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Abstract—Several medical imaging applications have shown 
success with deep learning, ushering us further into AI 
technology. For a single activity, the availability of massive 
amounts of data with annotations, as well as developments in 
high-performance computing, are widely credited with AI's 
success. Medical imaging, on the other hand, poses distinct 
problems to DL techniques. Deep learning algorithms have 
recently gained traction as the preferred mode for 
processing medical images. Because of their efficient 
learning abilities and ability to deal with complex problems 
relatively rapidly, these algorithms are appropriate for 
handling certain image processing issues. Lung cancer is the 
most diagnosed cancer; many people have been infected, and 
if the disease is not detected early on, the patient has barely 
any chance of survival. Artificial intelligence methods for 
early detection are required for the reasons mentioned above 
and to help in the fight against this terrible disease. This 
study gives a brief overview of the various Deep Learning 
technologies utilized in lung cancer detection and their 
performance. Rather than providing a full literature review, 
we discuss published research relevant to these case 
Scenarios. We'll wrap things up with a recommendations 
and explanation of some successful potential possibilities. 
Metrics such as sensitivity, accuracy and specificity will be 
used to evaluate the effectiveness of this strategy.  

Keywords—lung cancer, CT images, artificial neural 
networks, deep learning, convolutional neural network, support 
vector machines  

I. INTRODUCTION 
Cancer is known as the uncontrolled growth of cells, it 

is called lung cancer when it occurs in the lungs. Most 
cancer-related deaths occur as a result of lung cancer. 
[12]. The greatest public health concern is lung cancer in 
Europe, the United States, Middle East. [14] [15] [10]. To 
effectively combat the burden of this type of cancer, early 
detection and treatment are required [10]. Lung cancer 
seems to be the often-diagnosed cancer and the leading 
factor in cancer-related fatalities globally. [9]. If not 
detected in time, tumors in lung cancer form abnormally 
and spread to other parts of the body, where they might 
cause invasive consequences. [4]. Professionals can 
analyze the functions of organs and tissues by using 
various modalities. CT modalities are frequently used for 
lung cancer diagnosis because they can clearly visualize 
body parts and are accurate. As well as detecting lung 
cancer at an earlier stage, CT imaging can also help 

diagnose it. In CT lung images the diagnosis of the 
carcinoma is the most demanding task and the segmented 
nodule is important in providing information for the 
diagnosis of the carcinoma. [12].  

Lung nodules are most often diagnosed and treated by 
CT, and automatic 3D segmentation aids in the detection 
and monitoring of nodules on CT. It can be helpful in 
determining the location and size of lung nodules, as well 
as the prerequisites for resecting liver and tumors, with 
computer-assisted 3D lung nodule segmentation and 
positioning. [16] [11]. In the past, CT was the best 
imaging modality for diagnosing tiny pulmonary nodules 
due to the development of helical technology. [17] [18] 
[10]. The CT images are high-resolution images that 
require a lot of storage space. As a result, researchers are 
working to make it easier for radiologists to analyze these 
large images and discover probable nodular lung tumours 
using a computer-aided diagnosis approach (CAD) [19] 
[10]. By segmenting the lung image, one can remove the 
extraneous parts and preserve the relevant region for 
further analysis, which is crucial for accurate nodule 
detection and characterisation. Frequently employed 
strategies by researchers are lung segmentation depends 
on thresholding and region growth. [7].  

To aid in the diagnosis of lung nodules and to better 
describe Imaging features such as segmentation and 
classification would be trustworthy. [9]. As a result of its 
effectiveness in a multitude of scenarios, deep learning 
has lately acquired favour in CAD systems. Deep learning 
technology has already proven to be successful in a 
number of medical image    processing applications. In 
recent years, deep learning architecture has been applied 
in the detection of pulmonary nodules on CT scans. 
Artificial neural networks and many other heuristic 
algorithms constitute Deep Learning techniques, are a part 
of Artificial Intelligence. [20] [2]. The main reason for the 
tumour severity stage diagnosis process is that researches 
found the inner boundary of tumour regions in aberrant 
lung images. In lung CT images, several standard lung 
tumour detection techniques detect and segment tumour 
areas. Utilizing machine learning techniques, some 
researchers have determined the severity level of cancer 
in lung CT images. [13]. 
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II. METHODOLOGY 
To analyze medical images, different studies 

employed different approaches. Preprocessing, lung 
nodule segmentation, classification, and lung cancer 
detection were the most significant. The following figure 
1 illustrates the methodology's block diagram. 

 
Fig. 1. The methodology's block diagram 

A. Data Collection 
      The first phase is to get CT images of lungs. [50] 

LIDC-IDRI has CT images of labelled lesions for lung 
cancer detection and screening. This is a global resource 
for such creation, analysis, as well as training of CAD 
approaches in lung cancer diagnosis that is able to be 
accessed. A total of 1018 samples were included in the 
collection of data, was developed in partnership with eight 
medical imaging companies and seven academic 
institutions. Every subject includes images from an XML 
file and a clinical thoracic CT scan containing the 
conclusions. The CT scans individually assessed by the 
radiologist and assigned lesions into categories. ("nodule 
> or =3 mm," "nodule 3 mm,” “non-nodule > or =3 mm") 
in the early stage. 

 

 
Fig. 2. sample CT images of Lung nodule 

B. CT Scanners 
A computed tomography scan, often known as a CT scan, 

generates detailed images of the body's internal 
components. CT scans are painless since they are non-

invasive. These CT scans are used to better analyze soft 
tissues and more complex areas of the image that an x-ray 
might not be able to distinguish. CT scans are commonly 
used to examine and image blood arteries and interior 
organs. [12] [45] CT scans assist medical professionals in 
making diagnoses such as detecting tumors, inspecting 
fractured bones, and monitoring the effects of treatment 
on cancer patients. 

C. Preprocessing 
Image pre-processing is the vital phase. Many pre-

processing strategies have been developed, each of which 
can be employed in a variety of situations. It is critical to 
use correct pre-processing techniques to maintain image 
quality. [31] As a result, image preprocessing is 
frequently the initial step in medical image processing, 
and it is used to improve image attributes such as quality, 
contrast, and noise reduction. 

  
      The goal of image enhancement [46] is to improve 

the perception of information from an image by 
distinguishing between different items in the image. 
Anything that makes it easier or better to visually 
understand an image is considered an image 
enhancement. The enhanced image may appear to be 
worse in some situations, such as "low-pass filtering," but 
in reality, it was probably done to make it easier for the 
interpreter to distinguish low spatial frequency 
characteristics from the usual high-frequency clutter in an 
image. In addition, for a given application, an 
augmentation is conducted. In medical image processing, 
the quantity of datasets is limited. [47] Data augmentation 
strategies must be used to address this difficulty. Image 
augmentation is a useful tactic when we lack the data 
necessary to train a deep learning model. CT images are 
unprocessed. In pre-processing CT images are extract the 
lesion regions effectively by eliminating noise. The 
phases of pre-processing are as follows, before training, 
all images were turned into a specific size by lowering the 
dimensions in the first phase. For retrieving information 
from images, next edge detection is employed. It is a 
basic procedure that identifies the shape of an image as 
well as the boundaries between elements and the 
surroundings in an image. The intensity values are then 
normalised in the last step by turning the image back to its 
original state and applying histogram equalization and 
smoothing edges. 

D. Lung Nodule Segmentation 
Segmentation is the task of separating an input image 

into many sections known as segments in deep learning. 
We can process the input image by dividing it into distinct 
pieces and utilizing specific segments of the image. For 
each object in the image, segmentation creates a pixel-by-
pixel mask Image segmentation is applied in medical 
image processing to segment a variety of image modes. 
Lung nodule segmentation is required for the study of 
image characteristics in CT of Lung nodule images and 
the distinction of benign and malignant. Deep learning 
segmentation methods 3D SegNet and 3D U-Net were 
utilized. [14] Combined output of segmented images 
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provides a complete image. There have been a number of 
segmentation techniques developed in recent years. 

 
a) U-NET 

U-Net was suggested by Ronneberger et al. (2015) as 
an object segmentation technique for medical images, and 
now it is the most widely used segmentation approach in 
medical images. The difference among FCN and U-Net 
has been that the information used to code the 
convolutional image is also used to decode it (Shelhamer 
et al., 2017). The network model's parameters were 
optimized using the mini-batch gradient descent approach 
in this study. A five-fold cross-validation procedure was 
used. [48] U-Net Segmentation has produced improved 
outcomes in terms of predicting lung nodule detection 
and, in turn, the level of malignancy.  

 
b) SEGNET 

Badrinarayanan et al. (2017) presented SegNet as a 
segmentation model for object areas in 2016. The encoder 
and decoder structures of SegNet are identical to those in 
U-Net. SegNet uses unpooling instead of convolutional 
transposition, like U-Net does. 

E. Support Vector Machine 
Support Vector Machine [1], [7] is a classification 

algorithm. It is used to analyze data and recognize 
patterns, as well as classify data by finding distinct 
patterns. A collection of input data is reviewed first, after 
which two classes are classified. For detection, these 
classes are given to the classifier. In this study, SVM is 
used to classify abnormal images and compare them to 
normal ones, yielding a result. The SVM classifier was 
used to determine whether the tumor was benign or 
malignant based on its characteristics. The outcome 
reveals the correctness of the chosen classification. For 
recognising nodules, this approach achieves 
sensitivity=84.1%, accuracy =90.1% and 
specificity=91.7%. The following Figure 3 shows the 
performance measurements of SVM. 

 

 
 

Fig. 3. Performance measurements of SVM 

F. Deep Deconvolutional Residual Network 
The (DDRN)Deep Deconvolutional Residual Network 

[5] provides attractive segmentation accuracy for a range 
of tumours, notably juxtapleural growths, without any 

post-processing. The deconvolutional and convolutional 
parts of the network's short and long connections capture 
full-resolution features and maintain spatial information, 
as well as assist in faster deep network convergence. With 
better ANN model, the classification technique achieved 
71.18 percent accuracy. 

G. Convolutional Neural Network 
It accepts an input image and applies biases and 

trainable weights to various aspects of the image, enabling 
it to differentiate among them [2], [6]. Furthermore, the 
amount of pre-processing required for this technique is 
less when compared to other classification algorithms. 
The objective of CNN is to transform the images into a 
format that is safer to work with while maintaining 
essential characteristics for producing a reliable forecast. 
Since CNN's became prominent in 2012, applying Deep 
Learning to medical imaging has been a widely used 
application. 

III. LITERATURE SURVEY 
Sunyi Zheng et al. [24] suggested an approach CNN 

that employs axial section slices with Images from MIP of 
different slab thicknesses (5mm,10mm,15mm). Based on 
their morphologies, 2-D CT images are enhanced with 
spatial information, allowing the differentiation of 
nodules from vessels. This suggested technique's 
sensitivity for lung nodule detection was 92.7 percent 
with one false positive and 94.2 percent with two false 
positives based on public data collection.The proposed 
method also demonstrates how combining the clinical 
procedure with CNNs could improve nodule detection. 

 
Jue Jiang et al. [26] devised a multiscale CNN 

technique to provide reliable, automated volumetric 
identification as well as serial measurement by 
volumetrically segmenting lung tumours. To segment 
from images of CT scans, two neural networks were 
proposed that combine several residual streams with 
differing resolutions. In several datasets, the accuracy of 
segmentation is greatly improved. This method can be 
used to follow tumour volumes over time in cancers that 
have been treated tumors shrink and appear differently on 
a CT scan after immunotherapy. The approach appears to 
be promising for additional places, given its success with 
lung cancers 

. 
K. Vijila Rani et al. [35] proposed a Nanotechnology-

based scheme for tumor area detection. The performance 
of various classifiers used to diagnose is examined. As 
part of the preprocessing procedure, we take the lung 
cancer image and perform noise removal and image 
enhancement. Toboggan-based segmentation is used to 
distinguish the malignant region from the healthy lung. 
The cancer is then located using the nanoscale measuring 
equipment. Applying SVMs, FFNNs, and KNNs, the 
segmented region is classed as malignant or noncancerous 
based on the retrieved attributes.98.19% of classifications 
made by the CNN classifier are correct. In nano CT 
images, with an innovative nanotechnology-based 
method, it is possible to precisely segment lung lesions 
and identify tumour areas 
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Tiwari Laxmikant et al. [25] developed a strategy on 

identifying lung cancer using Mask Unit (3FCM) and 
Target-based Weighted Elman Deep Learning Neural 
Network (TWEDLNN) according to Deep Learning (DL) 
algorithms. The method obtained an experimental 
accuracy of 96%. 

 
You-Wei Wang et al. [41] developed a new deep 

prediction approach for detection of primary lung tumor 
in the nodal metastasis (Nmet) using dual-energy 
computer tomography based on gemstone spectral 
imaging (GSI). This technique achieves an accuracy of 86 
% when trained on the 40 keV dataset. The findings 
reveal that tumour heterogeneity and size played a role in 
the proposed model's ability to predict whether nodal 
metastasis from the original tumour exists or not. 

 
Zhuo Liua et al. [42] introduced a model called deep 

reinforcement learning that would be useful for detecting 
lung cancer. To solve a problem in lung tumour 
localization, this model has likely be beneficial. The 
localization of the tumour is crucial for both the diagnosis 
and therapy of lung cancer in deep reinforcement 
learning. Identifying lung cancer depends on localizing 
tumour properly, can aid in improving surgical operations 
and lowering the recurrence rate. 

 
P. Mohamed Shakeel1 et al. [43] employed a new 

approach for improving the image quality and diagnose. A 
weighted mean histogram equalization strategy is used to 
successfully eliminate noise from the image that is 
included in the data collection while also enhancing the 
image's quality. The impacted area is divided using the 
Improved Profuse Clustering Technique (IPCT). An 
impacted region yields a variety of spectral 
characteristics. for detecting lung cancer trained neural 
networks were used. The technique provides 98.42 
percent accuracy with such a minimal classification error 
of 0.038. 

 
Yixian Guo et al. [44] developed Com_radNet and 

ProNet models are used to detect lung squamous cell 
carcinoma (SCC), adenocarcinoma (ADC), and small cell 
lung cancer (SCLC) automatically on Computed 
Tomography images, respectively It achieved well in 
distinguishing SCC, SCLC, ADC might be a nonintrusive 
approach for diagnosing lung cancer clinical variants in 
the future. SCC, ADC, and SCLC have F1- scores of 90.0 
percent, 72.4 percent, 83.7 percent with a 73.2 percent 
weighted average F1-score, according to the model 
ProNet used to categorize various forms of cancer in 
lungs. In SCC, ADC, and SCLC, the F1-scores for com 
radNet were 83.1 percent, 75.4 percent, and 85.1 percent 
respectively. Although the average F1-score was 72.2 
percent. Accuracy of ProNet model and com radNet was 
71.6 percent and 74.7 percent, respectively. Figure 4 and 
5 shows the performance of ProNet and radNet. The 
figure 6 shows the performance measurements of ProNet 
and radNet. 

 

 
Fig. 4. ProNet Performance 

 

Fig. 5. radNet Performance 

 

 
Fig. 6. ProNet vs radNet 

TABLE I. Summary of various Lung Nodule detection with Deep 
Learning Techniques 

Authors Methods Advantages Disadvantages 
Noor Khehrah 

et al. [1] 

 

Support vector 

machine (SVM) 

 

Achieved 

higher 

sensitivity 

rate and 

accuracy.  

The running 

time of this 

method was 

high. 

 

Reza 

Majidpourkhoei 

CNN 

 

It increased 

the overall 

However, it 

failed to 
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et al. [2] 

 

processing 

speed. 

 

classify the 

nodule as 

cancerous not.  

Benita K. J. 

Veronica [3] 

 

Neural network 

(NN) 

 

It achieved 

better 

classification 

results.  

 

It failed to 

increase the 

classification 

accuracy by 

extracting 

some unique 

features of 

lung image.  

Amrita Naik, 

and Damodar 

Reddy Edla [4] 

 

Deep learning 

model 

 

It improved 

the accuracy 

of lung 

nodule 

classification. 

It failed to 

detect the 

malignant 

tumors at an 

early stage. 

IV. RESULT AND DISCUSSIONS 
In this survey paper, many deep learning models and 

tasks have been reviewed. It summarizes many methods 
for identifying lung cancer. The primary intention of 
survey is compare various models in deep learning for the 
detection of lung cancer.Initially CT image is given as 
input into the pre-processing step, when the image is 
effectively transformed such that the image is passed to 
the next phase, nodule segmentation  separately done 
using the segmentation model in such a way that the 
results obtained from the segmentation methods are given 
to detection module. Comparative analysis of different 
deep learning models used in medical image processing. 
We can conclude deep learning models like CNN, Deep 
Residual Network were found to be more accurate and 
able to predict the lung cancer nodules. 

 

 
Fig. 7. comparison of various models 

V. CONCLUSION 
A disease that has a significant impact on people's 

lives is lung cancer. The disease is frequently only 
discovered when it has progressed to an advanced stage 
since the signs of lung cancer are not always apparent in 
the early stages. We did a comparative examination of 
various deep learning approaches utilized in medical 
image processing in this paper. Deep Learning algorithms 
offer an effective means of early disease prediction. It was 

discovered deep learning methods like CNN more 
frequently employed than others. This study summarizes 
the various ways to detect lung cancer using computed 
tomography (CT) scans. Convolutional Neural Networks 
outperform conventional classification techniques, the 
review's findings show. CNN performed higher in terms 
of accuracy. CNN outperformed SVM and ANN in 
accuracy, obtaining a result of 98.19%.  In the future, the 
prediction model's accuracy could be increased by using a 
CNN model. 

REFERENCES 
[1] Noor Khehrah, Muhammad Shahid Farid, Saira Bilal, and 

Muhammad Hassan Khan, “Lung nodule detection in ct images 
using statistical and shape-based features”, Journal of Imaging, 
vol.6, no.2, pp.6, 2020. 

[2] Reza Majidpourkhoei, Mehdi Alilou, Kambiz Majidzadeh, and 
Amin Babazadehsangar, “A novel deep learning framework for 
lung nodule detection in 3d CT images”, Multimedia Tools and 
Applications, pp.1-17, 2021. 

[3] Benita K. J. Veronica, “An effective neural network model for lung 
nodule detection in CT images with optimal fuzzy model”, 
Multimedia Tools and Applications, pp.1-21, 2020. 

[4] Amrita Naik, and Damodar Reddy Edla, “Lung nodule 
classification on computed tomography images using deep 
learning”, Wireless Personal Communications, vol.116, no.1, 
pp.655-690, 2021. 

[5] Ganesh Singadkar, Abhishek Mahajan, Meenakshi Thakur, and 
Sanjay Talbar, “Deep deconvolutional residual network based 
automatic lung nodule segmentation”, Journal of digital imaging, 
vol.33, no.3, pp.678-684, 2020. 

[6] Prasad Dutande, Ujjwal Baid, and Sanjay Talbar, “LNCDS: A 2D-
3D cascaded CNN approach for lung nodule classification, 
detection and segmentation”, Biomedical Signal Processing and 
Control, vol.67, pp.102527, 2021. 

[7] Amitava Halder, Saptarshi Chatterjee, Debangshu Dey, Surajit 
Kole, and Sugata Munshi, “An adaptive morphology-based 
segmentation technique for lung nodule detection in thoracic CT 
image”, Computer Methods and Programs in Biomedicine, 
vol.197, pp.105720, 2020. 

[8] Xiuyuan Xu, Chengdi Wang, Jixiang Guo, Lan Yang, Hongli Bai, 
Weimin Li, and Zhang Yi, “DeepLN: a framework for automatic 
lung nodule detection using multi-resolution CT screening 
images”, Knowledge-Based Systems, vol.189, pp.105128, 2020. 

[9] Gu, D., Liu, G. and Xue, Z., “On the performance of lung nodule 
detection, segmentation and classification”, Computerized Medical 
Imaging and Graphics, vol.89, pp.101886, 2021. 

[10] Baker, A.A. and Ghadi, Y., “Cancerous lung nodule detection in 
computed tomography images”, Telkomnika, vol.18, no.5, 
pp.2432-2438, 2020. 

[11] Dong, X., Xu, S., Liu, Y., Wang, A., Saripan, M.I., Li, L., Zhang, 
X. and Lu, L., “Multi-view secondary input collaborative deep 
learning for lung nodule 3D segmentation”, Cancer Imaging, 
vol.20, no.1, pp.1-13, 2020. 

[12] Prasad, J., Chakravarty, S. and Krishna, M.V., “Lung Cancer 
Detection using an Integration of Fuzzy K-Means Clustering and 
Deep Learning Techniques for CT Lung Images”, Bulletin of the 
Polish Academy of Sciences: Technical Sciences, pp. e139006-
e139006, 2021. 

[13] Kailasam, M.S. and Thiagarajan, M., “Detection of lung tumor 
using dual tree complex wavelet transform and co-active adaptive 
neuro fuzzy inference system classification approach”, 
International Journal of Imaging Systems and Technology, May 
2021. 

[14] Ozdemir, Onur, Rebecca L. Russell, and Andrew A. Berlin. "A 3D 
probabilistic deep learning system for detection and diagnosis of 
lung cancer using low-dose CT scans." IEEE transactions on 
medical imaging 39, no. 5 (2019): 1419-1429.  

[15] Lo, S.B., Freedman, M.T., Gillis, L.B., White, C.S. and Mun, S.K., 
“Computer-aided detection of lung nodules on CT with a 
computerized pulmonary vessel suppressed function”, American 
Journal of Roentgenology, vol.210, no.3, pp.480-488, 2018. 

12             D. E. Mariana Jaincy and Prasanthi



 

[16] Zhao, Leilei, Junhui Qian, Fengchun Tian, Ran Liu, Bei Liu, 
Shuya Zhang, and Mengchen Lu. "A weighted discriminative 
extreme learning machine design for lung cancer detection by an 
electronic nose system." IEEE Transactions on Instrumentation and 
Measurement 70 (2021): 1-9.  

[17] Kleesiek, J., Urban, G., Hubert, A., Schwarz, D., Maier-Hein, K., 
Bendszus, M. and Biller, A., “Deep MRI brain extraction: A 3D 
convolutional neural network for skull stripping”, NeuroImage, 
vol.129, pp.460-469, 2016. 

[18] Litjens, G., Kooi, T., Bejnordi, B.E., Setio, A.A.A., Ciompi, F., 
Ghafoorian, M., Van Der Laak, J.A., Van Ginneken, B. and 
Sánchez, C.I., “A survey on deep learning in medical image 
analysis”, Medical image analysis, vol.42, pp.60-88, 2017. 

[19] Dou, Q., Yu, L., Chen, H., Jin, Y., Yang, X., Qin, J. and Heng, 
P.A., “3D deeply supervised network for automated segmentation 
of volumetric medical images”, Medical image analysis, vol.41, 
pp.40-54, 2017. 

[20] Monkam, P., Qi, S., Ma, H., Gao, W., Yao, Y. and Qian, W., 
“Detection and classification of pulmonary nodules using 
convolutional neural networks: a survey”, IEEE Access, vol.7, 
pp.78075-78091, 2019. 

[21] Misaghi, M. and Yaghoobi, M., “Improved invasive weed 
optimization algorithm (IWO) based on chaos theory for optimal 
design of PID controller”, Journal of Computational Design and 
Engineering, vol.6, no.3, pp.284-295, 2019. 

[22] Abualigah, L., Yousri, D., Abd Elaziz, M., Ewees, A.A., Al-
qaness, M.A. and Gandomi, A.H., “Aquila Optimizer: A novel 
meta-heuristic optimization Algorithm”, Computers & Industrial 
Engineering, vol.157, pp.107250, 2021. 

[23] Masood, Anum, Bin Sheng, Po Yang, Ping Li, Huating Li, Jinman 
Kim, and David Dagan Feng. "Automated decision support system 
for lung cancer detection and classification via enhanced RFCN 
with multilayer fusion RPN." IEEE Transactions on Industrial 
Informatics 16, no. 12 (2020): 7791-7801.  

[24] Zheng, Sunyi, Jiapan Guo, Xiaonan Cui, Raymond NJ Veldhuis, 
Matthijs Oudkerk, and Peter MA Van Ooijen. "Automatic 
pulmonary nodule detection in CT scans using convolutional 
neural networks based on maximum intensity projection." IEEE 
transactions on medical imaging 39, no. 3 (2019): 797-805. 

[25] Tiwari, L., Raja, R., Awasthi, V., Miri, R., Sinha, G. R., Alkinani, 
M. H., & Polat, K. (2021). Detection of lung nodule and cancer 
using novel Mask-3 FCM and TWEDLNN algorithms. 
Measurement, 172, 108882. 

[26] Jiang, Jue, Yu-Chi Hu, Chia-Ju Liu, Darragh Halpenny, Matthew 
D. Hellmann, Joseph O. Deasy, Gig Mageras, and Harini 
Veeraraghavan. "Multiple resolution residually connected feature 
streams for automatic lung tumor segmentation from CT images." 
IEEE transactions on medical imaging 38, no. 1 (2018): 134-144. 

[27] Liu, Siqi, Arnaud Arindra Adiyoso Setio, Florin C. Ghesu, Eli 
Gibson, Sasa Grbic, Bogdan Georgescu, and Dorin Comaniciu. 
"No surprises: Training robust lung nodule detection for low-dose 
CT scans by augmenting with adversarial attacks." IEEE 
Transactions on Medical Imaging 40, no. 1 (2020): 335-345. 

[28] Giannelli, Federico, Diletta Cozzi, Edoardo Cavigli, Irene 
Campolmi, Francesca Rinaldi, Susanna Giachè, Pier Giorgio 
Rogasi, Vittorio Miele, and Maurizio Bartolucci. "Lung ultrasound 
(LUS) in pulmonary tuberculosis: correlation with chest CT and X-
ray findings." Journal of Ultrasound (2022): 1-10. 

[29] Li, Shangbiao, Simiao Qiao, Na Li, and Xiaoxia Zhu. "MiR-744 
Functions as an Oncogene through Direct Binding to c-Fos 
Promoter and Facilitates Non-small Cell Lung Cancer 
Progression." Annals of Surgical Oncology 29, no. 2 (2022): 1465-
1475. 

[30] Wang, Tao, Xu Zhu, and Kai Wang. "CircMIIP Contributes to 
Non-Small Cell Lung Cancer Progression by Binding miR-766-5p 
to Upregulate FAM83A Expression." Lung (2022): 1-11. 

[31] Marzuki, Nur Najihah Sofia Mohd, Iza Sazanita Isa, Noor Khairiah 
A. Karim, Ibrahim Lutfi Shuaib, Zainal Hisham Che Soh, and Siti 
Noraini Sulaiman. "Demarcation of Lung Lobes in CT Scan 
Images for Lung Cancer Detection using Watershed 
Segmentation." In Proceedings of the 2020 12th International 
Conference on Computer and Automation Engineering, pp. 70-74. 
2020. 

[32]  Tripathi, Priyanshu, Shweta Tyagi, and Madhwendra Nath. "A 
comparative analysis of segmentation techniques for lung cancer 

detection." Pattern Recognition and Image Analysis 29, no. 1 
(2019): 167-173. 

[33] Yazdani, Hossein, Leo L. Cheng, David C. Christiani, and Azam 
Yazdani. "Bounded fuzzy possibilistic method reveals information 
about lung cancer through analysis of metabolomics." IEEE/ACM 
Transactions on Computational Biology and Bioinformatics 17, no. 
2 (2018): 526-535. 

[34]  Wang, Qingyong, Yun Zhou, Weiping Ding, Zhiguo Zhang, Khan 
Muhammad, and Zehong Cao. "Random forest with self-paced 
bootstrap learning in lung cancer prognosis." ACM Transactions 
on Multimedia Computing, Communications, and Applications 
(TOMM) 16, no. 1s (2020): 1-12. 

[35] Rani, K. Vijila, and S. Joseph Jawhar. "Novel technology for lung 
tumor detection using nanoimage." IETE Journal of Research 67, 
no. 5 (2021): 699-713.  

[36] Pradhan, Kanchan, and Priyanka Chawla. "Medical Internet of 
things using machine learning algorithms for lung cancer 
detection." Journal of Management Analytics 7, no. 4 (2020): 591-
623.  

[37]  Essaf, Firdaous, Yujian Li, Seybou Sakho, and Pius Kwao 
Gadosey. "Improved Convolutional Neural Network for Lung 
Cancer Detection." In Proceedings of the 2020 International 
Conference on Computing, Networks and Internet of Things, pp. 
48-54. 2020. 

[38] Hussain, Lal, Majid Saeed Almaraashi, Wajid Aziz, Nazneen 
Habib, and Saif-Ur-Rehman Saif Abbasi. "Machine learning-based 
lungs cancer detection using reconstruction independent 
component analysis and sparse filter features." Waves in Random 
and Complex Media (2021): 1-26. 

[39]  Sammouda, Rachid. "Segmentation and analysis of CT chest 
images for early lung cancer detection." In 2016 Global Summit on 
Computer & Information Technology (GSCIT), pp. 120-126. 
IEEE, 2016.  

[40] Trajanovski, S., Mavroeidis, D., Swisher, C. L., Gebre, B. G., 
Veeling, B. S., Wiemker, R., ... & Pien, H. (2021). Towards 
radiologist-level cancer risk assessment in CT lung screening using 
deep learning. Computerized Medical Imaging and Graphics, 90, 
101883. 

[41] Wang, Y. W., Chen, C. J., Huang, H. C., Wang, T. C., Chen, H. 
M., Shih, J. Y., ... & Chang, R. F. (2021). Dual energy CT image 
prediction on primary tumor of lung cancer for nodal metastasis 
using deep learning. Computerized Medical Imaging and Graphics, 
91, 101935. 

[42]  Liu, Z., Yao, C., Yu, H., & Wu, T. (2019). Deep reinforcement 
learning with its application for lung cancer detection in medical 
Internet of Things. Future Generation Computer Systems, 97, 1-9. 

[43] Shakeel, P. M., Burhanuddin, M. A., & Desa, M. I. (2019). Lung 
cancer detection from CT image using improved profuse clustering 
and deep learning instantaneously trained neural networks. 
Measurement, 145, 702-712. 

[44]  Guo, Y., Song, Q., Jiang, M., Guo, Y., Xu, P., Zhang, Y.,& Yao, 
X. (2021). Histological subtypes classification of lung cancers on 
CT images using 3D deep learning and radiomics. Academic 
radiology, 28(9), e258-e266. 

[45] Nadkarni, N. S., & Borkar, S. (2019, April). Detection of lung 
cancer in CT images using image processing. In 2019 3rd 
International Conference on Trends in Electronics and Informatics 
(ICOEI) (pp. 863-866). IEEE. 

[46] Malik, S. H., Lone, T. A., & Quadri, S. M. K. (2015, March). 
Contrast enhancement and smoothing of CT images for diagnosis. 
In 2015 2nd International Conference on Computing for 
Sustainable Global Development (INDIACom) (pp. 2214-2219). 
IEEE. 

[47] Shorten, C., & Khoshgoftaar, T. M. (2019). A survey on image 
data augmentation for deep learning. Journal of big data, 6(1), 1-
48. 

[48] Tekade, R., & Rajeswari, K. (2018, August). Lung cancer 
detection and classification using deep learning. In 2018 Fourth 
International Conference on Computing Communication Control 
and Automation (ICCUBEA) (pp. 1-5). IEEE. 

[49]  Heuvelmans, M. A., van Ooijen, P. M., Ather, S., Silva, C. F., 
Han, D., Heussel, C. P., ... & Oudkerk, M. (2021). Lung cancer 
prediction by Deep Learning to identify benign lung nodules. Lung 
cancer, 154, 1-4. 

A Study on Lung Cancer Detection in CT Images             13



[50] LIDC-IDRIdataset, 
https://wiki.cancerimagingarchive.net/display/Public/LIDC-IDRI. 
 

14             D. E. Mariana Jaincy and Prasanthi

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-NonCommercial 4.0 International
License (http://creativecommons.org/licenses/by-nc/4.0/), which permits any noncommercial use, sharing, adaptation, distribution and
reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide a link to
the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's Creative Commons license, unless indicated
otherwise in a credit line to the material. If material is not included in the chapter's Creative Commons license and your intended use
is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright
holder.

https://wiki.cancerimagingarchive.net/display/Public/LIDC-IDRI

	A Study on Lung Cancer Detection in CT Images Using Medical Image processing with Deep Learning Techniques



