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Early detection of lung cancer is essential for the survival of individuals, but at the same time, it poses a challenge
for the medical community. Generally, chest radiography and computed tomography scans are used during initial
screening for diagnosis of malignant nodules. This is because during early stages, benign and malignant nodules
show close resemblance to each other. This paper focuses on deep learning-based convolutional neural network
model proposed for early identification of malignant nodules. Only 16% of lung cancer cases are diagnosed at an
early stage. More than half the people with lung cancer die within one year of being diagnosed, since most are
diagnosed in stage 3 or 4. CNNss are primarily used to solve difficult image-driven pattern recognition in images.
This study considers the use of x-ray images, one of the difficult data studies for Neural Networks. Thus, a
dynamic study using drop out layer and ReLU (Rectified Linear) activation function is used in the model. Our
research showed effective results in predicting the type of nodule with the accuracy score of approximately 68 %.
This is a noninvasive solution detecting lung cancer based on the size, pattern and pixel values of the nodule.
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1. Introduction

Lung nodules are commonly found clumps of cells located in the lungs. Most lung nodules are scar tissues from
past lung infections. They do not cause negative effects under usual circumstances, and a majority of them are not
signs of lung cancer. If the CT scan shows small nodules (less than a centimeter wide, or about the size of a green
pea) also called as Benign nodules, the probability of them being cancerous is low. Larger nodules are more
worrisome. Rounded nodules are less likely to be cancerous than spiculated (having jagged edges) ones also called
Malignant nodules. Lung nodules show up on imaging scans like X-rays or CT scans. Below image shows x-ray
images of chest having Lung Nodule.
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Fig 1.: X-ray images of lung nodules

Benign and malignant nodules have considerable feature overlaps, but still are differentiated on the basis of
morphology and location at early stages [1]. Benign nodules are usually located at the peripheral, with smooth
surface and triangular shapes filled with fat and calcium, while malignant nodules often show speculation with
edges, lobulated, vascular convergence, cystic air spaces, pleural indentations and sub-solid morphology [2]. Early
detection of lung cancer is challenging, due to the various shapes, sizes, densities and locations of nodules. Studies
have adopted machine learning Approaches such as segmentation, clustering, Artificial Neural Network and
Support Vector Machine (SVM) to solve this problem [3,4,5,6,7,8]. However, relatively few approaches require
to be incorporated while using Convolution Network (CNN) to classify nodules in images. CNN is inspired by
the biological functions of neurons.

A typical CNN framework consists of several convolutional layers, regularization layers, subsampling and fully
connected layers. CNN has demonstrated to achieve better results in any image processing tasks, including
segmentation, object detection, etc. Compared to previous approaches that involve complicated image pre-
processing and designing optimal vision features, CNN is able to learn to identify visual features automatically
and could potentially provide better classification accuracy in nodule (such as between nodule and non-nodule
region of interests with high sensitivity and low false positive rate).

This study explores how a CAD system can be created for developing lung cancer diagnosis, which has the
potential of reducing the time for the radiologists to create large-scale, labeled datasets of lung x-ray images.
Section 1 of this paper introduces the challenge at hand, and explains the application of CNN, while Section 2
summarizes the recent literature in this research domain. Section 3 describes the methodology adopted for solving
the said problem and presents the results, and Section 4 concludes the study.

Literature Review

We made use of a convolutional neural network where they extracted features from a CNN pre-trained on the
ImageNet dataset and applied a simple linear SVM classifier to classify a perifissural nodule (a benign nodule in
the lung with a high false positive rate in lung cancer detection) [9]. They used the ensemble of classifiers for 3D
slices of an object to obtain the final classifier and compared its performance with a bag of frequency descriptors
with similar accuracy of 86.8%. Hua explored a 3-layer CNN and deep belief network to approach the problem
of nodule classification in computed tomography images [10]. et al.. considered three deep learning algorithms:
CNN, Deep Belief Network (DBNs) and Stacked Denoising Auto coder (SDAE) to classify nodules They showed
that the performance on down sampled data of the three methods are similar and are around 80% [11]. Shen et al.
proposed a learning framework using Multi Scale CNN (MSCNN). The method captures nodule heterogeneity
extracting features [12].

Many combinations of features [13, 14, 15, 16.] proposed an artificial neural network approach using statistical
parameters like mean, standard deviation skewness, kurtosis, fifth central moment and sixth central moment to

©iJournals Publications 2022 | 120




iJournals: International Journal of Software & Hardware Research in Engineering (IJSHRE)
ISSN-2347-4890
Volume 10 Issue 10 October 2022

achieve the classification accuracy of 91.1% [17]. Abdulla et al. used area, perimeter, and shape as features to
train an artificial neural network for classification with an accuracy of 90% [18]. Ada and Kaur carried out a
computational procedure that was also effective. Using similarity, groups of images were created. They first pre-
processed the data with morphological and histogram normalization, then they selected features, used Principle
Component Analysis (PCA), and trained a Neural Network Classifier with a single hidden layer [19].

The categorization of nodules in lung CT scans has been thoroughly investigated using image processing
techniques. For better nodule recognition, many researchers used segmentation, morphological operations, and
contour filter techniques [20, 22, 21, 23, 22]. In order to segment CT scans and classify focal areas in the lung
region, Nathaney and Kalyani used the ROI processing and adaptive threshold method to identify lung cancer
with the lowest possible rate of false negatives [24] Another image processing technique, called LCDS, was
created by Chaudhary and Singh. In this method, pre-processing steps include smoothing, Gabor filter
enhancement, and Watershed segmentation. Then, morphology and colorimetric techniques were used to
determine features like area, perimeter, and roundness. To establish the stage of lung cancer for each patient, they
evaluated the statistics of various parameters [25]. In order to identify cancer nodules, Sharma and Jindal used
segmentation algorithms after applying fundamental image processing techniques, such as erosion, median
filtering, dilation, outlining, and lung border extraction [26].

Materials and Methods

The aim of the present study is to develop an intelligent system to detect and differentiate between benign nodules
and malignant nodules. In this regard, an intelligent system can be developed that integrates image processing
with DL techniques to differentiate the two types of nodules. The DL technique that is used in this paper is the
Convolutional Neural Network (CNN). The CNN model classifies the data into two classes: Malignant and
benign. The model considers the pixel value of the x-ray images and maps it to the two classes. The image dataset
needed to train and test the CNN model is x-ray images from the lungs.

Input
Conv1
Convolutional RelLU1
model Pooling1
Conv2
RelLU2
Flatten
Fully-
connected Dense1
model RelLU3
Output

Fig 2.: CNN Pipeline
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3.1 Dataset

This dataset consists of several thousand examples formatted in multipage TIFF (for use with tools like ImageJ
and KNIME) and HDF5 (for Python and R). The data was preprocessed and extracted partially from the LUNA16
competition [27] and should be used with the same policy that data has. The dataset is more for practice with
medical images and CNNs but it would be interesting to know how the best manually created features (Hog, SIFT,
...) perform against various Deep Learning approaches. It would also be valuable to visualize exactly which parts
of an image made the algorithm guess malignant or benign. Figure 3 shows the images of the two classes in the

dataset.
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Fig 3.: Dataset
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It is difficult to spot the difference between the two classes with the naked eye, and therefore feature engineering
was conducted to determine obvious differences using EDA as shown in figure 4.
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Fig 4.: EDA on dataset
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3.2 Preliminaries and methodology

This section of the paper briefly describes the preliminary concept required to analyze the images and subsequent
development of the DL model. The concept used to create the DL model and to analyze the images and classify
them into two classes (Malignant and Benign) is Convolutional Neural Networks

3.3 Deep Learning (DL)

Multi-layer processing computer models may recognise patterns in data using many levels of abstraction thanks
to deep learning (DL) [28]. The DL techniques have significantly increased the efficiency of Al and are widely
used in the fields of facial recognition, object recognition, speech recognition, and many other complex domains.
The backpropagation technique is used by the DL algorithm to identify patterns among the various dataset
parameters. Image, video, speech, and audio processing have advanced thanks to CNN, a DL model [29].

The CNN model is used in the study to identify and classify the Lung nodule into two classes namely Malignant
and Benign. The Characteristics are classified as pixel values and based on the pixel value it will give the
prediction to which class the images of lung nodule belong to.

Training and testing are the first and second segments of CNN. The model is established for all significant weight
values and the bias from labelled examples throughout the training phase. The model created during training is
tested for a sample dataset in the second section. The accuracy and precision of the developed model are evaluated
by comparing the predicted label with the actual label. The following are the many operations needed for CNN
prediction:

3.3.1 Convolution operation

The CNN convolution operation is used to separate the relevant noise from the features that are extracted from
the training images. To make it easier to extract an image's features and reduce unnecessary noise, the convolution
procedure splits an image into smaller pieces. The phrase "image matrix" refers to this shattered image (Im). The
layer holding the matrix of the N filter(F1) is slid over the width and height of the image matrix. Image and filter
matrix multiplication yields the final matrix (Re)

Mathematically,

Im x Fi = Re 1
3.3.2 Activation operation
The activation operation of a node in a neural network determines that node's output for a certain input or

collection of inputs. In this study, the activation operator is a rectified linear unit (ReLU). The ReLU is written
mathematically as:

y=0,if x<O0 (Za)
y= (2a)
X, if x
(2a)
> (2a)
y=x,ifx=0 (2b)
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ReL.U enables more rapid and efficient training of deep neural architectures on complicated datasets as compared
to sigmoid function or similar activation functions. [30].

3.3.3 Pooling operation

The pooling method decreases the number of learning parameters, which in turn reduces the required
computational work. This method is beneficial for condensing the features that are present in a specific area of
the feature map that the convolution layer produced. The majority of CNN's pooling operations use average and
maximum pooling. The average value for patches on a feature map is used to construct a down sample in the
average pooling technique. The main drawback of average pooling is that it does not provide an accurate result if
there are multiple outliers. Maximum pooling, which uses a feature map's maximum value for patches, can be
utilized to get around this. [31].

3.3.4 Layer stacking

Convolution, activation, and pooling operations are repeatedly used in layer stacking until the output is a reduced
matrix of the input picture.

3.3.5 Fully connected layer

A CNN model ends with this layer. Neurons from the preceding layers are completely linked to those in this layer.
Because of this, this layer is referred to as a fully connected (FC) layer. It is in charge of categorizing the given
category and forecasting the output and label for that class.

3.3.6 Classification and Prediction

Classification is categorization, and each FC layer neuron is labelled on the map. The input class whose label has
the greatest amount of characteristics comparable to those in the test images is predicted by the FC layer. The
SOFTMAX activation function is utilized in this investigation to categorize the label. The multinomial probability
distribution is predicted using the SOFTMAX activation function. [32]. The SOFTMAX activation function's
mathematical expression is:

e @)
o(z) = W 3)

3.3.7 Results from the CNN model

The performance and validation of the CNN model are briefly reviewed in this section of the text.

3.3.8 Performance of the CNN model
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The Kera’s and TensorFlow package, which is written in Python 3.10 and operates on a computer, is used to create
the CNN model. Using Adam optimizer, the CNN model's parameters are improved. The advantageous
characteristics of the ‘Gradient Descent with Momentum’ are carried over to the Adam optimizer. and ‘Root Mean
Square Propagation’ algorithms. The proposed CNN model is propagated for 5000 epochs with 9 steps each and
1 step for validation. The best model is chosen for the epoch with the lowest loss value. The CNN model's training
accuracy and training loss graph for identifying and classifying the nodule type is shown in fig 4.
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Fig 4.: accuracy of loss of the model

The CNN model's first epoch's training accuracy and loss are 0.3036 and 0.9106 respectively. However, the 50th
epoch’s training accuracy and loss values are 0.6766 and 0.6389 respectively.

3.3.9 Validation of the CNN mode

The CNN model is validated with a picture of a lung nodule which was not used to train and evaluate the system.
The ROC graph is shown in fig. 5.
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Fig 5.: ROC Curve
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4.

Conclusion

In this study evaluated Deep Learning based on CNN and carried out a reader survey. Evidently, CNN has the
potential to assist radiologists in their daily diagnosis. In contrast to previous methods, CNN's judgments may be
followed with individual lesion ratings and box predictions. There is still room for improvement and accuracy; it
must be determined in subsequent work whether training with a larger dataset is sufficient or whether a second
CNN is required to recognize aberrant cases and respond appropriately. Due to developments in healthcare
digitization, data might soon be accessible in machine-readable format. Such data might be used to alter CNN's
conclusion (e.g. to invalidate lesion scores in the region of a known pacemaker). The intension is to gather and
annotate more data in order to improve categorization performance.
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