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Introduction: Lung cancer, a highly prevalent disease worldwide, poses a
significant risk to individuals. Nodules, which manifest as minuscule masses
in the lungs, serve as crucial indicators of the early stages of the disease, with
the possibility of being either benign or malignant in nature. Prompt
diagnosis of this ailment plays a pivotal role in saving patients' lives, thus
rendering the utilization of computed aided diagnosis methods exceedingly
valuable within this domain.

Material and Methods: The methodology employed for presentation
purposes is deeply rooted in the principles of deep learning, a field that
epitomizes the amalgamation of artificial intelligence and neuroscience.
Delving into the specifics, the initial phase of this process entails the
preprocessing of data, wherein the lung area is meticulously isolated from
computed tomography (CT) scan images. Subsequently, in the second stage,
the identification of nodules is facilitated through the employment of the
mask region convolutional neural network (RCNN) technique, which
effectively entails the delineation of masks and bounding boxes. The third
and final step involves the classification of the identified nodules, achieved
through the utilization of a singular convolutional neural network,
ultimately segregating the nodules into three distinct categories: benign,
malignant, and ambiguous. In order to evaluate the efficacy of the proposed
method, the LIDC-IDRI dataset was employed as a means of testing, thereby
furnishing tangible evidence to substantiate the claim that the presented
method is on par with its counterparts within the realm of detecting and
classifying lung nodules.

Results: It is worth noting that the proposed method has yielded a
remarkable accuracy rate of 95% in the phase of nodule detection, further
bolstering its credibility and reliability. Furthermore, the accuracy rate
achieved during the step of nodule classification stands at an impressive
97.3%, thereby cementing the efficacy of the proposed method in a
comprehensive manner.

Conclusion: The purpose of this work to provide an intelligent system for
reducing the amount of the workload of the physicians in this field. After
examining and studying some data set, the LIDC-IDRI data set is presented,
for this work because of being suitable for two works of detecting nodule
place and nodule classification, lots of data, and because of being reliable and
used in previous reliable works that can provide the ability to compare the
results.
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INTRODUCTION

Cancer is one of the most common and deadly
diseases in the world. According to studies, cancer is

the second cause of death, and was the cause of death
of 8.8 million people per year in the world in 2015 [1].
Cancer is a disease that damages body cells. There are
different types of cancer, and lung cancer is one of the
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most dangerous and common types. According to the
American cancer society, 234,030 people have lung
cancer [2]. Persons. Regardless of gender, they get
lung cancer, and this cancer is the deadliest disease in
the world [3]. Smoking addiction, carcinogenic
environments such as radioactive gasses, and air
pollution are the leading causes of lung cancer; in
addition to these causes, genetic factors also play a
role in causing lung cancer [1]. When the cells start to
divide uncontrollably and out of order in the lungs.
Lung nodules are formed [1]. Lung nodules are the
main early signs of lung cancer [4]. Lung nodules are
a kind of abnormality which they get involved with
normal lung tissue. These nodules, which appear as
small lumps in the lungs, have a spherical shape. The
presence of nodules in the lung is one of the early
symptoms of lung cancer. In terms of anatomy, a lung
nodule usually has a diameter of less than 30 mm [5].
Lung nodules are usually seen on CT scan more
clearly; lung nodules can be benign or malignant.
Pulmonary nodules in the very rare stages are small
and detecting them at this stage requires a lot of
experience, and expertise. When the lung nodule
becomes more extensive, the probability of nodule
malignancy will increase [5] in the CT scan images;
radiologists can detect the presence of nodules. In
order to detect malignant nodules, specific
characteristics must be identified and measured [6].
They are identifying nodules in CT scan images are
complex, because nodules can resemble other visible
tissues in the images. For example, in Fig 1, in part a,
there is a sample of a lung CT scan The image with
nodules, and in part b, there are samples of lung CT
scans without nodules.

€)) (b)

Fig 1: CT scan sample images (a) having nodules (b) without
nodules.

If lung cancer is diagnosed early, the death rate of
affected patients will be decreased [2]. The problem
of lung cancer diagnosis is due to the reasons
mentioned earlier; it is of significant importance in
saving human lives.

The high importance of lung cancer diagnosis led to
the idea of designing a solution for the problem of
lung cancer diagnosis and conducting this research.
In recent years, various methods have been proposed
for the automatic lung cancer diagnosis. Some of

these methods detect nodules in the CT scan images
and determine whether the nodules are benign or
malignant, and some other methods of automatic
detection of lung cancer perform one of these two
tasks.

In [7], a method on Bayesian voxel labeling was
presented; in this method, pulmonary nodules are
identified in CT scan images. In [8] used, the method
designed by combining Gabor, KNN, and genetic
algorithm to classify pulmonary nodules. In [9], a
method was designed to identify lung nodules in CT
scan images that use a cylindrical filter and SVM
method to identify nodules. In [10] presented a
combined method based on the KNN algorithm and
SVM method.

This method is used to identify nodules in CT scan
images. In [11], they presented a content-based
image recovery method, in which high-resolution
computed tomography was used. In this research,
this system is based on learning and requires labeled
data. In [12], researchers used a method based on
morphological processing and fisher’s method to
identify lung nodules. In [13], a method based on an
artificial neural network and the genetic algorithm
was presented to classify pulmonary nodules. In [14],
in order to identify nodules, it is used from the
watershed classification division method.

Two methods have also been used [15-18]. In [19], a
method was presented for identifying the nodules by
using a CNN network. In [20], was presented two
comparative methods of Unet and Resnet networks in
order to classify the nodules. In [21], the researchers
have presented a method by the use of the VGG16
network, in order to classify the lung nodules in
which, the data were used by the signal format. In
[22], for identifying the nodules, a method was
presented that was based on deep learning that was
used from a Retina Net Network. In [23], a method for
classifying the lung nodules by inception V3 network,
was presented. In [24], in order to classify the lung
nodules, four architectures from the CNN network
was used. In [25], for classifying the nodules, they
used a deep belief network and CNN network. In [26],
in order to classify the nodules, was used from CNN
network. In [27], identifying the nodules, it was used
from the faster RCNN object detection method, and
the gradient Boosting machine was used to classify
this research is used from a method which is based on
deep learning for identifying and classifying the
nodules, that one of its essential advantages is not
needing the feature extraction section, and its other
advantage is that in addition to providing a bound
box that includes the nodule, a mask that is entirely
compatible with the nodule, is also presented, which
only includes the nodule itself.

MATERIAL AND METHODS
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Proposed method

As shown in Fig 2, the proposed method is formed
from 3 primary stages or processes. The first stage, is
done pre-processing of CT scan images, in the second
stage the nodules are detected, and in the third stage,
the classification of nodules is used.

Input image

v

Pre-processing

'

Detecting nodule

k4

Classifying nodule

Fig 2: Overview of the proposed method

Pre-processing

As was mentioned before, since the nodules are
located in the lung region, in this stage, the lung
region is separated from every image. The method is
done as the image is thrush holding in order to
separate inside areas of the image, and then identify
which one of that regions. It is related and belongs to
the Lung. The lungs have high contrast with the
surrounding areas; therefore, thrush holding is
relatively simple. In this stage, the criteria,
appropriate to the data set are used experimentally
in order to remove non-lung regions from the image
[28].

Detecting nodule

This stage is used for identifying the nodules in the
images that, for doing this work, is used from an
object detection method by the name of mask RCNN.
The mask RCNN method is a generalized method of
faster RCNN [29]. The mask RCNN is a generalized
method of faster RCNN, and here, in addition to
sending feature space to RPN and classification, it is
used to predict a binary mask. It is also used for the
object inside the bound box. The, the mask RCNN (Fig
3) is a generalized method of faster RCNN, which
includes an additional branch for predicting
segmentation Masks on ROIS. Also, instead of using
ROI pooling, ROI Align is used to benefit from the
spatial information that it is possible the ROI pooling
would not be able to consider them. Fig 3 shows the
architecture of the mask RCNN model, and according
to it, the input image is first sent to the convolution
network (here, Resnet 101 architecture is used).
Then data and feature space are given to RPN, and
then RPN output, and unique space is given and sent

to ROI Align.

The ROI Align output is given to the mask section,
which includes two convolution layers for producing
masks for every one of the ROIs. It must be noticed
that, as it is mentioned in [30], the mask outputs
differ from the class and Bound box outputs.
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Fig 3: The architecture of the mask RCNN

The error function shown in (1), is a multi-task loss
function which is the sum of the classification of the
error, and Bound box determination error, and the
mask prediction error.

L = Les + Lpox + Linask (1)

This architecture is trained on the coco dataset and
by training head layers used from this architecture .
In this process, also, the learning rate is considered
0.002. The reason for using this architecture for this
research is that cause to differentiate it from other
methods, the ability to present one mask for the
considered object, because only drawing the Bound
box around the object, is not able to show its exact
place, and it is included the around parts of the
considered object.

Nodule classification

In this step for classifying the nodules, this
classification is done by one of these three groups:
Benign, Malignant, and Ambiguous. The considered
method in this research is to use a deep convolution
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network. CNN is one of the most successful
architectures, which can be found in deep learning
architectures. These networks are deep-learning
models which get intermediate and high-level
impressions from raw data. One of the essential
advantages of CNN is that, this group of networks are
extracted the characteristics of the networks directly
from the input data, and there is no need to plan one
independent feature extractor from these networks.
The reason for naming these networks, is the use of
the convolution function in their structure. In the
CNN method, there are usually several layers of
convolution.

In Fig 4, the architecture of the convolution network
is put for the stage of nodule classification is placed
that; in the following architectural considered layers
will be discussed.

e Convolution layer: The first layer of this
architecture, is the convolution layer. This
layer is used from an architecture of one
convolution with two dimensions of 32
filters of 3%3.

e Non-linear layer Activation function usually
the convolution layer and Activation
function are placed together, and Activation
function used in the first convolution layer is
the ReLU non-linear function, which is the
most popular among the non-linear
functions because the calculations in the
ReLU function are simple, and it is only a
comparison. For this reason, calculations in
the section of the non-linear function are
performed by using ReLU faster than other
linear functions.

On the other hand, the training process with
ReLU is faster than other non-linear
functions, because some non-linear
functions reach saturation in tremendous
and small values, and this causes the
gradient of these functions to tend toward
zero; as a result, the whole training process
is slower than ReLU is done.

e Pooling layer: After the first convolution
layer, a pooling layer is placed. After the
first convolution layer, it is used two-
dimensional max pooling with the filter of
size 2X2. Max pooling consists of a filter
that moves on the image (scans the image)
and selects the maximum value in each
filter, and discards the rest.

e Convolution layer: the next layer of this
architecture is the second convolution
layer. This layer of the architecture is used
a two-dimensional convolution with 64
filters 3x3.

e Non-linear layer (Activation function):

usually, the convolution layer and
Activation functions are placed together,
and the Activation function used in the
second convolution layer, here, is the ReLU
non-linear function because the
calculations in the ReLU function are simple
and only it is a comparison.

e Poolinglayer: A poolinglayer is placed after
the second convolution layer. After the
second convolution layer, a two-
dimensional max pooling with a filter by the
size of 2X2 has been used.

e Convolution layer: the next layer of this
architecture, is the third convolution layer.
In layer, it is used from an architecture of
two-dimensional convolution with 64
filters of 3% 3 sizes.

e Non-linear layer (Activation function):
usually, the convolution layer and the
Activation function are placed together, and
the Activation function, which is used in the
third convolution layer, here, is a ReLU non-
linear function, which is the most popular
among non-linear functions because the
calculations in the ReLU function are simple
and straight forward and it is only a
comparison.

e Poolinglayer: A pooling layer is placed after
the third convolution layer. After the third
convolution layer. After the third
convolution layer, a two-dimensional max
pooling with a filter by the size of 2X2 is
used.

e Flatten layer: this layer turns the inputs
into a one-dimensional presentation, in fact
it flattens the inputs.

e Fully connected layer (Dense): It is used
from a fully connected layer with 256
neurons and a ReLU Activation function.

e Dropout layer: A dropout layer with a
probability of 0.5 has been used to prevent
over-processing, so a several neurons are
generally not considered.

e Fully connected layer (Dense): After the
Dropout layer, a fully connected layer has
been wused to perform three-class
classification with the Softmax Activation
function.

This architecture is used from Adam’s optimizer
function and a categorical cross-entropy loss
function.

Volume 13 | Article 195 | Mar 2024

Page 4 0of 10



Intelligent diagnosis of lung cancer using deep learning

Seyedeh Nastaran Bapir et al.

L == ]
I

[ CoonD, 32, 3*3,BaLl ]

[ MaPosling 2D, 242 ]

[ Copy 1D, 64,33, Eall ]

[ MaPosling 2D, 242 ]

[ Comy 2D, 64, 343, RaLl ]

[ Ma®opling 2D, %2
|

_

|

]
]
e o st |
]
]

!

[ Dwopout, 0.5

:

[ Diamzz, 3, Safimss

Fig 4: The CNN architecture of the proposed method

Data set

To test of proposed method, the data set with the
following feature are required:

e The data set should include information
about the nodule's location in the image,
because the nodule is identified in the
second step.

e The used data set, must include the label
related to cancer, because the data is
labeled in the third step.

e Due to the use of deep learning, the desired
data set to do this, must be a large data set.

e To compare the proposed method with
other similar methods, the data sets used in
previous work, should be used.

e According to the conditions mentioned
above, the LIDC-IDRI data set [31] is a
suitable choice for this research.

The LIDC-IDRI data set is included in the section of CT
scans of the patients and annotation files, and
downloading of the files can be done by the NBIA Data
Retriever software. The format of the CT scan
sections are DICOM, and every image has 512x512
dimensions.

In this research, 70 percent of the data are presented
for the training on the proposed method, 15% of the

data are used for validation, and 15% are used for
testing the model.

Fig 5: The samples of the data set

RESULTS

In this section, we will discuss the simulation results
of every stage of the proposed method.

The proposed method is implemented by the python
programing language and using tensor flow and
Keras libraries. In order to implement the proposed
method from the Google Colab virtual machine, it was
done using the graphic processing unit.

Evaluation criteria

The proposed method for detection of nodules is
done in images, and for analyzing the data, the
following criteria are used:

Mean average precision: When testing the model by
test data, this criterion shows that in the proposed
model, the detection of the nodule, is plotted on some
percentage of Bound Box and mask data.

Minimum Detection confidence: This criterion means
that the masks which are plotted for nodules, what
the least accuracy they have. This means that in the
case of recognizing and detecting the mask accuracy,
which is lesser than minimum detection confidence,
that mask will not plotted for the nodule.

Loss function: The loss function in this stage is a
multi-task loss function that is the sum of the
classification loss, Bound Box loss and mask loss.

L= Lcls + Lbox + Lmask (2)

In order to analyze the obtained results from the
third stage that the classification of the nodules done
in this stage, itis needed the criteria for analyzing that
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we will discuss the evaluation criteria in the
following.

Accuracy: Accuracy is the most simple and widely
used criterion for measuring the function of one
classification. This criterion is the ratio of correct
predictions to the total number of predictions.

Accuracy =

True Positive+True Negative ( )
True Positive+True Negative+False Positive+False Negative
Sensitivity: The sensitivity criterion means
measuring the ratio of natural and positive cases that
are predicted as positive cases by classification.

(4)

True positive

Sensitivity =
y True Positive+False Negative

The first stage: Pre-processing

In the previous sections, the explanations and the
method of doing the work are presented in the pre-
processing stage. The purpose of pre-processing the
data is the area extraction related to the Lung from
CT scan images. In Fig 6, the samples of pre-processed
images that only included the Lung, are presented.

Fig 6: The sample of pre-processed images

The second stage: Nodule detection

As we said before, this step is used to identify the
nodule's location. The working process is that the
pre-processed images are considered as input data to
the Mask RCNN model, the architecture of which was
described in detail in the previous section, and a
bound box around the nodule and a mask for the
nodule as the output will be received. The result of
the model performance is shown in Fig 7. As can be
seen, in part (a), only a bound box around the nodule
is drawn, and in part (b), in addition to the bound box,
the nodule mask is also drawn.

(a) Bound Box Drawing (b) Mask Bound Box Drawing

Fig 7: Display the output of the second stage

In this research, the criterion of minimum detection
confidence is 97.5%, and the mean average precision
obtained in the test stage is 95%. This means that the
nodule detection part of the proposed method can to
produce masks with a minimum precision of 97.5%
of the data. The figure of the loss function in the
training and validation stage is drawn in Fig 8.
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Fig 8: The diagram of the loss function of the second stage

As shown in Fig 8, at the first stage of the work, the
training and validation stage are far from each other,
and the fluctuation can be seen in the diagram. As the
training process continues and becomes more
complete, the distance between the training and
validation diagram has decreased, and the
fluctuations at the beginning of the diagram have
decreased significantly.

Fig 9 is shown another sample of the result, which is
obtained from the second stage of the proposed
method.

Fig 9: The sample of the obtained result from the second
stage of the proposed method

In Fig 9, the produced Bound box and the mask by the
mask RCNN method are shown. The number written
next to the mask is the detection precision of the
mask; in this research, its minimum is considered
97.5% for produced nodules.

The third stage: Nodule classification
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The third stage is nodule classification, the purpose is
to classify the nodule, into three groups, benign,
malignant, and ambiguous. In the data set used in this
research, that is, the LIDC-IDRI data set, the recorded
malignant degree for nodules is 1 to 5. The malignant
degree 1 and 2 are considered the benign group and
4-5 malignant degrees are considered the malignant
group, and eventually, the three malignant degrees is
considered the ambiguous (imprecise) group. The
reason for this classification is that we can draw a
three-group classification on the data base.

The work of nodules classification into one of these
three mentioned groups will be done in the third
chapter by using a CNN network by the stated
specifications.

In order to show the changes in the accuracy criteria
during the training and validation stages, the
accuracy diagram based on of frequency in every
stage of training and validation has been shown in Fig
10.

In Fig 10, the horizontal axis represents the
frequency, and the vertical axis shows the amount of
accuracy according to frequency. The blue diagram
shows the accuracy changes according to the
frequency in the stage of training, and the orange
diagram shows the accuracy criteria changes
according to the frequency in the validation stage.
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Fig 10: the accuracy diagram in the third stage of the
proposed method

According to the drawn diagrams in Fig 10, the first
frequencies at the training stage and validation stage,
there is a short distance from each other. There are
seen fluctuations in the two diagram, too. However,
by increasing the frequencies and by continuing the
training process, the accuracy diagrams in the
training stage and validation stage, they have reached
too much near each other, and the number of
fluctuations in each diagram has become lesser, and
the size of fluctuations have become shorter too.

The accuracy for classifying in the test stage is 97.3%,
and the sensitive criteria in the classification stage for

every test has obtained 98.2%.

The Table 1 is presented a comparison of all the
stages of the proposed method with similar previous
works that in them it is used the algorithms of deep
learning for detecting lung cancer disease, too.

As can be seen in Table 1, some works include three
presented stages in the proposed method, such as:
pre-processing, nodule detection, and nodule
classification, and in some methods, they have only
done one or two stages. However, the proposed
method is three stages, and in the detection nodule
stage, we can draw the Bound Box and mask for
nodules simultaneously. The proposed method, in
terms of considered criteria, is entirely compatible
with other previous methods in this field, too. It is
worth mentioning that the previous methods, which
have been pointed to them in Table 1, are chosen
from the recent research and related to recent years,
and those articles have been published in
internationally recognized magazines.

DISCUSSION

One of the challenges in conducting this research,
which aims to diagnose lung cancer, is the selection
of the data set. Because to test the proposed method,
a large data set and labels related to the location of
the nodules in the images are needed, as well as the
label related to whether the nodule is benign or
malignant, and the LIDC data set has these conditions.
The working method is that first the CT scan image is
given to the algorithm, then the lung area is isolated
and the images with nodules are identified and a
mask and bound box are drawn for each nodule, and
then based on the identified masks, the input image is
classified into one of the benign, malignant and
ambiguous categories. The accuracy of the proposed
method in the identification of nodules is 95%, and in
nodule classification, 97.3 has been obtained, which
means that 97.3 of the data are correctly placed in the
corresponding category. This accuracy has increased
appreciably compared to similar methods.

CONCLUSION

In this research, the problem of detecting pulmonary
nodules and diagnosing lung cancer was investigated,
and was presented a method for solving this problem
by using CT scan images and deep learning. The
purpose of this work to provide an intelligent system
for reducing the amount of the workload of the
physicians in this field. After examining and studying
some data set, the LIDC-IDRI data set is presented, for
this work because of being suitable for two works of
detecting nodule place and nodule classification, lots
of data, and because of being reliable and used in
previous reliable works that can provide the ability to
compare the results. The proposed method, which is
presented, includes three stages. In the first stage,
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which is called pre-processing, the data is pre-
processed in order to have a suitable format and
quality to continue the work; in this stage, the lung
region is separated from CT scan images in order to
perform the identification method more optimal.
Then, the second stage, which is called nodule
detection, was done by using an objective diagnostic

method based on mask RCCN deep learning that the
work of nodule detection in the images was done by
the drawing mask and Bound box on the nodule. In
the third stage, which is called nodule classification,
by using nodules CNN networks, they were classified
as: Benign, Malignant and Ambiguous.

Table 1: The comparison of the proposed method with the previous works

Nodule Nodule Pre-processing Data set Architecture used Reference
classification | detection number
accuracy precision
(%) (%)
do not have 69 Lung-separating | LUNA Unet architecture [3]
96.9 -- Lung-separating | LIDC-IDRI Autoencoder network [32]
88.06 - LIDC-IDRI Neural network by widespread teaching [33]
for nodule detection and Relatively Deep
CNN network with four layers for nodule
classification
86.6 - Lung separating | Lunal6and | Unetarchitecture and Dropout (0.2) for [17]
Kaggle nodule detection, and two layers CNN by
Dropout (0.02) for classification
94.56 - Noise Special data | Deep learning by LDA and CNN method [34]
elimination and with two layers
contrast
enhancement
97.27 -- Lung- LIDC-IDRI Alex net architecture and PCA [35]
separation
-- 91.2 -- LIDC-IDRI Nodule detection by faster RCNN [5]
85.6 -- -- Special data | Inception V3 network [23]
92 -- Lung- LUNA CNN network with Batch Normalization [36]
separation and Dropout
94.17 94.2 Do not have LIDC-IDRI Faster RCNN for nodule detection and [27]
Gradient Booting machine for nodule
classification
97.3 95 Lung separation | LIDC-IDRI Mask RCNN for nodule detection and CNN | The
network with three layers and Dropout proposed
(0.5) for nodule classification method
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