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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 AI 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: 

• Does the model used in this study can detect lung cancer accurately? 

• Does the technique can provide better result comparing to the existing solutions? 

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

 

1.5 Research Objectives 
 

• To propose a pretrained model which can perform with better perfection. 

• To produce a significant model which can help to detect lung cancer precisely. 

• To provide a better solution which can provide better results among the existing 

solutions. 
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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%. 

Toğaçar 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. 

 

 

(a)                                       (b) 

  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 AI 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 

 

 

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]. 

Layer 

 

Feature 

Map 
Size 

Kernal 

Slze 
Stride Activation 

Input Image 1 227x227x3 -  - 

1 Convolution 96 55x55x96 11x11 4 relu 

 
Max 

pooling 
96 27x27x96 3x3 2 relu 

2 Convolution 256 27x27x256 5x5 1 relu 

 
Max 

pooling 
256 13x13x256 3x3 2 relu 

3 Convolution 384 13x13x384 3x3 1 relu 

4 Convolution 384 13x13x384 3x3 1 relu 

5 Convolution 256 13x13x256 3x3 1 relu 

 
Max 

pooling 
256 6x6x256 3x3 2 relu 

6 FC - 4096 - - relu 

7 FC - 4096 - - relu 

8 FC - 1000 - - relu 

output Softmax - 1000 - - Softmax 
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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 table1. 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 ‘lc’ 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 

+ kNN 

120 90 
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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. 

 

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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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 

Accuracy =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 

Precision =  
𝑇𝑃

𝐹𝑃+𝑇𝑃
 

Recall =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

F1 Score =  
2𝑥𝑇𝑃

2𝑥𝑇𝑃+𝐹𝑃+𝐹𝑁
 

TP = True Positive 

TN = True Negative 

FP = False Positive 
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FN = False Negative 

 

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 ROI 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. Toğaçar 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 mRMR 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 

 

Figure A.1: Downloading dataset 

  

https://wiki.cancerimagingarchive.net/display/Public/SPIE-AAPM+Lung+CT+Challenge
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Downloaded DICOM CT scan images of a patient 

  

Figure A.2: Downloaded DICOM images 

 

Opening A DICOM image using DICOM viewer software 

 

Figure A.3: Opening DICOM image 
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JPG images were classified and kept into be(benign) and lc(malignant) folder 

 

Figure A.4: Classifying the dataset 

 

 

Benign JPG CT scan images in be folder for training 

 

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 

  

Figure B.1: First step training 

 

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

to 0.9718 and 0.0894 

  

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

   

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

  

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

  

Figure B.5: First step model accuracy 

 

 

Model accuracy for 30 epochs using image augmentation and alexnet 

 

Figure B.6: Second step model accuracy 

 

 

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

epochs 

 

Figure B.7: Final improved model accuracy  
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APPENDIX C 
 

Sample of Implemented Code 

 

Importing all the modules required  

 

Figure: C.1: Importing module 

 

 

Defining train and test dataset for binary labeling

 

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

 

Figure C.3: Image preprocessing and augmentation  

 

 

Binary labeling the test dataset 

 

Figure C.4: Labeling 
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Alexnet model 

 

Figure C.5: Alexnet model 

 

Training the model with preprocess train dataset 

 

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

 

Figure C.7: Feature extraction 

 

 

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

value of k 

 

Figure C.8: Model accuracy for different value of k 
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Confusion matrix for model accuracy and the value of k is set to 4 

 

Figure C.9: Confusion matrix 
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APPENDIX D 
 

 

 


