w"‘ 9'-."(.",
_."} A~ H‘?%g

Lung Disease Detection Using Deep Learning

Pranav Choudhary
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Abstract: Chest X-rays produce images of your heart, lungs, blood vessels, airways, and the bones of your chest. Chest X-rays can
also reveal fluid in or around your lungs or air surrounding a lung. The X- ray images help the doctors/ radiologists to determine
whether the patient is suffering from any chronic or acute lung disease such as lung nodule/mass, tuberculosis, aortic
enlargement, cardiomegaly, pneumonia, pulmonary fibrosis etc. We use Convolution Neural Network (CNN) a deep learning
technique which gained popularity due to its ability to learn mid and high level image representation. In this project various CNN
models are used which detect different types of lung diseases through X-rays and if the lungs are in healthy shape, no findings are

shown as a result . The performance of the project is tested on publicly available dataset.

KEYWORDS: Chest X-Ray, Deep Learning, Convolution Neural Network, Tuberculosis, aortic enlargement, cardiomegaly,

pneumonia, pulmonary fibrosis.
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INTRODUCTION

Lung illnesses, additionally called respiration diseases,
are illnesses of the airlines and the opposite systems of
the lungs I'l. Examples of lung ailment are pneumonia,
tuberculosis and cardiomegaly, pulmonary fibrosis.
According to the Forum of International Respiratory
Societies 12, approximately 334 million humans be
afflicted by asthma, and, every year, tuberculosis kills
1.4 million humans, 1.6 million humans die from lung
cancer, even as pneumonia additionally kills tens of
thousands and thousands of humans. The COVID-19
pandemic impacted the complete world B, infecting
tens of thousands and thousands of humans and
burdening healthcare systems I4l. It is apparent that lung
sicknesses are one of the main reasons for demise and
incapacity in this world. Early detection plays a key role
in increasing the chances of recovery and improving
long-term survival rates [59]. Traditionally, lung disorder
may be detected through pores and skin test, blood test,
sputum pattern test ], chest X-ray exam and computed
tomography (CT) test exam 8. Recently, deep learning
has proven remarkable capacity while implemented on
scientific photos for disorder detection, together with
lung disorder

Deep learning is a subpart of a far larger circle of
relatives of device learning algorithms that makes use of
many layers for function extraction and transformation.
Data is handed via each layer and the output of one
layer acts as an enter to the alternative layer, the
primary layer is referred to as an input layer, and the
remaining layer of the algorithm is referred to as an
output layer. This technique is inspired by the structure
and the function of the brain. In today's world it is
applied in many fields such as natural language
processing audio recognition, computer vision, speech
recognition, social network filtering where its various
architectures like deep neural networks, deep belief
networks and recurrent neural networks have produced
results which are comparable to that of human experts.
So, here we tend to propose a technique of detection of
lung diseases by using Convolutional Neural Networks.
Convolutional Neural Networks, additionally widely
considered ConvNets, could be a Deep Learning
approach that takes in an image in consideration as an
input, assigns importance to numerous aspects of the
image and it also has the power to differentiate one

image from another simply. Temporal and spatial

Copyright © 2021 International Journal for Modern Trends in Science and Technology, ISSN : 2455-3778

dependencies of an image are easily recognized by a
through  the

employment of appropriate and applicable filters.

Convolution  Neural = Networks

Structure of paper

The paper is organized as follows. Section 2 gives the
information about related work of the project. Section 3
explains the methodology and dataset used. Section 4
presents and discusses the experimental results and

finally Section 5 concludes the work done.

RELATED WORK

Computer Aided Diagnostic (CAD) systems have
recently gained great success due to availability of large
labelled datasets and advancement in supervised
learning high-performing algorithms. With the help of
Deep Convolutional Neural Networks the models can
be trained to achieve expert level performance in
detection of lung diseases. The performance of the CNN
model depends on the high quality images from the
dataset which is costly and time consuming to obtain
but in the past few years many notable datasets for
Chest X-Rays like ChestX-ray[8], ChestX-ray 1401
Padchest!, CheXpert3 , and MIMIC-CXRI[2
ChestX-ray14, an extended version of ChestX-ray8, was
released by the US National Institutes of Health (NIH),
containing over 112,000 CXR scans from more than
30,000 patients.

Most of existing CXR datasets depend on automated
rule-based labelers that either use keyword matching
(e.g. CheXpertP! and NIH labelers[']) or an NLP model
(e.g. CheXbert!'7) to extract disease labels from free-text
radiology reports. These tools can produce labels on a
big scale but, at the same time, introduce an excessive
rate of inconsistency, uncertainty, and errors('3l 018
These noisy labels might also additionally cause the
deviation of deep learning-primarily based totally on
algorithms from stated performances while evaluated in
a real-world settingl®” . In addition most of the
researches are only report based, which does not
identify the location of the disease in the lungs. There
are few datasets which also provide the location of
abnormality but they are either too small for training or
not detailed enough.

The interpretation of x-rays is not only about image

interpretation but also to localize the abnormality from
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the perspective of the radiologists. This also explains
why use of CAD systems for X-rays is still very limited

in clinical practices is still very limited

METHODOLOGY:

We developed a convolutional neural network to
concurrently detect the presence of 14 different lung
pathologies including pneumonia, pleural effusion,
pulmonary masses, and nodules in frontal-view chest
radiographs. The model was trained and internally
validated on the dataset, with a held-out validation set
with each of the original pathology labels. On this
validation set, cardiothoracic specialist radiologists
served as reference standard. We compared the model’s
discriminative performance on the validation set to the
performance of 18 radiologists. We have used the
‘timm’ library which supports the model we use, resnet
18.

Resnetl8 is a 18 layer deep convolutional neural
network, it's pretrained network can classify images
into 1000 object categories, therefore it learns rich

feature representation for a wide range of images.
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Figure 2: ResNet 18 Architecture

Dataset: All
corresponding ground truth labels for the training set

imaging information and also the
only. The pictures were organized into 2 folders, one for
training and a different one for testing. Every image
features a unique, anonymous symbol that was
encoded from the worth of the SOP Instance UID
provided by the DICOM tag (0008,0018). The coding
method was supported by the Python hashlib module .

The medical specialists’ native annotations of the
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training set were provided during a CSV (file,
annotations_train.csv. every row of the table represents
a bounding box with the subsequent attributes: image
ID (image_id), radiologist ID (rad_id), label’s name
(class_name), and bounding box coordinates (x_min,
y_min, x_max, y_max). Here, rad_id encodes the
identities of the seventeen radiology medical specialists,
(x_min, y_min) are the coordinates of the box’s higher
left corner, and (x_max, y_max) are the coordinates of
the lower-right corner. Meanwhile, the image-level
labels Csv

image_labels_train.csv, with the subsequent fields:

were kept in  several files,
Image ID (image_id), radiologist ID (rad_ID), and
international labels (labels). Specifically, every image ID
goes with a vector of multiple labels equivalent to
different pathologies, within which positive ones were

encoded with “1” and negative ones were encoded with

class_name class id radid x_min y_min xmax y_max
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Figure 1: presentation of dataset

RESULTS:

We located that the model executed radiologist-level
overall performance on eleven pathologies and did not
acquire radiologist-level performance on three
pathologies. The radiologists achieved statistically
considerably  better  overall performance on
cardiomegaly, calcification, and lung consolidation,
model achieved better than radiologists in detecting
atelectasis, there had been no statistically extensive

variations in for the other 10 pathologies.
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Figure 3: results predicted by radiologists
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Figure 4: results predicted by model

Following are some resultant outputs along with labels

assigned by radiologists

Nofinding Lung tumor

Pneumonia,Lung tumor Tuberculosis
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CONCLUSION:

From this study we have implemented Deep Learning
using a Convolutional Neural networks model, ResNet
18 on the dataset of anterior chest x-rays to predict the
lung disease and compared the results to that of
experienced radiologists who have examined and
labelled the x-rays in the dataset. Finally we have used
deep learning architecture through convolutional
neural networks to create computer aided diagnostic
(CAD) systems.
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