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Introduction 
 

According to the World Health Organization (WHO, 

Geneva, CH), pneumonia is one of the world's highest 

reasons for mortality for kids younger than five years old 

[34]. It can cause mild to life-threatening illness among 

people of all ages. Pneumonia caused by bacteria, virus 

and fungi is a common lung infection [35]. Chest 

radiography is an essential component for evaluating a 

patient suspecting pneumonia. Increase opacity areas on 

chest x-ray images represent the infected areas [36]. 

Diagnosing pneumonia can be challenging as patients with 

several other lung problems such as pulmonary edema, 

bleeding, atelectasis etc. can also visit the doctors. Chest 

X-ray has been the cornerstone for diagnosing pneumonia, 

but the challenge is the manual reading of chest x-rays by 

the radiographers [37]. With the advancement in deep 

learning techniques, the challenges associated with the 

diagnosis of pneumonia and several other diseases can be 

overcome to a certain extent [38]. An automated prediction 

system by building a Convolutional Neural Network 

(CNN) has made significant contributions not only in the 

prediction of pneumonia but several other diseases as well 

[39] and [40]. In layman term, deep learning is how 

machines can be given a sense of vision. In the present era, 

the concept of deep learning can be used to classify several 

diseases in the healthcare domain. To carry out deep 

learning task in disease detection, the images or pixels or 

video are taken as an input value into the deep neural 

network, and the output will be the predicted disease. 

Progression and classification are types of machine 

learning. In the case of classification, the output variable 

takes the class labels, which determines the probability of 

an image belonging to a particular class.  

A B S T R A C T 

The aim of this study is to create a video of the medical images from the test 

dataset with the actual and predicted class of each image using the model that has 

been built. To build a model using deep learning algorithm that classify and detect 

the presence of pneumonia from the given chest x-ray dataset. The generated video 

showed the images along with the actual class and the predicted class. The built 

model is evaluated and predicted on the validation and the test datasets 

accordingly. Based on the confusion matrix, it has been analysed that the validation 

dataset is having the highest accuracy among the test and the train datasets. 
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CNN is composed of multiple building blocks such as 

convolution layers, pooling layers etc. The CNN works 

based on the backpropagation algorithm [41]. 

 

Methodology: 

The entire work to build CNN has been done using 

Python programming language due to the availability 

of several libraries. Tensorflow and Keras have also 

been used to build the model. These are the most 

popular libraries used by different researchers to 

create CNN [42] The steps followed in carrying out 

the task are described below:- 

 

Dataset specifications 

Two chest x-ray dataset (chest_xrays.zip and 

getting_started_chest_xrays.zip) [43] are 

downloaded from the given source. Both of the 

datasets, “chest_xrays.zip” and  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

“getting_started_chest_xrays.zip” contained three 

different subfolders - val, train and test. Each 

subfolder contained images of two classes of chest x-

ray (normal and pneumonia) images. The small data 

set (getting_started_chest_xrays.zip) has been used 

to train the model due to the low configuration of my 

laptop. In a real-time application, considering the big 

dataset is one of the key features to build a model. 

The original dataset 

(getting_started_chest_xrays.zip) contained a total of 

248 x-ray images. To balance the proportion of the 

data [44], some rearrangements have been done in 

the train (training dataset) and val (validation 

dataset) datasets under the folder 

“getting_started_chest_xrays”. Total 168 images 

have been allocated under the training set and 40 

under the validation set. The training dataset is used 

to build the model. The validation dataset is used to 

 

Figure 1: An overview of a convolutional neural network (CNN) architecture and the training process 

Source: Yamashita, R. et al. (2018) 
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evaluate the build model. Later the model is used to 

predict the image from the test and the validation 

dataset. The datasets are loaded using glob.glob(). 

 

Model Building 

The steps associated with the building of the model 

[45:46] are-  

os.getcwd() is used to get access to the current 

working directory.  

The specific path is defined to get access to the train, 

validation and test dataset.  

ImageDataGenerator() [47] is used to set the 

attributes of the images. This function is applied with 

seven different attributes to the train dataset as the 

train dataset will be used in building the model (refer 

to table 1 below). For the test and validation dataset, 

only the rescale attribute is used. 

ImageDataGenerator() is used for the augmentation. 

It is imported from 

“tensorflow.keras.preprocessing.image”. This is 

done to monitor the problem of overfitting due to 

less availability of the data in the dataset.  
 

Table 1: Setting of image attributes 

 

 

 

 flow_from_directory () [48] is used to read 

the images. This function is applied to all 

three datasets.  

 Labelling of the two classes that is 

pneumonia and normal, is done using for 

loop. Images belonging to the normal 

category are assigned “0”, and images 

belonging to the pneumonia category are 

assigned “1”.  

 Using matplotlib.pyplot all the three datasets 

and the two classes are plotted as bar graphs.  

 The model is created using the Sequential(). 

This is imported from 

tensorflow.keras.models. This allows to 

build the model layer by layer. These layers 

are the building blocks of the model.  

 The different layers used to build the CNN 

model are imported from 

tensorflow.keras.layers. The layers used to 

build the model are - Conv2D, 

MaxPooling2D, Dense and Dropout.  

 The convolutional layer uses a convolutional 

filter. This filter slides over the image, 

calculate the new value and write it on the 

output image.  

 Activation function relu is added to each of 

the convolutional and the dense layers, 

except the last dense layer.  

 MaxPooling2D layer will enable to reduce 

the size of the input images  

 Flatten() is used to align the rows and 

column of the matrix.  

 The Dense layer with activation function 

softmax is added as the last layer. The 

softmax() will return the highest probability 

value.  

 Model compilation – Under model 

compilation, Sparse Categorical 

Crossentropy will determine the loss 

percentage, and metrics determine the 

accuracy%. Optimizer helps to assign the 

weight to the model. 

  In the case of the train dataset, the model 

will by default function well, but this may 

not be the case for validation and test 

dataset. To avoid this, the EarlyStopping () 

is used.  

 The total number of epoch used is ten.  

 

Model Evaluation  

The model evaluation is done on the validation 

dataset, and model prediction is made on the test 

dataset. 
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Plotting the results  

Finally, the training values, accuracy% and loss% are 

plotted. These are shown under the results and 

discussion. 

Confusion Matrix  

A confusion matrix is the performance measurement 

matrix for machine learning classification problems 

[49]. The confusion matrix is built with four 

different combinations between expected and the 

predicted values. The four different combinations 

that can be generated are: 

 
 True Positive – The predicted positive value 

by the model matches the expected positive 

value by us.  

 True Negative – The predicted negative 

value by the model matches the expected 

negative value by us.  

 False Positive – False positive is known as 

the type one error. In this case, the test 

results wrongly indicate the presence of the 

condition.  

 False Negative – False negative is known as 

type two error. In this case, the test results 

incorrectly fail to show the presence of the 

condition.  
 

The confusion matrix is used in this work to 

calculate the accuracy of all three datasets. All the 

three confusion matrix generated against each of the 

datasets are shown under the result and discussion 

section.  

Prediction of images:  

The build CNN model is used to predict the images 

from all three different datasets (training, test and 

validation) for each of the two classes (pneumonia 

and normal). The output of the images is shown 

under the results and discussion section. 

 

Results and Discussions 

The total number of images present in all three 

datasets is shown under figure 2 as a bar graph. As 

per the graph, there are 168 images in the training 

dataset and 40 in each of the other two datasets 

(validation and test dataset). 

 

 

Figure 2: Number of images present in each of the 

datasets 

 

Initially, the total number of epoch used to generate 

the training and validation dataset accuracy is five. 

The accuracy% for both the training and the 

validation dataset generated from five epochs are 

low, and the loss% for both the training and 

validation dataset is high. To increase the accuracy 

percentage, the number of epochs is increased to ten. 

With ten epochs, the training and the validation 

dataset accuracy% increased, and the loss% 

decreased. The details of the accuracy% and loss% 

for each of the epochs are shown in figure 3. The 

graph representing the accuracy% and loss% are 

shown in figure 4. 
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Figure 3: Training and Validation dataset accuracy% and loss% with ten epochs 

 

Figure 4: Graphical representation of the training and validation dataset accuracy% and loss% 

 

Figure 5(a): Confusion matrix for train and validation dataset 
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In the graphs under figure 4, the y-axis shows the 

accuracy and loss percentages. The x-axis shows the 

total number of epochs. From figure 4, it can be 

concluded that the accuracy and loss percentage for 

the validation and the training dataset is the same. 

The confusion matrix generated for all three datasets 

is shown in figure 5 (a, b). 

 

 

Figure 5(b): Confusion matrix for test dataset 

 

The accuracy percentage calculated from the 

confusion matrix generated for all three datasets are 

shown in table 2. The formula to calculate the 

accuracy% is –  

Accuracy% = (True +ve +True -ve) / (True +ve + 

True +ve + False +ve + False –ve) 

 

Table 2: Accuracy percentage for the three different 

datasets 

 

 

Based on the confusion matrix plots under figure 

5(a,b) and table 2, the true positive cases for each of 

the three datasets is high, and on the flip, the total 

number of false-negative cases is less.  

The predicted images from the test and the validation 

dataset is shown in figure 6. Among the two images 

under figure 6, one image belongs to the normal class 

of the validation dataset, and the other belongs to the 

pneumonia class of the test dataset. The model 

predicted both the classes correctly. 

 

Figure 6: Predicted images 
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Conclusion 

The radiologists have a common task of detecting the 

abnormalities among the medical images. The 

presence of abnormalities can be rare among many 

normal cases, but they must be detected. Detection of 

disease using deep learning techniques have become 

very popular in the clinical sector. The current work 

is about developing a model using CNN, a deep 

learning algorithm that can predict the two different 

classes – normal and pneumonia from the provided 

datasets. Choosing a big dataset is the key feature for 

building the model. Due to the low configuration of 

the laptop, a small dataset is selected to build the 

model. The images are split between the train and the 

validation dataset. The train dataset contained more 

images, as this will be used to train the model. The 

built model is evaluated and predicted on the 

validation and the test datasets accordingly. One 

confusion matrix for each of the dataset is built to 

determine the accuracy of both models. Based on the 

confusion matrix, it has been analysed that the 

validation dataset is having the highest accuracy 

among the test and the train datasets. 

 

Video creating and displaying of the medical 

images with titles 

 

Aim: The aim of this task is to create a video of the 

medical images from the test dataset with the actual 

and predicted class of each image using the model 

that has been built. 

 

Method: The video is generated using python code. 

The steps followed are as follows:-  

 All the images from both the classes 

(pneumonia and normal) of the test dataset 

under the zip file 

(getting_started_chest_xrays.zip) are 

extracted and placed in one folder 

(V_Test_Data).  

 Preprocessing of the images are done  

 The model built using CNN is used to 

predict the pre-processed image and place it 

in an array.  

 Four different titles for the images are set 

and placed in an array. The titles set are-  

"true: normal, prediction: normal"  

"true: normal, prediction: pneumonia"  

"true: pneumonia, prediction: normal"  

"true: pneumonia, prediction:   

pneumonia"  

 Finally, a video file is generated using OpenCV.  

 The output file named Q3_test_video.avi is 

submitted along with the python code.  

 

Results: The video generated will show the images 

along with the actual class and the predicted class. 
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