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ABSTRACT

With this rising pollution and population lung cancer may become a forthcoming pandemic. Thanks to
Convolutional Neural Network (CNN) it is possible to create a reliable automated system for lung nodule
detection. In past few years lots of research has been done to implement automated detection using CNN,
but very few have tested deeper CNN architectures. Since there are large public datasets available, it is
now possible to train and test deep-er CNN architectures. In this paper we have adopted architectures like
googlenet, Xception, and resnet-101, for lung nodule detection without any pre-processing step. The depth
and trainable parameters of these networks ranges from 22 to 101 and 7 million to 44.6 million,
respectively. For training and TESTING, we have used the benchmark datasets like LIDC-IDRI and
LUNA-16. The maximum accuracy of 98.76% was achieved by googlenet. A detailed comparison of these
networks and previously proposed CNN is also presented in this paper. We have also presented confusion
matrices for comparison of the fore-mentioned deep networks. After comparing the true class and
predicted class the sensitivity of googlenet was found to be 100% and specificity was 82.08%.
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1. INTRODUCTION

Lungs in our respiratory system performs majority of the motor action during respiration. The
respiration is the most fundamental and vital process for every living organism. Sometimes this
process is affected by an abnormal tissue growth. It is observed within the lungs which keeps
spreading until it ends that particular life [1]. This phenomenon is known as cancer, and accounts
for 2.21 million deaths around the globe [2]. Cancer is generally quantized into stages such that
life expectancy becomes very low at higher stages. So early-stage detection of lung cancer deeply
influences the treatment and mortality of the same. With the increasing population just relying on
the diagnosis by a human expert may not be a good idea. Initial stage nodule detection using
computer aided detection (CAD) can be used to filter patients who genuinely requires diagnosis
by human expert-based diagnosis.

2. RELATED WORK

Although there are designed CAD system for nodule detection, but still, it is a challenge to
uphold the accuracy. Most of the CAD system is designed for Computer Tomography images as
it has high resolution. The most conventional method to design a CAD system is by cascading a
pre-processing step with a network. Like in [3] a 3D networks with pre-processing step was to
design a CAD system for nodule detection. In the pre-processing step a connected region mask
(CRM) was created for input to the network. The literature claimed the accuracy somewhere
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above 60%. Instead of using a deep network architecture some prefers a sparse network [4]. But
for shallow network it is crucial to segment the image prior to presenting to the network. Using
shallow network named as CanCNN [5] for nodule detection by Rao et al. the images were
concatenated to form a 3D structure. The images were processed to generate a 3D structure of
desired dimension and had an accuracy of 76%. Using watershed technique to segment the CT
images is also very common [6]. After the segmentation Krishna et al. extracted textural features
from the CT images. The features were then used to train a Support Vector Machine (SVM) [7], a
Back Propagation Neural Network (BPNN) [8] and a CNN model. They found that the accuracy
of CNN was far better than that of SVN and BPNN. In a recent work by Masood et al. [9]
proposed a dual network namely a multi-Region Proposal Network (mRPN) and a 3D Deep
Convolutional Neural Network (3DDCNN) for nodule detection. The mRPN network uses
modified layers of VGG 16 and a deconvolutional prediction layer for region. And for reducing
false positive they applied 3DDCNN network. The network achieved an accuracy of 98.51% for
nodule detection.

All these networks have a pre-processing step involved for identification of lesion. While there
are other deeper networks which can be used for lesion identification without involving any pre-
processing step. Moreover, the amount of dataset publicly available is enough to train a deeper
network i.e., a network with larger number of layers. So here we propose application of three
deep networks for lesion detection, without any image pre-processing step. This literature utilizes
pretrained networks of namely GooglLeNet [10], ResNet 101 [11], and Xception [12]. After
testing the accuracy of the GooglLeNet, ResNet 101, and Xception networks were 98.76%,
97.63% and 95.36% respectively. All these values were achieved without any pre-processing
step.

3. MATERIALS AND METHOD

3.1. Dataset

Lung Image Database Consortium image collection (LIDC-IDRI) [13], [14] is a collection of CT
images of lungs. This dataset was organised with the cooperation of eight medical imaging
companies and seven academic centres. It is the most prominent dataset that has CT images from
1018 different patients. LIDC dataset was introduced by National Cancer Institute (NCI), and the
annotation was created in presence of four experienced radiologists.

The Lung Nodule Analysis (LUNA) 16 [15] dataset comprises of 1,186 lung CT scan images. It
was provided for automatic detection of lung nodule. Each dataset is publicly available for
researchers without any charges. CT images were initially converted into Bitmap (BMP) format,
which is compatible with majority of image editing application.

3.2. Network modelling

ResNet101 proposed by Kaiming et al. in [11], is 101-layer deep network. Here the input image
has a size of 224*224*3 and the initial convolutional (Conv) layer has 64 filters of size 7*7 and
was applied with the stride of 2*2. To maintain the image resolution the resulted image was
padded. In the rest of the network the Conv filter size was 1*1 and 3X3, and each Conv filter was
followed by batch normalization (BN) [16]. BN is a technique to make the network faster and
stable. The activation function used in this literature was Rectified Linear Unit (Relu) given in
equation (1).

f(x) = max (0,%) (1)
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Here x is the input value and fis the Relu operation on the input. The Xception network by F.
Chollet [12] uses the same Clipped Relu [17] and has overall 71 layers. It uses multiple kernels to
perform Grouped Conv together with normal Conv layers. It also has a combination of Global
Average Pooling and Max Pooling applied at different levels of the network. Another network
GoogLeNet introduced in [10] has 144 layers. The architecture of GoogLeNet is shown in Fig. 1.
All of these networks had only one Fully connected layer, and trained with ImageNet Dataset.
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Figure 1. The network architecture of GoogLeNet.

All of the network defined so far has been designed for Image classification or object recognition
application. In our work it is very first time that they have been utilized for Lung nodule
detection. After taking the pretrained model, the layer was trained for ImageNet [18] dataset to
identify between 1000 object class. But in our case, there is only two class one with nodule
(Nodule Class) and other without nodule (Normal Class). Instead of using the conventional
Stochastic Gradient Descent Method (SGDM) [19] we have used ADAM [20] an adaptive
learning rate optimization algorithm. It is an advancement in SGDM, by using Root Mean
Squared Propagation [21]. After designing the network next was to select the training and testing
with dataset. For testing we have used 30% of the complete dataset (combined LIDC-IDRI and
LUNAL16)
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4. RESULTS AND DISCUSSION

The GoogLeNet, ResNet 101 and Xception networks were trained using MATLAB. The dataset
was divided into two parts one having CT images of patient with nodule and other without
nodule. The rate of parameter evolution is controlled by learning rate. A large learning rate can
result in non-optimal solution and a low learning rate can result in very slow parameter evolution.
So, we had the learning rate set at 0.01. For learning the models use 70% of images in the dataset
partitioned randomly. Since we have a large dataset 100 epochs would be sufficient for training
the model. The minibatch size was selected 31 i.e., the weights were updated after every 31
samples. Chances of vanishing or exploding gradients was taken care by using L2 norm in the
networks.

Table 1. Comparison of accuracy for lung nodule detection

Methodology Accuracy (%)
CMRNet 67.7%
Watershed+BPNN 86%
Watershed+SVM 92%
Watershed+CNN 95%
MRPN+3DDCNN 98.51%
Xception 95.36%
ResNet 101 97.63%
GoogLeNet 98.76%
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Figure 2. The Accuracy during training of (2) GoogLeNet, (b) ResNet 101 and (c) Xception network.
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Figure 3. Confusion matrix of, (a) ResNet 101, (b) Xception network, and (c) GoogLeNet.

Unlike other CAD system which require pre-processing of CT images, we refuse to introduce any
processing step. In our method the networks were fed with the CT images as provided in the
dataset. This improves the practicality of our method for real time application. Previously trained
model like the dual network of mRPN and 3DDCNN had an accuracy of 98.6 in Tablel. This was
achieved after having additional network for false positive reduction. The GoogLeNet here
achieved the highest accuracy of 98.76%. It seems to reach this accuracy at early epochs than
other two networks and took least number of epochs to stabilize in Fig 2. The Resnet 101 had an
accuracy of 97.63 and Xception had the least accuracy of 95.36%. Point to be noted here is that
the GoogLeNet had the least number of layers. It may be due to the unique architecture of
GoogLeNet that makes it more efficient. The Xception and ResNet 101 have a straight
architecture. To obtain confusion matrix which is shown in Fig 3 we had taken a total number of
710 cases of nodule and 217 normal images. In the Resnet for the nodule cases we detected all
the 710 cases as nodule (True Positive) and zero case was identified as normal (False Negative).
And for the normal cases in total of 219 cases Resnet predicted 43 cases as nodule (False
Positive) and 174 cases as normal (True Negative). With Xception for 701 nodule cases its
prediction was correct but other 43 nodule cases were assigned to the normal. For normal cases
with using Xception it was found that 9 cases were detected as nodule and 174 cases was found
as normal. Coming to GoogLeNet all of the 710 nodule cases was accurately predicted. And for
the normal cases, the GoogLeNet predicted 20 cases as nodule and rest 197 cases as normal.
From this data the Sensitivity, Specificity, False Negative rate, and False Positive Rate was
calculated using equation (3), (4), (5) and (6).

eoce_ True Positive
Sensitivity = )/(T’rue Positive + FalseNegative) 3)
oo .. True Negative
Specificity = / (True Negative + False Positive) (4)

. _ False Negative
False Negative Rate = /(T?‘ue positive + False Positive) (5)

it _ False Positive
False Positive Rate = )/(T’rue Negative + False Positive) (6)

The values of these parameters are provided in Table 2 for the deep networks. The GoogLeNet
and Resnet 101 has 100% sensitivity. Which means there in null chances of predicting nodule
class as normal class i.e., False negative. On the other hand, Xception network shows a
sensitivity of 94.28%. But Specificity of Xception is best among the considered networks. Due to
zero false negative the false negative rate of Resnet 101 and GoogLeNet is zero but Xception has
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4.7 False Negative Rate. And due to least false positive the Xception has the best False Positive
Rate.

Table 2. The Specificity, Sensitivity, False Negative Rate, and False Positive Rate of Deep networks.

Network Name Resnet 101 Xception GoogLeNet
Sensitivity 100 94.28 100
Specificity 80.18 95.08 82.08

False Negative Rate 0 4.7 0

False Positive Rate 19 4.9 9.2

5. CONCLUSIONS

In this literature a CAD system was proposed using deep networks for Lung Nodule detection.
The state-of-the-art datasets LIDC-IDRI and LUNA 16 was used in combination. The pretrained
GooglLeNet, ResNet 101 and Xception model was explored here. The Xception network had the
least accuracy of 95.36% for nodule detection. Despite least accuracy Xception outperformed
most of the other nodule detector. ResNet had the maximum number of layers and so the highest
number of network parameters but reported an accuracy of 97.63%. GoogLeNet had the least
number of layers and parameters but surprisingly converged within early epochs. The accuracy
reported for GoogLeNet was 98.76%. Which is the highest accuracy not only compared to
ResNet 101, and Xception but also to other networks. The GoogLeNet and Resnet were found to
be 100% accurate in detecting nodule class. The Xception on the other hand has the best
specificity and False Positive Rate. Overall, the GoogLeNet has the best performance among all
the networks for lung nodule detection.

ACKNOWLEDGEMENTS

The authors are grateful to the Biomedical Signal Processing Laboratory, Department of
Electronics and Communication Engineering, Dr. B.R. Ambedkar National Institute of
Technology, Jalandhar, Punjab (India) for providing technical and administrative help to present
this work.

REFERENCES

[1] N. Ahmad, S. Asghar, and S. A. Gillani, “Transfer learning-assisted multi-resolution breast cancer
histopathological images classification,” Vis. Comput., 2021, doi: 10.1007/s00371-021-02153-y.

[2] A. N. Giaquinto, K. D. Miller, K. Y. Tossas, R. A. Winn, A. Jemal, and R. L. Siegel, “Cancer
statistics for African American/Black People 2022,” CA. Cancer J. Clin., Feb. 2022, doi:
10.3322/CAAC.21718.

[3] L. Fan, Z. Xia, X. Zhang, and X. Feng, “Lung nodule detection based on 3D convolutional neural
networks,” in 2017 International Conference on the Frontiers and Advances in Data Science (FADS),
2017, pp. 7-10, doi: 10.1109/FADS.2017.8253184.

[4] T. Ahmed, M. S. Parvin, M. R. Haque, and M. S. Uddin, “Lung cancer detection using CT image
based on 3D convolutional neural network,” J. Comput. Commun., vol. 8, no. 03, p. 35, 2020.

[5] P.Rao, N. A. Pereira, and R. Srinivasan, “Convolutional neural networks for lung cancer screening in
computed tomography (CT) scans,” in 2016 2nd International Conference on Contemporary
Computing and Informatics (IC3l), 2016, pp. 489-493, doi: 10.1109/1C31.2016.7918014.

[6] A.Krishna, P. C. Srinivasa Rao, and C. M. A. K. Z. Basha, “Computerized Classification of CT Lung
Images using CNN with Watershed Segmentation,” in 2020 Second International Conference on
Inventive Research in  Computing Applications (ICIRCA), 2020, pp. 18-21, doi:
10.1109/ICIRCA48905.2020.9183203.

17



Electrical and Electronics Engineering: An International Journal (ELELIJ) Vol.11, No.3, August 2022

[7]
8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

D. A. Pisner and D. M. Schnyer, “Chapter 6 - Support vector machine,” in Machine Learning, A.
Mechelli and S. Vieira, Eds. Academic Press, 2020, pp. 101-121.

J. Li, J. Cheng, J. Shi, and F. Huang, “Brief introduction of back propagation (BP) neural network
algorithm and its improvement,” in Advances in computer science and information engineering,
Springer, 2012, pp. 553-558.

A. Masood et al., “Cloud-Based Automated Clinical Decision Support System for Detection and
Diagnosis of Lung Cancer in Chest CT,” IEEE J. Transl. Eng. Heal. Med., vol. 8, pp. 1-13, 2020, doi:
10.1109/JTEHM.2019.2955458.

C. Szegedy et al., “Going deeper with convolutions,” in 2015 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), 2015, pp. 1-9, doi: 10.1109/CVPR.2015.7298594.

K. He, X. Zhang, S. Ren, and J. Sun, “Deep Residual Learning for Image Recognition,” in 2016 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR), 2016, pp. 770-778, doi:
10.1109/CVPR.2016.90.

F. Chollet, “Xception: Deep Learning with Depthwise Separable Convolutions,” in 2017 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR), 2017, pp. 1800-1807, doi:
10.1109/CVPR.2017.195.

K. Clark et al.,, “The Cancer Imaging Archive (TCIA): Maintaining and Operating a Public
Information Repository,” J. Digit. Imaging, vol. 26, no. 6, pp. 1045-1057, 2013, doi:
10.1007/s10278-013-9622-7.

S. G. Armato et al., “The Lung Image Database Consortium (LIDC) and Image Database Resource
Initiative (IDRI): A Completed Reference Database of Lung Nodules on CT Scans,” Med. Phys., vol.
38, no. 2, pp. 915-931, Jan. 2011, doi: 10.1118/1.3528204.

A. A. A. Setio et al., “Validation, comparison, and combination of algorithms for automatic detection
of pulmonary nodules in computed tomography images: the LUNA16 challenge,” Med. Image Anal.,
vol. 42, pp. 1-13, 2017.

S. Toffe and C. Szegedy, “Batch normalization: Accelerating deep network training by reducing
internal covariate shift,” in International conference on machine learning, 2015, pp. 448—456.

D. R. Nayak, D. Das, R. Dash, S. Majhi, and B. Majhi, “Deep extreme learning machine with leaky
rectified linear unit for multiclass classification of pathological brain images,” Multimed. Tools
Appl., vol. 79, no. 21, pp. 15381-15396, 2020, doi: 10.1007/s11042-019-7233-0.

J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-Fei, “Imagenet: A large-scale hierarchical
image database,” in 2009 IEEE conference on computer vision and pattern recognition, 2009, pp.
248-255.

L. Bottou, “Stochastic gradient descent tricks,” in Neural networks: Tricks of the trade, Springer,
2012, pp. 421-436.

I. K. M. Jais, A. R. Ismail, and S. Q. Nisa, “Adam optimization algorithm for wide and deep neural
network,” Knowl. Eng. Data Sci., vol. 2, no. 1, pp. 41-46, 2019.

E. M. Dogo, O. J. Afolabi, N. I. Nwulu, B. Twala, and C. O. Aigbavboa, “A Comparative Analysis of
Gradient Descent-Based Optimization Algorithms on Convolutional Neural Networks,” in 2018
International Conference on Computational Techniques, Electronics and Mechanical Systems
(CTEMS), 2018, pp. 92-99, doi: 10.1109/CTEMS.2018.8769211.

Jakimovski, G., & Davcev, D. (2018, September). Lung cancer medical image recognition using
Deep Neural Networks. In 2018 Thirteenth International Conference on Digital Information
Management (ICDIM) (pp. 1-5). IEEE.

Senarathna, S. A. D. L. V., Piyumal, S. P. Y. A. A, Hirshan, R., & Kumara, W. G. C. W. (2021,
November). Lung Cancer Detection and Prediction of Cancer Stages Using Image Processing.
In 2021 3rd International Conference on Electrical, Control and Instrumentation Engineering
(ICECIE) (pp. 1-9). IEEE.

Jin, X. Y., Zhang, Y. C., & Jin, Q. L. (2016, December). Pulmonary nodule detection based on CT
images using convolution neural network. In 2016 9th International symposium on computational
intelligence and design (ISCID) (Vol. 1, pp. 202-204). |IEEE.

Garud, S., & Dhage, S. (2021, December). Lung Cancer Detection Using CT Images and CNN
Algorithm. In 2021 International Conference on Advances in Computing, Communication, and
Control (ICAC3) (pp. 1-6). IEEE.

Chethan, K. S., Vishwanath, S., Patil, R. V., & Vijetha, K. A. (2020, July). Segementation and
Prediction from CT Images for Detecting Lung Cancer. In 2020 11th International Conference on
Computing, Communication and Networking Technologies (ICCCNT) (pp. 1-6). IEEE.

18



Electrical and Electronics Engineering: An International Journal (ELELI1J) Vol.11, No.3, August 2022

[27] Bhalerao, R. Y., Jani, H. P., Gaitonde, R. K., & Raut, V. (2019, March). A novel approach for
detection of lung cancer using digital image processing and convolution neural networks. In 2019 5th
International Conference on Advanced Computing & Communication Systems (ICACCS) (pp. 577-
583). IEEE.

[28] Abdillah, B., Bustamam, A., & Sarwinda, D. (2017, October). Image processing based detection of
lung cancer on CT scan images. In Journal of Physics: Conference Series (Vol. 893, No. 1, p.
012063). IOP Publishing.

[29] Makaju, S., Prasad, P. W. C., Alsadoon, A., Singh, A. K., & Elchouemi, A. (2018). Lung cancer
detection using CT scan images. Procedia Computer Science, 125, 107-114.

[30] Fan, L., Xia, Z., Zhang, X., & Feng, X. (2017, October). Lung nodule detection based on 3D
convolutional neural networks. In 2017 International conference on the frontiers and advances in data
science (FADS) (pp. 7-10). IEEE.

[31] Arukonda, S., & Sountharrajan, S. (2020, December). Investigation of lung cancer detection using 3d
convolutional deep neural network. In 2020 2nd International Conference on Advances in
Computing, Communication Control and Networking (ICACCCN) (pp. 763-768). IEEE.

[32] Polat, G., Dogruséz, Y. S., & Halici, U. (2018, May). Effect of input size on the classification of lung
nodules using convolutional neural networks. In 2018 26th Signal Processing and Communications
Applications Conference (SIU) (pp. 1-4). IEEE.

[33] Nadkarni, N. S., & Borkar, S. (2019, April). Detection of lung cancer in CT images using image
processing. In 2019 3rd International Conference on Trends in Electronics and Informatics
(ICOEI) (pp. 863-866). IEEE.

AUTHORS

Ms. Vaishnawi singh is currently Research Scholar in NIT Jalandhar in the department
of Electronics and Communication Engineering. She was awarded her Master degree
from NIT Jalandhar in the year 2022. And she received her graduation degree in 2019
from United college of Engineering and Research Naini, Allahabad She has contributed
in 2 International conferences till now. Her interest includes Biomedical signal
Processing; Machine learning Algorithm and Plant signalling.

Dr Indu Saini is currently working as an Assistant Professor in the Department of
Electronics and Communication Engineering, NIT Jalandhar. She joined the institute in
year 2002. She has received sponsored projects from MeitY, and MHRD, New Delhi.
She is also awarded with Distinguished Woman in engineering award from Centre for
Advanced Research and Design (CARD) of Venus International Foundation and Bharat
Excellence Award by FFI, India in the year 2019. She has contributed more than 59
research articles in refereed International Journals and International Conferences papers. Her research
interests include Biomedical Signal Processing; Machine Learning Algorithms, and VLSI Design.

Mr Mayank Kumar Singh is currently working as Research scholar in the Department
of Electronics and Communication Engineering, NIT Jalandhar. He joined the institute
in year 2019. He completed his Maters from NIT Jalandhar in year 2019 and received the
award of bachelor degree in 2017 from FET, GKV Haridwar. He has contributed in more
than 4 research articles in refereed International Journals and International Conferences |

papers. Her research interests include Biomedical Signal Processing; Machine Learning

Algorithms, Image processing, Internet of Things, Evolutionary algorithm and Artificial Intelligence.

19



	Abstract
	With this rising pollution and population lung cancer may become a forthcoming pandemic. Thanks to Convolutional Neural Network (CNN) it is possible to create a reliable automated system for lung nodule detection. In past few years lots of research ha...
	Keywords
	Lung cancer, Convolutional Neural Network, Deep Learning, Automation, Classification.


