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Abstract: There are lots of advantages of using deep learning in the era of increasing medical data. It is easy to know about 

the relationships between data algorithmically without doing any laborious work. It is difficult to diagnose lung disease 

without a thorax x-ray. There is a shortage of radiologists in third world countries to diagnose CT images. Our approach to 

removing this kind of shortage and the use of technology can close the gap of the radiologist. Our proposed model can detect 

pneumonia from the thorax x-ray images with precise manner and accuracy. A transfer learning approach in which a pre-

trained model is used and have to modify only a few layers of the existing model to diagnose pneumonia. In our proposed 

work, use of RSNA pneumonia detection dataset which contains enough images to train a deep learning model. Our model 

provides better prediction of pneumonia on the basis of lung infection in the human body using a deep learning approach.  

 

Index Terms: Convolution Neural Network, Deep Learning, Medical Image Analysis 

 

I.    INTRODUCTION 
     Pneumonia is a life-threatening disease which starts with the normal infection in the lungs. There are mainly three types of 

infections like bacterial, viral and fungal. The lungs become inflamed, and the air sacs are filled with fluid. It affects childrens, 

adults and also aged people. Pneumonia becomes life threatening for the persons who have other disease like asthma and also for 

the persons who has low immunity. Generally, this disease starts with a cold then a person develops a high fever and cough. 

Breathing is becoming faster and coughing up from lungs. Chest is painful when we take a deep breath. Sweating and vomiting 

with muscle pain and weakness. Skin color is changed to the dusky or purplish. 

     The bacterial type of pneumonia is easy to cure. It’ll be easily cured by antibiotics. In the viral type of pneumonia treated with 

rest and lots of water. Antiviral medication is also used in that type. Fungal type is cured with use of antifungal medications. 

     In the world, lots of people die just because of pneumonia which we can resolve. To do this task, we need perfect methods. The 

use of a thorax x-ray is the best approach to detect pneumonia (WHO, 2001). Pneumonia accounts for 15% of all deaths of children 

under 5 years old, killing 808694 children in 2017[14]. In this, there are third of victims were children who are younger than 5 years 

old (CDC, 2017). This disease mainly affects children and aged people whose immune system is not too effective. The main task 

is to detect this disease because some other disease also has some common symptoms so for that effective method is chest X-Ray. 

Diagnosis of X-rays is the tough part because nowadays there is a huge shortage of expert radiologists. In India per billion people, 

there are only ten thousand radiologists [1].  

     The main focus of this paper is to remove this kind of space so everyone gets an accurate treatment on time. For that, train a 

model in which it can perfectly detect pneumonia from the human chest X-ray images. This can help doctors to detect pneumonia 

with precise manners and accuracy. Sometimes it gives us a better result than expert doctors. 

 

 
Fig.1 Pneumonia Infected Lung X-ray image and Normal Lung X-ray image 

 

      Lenet is the oldest deep learning model based on the CNN algorithm. It was developed by Yann LeCun in 1988[13]. It is widely 

known as LeNet5. At the time of invention it is only used for recognition of characters only.  

     Among all the models like VGG16, VGG19, Inception_ResNet_V2, DenseNet201, Inception_V3, ResNet50 we get good results 

from Mobilenet_V2, ResNet50 [8]. This method calls the transfer learning method in which all the hidden layers remain the same 

but have to replace fewer layers. All the weights of the trained model are almost the same for edges and vertices are common for 

all image processing models. This model is based on CNN (Convolutional Neural Network) which is mainly used for image 

processing tasks. The dataset of 223,414 images of chest x-ray and it’s varying in age and gender. So, this is the effective dataset 

for the training. 
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II.    LITERATURE REVIEW 

 

     Pneumothorax can be detected from the plain frontal film radiography; However, the accuracy of the identification depends on 

numbers of factors like size of pneumothorax, position of the patient, Quality of the image, variation in radiologist threshold for 

diagnosis[15-17] Deep learning has two main techniques: supervised learning and unsupervised learning. The majority of the 

algorithms from 2015-2017 in the published literature have employed supervised learning methods, namely convolutional neural 

networks (CNN) [2]. Deep learning carries multiple layers of feed forward neural networks to model definition [7]. This whole 

network of neurons is based on the perceptron calculation which is defined by Rosenblatt [3]. There are multiple layers of the neural 

network in which each perceptron is linking each other for input and output. The use of CNN in numbers of image recognition after 

2012 in the competition named Image Net Large Scale Visual Recognition Challenge (ILSVRC) which was won by Krizhevsky 

[4]. He introduces a new concept that is widely used in today's CNN algorithms. These functions are the Rectified Linear Unit 

(RELU), data augmentation and dropout. 

 

III.    DATASET 
     The proposed model is being trained by the dataset of RSNA which contains 27,000 images. All these images of the dataset are 

taken from the National Institute of Health Clinical Center (NIH) [5]. This dataset is marked with proper labels and details which 

need to train the model. Training and test sets are already set so we do not have to make any affords for it. Training data comes with 

a unique patient ID based on the IDs we perform operations on images. We have to rescale images of the dataset and reduce its 

pixel size to 224*224. 

 

IV. DEEP LEARNING METHOD 

 

     In the deep learning method neuron is the smallest part of the processing which is equivalent to our brain cell neuron which is 

responsible for each recognition and sense. Same as here connected layers of neurons are used in which every neuron gives response 

to the other and that’s how the network is built. As we can see in the fig. 1 all the layers are connected and share responsibility in 

terms of values. Hence, when the neuron of one layer is connected with all of its previous and next layers to share information. In 

this network, if the information is passed into a forward direction then it’s called a forward propagation and if the information 

passed in a backward manner then it’s a back propagation. The main purpose of this terminology is to fine-tune a model.  

 

     For the model creation, we are using TensorFlow as a backend model. The Keras library which is a high-level library of the 

TensorFlow backend suitable for this task. By using this framework, we can create a model that is suitable for mobile as well as 

web applications.  

 

V. CNN ALGORITHM 

 

     CNN is the most efficient algorithm for image recognition, image classification, object detection and face detection. These are 

the areas where CNN algorithms are widely used. It takes input as images and processes it and gives output according to our datasets. 

Computers see image as a matrix of pixels and it depends on the resolution of the image. Based on that it’ll see 3 dimensions as 

height, width and dimension (h x w x d). For train models it’ll pass an image through a series of convolution layers, filters, pooling 

layers and softmax function to classify it properly. 

 

     First layer of convolution is abstract the features of the image using mathematical operations. Convolution is the stepwise 

procedure in which at the starting it detects the edges of the image then according to filters(Kernels) it blurs and sharpens the image. 

It roam around image by giving value of strides hence it is generally 1 or 2. By using this value kernel do calculations with all the 

pixels. Sometimes the kernel is not fitting with the image properly. At that time we have to put some padding of zeros in the image.  

 

     Pooling layer reduces the parameters of the image when it is too large. Spatial pooling is also called downsampling. It is done 

without compromising the features of the image. We flattened our matrix into a vector and fed it into a connected layer which is 

called a fully connected layers. At the end of this flattened layer there is a activation function like softmax or sigmoid according to 

our needs. It gives prediction about the classification or detection. 

 

VI. PROPOSED MODEL 

 

      Our method is shown below in Figure2. As per the diagram we do data preprocessing steps at the first. A fully connected layer 

of convolution that requires the fixed size of the image. The original images approximately acquire 2000*2000 matrix it will take 

a lot of effort to train and test a model. To remove this kind of difficulties we resize it to the 224*224. To reduce its processing 

power, convert all images into a grayscale image because in a grayscale image it’s all color values in the matrix are around zero. 

Image pixels are also rescaled to 0 and 1 it will help to learn precise values. 

 

     There are two class labels 0 for normal and 1 for infected. The mutation like flip, rotation and brightness is added to images as 

a augmentation to make the model relevant to real-time applications. Data sent to the network is defined as a batch sequence.  
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Fig. 2. Methodology 

 

     For any object detection task usually, we use pre-trained models. In that models starting layers are commonly detecting vertices 

and edges which are common for all detection algorithms. These layers are usually detecting the shape of an object based on the 

edges and vertices. So its weight and bias are already ready to use. We don't waste our time to detect those things. Instead of that 

we can modify that network and change some output layers and retrain with our dataset. In this scenario, we have to remove the 

last 4 layers and add our 5 layers to retrain with our model. This kind of approach is called transfer learning. For transfer learning, 

we are using the VGG16 pre trained model. This model can properly detect thousands of objects. This is ideal for a 3*3 

convolutional layer with nonlinear architecture.  

 

     From the beginning, all the layers of a pre-trained model freeze ; only a few of them are altered with the new model. Then we 

start training the model with our X-ray dataset. After all the layers are trained we unfreeze all the layers of the pre-trained model 

and tune it with the backpropagation method to set with new training.  

 

     The starting images are in a matrix form and by convolution process, we convert it into a reduced dimension matrix and hence 

we apply some pooling layers which also reduce the dimensions but abstract features of the images. This feature only reduces 

dimensions but not it’s features from each convolution we abstract some features. In the end, only one flatten layer is left which is 

in one-dimensional array. After all this, we send it to the further calculations. 

 

 
Fig. 3. Operations of a neural network training process 

 

     The values are taken from the previous layer as an input for the next layer and the same for further layers. Sometimes we have 

to remove some values which are irrelative for the model training. There are few features of the previous layers that are redundant 

so for removal purposes we use a dropout layer. At the last layer, we use the softmax () function. Softmax functions gain a vector 

as an input and gives a probability of a label class. 

 

VII. RESULTS AND DISCUSSION 

 

     Below graphs illustrates values which are easy to understand. Maximum accuracy we got from both train and test set is 96.90%. 

After all epoch, stable values for both sets are 98.80% and 97.50% respectively. 
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Fig. 4 Accuracy Curve 

 

     From the below graph it is easy to understand data loss. Curve of the graph is going to decrease until the last epoch and going to 

be stable. At the end point data loss is only 0.90%.  

  
Fig. 5  loss curve 

 

 

     We can visualize the output of each convolution layers by plotting it’s activation map. It is the easiest way to look into a model 

that how it trains step by step. There are lots of filters added into a model, some of them are gradient and some for detecting vertices. 

edges and gradient. Below figure shows the heatmap of the X-ray image in which it shows the area of infection. Infected areas are 

highlighted into that images. 

 

 
 

     We can visualize results using the confusion matrix of the test set. In the confusion matrix, each row shows true labels of the 

class and each column shows predicted class by our trained model. The diagonal cells of the matrix show the correct classification 

done by the trained model and others show the false classification. Among 534 images, trained models can easily predict 518 images 

correctly and 18 images are predicted incorrectly. 
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Fig. 6 Confusion Matrix 

 

     The model is tested with various images of thorax x-ray. After all this we can see that the model is well trained to detect the 

disease of pneumonia very well. The recall of the model is 98% and the precision of the model is around 95%. This shows the 

performance of a model on a different classifier.  

 

VIII. CONCLUSION 

 

     In the medical field, there are lots of things that remain untouched. We can easily solve that with new technology. We can solve 

many problems like shortage of doctors or quality of treatment by artificial intelligence. This model is very beneficial for the 

developing nations in which poverty and shortage of expert radiologists are a common problem.  
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