
problems pertaining to speed, initialization and convergence with boundaries.

4.3. Shape based Methods

To enhance the accuracy, shape- based segmentation techniques where the prior information
about the lung shape is added to the image signal. [30] used nodule gradient to improve shape
based segmentation. To segment ellipsoidal nodules, [31] recommended multi scale Gaussian
intensity model. Active Shape model (ASM) was proposed by [32] to extract the lung fields. [33]
and [34] suggested a way to use shape based model of a normal lung to extract a pathological
lung. A graph based search method with the information about intensity, gradient and rib to
automatically segment the lung was proposed by [35].

4.4. Edge Based Approach

The edge based segmentation algorithms extensively used edge detector filters and wavelet
transforms. [36] used first derivative Gaussian filters to spot an outline of lung borders. Laplacian
of Gaussian (LoG) operator was used to find a continuous lung contour which was combined
together to extract the final lung region. Edge point detection method using spatial edge detection
filters with closed contour for lung boundaries was proposed by [37].

4.5. Atlas Based Approach

Another novice approach to extract the lung fields is atlas based segmentation. An atlas is a
composite image consists of segmented and co registered images of several objects. [33] used
elastic registration toolbox to extract the lung with probabilistic atlas. Statistical atlas and graph
cuts were used to enhance the segmentation precision by [38]. Table 2 presents the summary of
various methods in Lung parenchyma segmentation and their performance.
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Table 2. Review of Lung Parenchyma Segmentation Methods on CT images

Study Method 2D/3D Dataset Performance
Iterative threshold
. ’ 24 datasets from | Root mean square
Huetal.[25] Morphploglcal 3D 8 subjects Difference:(()l.54mm
Operations
Mendonca et Spatial edge 47 image Sen§ 1.t1v1ty:9.2 '2.5%
al.[37] detector 2D radiographs Positive predictive
' value=96.8%
Region growing, Root mean square
Yim et al [26] Connected 3D 10 cases Difference=1.2 pixel
component
Overlap Measure=81.65%
Sluimer et al. Mean Absolute surface
[34] Shape based 3D 26 cases Distance=1.48mm
Hausdorff
Distance=13.45mm
Sensitivity=91.74%
Specificity=95.84%
Campadelli et | Spatial Edge D 487 image Positive Predictive
al [36] Detector radiographs value=91.97%
Accuracy=94.37%
Dice Similarity
Gao et al. [27] | Thresholding 2D 8 cases Coefficient=99.46%
Hausdorff
Hua et al[35] Graph-search 3D 15 cases ]s);;tszi?&ljggpégl
Specificity=99.5%

5. CANDIDATE NODULE DETECTION

A pulmonary nodule is almost spherical shaped opacity measuring less than 3cm in diameter
surrounded by lung parenchyma. Its shape can be deformed by the neighbouring vessels or
pleural surface. 4 types of nodules identified by [39] were,

(1) Well-circumscribed: The nodules is at the core of the lung tissue without being connected to
vasculature.

(2) Vascularized: The nodule is at the centre of the lung filed but is significantly connected to the
surrounding lung vessels.

(3) Pleural Tail: The nodule is located near the pleural surface, connected by a thin structure.

(4) Juxta pleural: A substantial portion of the nodule is connected by a thin structure.

Nodule detection is a process of identifying the nodules and their location in the lung field. The
success of this process heavily depends on the accuracy of the lung parenchyma segmentation and
false positive reduction method. Well-circumscribed nodules detection is relatively easy as they
are isolated in nature. But the detecting the other three types is a challenging task as these types
generate mostly false positive results.

Numerous methods have been proposed for detecting the candidate lung nodules. Thresholding,
Morphological processing, template matching, adaptive thresholding, watershed algorithm, region
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growing approach, wave front algorithm, bounding box method, grey level thresholding, rolling
ball algorithm, rule based method, clustering, connected component analysis and a combination
of these methods have lead to other methods of segmentation.

5.1 Thresholding

A combination of thresholding and rule based method was proposed by [40] to identify the
location of nodules. [41] used Bounding box method, gray level thresholding and rolling ball
algorithm for segmenting lung nodules followed by a dot enhancement filter applied on three
directions. Thresholding and multi scale morphological filtering were implemented by [42] to
detect SPNs. [19] applied thresholding techniques followed by watershed algorithm and region
growing technique to attain more accurate segmentation of nodules. Adaptive threshold technique
was used on twice segmented lung filed to select candidate nodules by [43].

5.2 Morphological Approach

Morphological based segmentation was used by [44] to detect the pulmonary nodules. Non Juxta
pleural nodules and Juxta pleural nodules were segmented from a huge set of CT scans by [45]
using morphological operations which extracted both small and large nodules. [46] proposed the
successive use of thresholding and morphological operations to extract SPNs.

5.3 Template Matching

Template matching methods to segment the SPNs were used by [47] [48] that could detect the
circular /semicircular nodules. [49] developed both circular and semicircular templates to detect
nodules residing inside and on the boundaries of lung region. This circular, spherical hypothesis
is not enough to portray the actual geometry of nodules. Lesion’s geometry can be irregular due
to their attachment to the pleural surface or lung vessels. A variational level set segmentation was
proposed by [50] [51] where a signed distance function was used to represent a 2D contour
followed by template matching algorithm to extract juxta pleural nodules. [52] proposed an
Active appearance Model (AAM) with template matching and registration to detect SPNs.
Template based approach for the segmentation of nodules was implemented by [53].

5.4 Other Methods

Channeler ant model was used by [54] for segmenting candidate nodules. [55] adapted Kernel Rx
Algorithm used in military imaging application to segment lung nodules. Median filters,
morphological dilation and erosion filters were further used to improve the quality of
segmentation. Summary of various approaches proposed by active researchers and their
performances are presented in the Table 3.

Table: 3 Literature survey of various Solitary Pulmonary Nodule detection approaches

Study Method Dim | Noof | Accuracy | Sensitivity | Specificity
Cases | (in %) (in %) (in %)
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Roozgard et | Watershed Algorithm,
al.[55] Median Filter, 2D 12 - - -
Morphological Dilation
and Erosion Filter
Si Guang-lei | Thresholding, 2D 85 90.5 -- --
et al.[45] Morphological Processing
Takahiro et Thresholding, 2D 31 96.9 - -
al.[8] Watershed Algorithm
Vijaya Thresholding, 2D -- -- -- --
Kishore et Watershed Algorithm,
al.[19] Region Growing
Segmentation
Maria 3D Region Growing 2D 138 -- 80 --
Evelina et Method,
al.[54] Wavefront Algorithm,
Morphological
Operations
Amal Farag | Template Matching 2D 50 -- -- --
et al.[52]
Mickias Template Matching 2D 165 81.21 -- --
Assefa et
al.[49]
Amal Farag | Template Matching, 2D 50 -- -- --
et al.[52] Registration
Hong Shao Template Matching, 2D 130 90.35 89.47 90.52
et al. [43] Adaptive Threshold
Technique
Hiram Template Matching, 2D 61 82.66 96.15 52.17
Madero et Watershed Algorithm
al.[66]
Amal A Variational Level Set 2D 50 70 -- --
Farag et Segmentation,
al.[51] Template Matching
Wei Ying et | Thresholding,
al.[42] Morphological Filtering,
Boundary Extraction 2D 20 -- 94.6 --
Morphological Filtering
Yang Liuet | Bounding Box Method, 2D 32 -- 94 92
al.[41] Gray Level Thresholding,
Rolling Ball Algorithm,
Dot Enhancement Filter
Wei Guo et Best Weight 2D 29 90.73 94.77 --
al.[42] Segmentation,

K-means Clustering and
Filtering

6. FALSE POSITIVE REDUCTION
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It is the process of eliminating false positive cases i.e. purge the nodule likes, incorrectly detected
anatomical lung structure during candidate lung nodule detection process. Most of the CAD
systems face problem because of relatively large number of false positives which affects the
diagnosis, lowers the confidence of a radiologist using such a CAD scheme.

The methods mostly used for false positive reduction of nodules are rule based method, Neural
Network classifiers, Selective enhancement filter, Support Vector Machines (SVM), Linear
Discriminant Analysis (LDA) classifiers.

Rule based classifiers followed by artificial neural network classifiers were used to reduce FPs by
[56]. [57] devised a highly nonlinear Massive Training Artificial Neural Network Classifier
(MTANN) for false positive reduction of SPNs. Dot enhancement filters and neural network
classifiers were used for FP reduction by [58]. Selective enhancement filters were used by [59] to
reduce FPs by suppressing the vessel-like structure. SVM classifiers are used to by many
researchers to enhance the true positives. [41] used 3 SVM classifiers to reduce FP’s. A two stage
method to address the false positive reduction was proposed by [60]. First, a rule based classifier
was used for quick removal of FPs followed by Multiple Massive Training Support Vector
Machine (MMTSVM) which clearly separates nodule and non-nodules.

A supervised classification method, LDA was used by [61]. Voxel (Volumetric pixel) based false
positive reduction methods were used by [62] [63]. [49] extracted intensity based and multi
resolution based features such as mean, energy, entropy etc. to reduce the false positive cases.

7. NODULE CLASSIFICATION

After the candidate nodules are detected and false positives are reduced, the resultant set of
nodules must be classified to be benign or malignant ones. Most of the pulmonary nodules are
benign but they may represent an early stage of lung cancer. Early detection of a malignant
(cancerous) nodule increases the survival rate of the diseased. Many Computer Aided Diagnosis
(CADx) systems have been developed that differentiate malignant lesions from benign ones, and
also gives the insight into the proximity of detected nodule to be malignant. Receiver operating
Curve (ROC) approach is used to evaluate the classifiers.

Despite the fact that the benign and malignant nodules have overlapping attributes, certain
discriminating features such as morphological features, shape, size, appearance and growth rate of
nodules makes the classification of nodule possible. Among these parameters growth rate of
SPNs are regarded as an inventive clue for evaluating malignancy. [64] has listed various
techniques are used for classification of SPNs such as Rule based classifiers, Markov Random
Field, Neural Network, Bayesian classifier so on. The following sections reviews mostly used
techniques for the categorization.

7.1 Feature Based Classification:

[65] concluded that a nodule having intense calcification, round shape regular boundary with
lesser rate of growth has proximity to become benign. Higher growth rate, solid nodule with
speculated outline classifies a nodule as malignant. Many statistical features, luminance features
and Scale Invariant Feature Transform (SIFT) features were used by [8] for classification of
nodules. [50] exercised nine similarity measures for categorization. [49] extracted intensity based
and multi resolution based features to reduce the false positive cases. A mathematical model
proposed by [39] which used the estimation of growth rate and volume doubling time to classify
the nodules appropriately.
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7.2 SVM based Classification:

Classification in frequency domain using SVM classifier was performed by [43] [66]. [42] used
SVM and weighted modifies Mahalanobis distance measure to nodule classification. Shape and
histogram based analysis were used by [67]. A SVM with Gaussian kernel was used by [68] to
classify the nodules. A mathematical model proposed by [39] which used the estimation of
growth rate and volume doubling time to classify the nodules appropriately. Although several
CAD schemes were able to deliver enhanced accuracy, detecting and characterizing Ground Glass
Opacity (GGO) nodules would be the top priority of the researchers.

8. CONCLUSION

Designing an effective CAD systems for detection of lung nodules has been gaining its
momentum as early detection increases the survival rate. In this paper a review of various
approaches towards an automated detection of lung nodules, classifications are summarized. It is
apparent from the review that the algorithms with multiple detection approaches provided the
better results.

It is evident from the survey that the necessity to move from 2D to 3D CT image processing is
more demanding. This inevitably brings more challenges in the processing steps such as
segmentation. Designing algorithms to detect the nodules of different geometrical shapes and
small ones needs further research. Nodules attached to the lung borders needs more sophisticated
approach to be detected. Many of the techniques presented have reported more number of false
positives. Reducing them further is one of the open challenges. Though most of the research
works discussed so far emphasized more on final steps of the detection system, pre-processing
steps deserve more attention towards optimization. Efficiency of the algorithms acceptable by the
radiologists is another open issue to be addressed.

With the clinical importance of CT based detection and the challenges presented, it can be
expected that CAD/x of CT scans in the area of lung pathology will remain a challenging and an
active research area in the years to come.
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