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ABSTRACT

In the race of all cancerous diseases, lung cancer is in the first place. Every year lots of
people died because of cancer and lung cancer is playing the leading role among them. In
the year of 2018, 9.6 million people died because of cancer where 1.76 million death
occurred due to lung cancer. In this study, we experiment with a deep learning model with
KNN classifier to extend the success rate in diagnosing lung cancer. The dataset used in
this study is a publicly accessible resource SPIE-AAPM. We used data augmentation on
the training dataset to expand the dataset and convolutional neural network (CNN) to
extract the related features. Extracted features from CNN used as input to the kNN
classifier with cross-validation. The experiment hit accuracy of 90% by predicting the

dataset with the help of selected features and kNN classifier.
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CHAPTER 1
INTRODUCTION

1.1 Background

Cancer is an unintentional enhancement of cells which could outspread in an uncontrolled
manner, and sometimes it spreads. From hundreds of cancer diseases, lung cancer has
turned out one of the most common cancer in the world [18]. The beginning of lung cancer
happens from the unusual development of lung cells. The lung absorbs oxygen when the
human breath in, and it discharges carbon dioxide when they breath out. So, the lung of the
human body is a very important and sensitive organ for humans. A very vast amount of
people dies every year because of lung cancer [1]. According to the Global Cancer
Statistics, lung cancer and breast cancer had the same amount of new cases detected (lung
cancer 11.6% of total cases and breast cancer also 11.6% of total cases). But, in death ratio
lung cancer is three times greater than the breast cancer (lung cancer 18.4% of total deaths
and breast cancer 6.6% of total deaths). Total 2.1 million people were affected and 1.76
million people died because of lung cancer worldwide in 2018 [19]. The survival rate is
too low because of late diagnosis. Hence, early and faultless diagnose of lung cancer may

reduce the number of deaths.

The use of artificial intelligence in medical department is increasing day by day at a
massive rate. In biomedical field Al based solutions are having great success. In recent few
years, deep learning is proved as a more effective technique than machine learning because

of the power of relative feature extraction in the biomedical field.
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1.3 Motivation of the Research

Every year lots of people is beaten by lung cancer and passes away to the afterlife. In 2018
2.1 million people affected by lung cancer and from there 1.76 million people stops their
journey and passed away to the afterlife. Due to late diagnosis only, few people can survive
it. Early diagnosis may reduce the number of death and increase the survival rate. There

are various models were developed to identify precisely this disease earlier.

1.3 Problem Statement

It is really difficult and time consuming for a field expert to diagnose the lung cancer from
CT scan images manually. Sometimes they cannot even diagnose the cancer precisely. As
a result, the patient has to face the confusing situation. The manual process of diagnosing

the lung cancer is also quite expensive.

1.4 Research Questions

According to the background, motivation and problem statement the following questions

are raised:

e Does the model used in this study can detect lung cancer accurately?
e Does the technique can provide better result comparing to the existing solutions?

e Is this model more effective than others when it comes to comparison?

1.5 Research Objectives

e To propose a pretrained model which can perform with better perfection.
e To produce a significant model which can help to detect lung cancer precisely.
e To provide a better solution which can provide better results among the existing

solutions.

2 © Daffodil International University



1.6 Research Scope

The purpose of this study is to detect only lung cancer in CT scan images. Any other
diseases or any other kind of cancer cannot be diagnosed using this system. The input
images must be CT scan images of the lung, not other images like CT images of the
abdomen, CT images of the brain, x-ray of the chest, etc. This implementation detects like
binary 0 and 1, whether the image is cancerous or non-cancerous. The system cannot detect
the stages of lung cancer. The system can be used in a hospital where lung cancer patients

exist or come for diagnosing lung cancer.

1.5 Paper Organization:

The reference section was organized using APA referencing procedure. In the organization

of this paper, six chapters are included as follows:

In chapter 1, background, motivation, problem statement, research question, research
objective, and research scope of this research are discussed. In chapter 2, earlier reading
on lung cancer detection are discussed. In chapter 3, description of the dataset implemented
in this study. In chapter 4, a brief discussion of the methodology applied in this study. In
chapter 5, the implementation process and step by step improvement have been discussed.
In chapter 6 and 7, the results and discussion of this experiment and conclusion of the study

respectively.
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CHAPTER 2
LITERATURE REVIEW

D. P. Kaucha et al [1], detect early-stage lung cancer in CT scan images using an image
processing technique where the images were pre-processed by segmentation of the ROI of
the lung and GLCM to extract the features. Then extracted features were fed into SVM
classifier and then they got an accuracy of 95.16%, sensitivity of 98.21% and specificity
of 78.69%.

Suren Makaju et al [2], implement image processing and machine learning to detect lung
cancer in CT scan images. They used watershed segmentation and SVM classifier and they

achieved an accuracy of 92%, sensitivity of 100% and specificity of 50%.

Bhatia et al [3], detect lung cancer from CT scan images using deep residual learning where
Unet and Resnet models were used for feature extraction and XGBoost and Random Forest
used for classification. They achieved an accuracy of 84% utilizing group of Random
Forest and XGBoost classifier on LIDC-IDRI dataset.

Rehman et al [4], built a lung cancer detection model using Convolutional Neural Networks
(CNN) and the dataset used in this study was taken from Japanese Society of Radiological
Technology (JSRT) and they got an accuracy of 88%.

Shakeel et al [5], predict lung cancer using improved deep neural network and ensemble
classifier on cancer imaging archive (CIA) dataset. In this paper, they preprocessed images
using multilevel brightness preserving approach and then segmentation using an improved
clustering technique. Then feature extraction and feature selection and then selected
features applied in ensemble classifier for prediction. They got an accuracy of 96%,

specificity of 98%, precision of 97% and recall of 98%.

Sujitha, R., & Seenivasagam [6], introduce a technique to detect lung cancer stages by
examining machine learning and apache spark. They applied binary classification with T-

BMSVM to detect lung cancer. They got 86% accuracy in it.
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Potghan et al [7], detect lung cancer using CT scan images from LIDC-IDRI dataset. In
this study, separation of lung volume is conducted by a k-means clustering algorithm.
Feature extraction was applied using deep learning architecture. And then classification
performed using k NN and MLP. The approach accomplished 98.30% accuracy with KNN

classifier and 98.31% accuracy with MLP classifier.

Liu, K., & Kang, G [8], used a Multiview CNN for the classification of lung cancer on
LIDC-IDRI dataset. In MV-CNN 7-view sides were noticed. In binary classification, they
acquire the undermost error rate is 5.41%. In the ternary classification, the undermost error
rate found is 13.91%.

Cengil, E., & Cinar, A [10], conduct a deep learning-based technique to detect lung cancer.
In this study, they used SPIE-AAPM dataset. Convolutional neural networks (CNN) was
implemented for image classification. Classification accuracy accomplished in this study
was 70%.

Togacar et al [9], used deep learning approach with mRMR feature selection to detect lung
cancer. They used a public dataset TCGA-LUAD in their work. LeNet, AlexNet, VGG-16
deep learning models were used in this study where AlexNet performed better result. As a
result, the features from the utmost entirely associated layer of AlexNet were implemented
as input to the different classifier (LR, LDA, DT, SVM, kNN, Softmax). From six different
classifier kNN performed better, so they used kNN for classification. Then they used
MRMR feature selection to improve the model. They perform cross-validation in each
experiment. After all of this, they accomplished an accuracy, sensitivity, and specificity of
99.51%, 99.32%, 99.71% respectively.
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CHAPTER 3
DATASET

The dataset used in this experiment is a publicly accessible resource. SPIE — with the help
of American Association of Physicists in Medicine (AAPM) and the National Cancer
Institute (NCI) able to create the dataset. So that others can apply their methods or
algorithms on this dataset. CT scan images picked up from 70 different patients for this
dataset [11]. Total of 81 labelled images was used in this experiment in which 42 images
are benign and, 39 images are malignant. The image format is in DICOM. The images were
changed to JPEG format for the purpose of image preprocessing. Two sample images (non-
cancerous and cancerous) from the dataset is displayed in figure 1.

Figure 1: (a) Non-Cancerous, (b) Cancerous
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CHAPTER 4
METHODOLOGY

4.1 Data Augmentation

Data augmentation is a strategy that utilized in Al to improve model precision, speculation,
and to control overfitting [12]. The image augmentation procedures used in this study are
acknowledged by the Keras library in Python [13]. In image augmentation, rotation, width
and height shift, shear, zoom, horizontal flip and fill operations are implemented. The
rotation range fix to 40 and width and height shift range, the sheer range and zoom range
fix to 0.2 and horizontal flip fix to true. The augmentation was only applied to training
dataset and on the other hand, the test dataset used without augmentation.

4.2 Convolutional Neural Network (CNN)

In this study, AlexNet was used from deep learning models. AlexNet was fundamentally
planned by Alex Krizhevsky. It was disclosed with Ilya Sutskever and Krizhevsky’s
doctoral counsellor Geoffrey Hinton, and is a Convolutional Neural Network or CNN. In
the wake of contending in ImageNet Large Scale Visual Recognition Challenge, AlexNet
shot to popularity. It accomplished a top-5 mistake of 15.3%. It was trained by 1.2 million
images [14]. From three deep learning methods, AlexNet performed better to detect lung
cancer [9]. The AlexNet architecture formed by five convolutional layers, some of these
are ended by maximum pooling layers and afterwards three entirely joint layers lastly a
1000-way softmax classifier. The AlexNet architecture used in this study detailed in table
1.
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Table 1: AlexNet architecture

Layer Feature ) Kernal ) o
Size Stride Activation
Map Slze
Input Image 1 227x227x3 - -
1 Convolution 96 55x55x96 11x11 4 relu
Max
) 96 27x27x96 3x3 2 relu
pooling
2 Convolution 256 27X27%x256 5x5 1 relu
Max
) 256 13x13x256 3x3 2 relu
pooling
3 Convolution 384 13x13x384 3x3 1 relu
4 Convolution 384 13x13x384 3x3 1 relu
5 Convolution 256 13x13x256 3x3 1 relu
Max
_ 256 6x6x256 3x3 2 relu
pooling
6 FC - 4096 - - relu
7 FC - 4096 - - relu
8 FC - 1000 - - relu
output Softmax - 1000 - - Softmax

4.3 Optimization

The primary reason for optimization techniques is to refresh the loads at each level until
the best training in CNN design is figured it out. Every technique plays out the update
measure with its own calculation. In this study, we used stochastic gradient descent (SGD)
optimization technique in Keras [17]. Stochastic gradient descent (SGD) interestingly

plays out a boundary update for each training instance x and label y [15][16].
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4.4 Machine Learning Model

Machine learning model is employed to separate the classes. In this experiment, we used
the K-Nearest Neighbor algorithm (K-NN) to classify lung cancer. When it comes to
classification, KNN machine learning algorithm is going to set which objects goes under
which class by investigating the features of the sample. According to the maximum votes
of the neighbors, the sample is sent to the appropriate class. The kNN performed
outstanding from various machine learning algorithms [9]. In this experiment, we observed
the value of k in the range of 1 to 7 discussed in figure 4. And finally, the value of k is set
to 3.

4.5 Proposed Methodology

The dataset applied in this study is a public dataset from SPIE-AAPM. Firstly, the data
augmentation technique applied to training dataset and the test data set were kept as it was.
Then the AlexNet deep learning architecture applied to the augmented dataset. Parameters
for all the layers of AlexNet kept as mentioned in tablel. And then stochastic gradient
descent (SGD) optimization technique applied for feature optimization. After that relative
features were turned out from the last fully-connected layer of AlexNet. Lastly, extracted
features from AlexNet are applied to KNN with cross validation for separating cancerous

and non-cancerous images. The flowchart of this model is described in figure 2.
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Figure 2: Design of the model
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CHAPTER 5
IMPLEMENTATION

4.1 Dataset Preparation

The dataset implemented in this study was downloaded from the cancer imaging archive
(TCIA) by using NBIA data retrieving software. The dataset contains a total 22,489 CT
scan images from 70 different patients. The DICOM images were opened using a DICOM
viewer software and converted to JPG format for using as input to the model. Total 81
cancerous and noncancerous images were separated from the whole dataset using their
given xls sheet. Then the separated images divided into two folder one for training and
another for testing. In training folder, cancerous images were kept into one folder named
as ‘I¢’ and non-cancerous images were Kept into another folder named as ‘be’ and for test

dataset, images were kept as same as training dataset.

4.2 Dataset labeling

As previously discussed, there are no disease stages being identified in this study. as a
result, the dataset was labelled into binary labelling. In the labelling non-cancerous images

were considered as 0 and cancerous images were considered as 1.
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4.3 Training Improvement

In the first step, all the images converted to 227x227 size and implemented to alexnet
architecture presented in table 1. In this step image augmentation was not used and the
epoch was set to 30. Consequently, the training accuracy and loss respectively
accomplished 1.28 and 84.51%. In the second step, image augmentation was used and the
epoch was set as before it was. Consequently, the training accuracy and loss respectively
accomplished 0.0894 and 97.18%. In the third step, the epoch was changed and set to 60.
Consequently, the training accuracy and loss respectively downgraded to 0.3305 and
92.96%. In the fourth step, data augmentation was used and the epoch was set to 120.
Consequently, the training accuracy and loss respectively accomplished 0.0063 and 100%.

All the steps of training accuracy improvement are presented in table 2.

Table 2: Training improvement

Process Epoch Loss Accuracy (%)

Alexnet 30 1.28 84.51
Image Augmentation + Alexnet 30 0.0894 97.18
Image Augmentation + Alexnet 60 0.3305 92.96
Image Augmentation + Alexnet 120 0.0063 100

4.3 Accuracy Improvement

In the first step, the model accuracy was evaluated by only using alexnet and the accuracy
accomplished 60%. In the Second step, image augmentation was applied to the dataset and
then evaluated the result and the accuracy accomplished by the model was 70%. In the final
step image augmentation, alexnet, feature extraction from alexnet and KNN classifier was

applied and the accuracy reached to 90%.
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Table 3: Accuracy improvement

Process Epoch Accuracy (%)
Alexnet 30 60
Image augmentation + Alexnet 30 70
Image augmentation + Alexnet + Feature extraction 120 90

+ kNN

13
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CHAPTER 6
RESULTS AND DISCUSSION

The image augmentation and AlexNet architecture was implemented by using anaconda
jupyter notebook and python. The parameters used in AlexNet described in table 1. The
batch size was set as default mini batch size 32. For training, the number of epochs was
120. A simple rescaling is performed for every image before applying them as an input to
CNN. The operating system used to run the experiment was 64-bit windows 10. And the

hardware of the computer was core i5 and 4GB RAM.

In the training section 71 images taken from dataset for training. And then 120 epochs
being ran for them and the training accuracy accomplished 100%. The detailed of the

training along per epoch of the experiment is presenting in figure 3.

model accuracy

100 1 — train

=3 1=
=y =y
=3 b=y

1=
o
—-

accuracy

(=3
o
=3

=3
=
v

3/3 [ ] - 1s 391ms/step - loss: 0.0063 - accuracy: 1.0000
[0.006323544308543205, 1.0]

Figure 3: Training accuracy

After training, the input of the AlexNet applied to a new model to extract the features from
utmost entirely associated (softmax) layer. And then the extracted features were being
applied as input to the KNN classifier with cross validation. For KNN classifier we observed

the value of the k from range 1 to 7 figure 4.
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Out[22]: Text(®, ©.5, 'cross-Validation Accuracy')

0.900 -

0.875 1

0.850 A

0.825 A

0.800 -

0.775 A

0.750 A

cross-Validation Accuracy

0.725 1

0.700 -

1 2 3 4 5 6 7
value of k for knn

Figure 4: Accuracy graph for different value of k

According to figure 4, the highest accuracy provided by k was in between 1 to 5. So, we
set the value of k to 3. And a 5-fold cross-validation was implemented in this experiment.
Then we calculated the accuracy, precision, recall and, f1 score for the proposed model.
The performances of the model are described in detail in confusion matrix in figure 4. The
model accomplished an accuracy of 90%, precision of 83%, recall of 100% and, f1 score
of 90.9% where

TP+TN

ACCUIaCY = o TP TFN

Precision =

FP+TP

TP
TP+FN

Recall =

2xTP
2xTP+FP+FN

F1 Score =

TP = True Positive
TN = True Negative

FP = False Positive
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FN = False Negative

Tue label

False Pos -4
1
10.00%

False Neg
- 0
0.00%

Predicted label

Accuracy=0.900
Precision=0.833
Recall=1.000
F1 Score=0.909

Figure 5: Confusion matrix of system performance

Lung cancer is a leading scorer type cancer from various cancer diseases exist in the world.

The outbreak of this dangerous disease is growing gradually. If this disease is not identified

earlier, the possibility of death is quite high. The immediate identification of this disease

is connected with fast and faultless outcomes of the image processing techniques. On this

occasion, the CNN models have an incredible favorable position regarding giving quicker

and better outcomes contrasted with machine learning models. Moreover, the great thing

of this model is the worthiness of extracting the relative local features. In addition, it can

reflect this worthiness to the classification method. Therefore, numerous studies

concentrated on machine learning and deep learning techniques to early identification of

lung cancer. Even though comparison with one study is not effective because of various

datasets and techniques.
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Cengil, E., & Cinar, A [10], implement CNN to classify the lung cancer as benign and
malignant, on the same dataset we used in our study. They used 3D CNN architecture for
classification. The success rate of their model was 70%. Rehman et al [4], also used CNN
on JSRT dataset and the images were preprocessed into gray-scale images. They acquired
an accuracy of 88%. D. P. Kaucha et al [1], convert images to gray scale to enhance the
quality of the image in image processing. The DWT technique is used in the ROl images
for segmentation process. The Gray Level Co-occurrence Matrix (GLCM) implemented to
extract the features and SVM classifier to classify the lung cancer. This model
accomplished an accuracy and sensitivity of 95.16%, 98.21% respectively. Potghan et al
[7], also used GLCM for feature extraction. In classification, KNN and MLP classifier was
used and achieved an accuracy of 98.30% and 98.31% respectively. Togagar et al [9],
experimented three deep learning models with different classifier on a public dataset
TCGA-LUAD. In their fourth experiment, AlexNet and KNN achieved 98.74%. In their
last experiment they used mMRMR feature selection process to improve the model and the
model performs better than previous and the accuracy, sensitivity, and specificity of the
model got in last experiment respectively 99.51%, 99.32% and, 99.71%.

In this experiment, we accomplished an accuracy of 90% and recall of 100%. Some of the
models mentioned above provide better accuracy than our experiment but, in this
experiment, we have better recall (sensitivity) than their model.
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CHAPTER 6
CONCLUSION

In this study, a deep learning technique with KNN is used to predict lung cancer in CT scan
images. The CT scan images were preprocessed using image augmentation technique. Then
the augmented dataset is used in deep learning model (AlexNet) for training. And then
features were extracted from the last layer of AlexNet and the extracted features from
AlexNet was applied as input to KNN classifier. And then the 5-fold cross validation was
also applied to the experiment to achieve generalized result. The model implemented on a
publicly available SIPE-AAPM dataset consisting total 81 labeled chest CT images. The
experiment achieved an accuracy of 90%, precision of 83%, recall of 100% and, f1 score
of 90.9%. The limitation of this study, because of hardware lacking (graphics card) of our
computer, we could not apply feature selection technique. The dataset used in this study

was small, in future, we will work with a big dataset and an improved model.
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APPENDIX A

Dataset Collection and Categorization

The dataset SPIE-AAPM lung CT challenge is collected from the cancer imaging archive.
A 12.1 GB DICOM images contains in this dataset. The dataset was downloaded using NBIA
data retriever software. The dataset contains 22,489 DICOM images from 70 different
patients. DICOM images were opened using a DICOM viewer software and converted to jpg
format. A total 81 images categorized into benign and malignant classes for training and

testing from there given XLS sheet. The whole process described below with figures

Downloading the dataset using NBIA data retriever

. NBIA Data Retriever -
File Help
Downloads
Callection Patient ID Study Instance UID Series Instance UD Size Number OF Images Status
SPIE-ARPM Lung CT Challnge [CT-Training-BE001 1,2.840,113704,,111.2012,,[1.2.840.113704.1111.2012.,, 128,318 51 % Donnloading
SPIE-AAPM Lung CT Challnge CT-Training-BED02 1,2.840.113704,1,111.7296...[1.2840.113704.1 111.7296... 1 78.8 VB 50 1% Donrloading
SPIE-AAPM Lung CT Challnge CT-Training-BE006 12,840, 113704, 111, 1724, [1.2840.113704.1111.1724... 198.7 v ) I% Downloading
SPIE-AAPM Lung CT Challnge CT-Training-BE0C7 12,640, 113704.1,111.9304,.[1.2.840.113704.1 111.9304...174.4 VB 341 T Not Started
SPIE-AAPM Lung CT Chalenge CT-Training-BE010 1,2,840.113704.1,111,344.... 1,2.840,113704.1.111,344.... [180.5 MB 353 0% Not Started
SPIE-AAPM Lung CT Challnge CT-Training-LCO01 1.2.640.113704.1,111.9656...|1.2.840.113704.1,111.9856... 145.6 VB 85 [ ot Started
SPIE-ARPM Lung CT Challnge (CT-TrainingeLC002 1,2,840113704,1,111,6436..,[1.2.840.113704.1111,6436.,. 167 VB 36 % ot Started
SPIE-ARPM Lung CT Challnge (CT-Training-LCO03 1,2.840.113704.1,111.5604,.|1.2.840.113704.1 111.5804.,, 10,9 1B 413 % Not Started
SPIE-ARPM Lung CT Challenge |CT-Training-LCO08 1,2.840.113704,1,111.992....[1.2840.113704.1,111.992...[192.1 VB % 3 Not Started
SPIE-ARPM Lung CT Challenge CT-Training LCO09 12,640, 113704.1,L11.7640...|1.2.840.113704.1 111.76%0...143.7 VB 281 % Not Started
SPIE-AAPM Lung CT Challenge. LUNG-CTOO! 1,3.5046300982734548576... |1.3.5638712178060143170., [160 B a1 % ot Started
SPIE-ARPM Lung CT Chalenge LUNGX-CTOOZ 13,136 414212751 267627... |L.3.1145223087859355399. . [139 VB o [ Not Started
SPIE-ARPM Lung CT Challnge. LUNGX-CTO03 1,3.2938331654200643334.. |1.3.1396365023768806147... [169.7 VB an % ot Started
SPIE-AAPM Lung CT Chalknge LUNG-CTOO4 1,3.134851 9295251529028, . |1.3.57712723606439129%. . [162.2 8 a7 % Not Started
SPIE-AAPM Lung CT Challenge. LUNGX-CTO0S 1.3.1442609115120659987,.. |1.3.1116960423752885364... [206.9 B 5 [ Not Started
SPIE-ARPM Lung CT Chalknge LUNGX-CTOO6 1,3.1195567HBB42255380. .. |1.3.5184256601676174388... [174 VB 30 % Not Started
SPIE-ARPM Lung CT Challenge LUNG-CTOO7 1,3.9671604274633858%47... |13, 7312974926 13673468... 147,38 88 % ot Started
SPIE-ARPM Lung CT Chalknge LUNG-CTOO8 1,3.132608449180R208181... |L.3.6676976 81221471811, [147.4 18 86 % Not Started
SPIE-ARPM Lung CT Challnge LUNGX-CTO09 1,3.1392745736157612580... |1.3,1070433086927434599... [140.6 VB s 3 Not Started
SPIE-AAPM Lung CT Chalenge LUNGX-CTOI0 1.3.5214773013187277365.., |1,3,3705881059008359179,, 140,4 VB o 3 ot Started
SPIE-ARPM Lung CT Chalenge. LUNGX-CTOIL 1,3.1161898371247050221... [1.3.7677803234525918886... [136.6 VB 067 [ Not Started
SPIE-ARPM Lung CT Chalenge LUNGX-CTOI2 1310382591 46353317 . |1.3.9228045969677763902. . [165.6 M a7 % Not Started
SPIE-ARPM Lung CT Challenge LUNG-CTOI3 1,3.37852886354451 18903, |1.3,109996 2208082753259, . [165.6 VB o % ot Started
SPIE-AAPM Lung CT Chalenge LUNG-CTO14 1,3.1341 6344873457067 . [1.3.6906779133183724540. . 161,21 315 % Not Started
SPIE-ARPM Lung CT Chalenge LUNGX-CTOIS 1.3.2413128737929074298... |1.3.1257225683850370688... 165 VB %2 [ ot Started
Select Dvectory Type For Donloaded Fies: (8) Descrptive Directory Name () Classic Directory Name
Select Directory For Downloaded Files:  C:|Users|Maksud-Pc|Desktop Browse
By dicking the Start button below, you agree to abide by the terms of TCIA's Data Use Policy,
Start Pause Resume Delete

Figure A.1: Downloading dataset
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https://wiki.cancerimagingarchive.net/display/Public/SPIE-AAPM+Lung+CT+Challenge

Downloaded DICOM CT scan images of a patient

» This PC » Local Disk (D:) » SPIE-AAPM Lung CT Challenge » CT-Training-BEOO1 > 01-03-2007-16904-CT INFUSED CHEST-142.1 > 4.000000-HI

Name Date modified Type Size
" 1-001.dem 9/10/2020 4:50 PM DICOM File ( 524 KB
[RE 1-002.dem 9/10/2020 4:50 PM DICOM File 524 KB
¢ = 1-003.dem 9/10/2020 4:50 PM DICOM File (RAG4) 524 KB
s R 1-004.dem /2020 4:51 PM DICOM File (RAG4) 524 KB
res [* 1-005.dem 0/2020 4:51 PM DICOM File (RAG4) 1 KB
[’RE 1-006.dcm 9/10/2020 4:51 PM DICOM File (RAG4) 524 KB
[ 1-007.decm ) 2020 4:51 PM DICOM File (RAGA) 524 KB
[*@ 1-008.dem 0/2020 4:51 PM DICOM File (RAG4) 524 KB
g [*@ 1-009.dem 9/10/2020 4:51 PM DICOM File (RAG4) 524 KB
@ 1-010.dem 9/10/2020 4:51 PM DICOM 524 KB
s @ 1-011.dem 9/10/2020 4:51 PM DICOM 524 KB
R [RE 1-012.dem 9/10/2020 4:51 PM DICOM 524 KB
[*@ 1-013.dem 9/10/2020 PM DICOM 524 KB
R 1-014.dem 9/10/2020 4:51 PM DICOM File (RAG4) 524 KB
[*E 1-015.dem 9/10/2020 4:51 PM DICOM File (RAG4) 524 KB
[FE 1-016.dem 9/10/2020 4:51 PM DICOM File (RAG4) 1 KB
<) =& 1-017.dem /2020 4:51 PM DICOM File (RAG4)
(D) [’ 1-018.dcm /2020 4:51 PM DICOM File (RAG4) 524 KB

R 1-019.dem > PM DICOM File (RAG4) 1 KB
@ 1-020.dem /10/2020 4:52 PM DICOM ¥ 524 KB
En 1-021.dcm 9/10/2020 PM DICOM F 524 KB
[*@ 1-022.dem 9/10/2020 4:52 PM DICOM 524 KB
[“n 1-023.dem 9/10/2020 4:52 PM DICOM F 524 KB
[*E 1-024.dem 9/10/2020 4:52 PM DICOM ) 524 KB
[*@ 1-025.dem 9/10/2020 4:52 PM DICOM File (RAG4) 524 KB

Figure A.2: Downloaded DICOM images

Opening A DICOM image using DICOM viewer software
0= & -L-1E)- 22 A ESC-GR AN - [ R-E 68 OB 1&-

Training-BEOO1 Traininy . AM - HIGH RES

CT-Training-BEOO1

e CT-Training-BE0O1

/2007 10:35:43 AM B

INFUSED CHEST

CT: 1 series n

4

HIGH RES CT INFUSED CHEST

HIGH RES

331mA 12

T: 1.0mm L: -175.0mm 1/3/2007 10:38:28 AM

Figure A.3: Opening DICOM image

23 © Daffodil International University



JPG images were classified and kept into be(benign) and Ic(malignant) folder
» This PC » local Disk (C:} » Users » Maksud-Pc » Notebook > Test

~ Name

be

lc

~

Date modified

12/16/2020 11:41 AM
12/16/2020 11:42 AM

Benign JPG CT scan images in be folder for training

iis PC » Local Disk (C) » Users > Maksud-Pc » Notebook » Train > be
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Figure A.4: Classifying the dataset
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Figure A.5: Benign images
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APPENDIX B

Step by Step Improvement

The training dataset used without data augmentation and epoch is set to 30, as a result the
training accuracy of the model is 0.84 and loss is 1.285r

— Jupyter Untitled2 Last Checkpoint: 12/04/2020 (autosaved) P Logout
File Edit View Insert Cell Kernel Help ustec | Python 3 O
B + |2 @B 4+ % PRun B C MW Code V| =
3/3 [====mmmszsssssocmssszssss==aes ] - 55 2s/step - loss: 4.5867e-06 - accuracy: 1.0000
Epoch 27/30
3/3 [ =] - 7s 2s/step - loss: 0.0054 - accuracy: 1.0000
Epoch 28/30
3/3 [==============================] - 8s 3s/step - loss: 2.4805e-05 - accuracy: 1.0000
Epoch 29/30
3/3 [ ====] - 5s 2s/step - loss: 0.0050 - accuracy: 1.0000
Epoch 30/30
3/3 [ =] - 65 2s/step - loss: 4.2243e-04 - accuracy: 1.0000
model accuracy
— wain
104
102

0 5 10 15 20 F3 30
epoch

] - 1s 378ms/step - loss: 1.2815 - accuracy: 0.8451
[1.281483769416809, 0.8450704216957092]

Figure B.1: First step training

After using data augmentation with same epoch, the training accuracy and loss is improved
t0 0.9718 and 0.0894

: Jupyter Untitled2 Last Checkpoint: 12/04/2020 (unsaved changes) P Logout
File Edit View Insert Cell Kernel Help Trustec | Python 3 O

+ = @ B 4+ ¥ PR B C P Code v e

Epoch 26/30
-5

"

2s/step - loss:

]

.0845 - accuracy: 1.0000

-6

w

2s/step - loss:

-]

.0020 - accuracy: 1.0000

Epoch 28/30
3/3 [ 1-7

2s/step - loss:

]

w

.0e13 accuracy: 1.0000
Epoch 29/30
3/3 [ 1- s
Epoch 30/30
3/3 [ ] -8

w

2s/step - loss:

@

.0066 - accuracy: 1.0000

»
@

3s/step - loss: 6.2731le-04 - accuracy: 1.0000

model accuracy

100 1 — train

i

] 5 10 15 20 5 30
epoch

3/3 [eemssmssssssssssssssssssssssss ] - 1s 4vams/step - loss: ©.0894 - accuracy: 0.9718
[©.08939970284700394, ©.9718309640884399]

Figure B.2: Second step training
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The training accuracy and loss deteriorated to 0.9296 and 0.3305 after the epoch is set to
60

: Jupyter Untitled2 Last Checkpoint: 12/04/2020 (autosaved)

File Edit View Insert Cell Kernel Help
+ &< A B 44 ¥ PRin B C W Ccode v =
PN
3/3 [ 1 - 5s 2s/step - loss: ©.0016 - accuracy: 1.0000
Epoch 56/60
3/3 [ 1 - 55 2s/step - loss: 0.0194 - accuracy: 0.9859
Epoch 57/60
3/3 [ ] - 5s 2s/step - loss: ©.0266 - accuracy: 0.9859
Epoch 58/60
3/3 [ ] - 55 2s/step - loss: 0.0024 - accuracy: 1.0000
Epoch 59/60
3/3 [ 1 - 6s 2s/step - loss: ©.0713 - accuracy: 0.9718
Epoch 60/60
3/3 [ 1 - 5s 2s/step - loss: 8.0257 - accuracy: 0.9859
model accuracy

1000 1 — train

0995

0990
=
g
S o985
B

0.980

0975

0 10 20 30 4'0 50 60
epoch

3/3 [ ] - 1s 339ms/step - loss: ©.3305 - accuracy: ©.9296

[0.33046436305814453, ©.9235774698257446]

Figure B.3: Third step training

When the epoch is set to 120, the training accuracy and loss is improved to 1.0 and 0.006

Epoch 118/120
3/3 [== ] - 8s 3s/step - loss: ©0.0095 - accuracy: 1.0000
Epoch 119/120
3/3 [== ] - 5s 2s/step - loss: ©0.0120 - accuracy: 0.9859
Epoch 120/120
3/3 [== ] - 5s 2s/step - loss: ©0.0058 - accuracy: 1.0000

model accuracy

100 { — train

0.99

(=]
o
@

o
o
~

accuracy

0.96

0 20 40 60 80 100 120
epoch

3/3 [ ] - 1s 391ms/step - loss: ©.0063 - accuracy: 1.0000
[0.006323544308543205, 1.0]

Figure B.4: Fourth step training
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Model accuracy for 30 epochs using only alexnet

In [11]: score = alex.evaluate(tests, verbose=1)
print(score)

11 ] - 0s Os/step - loss: 1.7481 - accuracy: 0.6000
[1.7480876445770264, 0.6000000238418579]

Figure B.5: First step model accuracy

Model accuracy for 30 epochs using image augmentation and alexnet

In [15]: score = alex.evaluate(tests, verbose:1)|
print(score)

1] ] - @s 0s/step - loss: 2.1050 - accuracy: 0.7000
[2.1049895278656006, B.699999988079071]

Figure B.6: Second step model accuracy

Model accuracy improved after using feature extraction and kNN classifier with 120
epochs

Jupyter Lung_cancer_detection Last checkpaint 121202020 (autosaved)

File Edit View Insert Cell Kernel Help

ﬂ+‘ﬁai34~+)RunIC»Ccde v =

False Pos

Tue label

False Neg
0
0.00%

Predicted label
Accuracy=0.900
Precision=0.833

Recall=1.000
F1 Score=0.909

Figure B.7: Final improved model accuracy
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APPENDIX C

Sample of Implemented Code

Importing all the modules required

- Jupyter Lung_cancer_detection Last Checkpoint: 12/20/2020 (autosaved) a Logou
File Edit View Insert Cell Kemel Help Trusted \ Python 3
B+ ¥ @A B 4% PR B C W Coe =

In [1]: dmport numpy as np
from keras import layers
from keras.layers import Input, Dense, Activation,BatchNormalization, Flatten, Conv2D, MaxPooling2D
from keras.models import Model
from keras.preprocessing import image
from keras.preprocessing.image import ImageDataGenerator
import keras.backend as K
K.set_image_data_format('channels_last")
from sklearn.utils import shuffle
import matplotlib.pyplot as plt
from sklearn.model selection import KFold
import numpy as np
import tensorflow as tf
from keras.optimizers import SGD
import os,cv2
from sklearn.utils import shuffle
from keras.utils import np_utils
import pandas as pd
import keras

Figure: C.1: Importing module

Defining train and test dataset for binary labeling

: Jupyter Lung_cancer_detection Last Checkpoint: 12/20/2020 (autosaved) A Logou
File Edit View Insert Cell Kemnel Help |Pyth0n3
B+ < @B 4% PRn B C P Cue =

1

In [2]: PATH = os.getcwd()

#Define data path

data_path = PATH + '\\Notebook\\Train'
data_dir_list = os.listdir(data_path)
data_dir_list

#Define data path

data_pathl = PATH + '\\Notebook\\Test"
data_dir_listl = os.listdir(data_path)
data_dir_listl

out[2]: ['be’, '1c']

Figure C.2: Defining dataset
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Image preprocessing and image augmentation

“Jupyter Lung_cancer_detection Last Checkpaint: 122012020 (atosaved)

File Edit View Insert Cell Kernel Help

B+ % @& B 44 ¥ PRn B C W Codke v | =

In [3]: path = 'C:\\Users\\Maksud-Pc\\Notebook\\Train
train_datagen = ImageDataGenerator(rotation_range=40,
width_shift_range=0.2,
height shift range=e.2,
shear_range=0.2,
zoom_range=0.2,
horizontal flip=True,
fill mode="nearest’,
rescale=1l. / 255)
trains = train_datagen.flow_from_directory(path, target_size=(227,227), class_mode='categorical")
print(trains)

path_test = 'C:\\Users\\Maksud-Pc\\Notebook\\Test"
test_datagen = ImageDataGenerator(rescale=1. / 255)
tests = test_datagen.flow from_directory(path_test, target size=(227,227), class_mode='categorical')

Found 71 images belonging to 2 classes.
<tensorflow.python.keras.preprocessing.image.DirectoryIterator object at @x000001736053A250>
Found 10 images belonging to 2 classes.

Figure C.3: Image preprocessing and augmentation

Binary labeling the test dataset

- Jupyter Lung_cancer_detection Last Checkpoint: 12/20/2020 (autosaved)

File Edit View Insert Cell Kemel Help Notebook saved

B+ & 0B 4 ¥ PRin B C P codke v | a2

In [4]: labels name={'be’:0,'lc':1}
img_data_list=[]
labels_list = []
labels1=[]

for datasetl in data dir listl:
img_listl=os.listdir(data_pathl+'/'+ datasetl)
print (’Loading the images of dataset-'+'{}\\n'.format(datasetl))
labell = labels name[datasetl]
for imgl in img listl
input_imgl=cv2.imread(data_pathl + '/'+ datasetl + '/'+ imgl )
input_imgl=cv2.cvtColor(input_imgl, cv2.COLOR_BGR2GRAY)
input_img_resizel=cv2.resize(input_imgl,(227,227))
img_data_list.append(input_img resizel)
labelsl.append(labell)
labels2 = np.array(labelsl)
print(labels2)
#img /= 255
#Y = np_utils.to categorical (labels, 2)
#x,y = shuffle(trains,Y, random state=2)

Loading the images of dataset-be\n
Loading the images of dataset-lc\n

Figure C.4: Labeling

# Logout

A

| Python 3 O

Logout

| Python 3 ©
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Alexnet model
def Alexmet{input_shape):

¥_input = Input{input_shape)

X = Conv2D{9&,(11,11),strides = 4,name=" ~nwa"){x input)

¥ = BatchNormalization(axis = 3 , name = "bn@"}{x

® = Activation('relu®) (X}

X = MaxPooling2D{(3,3),strides = 2,name = "'maxe")(X)

¥ = BatchNormalization(axis = 2 ,name="bnil"){X}

X = Activation( relu’)(X)

X = Conva2D(256,(5,5),padding = 'same’ , name = "convl')(X)
¥ = BatchNormalization(axis = 3 ,name="bn2"){X}

X = Activation( relu") (X}

¥ = MaxPooling2D{(32,3),strides = 2,name - "max1")(X)

X = Batchnormalization(axis = 3 ,name="bn3" ) (X}

¥ = Activation('relu®) (X}

X = Conwv2D{324, (2,3} , padding = 'sawe' name="conv2'}{X)
X = BatchNormalization(axis = 2, name = n")( }

® = Activation('relu®) (X}

X = Conv2D{384, {3,3) , padding = 'same' , name='conv3'}{X)
¥ = BatchNormalization(axis = 3, name = 'bnS')(X)

% = Activation( relu®) (X}

X = Conva2D(2se6, (2,3} , padding = "same' , name='conva'}(x)
¥ = BatchNormalization(axis = 2, name = 'bns')(X)

X = Activation( relu®)(X)

MaxPooling2D{(3,2),strides = 2,name = "max2")(X}
BatchNormalization(axis = 3 ,name="bn7"} (X}
Activation('relu") (X}

¥ = Flatten{)(x}

% = Dense(4895, activation = 'relu’, name = 8"y (X)
X = Dense(#296, activation = ‘relu’, name = 'fcil')(X)
¥ = Dense(1888, activation="relu’,name = "fc2'}({X)

X = Dense(2, activation="softmax’,name = °softmax’){X)

model = Model(inputs = X input, outputs = X, nmame=
return model

lexmnet')

alex = AlexMet({trains[e][e].shape[1:])

sgd = SGD(1lr=0.81, decay=1e-6, momentum=8.3, nesterov=True)
alex.compile{optimizer = sgd , loss = "categorical_crossemtropy® , metrics=['accuracy'])

Figure C.5: Alexnet model

Training the model with preprocess train dataset

checkpoint_filepath = 'D:\\Users\\Checkpoint'
medel_checkpoint_callback = tf.keras.callbacks.ModelCheckpoint(
filepath=checkpoint_filepath,

save_weights_only=True,

monitor="1lcss',

mode="min",

save_best_only=True)

alex.load_weights(checkpoint_filepath)
history-alex.fit(trains, epochs=128, verbose=1, batch_size=32, callbacks=[model_checkpoint_callback])
# alex.lood weights (checkpoint_filepath)

# # generate generalization metrics
import matplotlib.pyplot as plt

pl't.plcrt(h:lstory history[ 'accuracy' 1}
plt.title("model acc )
plt.ylabel( "accuracy")

plt.xlabel( "epech')
plt.legend(['train'], loc='upper left")
plt.show{)

acy

scores = alex.evaluate(trains, wverbose=1)
print(scores)

1}; f{alex.metrics_names[1]} of

# print(F'score for fold {fold_no}: {alex.metrics_names[@]} of {scores[i
# acc pe"_fuLa append(scores[1] 168}
# loss_per_jfold. g ,,J.:‘.s'or=s.£l}.,

#fold no = fold no + 1

Epoch 1/128

/3 [ ] - 27s 12s/step - loss: 3.8863e-84 - accuracy: 1.8e2@
Epoch 2/128

33 [ ] - 285 9s/step - loss: 1.59872-84 - accuracy: 1l.eeed
Epoch 3/128

3/3 [ 1 - 55 2s/step - loss: @.8838 - accuracy: 1.8088
Epoch 4/128

2/3 [ ] - 175 5s/step - loss: 1.4922e-84 - accuracy: 1.829@
Epoch 5/128

ETEN S 1 - &5 2s/step - loss: B.39752-84 - accuracy: 1.9ese
Epoch &/128

3/3 [ ] - 7s 2s/step - loss: 2.47982-84 - accuracy: 1.0ee8e
Epoch 7/128

2/3 [ ] - 7s 2zs/step - loss: 7.124%e-84 - accuracy: 1.982¢

Epoch 8/128

Figure C.6: Training the model
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Feature extraction from the last layer of Alexnet

In [8]:

b eAamrsi

from sklearn.model_selection import cross_val_score

new_model=Model (inputs=alex.input,outputs=alex.get_layer('softmax').output)
#Let's obtain the Input Representations

train_x=new_model.predict(trains)

test_x=new_model.predict(tests)

print(train_x)

[[5.72758832-05
[9.9999928¢-81
[9.9999893¢-01
[1.0000000e+60
[7.0447350e-85
[1.0600000c+80
[8.2330910¢-08
[9.9914801e-01
[9.9939952e-81
[9.9999988¢-01
[9.9954993e-081
[1.1551637¢-04
[1.5823772e-66 9.9999845e-01]
[9.9999750e-81 2.5534171e-86]

9.9994278e-01]
7
1
5
9
a
9
8
a
8
4
9
9
2
[1.9336184e-08 1.0808000e+00]
9
1
5
1
9
9
1
1
4
4
8
1
3

.5957820e-07]
.1286087e-86]
.8821975e-08]
.9992955e-01]
.1575682e-08]
.9999988e-01]
.5201766e-04]
.6673702e-07]
.2616737e-08]
.5000124e-04]
.9988449¢-81]

[2.3520968e-06 9.9999762e-01]
[9.9999881e-01 1.2103077e-06]
[1.0000000e+00 5.4546689e-08]
[2.4221376e-09 1.0000000e+00]
[1.1228966e-87 9.9999988e-01]
[1.5618851e-06 9.9999845e-01]
[9.9999833e-01 1.6692364e-06]
[2.392371902-08 1.0000000e+00]
[9.9995863e-01 4.1401279%e-05]
[9.9999952e-01 4.209786%e-07]
[1.0000000e+00 8.9243786e-09]
[5.1902832¢-10 1.0000000e+00]
[9.9999666e-01 3.3292552e-06]

fa_nnnnnca~ na

Figure C.7: Feature extraction

Implementing the extracted features to KNN and finding model accuracy for different

vgalue of k

In [90]:

In [91]

Out[91]:

31

k_range=range(1, 8)

k_scores=[]

for k in k_range:
knn = KNeighborsClassifier(n_neighbors=zk)
scores = cross_val_score(knn, test_x, labelsl, cv=5, scoring='accuracy')
k_scores.append(scores.mean())

print (k_scores)

[0.9, 0.8, 8.9, 0.9, 0.9, 0.9, 0.5]
plt.plot(k_range, k_scores)
plt.xlabel('value of k for knn')
plt.ylabel('cross-Validation Accuracy')

Text(®, ©.5, 'cross-Validation Accuracy')

090
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o
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Figure C.8: Model accuracy for different value of k

© Daffodil International University



Confusion matrix for model accuracy and the value of k is set to 4

j Jupyter Lung_cancer detection Last Checkpeint 120@0@000 (s changes)

percent=True,
char=Tru,
ayticks=True,
wyplot labal =T,
sum_ sTats=True,

tEtla=None]) :

& COlE TO 6 RATE TEXT INSIDE EACH SQUARE
blamks = ["" for L in renge{cF.sizael]

psjmncF. Sl

if group sases aad leni@roup s

group labels = |° n~ . Forsat{valua} fer value En group nosss ]

Aroup labels = blasks

if count:

Aroup_counts = [T@ce.
else:
Aroup counts = blasks

T~ . forsat] valea) for value Ea cf . Flattes( )]

if parcent:

Aroup perciestages = [T[@: 2%]".forsat (value) fee valee in of  Flatten] g susicF)]
eloe:

Aroup_perciatages = blanks

box labals = | wil{wE[w3]".strip() for v, vi, w3 in 2ip{grosp labels grosp counts,group perceniages)]
bon_labels = np.acarcay (box_labels).reshape(cf. shage [8].cf .shape[1]]

& CO0E TO E SUMMAAY STATESTICS & TEXT FOR SLWMARY STATS
if fum_sEats:
SAccuracy s oL wighed ey servat Lons

SCCuracy = ap.trace(cf) J Floac(mp. sus(cf

= Ifperancisics

Stats Tanl =
SCCracy , precls Lo,

{2l Aacall=[ :8.3FWiFl Score=[ 8. 3F]" Forsat(

elaiE:
stats Text = -

wel (B.3F]"  Forsat & ourady )

else:
slals_texi = 7

Figaize = plt.rcParass. get(

igure . Figilze')

if waytichkim=False:
ot show cotegevies if syticks is Folse

vegerles=Falie

& MAKE THE HEATMAP VIS

pli . Flgure Figsize=Figs
itk heatsap]Cf, ot =l

abels, fal="" Caap=cEap, cbar=char, sticklabel secatogeerios, vt boklabel smcategor Lt )

iFf ayplovlabals:

ple.ylabel] "True laksl')

plr.slabel] "Frodicted labsl™ & stats_Text)
else:

ple.slabel{stats tewt)

if title:
plr.chtla{ritla)

labuls = ["Tres Heg", False Pos”

make confusion satricfos,
ArOUE N

mape " binary” )

o Falsae meg', " True Pos

bals,

Fredicied labai

BoCursCye=il S
Frecmcred B33

Figure C.9: Confusion matrix
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