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ABSTRACT 

In present days lung cancer has place a major health issue that leads to the people death. The main reason for lung cancer is due to the nodules present in the 

lungs. The nodules nothing but a small type of growth that is present in the lungs. When the nodule size increases the stages of lung cancer increases and it leads 

to death. Here we have two types of lung nodules. One is Benign and other is Malignant nodule. The malignant nodule is the dangerous nodule which leads to 

human death very rapidly.Shortness of breath, wheezing or hoarseness, chest discomfort, back pain, and exhaustion are all signs of the lung nodules. Here we are 

using VGG16 model for detecting the lung nodules in the lungs. For this we are using LUNA16 dataset consists of lung images. These lung images are performed 

feature extraction using Enhanced super resolution for increasing the image quality. The proposed model is then compared with pre-trained model like 

InceptionV3 and CNN. The proposed model perform a better accuracy and it gave high accuracy compared to pre trained model. It executes very fast and gave 

better results. 
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Introduction  

Lung carcinogenic  is that the most typical malicious and is that the leading reason for cancer deaths worldwide.  Lung Cancer deaths are increasing 

day to day. The main reasons for Lung Cancer is lung nodules. Lung Cancer is additionally called as Lung Carcinoma. A lung nodule is an abnormal 

growth that develops in the lungs. One person may have one nodule on the lung or several nodules. The Nodules develop  

in one or both lungs. Lung nodules come in two different forms. Two types of nodules exist: benign and malignant. The Benign nodules are non-

carcinogenic. They do not extend to remaining regions of the body. Most of them are benign. The Malignant Nodules are Cancerous and they spread all 

over the body very quickly.  The malignant Nodules are led an individual to death.  According to the reports approximately 18% death rates are 

cancerous. According to the ACS research, lung cancer has the greatest death rate at 26% and the lowest five-year survival rate at only 18%. Due to the 

lung nodules being discovered at an advanced stage and not being clearly identified at diagnosis, there is a low survival rate. So, it is important to detect 

the nodules and classify them at the advanced stage of Lung Cancer.  The nodule is detected depending on extraction features. Extraction features 

includes size, texture, embryology as well as rate of broadening of the nodule.  But CAD is failed to classify the malignant or benign one. So, the deep 

learning models are introduced to identify the benign and the malignant nodules. Deep learningapproaches  such as CNN, Transfer Learning and 

Multiple Classifier voting are accustomed to detect and classify the lung nodule. CNN are used to enhance the accomplishment of classifying lung 

nodules in Computed Topography images. They give the accurate results in for classification and detecting the lung nodules. Convolutional, pooling, 

and fully linked layers are the three layers that comprise CNN.  The CNNs uses convolutional layers to extricate features and each and every layer 

plays its role for extracting the nodules. The last convolutional layer, which is used is in fully-linked layers to extract all of the structure information, is 

responsible for extracting the complicated features.  The initial convolutional layers extract the characteristics, such as tiny edges. While the 

convolutional and intermediate pooling layers retrieve the features with a high level of complexity. For more accurate results we are intended to use the 

3D Thoracic MR Images.  

We proposed the VGG16 for the lung nodule categorization problem on patient image dataset; LUNA16. The VGG team submitted the VGGNet 

architecture for the ILSVRCs 2014 and won the competition. It is created because they want to increase the intensity of the existing CNN model to 

sixteen and is referred to as VGG16. This technology allows us to precisely determine whether or not there are nodules in the lungs at an advance stage 

of lung carcinogenic, hence reducing the risk of mortality. 
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Fig 1. Sample diagram of Lung nodules. 

 

Related Work 

.In this paper the author describes about the transferable texture convolution neural network for lung nodule classification .Here he uses LUNGx and 

LIDC-IDRI datasets for classification of lungs. It can be detected by neural networks (CNN) with transfer learning and Energy Level.As Energy Layer 

is identical to the average pooling layer and it works like similar as pooling layer.During patch generation all the Computed Tomography images are 

converted to House field scales.Compared to LUNGx dataset the LIDC-IDRI dataset produce a better results and accuracy.[1]. 

The author creates an automated lung nodule recognition and categorizingdepends on multi- classifiers voting model. In pre-processing technique, they 

perform to reduce the size and noise in the image. In this we use multiple logistic regression and multilayer perceptron algorithms used for nodule 

classification. In order to perform the process we are using K-fold-cross validation. LIDC benchmark dataset is used for nodule detection in lungs 

images. The  model approach has a better accuracy when it is compared with the  other pre trained models.. It will detect false-positive rate and reduce 

to generate a final set of computer-aided design (CAD) marks. [2]. 

A DCNN algorithm is used for lung nodules detection on chest radiographs. The author describes the categorization of lung nodules in the olden days 

detected by chest radiography (CR). The CR scans are having a low resolution on the diaphragm and pulmonary nodules. The neural networks are used 

to recognize the pulmonary nodules in CR scans and also detect pulmonary edema, cardiomegaly, and pleural effusion. The convolutional neural 

network contains 25 layers and eight residual connections. The DCNN will handle noisy images of CR scans [3]. 

In this paper, the author describes the comparisons of fully connection, max-pooling layer, and taking the pixel size of Computer Topography images 

which are in convolutional neural (CNN) that consists of fully connected connection and dropout layer will be used in the lung dense neural network. 

The network uses Computer Topography images of lung nodule categorization which it took end-to-end benefits of deep learning and classifies 

Computerizes Topography images and they use decomposition method and the lung nodule decomposition (pre-processing). The LDNNET is utilized 

to reduce overfitting. [4]. 

In paper the author uses an Ensemble of Multi-Deep CNN model for lung nodules categorization using CT images. All the CT images are taken from 

the LIDC-IDRI dataset, which is a publicly available images contains 1020 cases. The proposed method contain 8 CNN designs into a single 

framework. In order to continue the process we are using 5-fold-cross validation. The ensemble model results fusing the detection of multiple CNN 

acquire better classification performance than the single CNN model..[5]. 

In this paper, the author describes a nodule size adaptive deep model for detection, false positive. A volumetric chest Computed Tomography scans are 

used for pulmonary nodule recognition using CNN based on adaptive detection and classification.3D images are taken for training the model because 

the nodule and vessel becomes more distinguishable. To acquire the aim of candidate detection, we follow a deep object detection model. The proposed 

model detects the nodules and as well as masses with spectrum. [6]. 

In this paper, the author describes the noticing of pulmonary nodules with a falser positive rate and low sensitivity with 2 dimensional and 3-

dimensional convolutional neural network algorithms as the lung nodules which cannot have good accuracy values in CT scans. The author describes 

about lung nodules and analysis of neuropeptide correlation using deep learning. The U-net algorithm is used in this study to detect nodules in the 

lungs. Neuropeptide corella act as neuro-modulator neuropeptide, parallel substances in the haemoglobin of patients that will cause various types of 

lung injuries like nodules. When the lung nodules were decreasing, the accuracy rate is high because pulmonary sarcoidosis is affecting the accuracy 

rate. The 2-d and 3-d convolutional neural networks (CNN) were compared to reduce the high false -positive rate.[7].  

In this Paper, the author surveys the modules which are used to detect lung nodules for causing lung carcinomic.The author puts his idea on pulmonary 

nodule categorization on CT images used forFractaInet model. We are using LUNA16-dataset for lung nodule categorization and achieved a better 

accuracy. Deep Learning approaches are used to classify the nodules. The techniques used are RNN algorithm, RRNN, SAE, Deep Residual Network, 

CNN and GAN. The accuracy of regularized multiple kernel learning algorithm is 96.35% which is high when checked with other algorithms in deep 

learning [8].  

In this paper, the author describes the multi-discriminator (MDGAN) model is coincide with an encoder for the categorization of small and large lung 

nodules. Here they use unsupervised machine learning which contains unlabeled data for nodule identification.The  goalof the paper is to detect the 

lung nodules even by using unlabeled data. The model has provided a more accurate and sensitivity contrast to other models. However, the excessive 

usage of discriminators only increases the complexity but not the efficiency. [9].  
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The lung nodule risk categorization in lungs from computed Tomography images used for deep CNN using transfer module. In this paper the author 

takes the DCNN using Scale transfer module. Here he used ZSDB dataset for nodule classification. The main purpose of training of dataset is multiple 

classification of lung nodules. After the function of the proposed model ,the author compares it with other pre trained models. This method failed to 

give accurate results for the un-uniform diffusion of lung nodules and also affects classification accuracy. [10].  

The main model is depends up on the evaluation of deep learning algorithm in lung nodule recognition. In proposed model the author describes RCNN, 

SSD and YOLO for nodule detection. In object detection RCNN consists of two stages. The first part produces a region of interest. The second part 

classifier the output of object category. The YOLO consist of only one stage object detection. In data-preprocessing an automatic segmentation method 

is used to extract the features, LUNA dataset is used for lung nodule detection. Finally, they conclude that among the various detectors Faster-Recurrent 

CNN and Retina Net are the more giving with 35.75% and 34.65% precision.[11].  

A novel deep learning framework for lung nodule identification in 3D CT images was created by the researchers. This created model is utilised to 

identify pulmonary nodules in lung Computer Topography images, and a CNN-based model that detects the extracted characteristics from pulmonary 

pictures automatically, then classifies the entire region as either having nodules present or not. They did this by using the open-source dataset LIDC. A 

collection of the dataset, containing a sizable number of 3536-positive and 3536-negative sample gathered from 300 Computer Topography scans, is 

utilised for the model. The overall weight of the data is substantial (123 GB). The suggested model produced results with decent sensitivity and 

accuracy.. [12].  

The author described the “Malignant Lung Nodule Detection using Deep Learning”. Using Deep Learning, our model can identify cancerous lung 

nodules on CT-images. For the purpose of reducing false positives, the LIDC-IDRI dataset is the main dataset utilized along with a some tools from the 

LUNA-16 grand competition. 1018 CT images from high-risk individuals are included. In this, the lung areas were removed from the images using a 

preprocessing pipeline. The Deep CNN are thought to be the state-of-the-art technology in both patients imagination and object recognition applications 

due to their better object detection performance in natural pictures. This model produces a sensitivity of 84 percentage for classifying malignant 

pulmonary Nodules and recognizing their malignancy scores. [13].  

"Deep learning-based lung nodule identification with impacts of slab thickness in maximum intensity at the nodule candidate detection stage," 

according to the scientists, is a method they suggested. The goal of this study was to determine the ideal nodule candidate detection setting by 

examining the impact of slab thinness on pulmonary nodule detection. They made advantage of the LIDC/IDRI dataset's publicly accessible data. 

1020helical thoracic CT scan pictures from 1020 patients are included in the collection. The findings indicate that with 46 FPs/scan, 16 slab thicknesses 

had 96% detection sensitivity. The technique exhibited the maximum sensitivity for lung nodule detection for a single setup with 10 milli meter MIP 

pictures. The primary flaw in this analysis is the imbalance in the amount of data in the public databases. [14]. 

 The authors proposed "On the performance of pulmonary nodule detection, segmentation, and classification”. The performance and clinical uses the 

most recent lung nodule screening and analysis methods are highlighted in this publication. This review makes it clear that the advancement of 

pulmonary nodule analysis methods uses the deep-learning algorithms enhanced nodule analysis's performance in a number of ways. To aid in the 

reading process for computed tomography (CT)[15]. 

To aid in the reading of CT scans, the author suggested a brand-new automated framework using a 2D (CNN) for lung nodule detection. The author 

suggested a system that uses two techniques, namely false-positive reduction and candidate nodule detection. Faster R-CNN is employed in a 

framework for candidate nodule identification. Numerous CNNs are used for the false-positive reduction approach together with the boosting-classifier 

concept, and the final output is determined by voting. Performance of the proposed technique is evaluated in light of the results of k-fold cross-

validation using the FROC and competition performance metre (CPM). The trials on the LUNA16 dataset show that the suggested technique may 

precisely identify latent lung nodules.  [16].  

 

The author suggested a technique that uses Otsu segmentation and the fusion of deep learning characteristics to distinguish between lung nodules and 

non-nodules. To segment the lung nodule in this study, the Otsu approach was used with a morphological procedure. The best criteria are sequentially 

combined to classify lung nodules into benign and malignant groups. The experimental results demonstrate how well the proposed strategy performs 

when compared to current approaches using the lung image database consortium image database resource initiative (LIDC-IDRI). By finding 

abnormalities in tissue patterns, such as imbalanced wall thickening of lung bullae, this research can also be applied to other forms of lung 

ailments.[17].  

 

The author of this research put up an end-to-end framework for nodule identification that combined false positive reduction with nodule candidate 

screening. Two subsystems are part of the proposed system. While the second subsystem largely employs classification models to discriminate between 

nodules and non-nodules, the first subsystem often generates candidates using segmentation-based approaches or the Regional Proposal Network 

(RPN). The system significantly lowers model complexity and interference time, which streamlines training and frees up resources. The suggested 

work implies it is preferable to build deep learning-based pulmonary module identification systems using an end-to-end architecture.[18].  

For the purpose of detecting lung nodules, the author introduced two-stage convolutional neural networks (TSCNN). The initial step is to develop the 

identification of lung nodules using the upgraded U-Net segmentation network. To reduce false positives, three 3D-CNN classification networks are 

built using the second stage of the TSCNN architecture, which is based on the proposed dual pooling structure. The trials using the suggested 

architecture on the LUNA dataset demonstrated that it did achieve competitive detection performance.[19]  

This research proposes a Faster R-CNN-based method for lung nodule identification. Lung nodules may be found using a quicker R-CNN algorithm, 

and the training set is employed to demonstrate the viability of this method. The pulmonary nodules may be loosely categorised into three groups: 

solitary lung  nodules, lung nodules with vascular adhesion, and lungnodules with lung wall adhesion. The Dropout approach is employed in this study 

to avoid overfitting. The faster R-CNN detection algorithm utilised in this study, according to the author's proposal, is better than the original faster R-

CNN detection algorithm in terms of detection accuracy as well as the already widely used R-CNN and fast R-CNN algorithm.. [20].  
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The author describes the Multiple-Scenario a Deep Learning Framework for the Design of Automatic Pulmonary Nodule Detection. The primary aim of 

this method is for providing the accurate and significantly decrease false positives in a huge number of image data for recognition of lung nodules. This 

proposed model has 2Dimension CT multiple-scenario images for the recognition of nodules. But this fails to get more accurate results while detecting 

the nodules. [21].  

The author describes the multiple-view knowledge-based collaborative algorithm and the way it works. The objective of this method is to detect the 

presented nodules on chest Computed Tomography in the early stage. The proposed model has 3-Dimension lung nodule features by segmenting a 3-

Dimension nodule into 9 fixed views. The author also introduced Computer Vision Technology to perform nodule detection. This method has a high 

accuracy rate, but failed in to obtain the identical performance as ImageNet Challenge on routine lung nodules. [22].  

The author described the form and size of the nodule as they're the essential indicators of malignancy in carcinoma diagnosis. CNN is employed to look 

at the sampling of lung nodules in cross sections from different angles. The purpose of the study is to categorize lung nodules and calculate the 

likelihood that they are cancerous using CNN. proposed a thin, collective view cross section-based multi-selection CNN architecture that decreases the 

total data of the nodule by merging the data from its many samplings through a view maxpooling layer.[23].  

The author discusses the use of MR lung imaging to identify lung nodules. Because the nodules' sizes vary, trimming each part to a specific size might 

not be practical. The author of this research suggested Faster Recurrent CNN sketched for Pulmonary Nodule Detection as a solution to this issue. In 

order to identify lung nodules in MR images, this is the initial step. The suggested model differs from nodule detection techniques used in computer 

topography in that it uses the complete image as input and doesn't require any further extraction. It can distinguish between nodules of various sizes and 

determine whether or not they are there. [24].  

The author describes the detection of the nodules by Deep Reinforcement Learning. During this algorithmic program takes the entire Computer 

Topography image as raw data and it can be viewed as a group of states, and it produce aidentifications of whether or not a nodule is a present or not. 

By victimization, Reinforcement Learning will approach handling respiratory organ nodule performance. The purposed model is often in a learning 

state with each new subject, the model amplifies its learning by providing the new info and memory of historical info from previous subjects. It should 

facilitate avoiding wasting unwanted follow-up tests and value. [25].  

The author provides the categorization and detection of pulmonary nodules using deep learning approach along with the multiple methods. The nodule 

detection accomplishment of the designed model was calculated on LIDC-IDRI on the idea of LUNA16’s knowledge set split usesthe 5-fold cross-

validation of image data. For categorization coaching, 3249 nodules are used that contain same numbers of negative and positive nodules.  [26].  

The author describes the deep learning method for classifying and identifying lung nodules in Computer Topography images. Finding big lung nodules 

on computer tomography images can be challenging and time-consuming. Models for computer-aided diagnostics are suggested to lessen this issue. 

Deep learning may provide peer-to-peer detection by learning the most crucial properties during the training of the dataset, which is one of the key 

advantages of employing it in computer-aided diagnosis systems. Because it uses the properties of nodules from several Computer Topography scans 

with adjusting the different parameters, this makes the neural network resilient to variance. The non-homogeneous scans inside the LUNA16 dataset, 

which is a subset of the LIDC-IDRI dataset, may be selected using several criteria. Here, he lists the pieces that aresupported a 2Dimension approach. 

[27]. 

 The author tells the automatic detection of carcinoma using a non-homogeneous deep learning models for pulmonary nodule detection. Here LIDC 

dataset is used. This image dataset is employed to coach the subset of CNN's for collecting the feature extraction. The proposed automatic carcinoma 

recognition model consists of 2 modules: The nodule recognition module and the cancer finding evolutionary module. In the carcinomic risk 

evolutionary module, a group of 3DCNN-position models are trained to judge the anguish grade of the semantic features of lung nodules [28].  

This paper describes a completely unique pulmonary nodule recognition and categorization of the model using one phase radar called “I3DR-Net.” FPN 

may be a pyramidal-shaped neural network model which uses multi-scale method to extract features from the above pyramid layer which improve 

memory utilization because the feature maps become thicker as pyramid feature maps increase in size. Here they used LIDC Datasets which is publicly 

available to judge our proposed method [29]. 

 The author tells the effect of Computerized Tomography construction settings on the working of a deep learning-approach for pulmonary nodule 

computer aided diagnosis system. Using a recently accessible deep learning lung nodule CADS, we evaluated a retrospective method for 24 chest 

Computer Topography scans that had been constructed at sixteen dissimilar reconstruction settings for 2 dissimilar iterative construction algorithms. 

These algorithms varied in slab thickness, kernel size, and iterative construction level strength. A total of 5780 nodules were discovered after 380 CT 

reconstructions from 22 individuals were examined.[30] 

 

RESULTS 

We calculate the execution of the VGG19 model on Training set. Model gets an average Accuracy score of 98.72%, and a intimate its robustness and 

efficiency. And the inceptionV3 model gets accuracy 88.33%. When the proposed model compared with inceptionV3, the proposed achieves a better 

accuracy and it is showing the robustness. 

When coming to this section, this section compares all themethods that have been used in these references with the help ofa table which consists of 

advantages, limitations and theirresults.TABLEIprovidesadetailedoverviewofalltheautomatic summarization techniques. It also lists the futurescope. 
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The evolution metrics: 

1) Accuracy=TP+TN/TP+TN+FP+FN 

    2) RECALL=TP/TP+FN 

    3) PRECISION=TP/TP+FP 

    4) F1-SCORE=2/(1/RECALL) +(1/PRECISION) 
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Comparison Table with Pre-defined Models: 

Network Accuracy Recall  Precision F1-
Score 

VGG19 98.72 89.97 90.07 90.02 

InceptionV3 88.33 89.94 88.62 88.94 

 

Compared to the Inceptionv3 pre-defined model the VGG16 model gives higher accuracy and the processing-time taken for training of the model is less 

compared to other models. The advantage of VGG over Inceptionv3 is a lightweight deep neural network, VGG16 has less parameters and high 

classification accuracy. In order to  reduce the number of  neural network parameters and it improves the classification accuracy. 

 

CONCLUSION 

In this paper, we implemented  an efficient solution to monitor the lung nodule detection using VGG16 model. Then the model is contrast with the 

Inceptionv3 and it gets the high accuracy. The model performs well and produce  an accuracy of 98.72% on the labelled image dataset. It also produce 

data accretion techniques to deal with the shortage  of dataset in the community.  

. 

By applying the technique, we will get the better results and will help for decision support systems by giving accurate results and the inspection will be 

done quickly or in a less period of time. By using this VGG19 we detect the nodules in the lungs. Compared to individual existence of modules these 

models gave better accurate results. We make our dataset openly available, as a favour to the analysis community, that will decrease the problem of 

shortage of training data. 

Future Scope 

Forfuturescope,theabovetechniquescanbedeveloped or implemented in such a way that they aremore robust in detecting multiple nodules in a lung 
images. Also, methods to identify type of nodules that can be proposed with more efficient pre-processing andfeature extractiontechniques. 
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