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ABSTRACT :

Lung cancer originates in the tissues lining the airways of the lungs and is a primary cause of demise for
both men and women. It is categorized into two types: small cell lung cancer and non-small cell lung
cancer. Each type exhibits unique growth patterns and requires specific treatments. Signs of lung cancer
include tireless coughing, coughing up blood, habitual chest infections, squatness of breath, fatigue and
pain when breathing or coughing. Lung cancer often spreads to areas such as the brain and bones,
leading to additional symptoms like headaches and nausea. The objective of this research is to provide
an in-depth analysis of Computer-Aided Design (CAD) systems, their processing methods, and their role
in lung cancer detection and classification. This study reviews published research over a ten-year period,
offering valuable insights for researchers interested in CAD systems and lung cancer.
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INTRODUCTION:
Lung cancer is the most frequently diagnosed cancer globally and is especially prevalent in developing
countries. It accounts for a significant number of new cancer cases and fatalities among both genders.
Smoking is a major risk factor, contributing to 85% of male cases and 75% of female cases, while non-
smokers represent 15% of cases due to factors such as genetics, radon gas exposure, asbestos, passive
smoking, and air pollution. Early detection of lung cancer through CT imaging can increase the ten-year
survival rate to 90%. Computer-aided detection (CAD) systems assist radiologists by analyzing CT
images and highlighting potential abnormalities, helping reduce false negatives. CAD systems play a
vital role in radiology by providing a second opinion and improving diagnostic accuracy. They should
minimize false positives, deliver fast results, and require low maintenance and training costs. Despite the
benefits, lung cancer screening faces challenges such as limited accessibility and the risk of over
diagnosis, often due to false positives. Developing an accurate lung cancer risk prediction model and
improving screening strategies can enhance detection effectiveness.

Medical imaging is a well-known research area in healthcare engineering, which aims to assist
physicians in diagnosing diseases. After ten years, the candidates' survival rate can increase to 90%
when lung cancer is detected early by CT imaging [2]. Therefore, our approach uses CT images.
Computer assisted detection refers to a system that tests problematic elements on the images and notifies
the radiologist of them so as to minimize false negative results. A healthy lung and a lung with cancer
are depicted in Figure 1.

a) Cancerous Lung Image l;) Normal Lung Image
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Figure 1: Lung CT Contrast image of normal person and a person with cancer
Computer-aided diagnostic (CAD) systems are a great device for identifying and classifying various
lesions in the context of lung cancer diagnosis. The primary objectives of such organizations are to
support the radiologist throughout the entire inquiry process and to offer a second view on his results.
One essential component of medical radiography technology is the CAD system. However, many
systems lack the components that radiologists find most helpful for identifying and diagnosing disease.
The methods listed below will help radiologists perform better by offering high diagnostic sensitivity.
The formula for calculating sensitivity, as shown in the system's sensitivity chart, is TP/(TP+FN), where
TP stands for true positive and shows the results obtained when a sample of patients had a positive
response from the system. False positive results when the sample was infected are indicated by the
symbol FN, which stands for false result. Few false positives (FP) should be generated by the system.
FP will be the result each time a disease persists despite the sample showing none. In addition to
prolonging the radiologist's detection time, more false positive results, or FP results, will result in
incorrect disease diagnosis. The system must operate quickly. When a request for detection is made, it
should react promptly. It should emphasize the low cost of system training, support, maintenance, and
deployment. Tiny nodules, like those that are 3 mm in size or attached to the sides of the lung, should be
picked up by it.

The lack of increased use of lung cancer screening techniques can be attributed to two important factors.
Accessibility is one of the problems since radiology's capacity might not be able to meet demand [3].
Given the requirement for comprehensive and efficient training for the medical professionals assessing
the images, over diagnosis is another significant issue that is commonly linked to false positive cases
[4]. Previous studies' findings [5,6] that the benign incidence for a diagnostic procedure following
nodule discovery can reach 40% emphasize the significance of comprehensive nodule surveillance
before beginning any long-term treatments in order to reduce post-operative risk and avoid needless
complexity or pulmonary function destruction.

An accurate lung cancer risk prediction model and a likelihood-customized approach are expected to
increase the efficacy of lung cancer screening. The ideal CAD would mimic all three steps of a
radiologist's examination of a chest CT scan in order to detect lung cancer. The first step is to identify an
irregularity in the 3D image set that indicates the presence of one or possibly more Regions of Interest
(ROI). An The first step is to identify an irregularity in the 3D image set that indicates the presence of
one or possibly more regions of interest (ROI). A nodular opacity is an example of such an irregularity.
A nodular opacity is an example of such an irregularity.

The next step is to extract all pertinent data about those ROIs, such as their dimensions, textures, and
any connections to nearby regions. The collected features would then be used to classify the ROIs
according to their likelihood of developing hate, often using established criteria [7]. Based on the results
of the previous stage, the next step in patient management is chosen. CADs usually need to perform
feature extraction in order to identify the voxels of interest in the ROI.

LITERATURE REVIEW:

Several automated and semi-automated techniques for detecting lung nodules have been proposed,
typically following four stages: preprocessing, candidate extraction, false-positive reduction, and
classification. Preprocessing techniques include various filtering methods such as bilateral filtering,
Wiener filtering, Gaussian filtering, and high-pass filtering to remove noise and enhance image quality.
Segmentation methods help isolates lung regions from surrounding structures. Threshold segmentation
and region-based methods are commonly used, while texture-based techniques and statistical approaches
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like Expectation-Maximization (EM) provide additional precision. Advanced segmentation approaches
include 3D morphological filtering, deformable models, and clustering algorithms.

The literature has proposed a number of approaches for the automatic and semi-automated exposure of
lung nodules [8]. To find the pulmonary nodule, each of these investigations had to go through four
steps: pre-processing, nodule candidate extraction, false positive reduction, and classification. These
stages are explained in greater detail in Figure 2.

Original image Freprocessing

Extraction of

nodules and Segmentation

classification

Figure 2. The Pipeline of lung nodule recognition system
The following section emphases on the various research involving these actions preprocessing,
segmentation and extraction.
One of the finest techniques for identifying pulmonary nodules is computed tomography (CT) [9]. X-
rays are used to collect structural and functional information about the human body. Nonetheless, the
radiation dose significantly affects the quality of the CT image. A significant radiation dose improves
image quality [10], but at the same time, more x-rays are caught by the lungs. As it shields the human
body from all dangers, radiologists are grateful for the reduction in radiation dose, which impairs image
quality and increases noise in lung CT scans.
A pre-processing procedure is employed to reduce the noise in these photos. Numerous filtering
techniques, including bilateral filtering, wiener filtering, Gaussian filtering, and a particular high-pass
filter, were proposed in the literature to eliminate these disturbances. Numerous other works chain
median filters and Laplacian filters using a differential procedure that involves subtracting a nodule-
suppressed image from a signal-improved image. Getting a differential image with nodule enhanced
signal is the next stage [11].
Ochs et al. [12] proposed several pre-processing methods for processing medical images. Furthermore,
whereas Paik et al. [13] used a spherical enhancement filter to increase the nodule-like arrangement in
CT images and Bae et al. [14] employed a morphological filter to develop the image region,
According to the authors of [15], insufficient lighting during image acquisition results in poor contrast,
which must be corrected by an adaptive median filtering. They created a low frequency image by
substituting the median value calculated over a 5x5 pixel square for each pixel value. The distinction
limited adaptive histogram equalization (CLAHE) method is then used to increase the dissimilarity of
the CT pre-processed image.
However, in [16], Farag et al. contend that the filtering method should successfully reduce noise in
synchronized physical regions, preserve object borders and fine structures, and sharpen discontinuities to
enhance morphological features. The Wiener filter and an isotropic diffusion filter were both employed
by the authors in their study.
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Additionally, a number of filters have been created to improve 3-D lung architecture photos. In order to
improve vessels, Frangi et al. developed a 3D multi-scale structural improvement filter based on the
Hessian matrix's eigenvalues [17]. Numerous research that employed filters based on the Hessian
matrix's eigenvalues have previously employed this strategy [18]. More precisely, Rikxoort et al. [19]
suggested the first supervised improvement technique based on single phase and multi-phase algorithms.
The authors of [20] used a number of 3D morphological filters to separate the nodule from its
environments, as well as nearby edifices like arteries and bronchi.

Segmenting the lung portions is the second step in the system for processing procedures. To distinguish
the pixels that represent lung tissue from the surrounding structure, the pre-processed CT image is
divided into various regions.

By designating all pixels as background and those that are greater than a certain value as foreground, the
threshold segmentation method transforms a gray scale image into a binary image. In [21], the authors
use gray level thresholding and mathematical morphology to select possible nodule candidates from CT
data. To segment candidate nodule regions, the image is first histogram to establish two threshold
values, and then it undergoes a multilayer thresholding step and a connected-component labeling phase.
Farag et al. also used a simple thresholding technique to establish the strength characteristics of lung CT
scans. [14] Seeded segmentation was used to eliminate the nodule candidates from the background
picture [22], and thresholding was used to differentiate the juxtapose-pleural nodule from other
structures.

In order to accomplish the initial segmentation of the pulmonary parenchyma, Shao et al. twice applied
the adaptive iteration threshold method in the same scenario. Region-based segmentation methods are a
unique subset of lung CT segmentation techniques. When determining object borders, these techniques
often concentrate on the homogeneity of the image. The method that is most frequently utilized is region
growing. By examining the subsequent pixels of the primary seed points, it regulates if the pixel
neighbor should be included to the section and, if so, iterates on that choice. The homogeneity criterion
requires that an object of interest have nearly constant or gradually changing intensity values, which is
true for images of CT scans.

Further techniques tying together textural features, aside from the method for regions to expand, were
put into practice in [8][10][16] last year, employed local binary patterns as textural characteristics and
intensity histograms to create regions of interest (ROls). Devaki et al. created the features that
characterize the texture of common lung nodules by combining the SURF and the LBP descriptors. [10].
Statistics are used by stochastic approaches to establish the differences between the visible structures in
lung pictures. In an effort to match the circulation of concentration values in an image to a set of
statistical mathematical equations, numerous approaches have been developed. Each function defines a
class and determines the probability that a concentration value belongs to that class based on its result.
This methodology was used by Guo et al. when they established a lung segmentation method by fusing
expectation-maximization (EM) analysis with morphological processes [28]. The authors use the (EM)
algorithm to estimate the proper threshold value for lung segmentation after computing the image's
histogram.

El-Baz et al. proposed the alternative segmentation method [22]. It uses Gibbs Markov Random Field
(GMREF) to separate the lungs from the surrounding structures. The next step is to identify lung
abnormalities using adaptive template matching and an inherited algorithm.

Using contour-based methods, the boundaries of a CT scan image are identified. Contour-based
strategies can be regarded as into two groups: gradient-based approaches and deformable models. In
[29] and [30], nodule images were segmented using deformable models. To identify the lung region,
Kim et al. [49] used segmentation techniques such as thresholding, mathematical morphology, and
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deformable models. Bellotti et al. [31] engaged area expanding with form following to segregate
between juxta-pleural nodules. [32] Zhao et al. enhanced shape-based segmentation with nodule gradient
and sphere residence measures

After separating the lung from the original image using a genetic algorithm, Jaafar et al. used
morphology and the Susan thinning approach to identify the lung's borders in [33].
Several methods for segmenting volumetric lung nodules are described in the literature. As illustrated in
Figure 4, they can be divided into five groups: dynamic programming, deformable models, region
growth, and mathematical morphology. Both Zhao et al. [33] and Yankelevitz et al. [33] used the
thresholding technique, in which the K-Mean clustering or the average incline magnitudes algorithm can
be used to get the proper threshold values. Table 1 presents a thorough evaluation of the techniques used
to identify and classify lung cancer.

N
e B
(a) (b)
(<) (d)

Figure 3. 3D Based Approach for Predicting Lung Cancer

Table 1. Review of Different Lung Classification Method

S.No Authors Methodology type Image Feature Description | Accuracy
Type
1 Thakur, S. et al. 3D CNN CT Images | 3d pulmonary nodules 92
detection
2 Pandian, R. 3D CNN CT Images Cyto pathological 83
identification
3 Raunak Dey et 3d CNN, 3d multi - 3DCT Low-dose CT images 86.84
al. output network,3d Dense Images
Net
4 Nicolas Inspection V3 CT images Training, validation 96.1%
Coudray, Paolo convolutional neural and testing
Santiago network , SVM, Naive
Ocampo Bayes
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5 Sneha U-NET model, VGG- | CT images Largest, average, 97.1
Balannolla, A Net smallest nodules
Kousar Nikhath detection ect
6 Shimpy Goyal, | FRNN-LSTM,SVM,K- X-ray Quality enhance 95
Rajiv Singh NN images, filtering
MRI
images
7 Lei Cong, Least absolute shrinkage | CT images Low -dose image, 84.8
Wanbing Feng, | and selection operator, radiology features
Zhigang Yao cross validation
8 Mohamed CNN, deep belief 2D,3D CT | Images features (CAD) 97.3
Shakeel, Mohd network, FCN images
Aboobaider
9 Enhanced bountiful CT images | Images preprocessing, 96.42
Sean Blandin clustering method images features
Knight (IPCT) ,deep learning
promptly skilled neural
network
10 Siddharth Images acquisition, 2D,3D, Images features 95.68%
Bhatia, Yash filtering segmentation | CT images algorithm,
Sinha, Lavika preprocessing
Goel techniques
11 Deep Residential Net, | CT images Preprocessing, 84
Suren Makaju XGBoost Regresser, segmentation,
et al. Random faster normalization ect
12 Meraj Begum Gabor filter, watershed | CT images | Classification of benign 92%
Shaikh Ismail segmentation, ect or malignant, images
features
13 Shah CNN CT images Shape and texture 92.3%
14 Markaras CNN CT images MTANN classifier 89%
15 Turkey and CNN CT images Subjective feature 85.4%
Swensen
RESULT AND DISCUSSION:

e CNN and variants (56%): This includes a wide range of convolutional neural network methods
like 3D CNN, CNN, VGG-Net, Dense Net, and other deep CNN architectures. These are most
popular due to their strong performance in image processing tasks like nodule detection and
classification.
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e SVM (10%): Support Vector Machines are often used as classifiers, either standalone or in
combination with CNN-based feature extraction.

e Clustering and Filtering (13%): Techniques like IPCT, Gabor filters, and watershed
segmentation focus on feature enhancement and segmentation before applying classification
algorithms.

e Other Techniques (13%): This includes less commonly used or supporting methods like
LASSO, cross-validation, and ensemble methods.

Other Techniques

)\ Clustering and Filtering

CNN and variants

Figure 4 : Standard Methodological Frameworks
e U-NET, K-NN, XGBoost (each ~3%): These are specialized methods with individual strengths,
used less frequently but often in combination with CNNs or other networks.
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Figure 5 : Prevalence of Various Medical Image Types
Figure 5 visualizes the distribution of different medical image types used in a collection of 15
research studies focusing on deep learning and image processing techniques.
e CT Images are the most commonly used, appearing in 12 studies, underscoring their importance
in medical imaging and computer-aided diagnosis.
e 2D and 3D CT Images were explicitly mentioned in 2 studies, highlighting the evolution
toward multi-dimensional data processing.
e X-ray and MRI Images appeared once, showing their niche application in combination with
other imaging modalities.
This distribution reflects the dominance of CT imaging in the field, likely due to its detailed anatomical
resolution and wide availability in clinical practice. It also highlights a trend toward using 3D imaging
data for more robust model performance. Numerous studies have explored different methodologies for
lung cancer detection and classification, primarily using convolutional neural networks (CNN). The
accuracy of these methods varies depending on the dataset, image type, and features extracted. A
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comparison of existing techniques reveals that CNN-based methods achieve high accuracy, emphasizing
the importance of feature extraction and preprocessing in improving classification outcomes.

CONCLUSION:

Lung cancer remains a leading cause of mortality, with increasing prevalence. CAD systems play a
crucial role in improving early detection through preprocessing, segmentation, and classification
techniques. Current research highlights the effectiveness of wvarious algorithms, but further
advancements are needed to enhance sensitivity, reduce false positives, and improve automation levels.
The integration of CAD systems with electronic health records can further optimize diagnostic
processes. Future advancements in technology and automation will facilitate the early detection of lung
cancer, aiding in timely intervention and improved patient outcomes.
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