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Abstract 
The unchecked proliferation of abnormal cells in the lung is 
known as lung cancer, and it is one of the major causes of 
death globally. The most accurate way for finding malignant 
lung nodules is a thorax Computed Tomography (CT) scan. A 
spherical lesion called a lung nodule can either be malignant 
or not. Lung cancer appears as rounded, white shadow nod-
ules on the CT scan. The candidate ROIs are calculated using 
existing method and some blood vessels are removed using 
rule-based methods based on the candidate ROIs’ shape fea-
tures. Next, the candidate ROIs’ remaining grey and texture 
features are calculated, and are given to the classifier to cate-
gorize the candidates. The rule-based technique has no omis-
sions, according to experimental results, however the misclas-
sification probability is too high. Therefore, in the proposed 
method, by computing the texture features from the Grey 
Level Co-occurrence Matrix (GLCM) in the wavelet domain, 
the nodules were identified and CT images were categorized 
using Convolutional Neural Networks (CNN) into two groups: 
those with and those without malignant lung nodules. In this 
work, two classifiers Support Vector Machine (SVM) and CNN 
are used for the recognized lung cancer image to determine 
the severity of the condition. Comparisons between SVM and 
CNN classifiers are done with regard to quality parameters 
including accuracy and sensitivity. 
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1. Introduction
Traditionally, nodule morphology and clinical cir-

cumstances have been used by doctors to examine, eval-
uate, and interpret lesion information. If there are a lot 
of cases, radiologists will have a difficult time interpret-
ing each lesion. Additionally, because of its inefficiency, 
patients can lose the ideal opportunity for therapy. The 
clinicians’ professional levels vary, and the diagnosis 
is arbitrary. Clinicians may interpret cases differently. 
Clinicians do not utilize the CT imaging data to their 
full potential because of personal physical character-
istics related to their health, such as the limitations of 
the human visual system, distraction and exhaustion. 
Therefore, an automatic mode is required, which might 
assist medical professionals in CT image processing, 
can reduce work, and accuracy can be improved. 

It is suggested that computer-aided diagnostic 
(CAD) [1-2] systems help practitioners evaluate med-
ical data and identify diseases. There are two cate-
gories of CAD: detection systems (CADe) and diag-
nostic systems (CADx). Finding specific anomalies is 
the aim of CADe, which seeks to pinpoint the image’s 
interest regions. The CADx system offers clinical aid 
to doctors in identifying the type, stage, severity, pro-
gression, and deterioration of disease. Only informa-
tion pertinent to diagnostics can be used by the CADx 
system. Three steps of a CAD are often involved in an 
early diagnosis of lung cancer: data collecting, nod-
ule candidate segmentation [3-5], and nodule type 
categorization. The classification of nodule types is 
the step that matters the most among these because 
it can give clinicians crucial information they can use 
to reach a choice. An extension of CAD, radiomics 
evaluates numerous physiological processes after ex-
tracting a big number of measurable image features 
from a huge number of patient data. The global CAD 
market is estimated to develop at a Compound Annu-
al Growth Rate (CAGR) of 11.5% over the forecasted 
period, reaching $2.2 billion by 2023. 
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There are basically two study directions for nodule 
classification in lung CT imaging. (i) Based on appear-
ance, shape, and location as Four-type nodule classi-
fication (ii) Based on rating of malignant as two-type 
nodule classification. 

The organization of the following sections is as 
follows. Section 2 contains literature survey on lung 
tumor. Section 3 presents methodology of processing 
lung CT image with SVM and CNN classifiers, Results 
in section 4, and conclusion is presented in section 5.

2. Literature review 
Chen H et al [6] proposed an algorithm, which is 

able to determine the likelihood of growth, can deter-
mine whether the input image contains tumor cells or 
not. The proposed approach has an accuracy of 96% 
and a sensitivity of 87% in identifying cancer. The pro-
posed technique would be useful in helping the doc-
tor decide if the lung was potentially dangerous or not 
malignant. 

Nidhi S et al [7] developed a system for automat-
ically detecting lung cancer in CT pictures by effec-
tively utilizing image processing methods. The strat-
egy used works well for improving, segmenting, and 
extracting characteristics from CT images. With this 
method, normal and abnormal CT pictures are sepa-
rated. As a result, the suggested methodology aids in 
the precise and early stage diagnosis of lung cancer. 

In [8], a normal lung has a cancer cell lesion that is 
20 mm in size, whereas an aberrant lung has one that 
is larger than 20 mm was identified. So the technique’s 
output is measured and evaluated as a consequence. 
It is more obvious, as a result of this study, that the 
watershed segmentation technique is effective for as-
sessing the region of lung cancer cells. 

3. Methodology
Figure 1 shows a frame work to illustrate the iden-

tification for Tumor in the lung CT images. 
Cancer patients’ lung CT scan images are acquired 

as the first step. The images have been acquired from 
the Cancer Imaging Archive database for research 
purposes. The images are kept in DICOM format. The 
database includes CT scans of patients with and with-
out tumors. Computed Tomography images of people 
with and without lung cancer can be found in the im-
age database. 

Preprocessing an image aims to minimize any un-
desirable distortions that may already be present in the 

image. Image enhancement and image smoothing are 
two important phases of image processing. To elimi-
nate undesirable noise from the image, smoothing is 
applied. Since median filtering removes noise without 
affecting the image, it produces the greatest results for 
image smoothing. In order to get better results from 
further processing, image enhancement techniques 
are used to increase the quality of digital photographs. 

Segmentation is the process of extracting the re-
quired region of interest from the image. The pre-
processed gray scale images were first transformed to 
binary images. To remove unnecessary components 
from the binary image, a morphological opening op-
eration was carried out using a disc structuring ele-
ment. After that, the opened image was enhanced and 
given a distinct border operation. In order to obtain 
the lung masks, the lungs’ openings and spaces were 
filled. To acquire the segmented tumour region, a final 
exclusive OR operation was carried out on the lung 
mask output. 

The most crucial stage in turning input data into 
necessary features is feature extraction. In this step, 
relevant features from the region of interest are ex-
tracted, and these features are used as input for cat-
egorizing CT images. Three geometrical features are 
extracted to determine the shape and size of the lung 
tumor. The characteristics of the malignant lung nod-
ule include its size, shape, and eccentricity. 

The CT scan images are categorized as normal and 
abnormal during the classification step. The SVM [9-
12] algorithm was employed to identify cancer in dif-
ferent places of lung CT images. Supervised learning 

Figure 1 Frame work for the identification for tumor 
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SVM classifiers analyze the input data and classify it in 
accordance with a pattern. The SVM classifier creates 
a model using the training dataset to categorize the 
data. Thus, the SVM classifier classifies the lung CT 
images by locating the ideal hyper plane that divides 
the two groups. Data points from the class with the 
largest margin between them are separated from the 
other class’ data points for the best hyper plane. 

Convolutional Neural Networks
The deep learning technique utilized in the pro-

posed method to classify data is the Convolutional 
Neural Network. The Layers in CNN

Architecture is shown in figure 2.The network re-
ceives the input images in batches of 50 at a time. All of 
the images have been resized to be 32 x 32 pixels, and 
they are all RGB The layers are fully connected layer, 
three pooling layers, and three convolutional layers. 

Figure 2 Layers in CNN Architecture 
One of the most well-known deep learning meth-

ods is the convolutional neural network (CNN or 
ConvNet), which enables a model to learn to execute 
classification tasks directly from pictures, video, text, 
or voice. [13-15]. 

Three significant factors have contributed to the 
growing popularity of using CNN: 

1) CNNs learn the features on their own, manual 
feature extraction is not necessary. 

2) CNNs deliver cutting-edge recognition out-
comes. 

3) CNNs have the capability to be retrained for 
new recognition tasks, enabling to expand on existing 
networks. 

The CNN’s fundamental building block is the con-
volution layer. The kernel, which is a collection of 
learnable parameters, and The two matrices that are 
integrated in this layer to create the dot product, which 
is the limited region of the receptive field. In com-
parison to an image, the kernel is denser but smaller 
in size. This means that if a picture comprises three 
(RGB) channels, the kernel height and breadth will be 
extremely small in comparison to the total depth. 

The kernel presents an image of that receptive 
region as it advances over the picture’s height and 
breadth during the forward pass. An activation map is 
created as a consequence, which is a two-dimension-
al representation of the image that shows the kernel’s 
response at each location in the image. A stride is the 
sliding size of the kernel. 

A 2-D convolutional layer processes the input 
through sliding convolutional filters. Neurons con-
nected to particular regions of the input images before 
make up the filters and stride of a convolutional layer. 
The layer detects the features that these zones have lo-
calized while browsing an image. When creating a lay-
er with the convolution 2-D Layer function, the filter 
Size input option enables to choose the size of these 
zones [16-17]. 

Before adding a bias component, the train Network 
function computes a dot product of the weights and 
the input for each region. A filter is a collection of 
weights that are used to focus on a particular region of 
the image. The same computation is repeated for each 
zone as the filter advances horizontally and vertically 
along the input image. The filter effectively convolves 
the input [18-19]. A 3-by-3 filter may be seen scan-
ning the input in this image. The lower map represents 
the input, while the higher map represents the result. 

The number of weights in a filter can be calculat-
ed using the formula h * w * c, where h denotes the 
filter’s height, w its width, and c the number of input 
channels. If the input is a colour image, there are three 
colour channels, for instance.. The number of filters 
determines how many channels are produced by a 
convolutional layer. 

4. RESULTS
For the categorization of lung cancer, an optimum 

use of SVM and CNN has been investigated. 

Support Vector Machine
Figure 3 shows Normal CT image having no tu-

mor. Figure 4, 5, 6 and figure 7 shows Tumor is present 
around corners of lung, Tumor is present in middle of 
lung, Tumor in bronchioles of lung and Tumor is in 
tissues of lung respectively using SVM. 

Convolutional Neural Networks 
Figure 8 shows Normal CT image without tumor. 

Figure 9, 10, 11 and figure 12 shows Tumor is pres-
ent around corners of lung, Tumor is in the middle of 
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Figure 3 Normal CT image having no tumor

Figure 4 Tumor is present around corners of lung

Figure 5 Tumor is present in middle of lung

Figure 6 Tumor in bronchioles of lung

Figure 7 Tumor is present in tissues of lung

Figure 8 CT Image of a lung without a tumor
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lung, Tumor in the bronchioles of lung and Tumor is 
in tissues of lung respectively using CNN. 

The most important metrics accuracy and sensi-
tivity have been calculated and compared for the two 
classification approaches SVM and CNN in this study 
as shown in table 1.

Table 1 
Comparison of performance metrics in SVM and CNN Classifiers

Classifiers Position of the 
Tumor

Accuracy (%) Sensitivity (%) 

SVM

NORMAL
CORNERS
MIDDLE
BRONCHIOLE
STISSUE

94.8
94.8
94.2
93.3
93.0

88.7
96.2
93

81.7
84.7

CNN

NORMAL
CORNERS
MIDDLE
BRONCHIOLE
STISSUE

96.2
98.8
98.2
98.1
98.0

90
99.2
95

92.8
88

Graphical representation of Accuracy for the 
classifiers SVM and CNN is shown in the Figure13.
Graphical illustration of classification results in terms 
of sensitivity is shown in the Figure 14.
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Figure 13 Graphical representation of Accuracy for dissimilar 
Classifiers
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Figure 14 Graphical representation of classification results in 
terms of sensitivity for different classifiers

Figure 9 CT Image of a lung where tumor is present at corner 

Figure 10 CT Image of a lung where tumor is present at Middle

Figure 11 CT Image of a lung where tumor is present at Bron-
chioles

Figure 12 CT Image of a lung where tumor is present in tissue
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5. Conclusion 
The classification of lung nodules using a CADx 

method is proposed in this paper. It uses features de-
rived from the GLCM of a Daubechies db1, db2, and 
db4 wavelet transform. The paper uniqueness is the 
removal of the conventional structural segmentation 
stage, which is made possible by the use of a wavelet 
transform to identify potential lung nodules. Another 
innovative aspect of the method is the use of wavelet 
characteristics to describe the lung nodules and the 
fact that just the extraction of a ROI is done during 
the pre-processing phase. The results obtained were 
favourable, able to determine if lung nodules are pres-
ent in the CT scan or not by using SVM. Then this 
classification is also using CNN and the accuracy is 
calculated for both the SVM and CNN. According to 
these testing findings, CNN has a 98.8% accuracy and 
delivers superior results to other state-of-the-art tech-
niques. 
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