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Abstract- Lung disease is common throughout the world. These include chronic obstructive pulmonary disease,
pneumonia, asthma, tuberculosis, fibrosis, etc. Timely diagnosis of lung disease is essential. Many image
processing and machine learning models have been developed for this purpose. Different forms of existing deep
learning techniques including convolutional neural network (CNN), vanilla neural network, visual geometry
group based neural network (VGG), and capsule network are applied for lung disease prediction. The basic CNN
has poor performance for rotated, tilted, or other abnormal image orientation and VDSNet hybrid model is not
efficient for large datasets. Therefore, we use DenseNet a CNN architecture to detect lung diseases from chest x-
ray images.This deep learning model is very dense network which helps the doctors to diagnosis the disease more
efficiently.
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I. INTRODUCTION

Lung disease is common throughout the world. These include chronic obstructive pulmonary disease, pneumonia,
asthma, tuberculosis, fibrosis, etc. Timely diagnosis of lung disease is essential. Many image processing and machine
learning models have been developed for this purpose. Different forms of existing deep learning technigues including
convolutional neural network (CNN), vanilla neural network, visual geometry group based neural network (VGG), and
capsule network are applied for lung disease prediction. The basic CNN has poor performance for rotated, tilted, or
another abnormal image orientation.

Therefore, we are using DenseNet model to improve the accuracy for detecting lung diseases. The goal of this project
is to develop a lung diseases detection model from x-ray images. The system provides a platform where users can
identify the lung diseases by just providing the x-ray images as input and hence the lung disease which the patient is
suffering is displayed.

Il. LITERATURE REVIEW
Using deep learning for classification of lung nodule on computed tomography images.

This paper was proposed by Song Q, Zhao L, Luo X, Dou X. Lung cancer is the most common cancer that cannot be
ignored and cause death with late health care. Currently, CT can be used to help doctors detect the lung cancer in the
early stages. In many cases, the diagnosis of identifying the lung cancer depends on the experience of doctors, which
may ignore some patients and cause some problems. Deep learning has been proved as a popular and powerful method
in many medical imaging diagnosis areas. In this paper, three types of deep neural networks (e.g., CNN, DNN, and
SAE) are designed for lung cancer calcification. Those networks are applied to the CT image classification task with
some modification for the benign and malignant lung nodules. Those networks were evaluated on the LIDC-IDRI
database. The experimental results show that the CNN network archived the best performance with an accuracy of
84.15%, sensitivity of 83.96%, and specificity of 84.32%, which has the best result among the three networks.

Deep-learning framework to detect lung abnormality a study with chest X-Ray and lung CT scan images

This paper was proposed by Bhandary Abhir, et al. Lung abnormalities are highly risky conditions in humans. The early
diagnosis of lung abnormalities is essential to reduce the risk by enabling quick and efficient treatment. This research
work aims to propose a Deep-Learning (DL) framework to examine lung pneumonia and cancer. This work proposes
two different DL techniques to assess the considered problem: (i) the initial DL method, hamed a modified AlexNet
(MAN), is proposed to classify chest X-Ray images into normal and pneumonia class. In the MAN, the classification is
implemented using with Support Vector Machine (SVM), and its performance is compared against Softmax. Further,
its performance is validated with other pre-trained DL techniques, such as AlexNet, VGG16, VGG19 and ResNet50.
(i) The second DL work implements a fusion of handcrafted and learned features in the MAN to improve classification
accuracy during lung cancer assessment. This work employs serial fusion and Principal Component Analysis (PCA)
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based features selection to enhance the feature vector. The performance of this DL frame work is tested using benchmark
lung cancer CT images of LIDC-IDRI and classification accuracy (97.27%) is attained.

Comparative performance analysis of different classification algorithm for the purpose of prediction of lung cancer

This paper was proposed by Bharati S, Podder P, Mondal R, Mahmood A, Raihan- Al-Masud M. Visual inspection
of histopathology slides is one of the main methods used by pathologists to assess the stage, type and subtype of lung
tumors. Adenocarcinoma (LUAD) and squamous cell carcinoma (LUSC) are the most prevalent subtypes of lung cancer,
and their distinction requires visual inspection by an experienced pathologist. In this study, we trained a deep
convolutional neural network (inception v3) on whole-slide images obtained from The Cancer Genome Atlas to
accurately and automatically classify them into LUAD, LUSC or normal lung tissue. The performance of our method
is comparable to that of pathologists, with an average area under the curve (AUC) of 0.97. Our model was validated on
independent datasets of frozen tissues, formalin-fixed paraffin-embedded tissues and biopsies. Furthermore, we trained
the network to predict the ten most commonly mutated genes in LUAD. We found that six of them—STK11, EGFR,
FAT1, SETBP1, KRAS and TP53—can be predicted from pathology images, with AUCs from 0.733 to 0.856 as
measured on a held-out population. These findings suggest that deep-learning models can assist pathologists in the
detection of cancer subtype or gene mutations.

Fully convolutional networks for semantic segmentation

This paper was proposed by Shelhamer E, Long J, Darrell T. Convolutional networks are powerful visual models that
yield hierarchies of features. We show that convolutional networks by themselves, trained end-to-end, pixels-to-pixels,
improve on the previous best result in semantic segmentation. Our key insight is to build “fully convolutional” networks
that take input of arbitrary size and produce correspondingly-sized output with efficient inference and learning. We
define and detail the space of fully convolutional networks, explain their application to spatially dense prediction tasks,
and draw connections to prior models. We adapt contemporary classification networks(AlexNet, the VGG net, and
GoogLeNet) into fully convolutional networks and transfer their learned representations by fine-tuning to the
segmentation task. We then define a skip architecture that combines semantic information from a deep, coarse layer
with appearance information from a shallow, fine layer to produce accurate and detailed segmentations. Our fully
convolutional networks achieve improved segmentation of PASCAL VOC (30% relative improvement to 67.2% mean
IU on 2012), NYUDv2, SIFT Flow, and PASCAL- Context, while inference takes one tenth of a second for a typical
image.

Lung cancer recognition and prediction according to random forest ensemble and RUSBoost algorithm using LIDC
data

This paper was proposed by Bharati S, Podder P, Paul PK.. In most patients presenting with respiratory symptoms, the
findings of chest radiography play a key role in the diagnosis, management, and follow-up of the disease. Consolidation
is a common term in radiology, which indicates focally increased lung density. When the alveolar structures become
filled with pus, fluid, blood cells or protein subsequent to a pulmonary pathological process, it may result in different
types of lung opacity in chest radiograph. This study aims at detecting consolidations in chest x-ray radiographs, with
a certain precision, using artificial intelligence and especially Deep Convolutional Neural Networks to assist radiologist
for better diagnosis.

Deep 3D dual path nets for automated pulmonary nodule detection and classification

This paper was proposed by Zhu W, Liu C, Fan W, Xie X. In this work, we present a fully automated lung computed
tomography (CT) cancer diagnosis system, Deep Lung. Deep Lung consists of two components, nodule detection
(identifying the locations of candidate nodules) and classification (classifying candidate nodules into benign or
malignant). Considering the 3D nature of lung CT data and the compactness of dual path networks (DPN), two deep
3D DPN are designed for nodule detection and classification respectively. Specifically, a 3D Faster Regions with
Convolutional Neural Net (R-CNN) is designed for nodule detection with 3D dual path blocks and a U-net-like encoder-
decoder structure to effectively learn nodule features. For nodule classification, gradient boosting machine (GBM) with
3D dual path network features is proposed. The nodule classification sub network was validated on a public dataset
from LIDC-IDRI, on which it achieved better performance than state-of-the-art approaches and surpassed the
performance of experienced doctors based on image modality. Within the Deep Lung system, candidate nodules are
detected first by the nodule detection sub network, and nodule diagnosis is conducted by the classification sub network.
Extensive experimental results demonstrate that Deep Lung has performance comparable to experienced doctors both
for the nodule-level and patient-level diagnosis on the LIDC-IDRI dataset.

. METHODOLOGY
The proposed methodology goes in the below mention step wise manner.
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The execution of the process will be explained clearly with the help of the continuous screenshots. The whole process
includes the uploading the x-ray image which is the random image to test the type of the lung disease.
Each figure mentioned below are the simultaneous process of the screening outputs screen. The entire process occurs
in three simple steps in the case of frontend.The visible interface has one display screen and three button clicks for their
respective operation such as: Upload Image which is responsible for taking an image which is to be tested, Model Load
which is responsible for loading the dataset available in the system in the format of .h5 file and Predict Image which is
responsible for comparing the initially uploaded image with the dataset of lung disease x-ray images which are in .h5
format and then predict the type of the disease.

The display screen is responsible for displaying all respective actions on the screen for better understanding of the user.
The interface was designed by using Tkinter and the whole dataset was imported from the kaggle dataset which has
the four types of lung disease images. It is a large pool of dataset having chest x-ray images. Keras was used which

mainly deals with the all type of libraries related to deep learning. Similarly, computer vision library is used to
implement the interface and aligning the buttons accordingly.Here, the below screenshot Figure 1 represents the home
page of the execution process. The first step of the process is to upload the image and the path of the image which is
the internal address of the image will be displayed under the section (button key of the upload image file). The path
that set under the button of upload image will be latterly compared with the whole dataset of the chest x-ray images
which are imported from kaggle dataset. It is ready for the furtherprocess. Here the image is uploaded from the test
image folder.

¥ Lung Disease Detection & Classification using DenseNet Model = a x

Load test File

Load the Trained Model

Generate Prediction

Fig 1 Model GUI

In the above screen, click on “load test file” to upload a chest x-ray image
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Fig 6.2 uploading Lung x-ray image
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After click on the “load test file” button select the chest x-ray image from test folder

§ Lung Disease Detection & Classification using DenseNet Model

Test File Uploaded Sucessfully

Load test File

Load the Trained Model

Generate Prediction

Fig 6.3 Test File is uploaded

After successfully upload of test image we get “Test File Uploaded Successfully” on Screen

# Lung Disease Detection & Classification using DenseNet Model

densenet Model loaded sucessfully<bound metho
d Network.summary of <tensorflow.python.kera Load test File
s.engine.training.Model object at 0x000001B10B

118788>>

Load the Trained Model

Generate Prediction

Fig 6.4 Load the trained model

Now, click on the “Load the Trained Model” to load the model. After successful load of trained model, we get “denseNet
Model loaded successfully” on the screen

After that click on “Generate Prediction” to predict the lung disease from chest x-ray image.
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Detected disease is Bacterial Pneumonia

Load test File

Load the Trained Model

Generate Prediction

Fig 6.5 Prediction of Lung disease

Now, we can see “Detected disease is Bacterial Pneumonia” on screen. since, we have uploaded bacterial pneumonia
patient chest x-ray image from test folder, we get the output like that. Likewise, we can upload different chest x-ray
images from test folder to predict the accurate disease. For example, if the patient is healthy and we upload the chest x-
ray image of that patient and we get “Patient is healthy” as output.

# Lung Disease Detection & Classification using DenseNet Model o X

Patient is Healthy
Load test File

Generate Prediction

Load the Trained Model

Fig 6.6 Output for a Healthy Patient

V. CONCLUSIONS

In this project, we used DenseNet a CNN architecture to train lungs x-ray images dataset and after training we can use
this model to detect the lung diseases from new x-ray images. To train the DenseNet model we used lung disease dataset
from kaggle. The existing system to detect lung diseases from x-ray images uses a hybrid VDSNet model exhibits an
accuracy of 73%.whereas the proposes model which uses DenseNet has an accuracy of 87.4%. Therefore we can say
our proposed model which uses DensNet is an efficient model to detect lung diseases from x-ray images.
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