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Chapter 1 
 
 

Chapter 1  

Introduction 

Pneumonia is a form of acute respiratory infection that inflames the air sacs of one or both lungs 

and causes significant damage to lung tissue [1]. Every year, approximately 7% of the world 

population gets infected by pneumonia, out of which, 4 million patients face fatal risks [2]. 

Despite recent advancements in medical treatments, pneumonia remains to be the leading cause 

of deaths in children under the age of five worldwide [3]. The key to successfully treating 

pneumonia lies in early detection. When diagnosed early, it can be treated at a low cost. 

Typical well identified symptoms of pneumonia include shortness of breath, chest pain, and 

cough. To diagnose pneumonia one of the following tests is required: chest X-ray, CT of the lungs, 

MRI of the chest and needle biopsy of the lung. In children, the diagnosis poses a difficulty due 

to the low sensitivity of microbiological tests [4]. Therefore, the chest X-ray has become an 

important diagnostic tool for the diagnosis of pneumonia in children. Additionally, X-ray is the 

imaging technique that is widely available even in underdeveloped regions in contrast to CT and 

MRI. Analyzing and diagnosing chest X-rays is not only time consuming but also requires 

professional radiologist and healthcare workers [5]. Moreover, there is a scarcity of radiologists 

and healthcare workers in many parts of the world. This necessitates the development of 

computer-aided diagnosis not only to help prevent pneumonia-related mortality but also to 

empower and augment clinical decision making. 

1.1 Scope of the proposed work 

The deep learning models have ensured superior results with high generalization performances 

compared to traditional methods for a wide variety of applications, including the domain of 

medical imaging. Deep convolutional neural networks (CNNs) have achieved tremendous success 

in solving image classification, object recognition, and image segmentation problems [6]–[8] and 

therefore CNNS are widely used in the research community. It has yielded remarkable results 
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compared to the state-of-the-art models in the field of biomedical image analysis. Grewal et al. 

proposed a deep learning technique that achieved radiologist level accuracy for brain 

hemorrhage detection in CT scans [9]. Gulshan et al. used a deep learning method for detecting 

diabetic retinopathy in retinal fundus photographs [10]. A deep learning model that achieved 

dermatologist-level classification of skin cancer was proposed by Andre et al. [11]. Y. Bar [12] 

discussed pathology detection in chest X-rays using deep learning. Other application of CNNs in 

this area includes detection of mitosis cells from microscopic images [13], [14], tumor detection 

[15], tuberculosis detection [16] , detection and classification of immune cells [17], segmentation 

of neural membranes [18] and quantization of mass in mammograms [19]. 

 

However, deep learning models require much more data than that of traditional machine 

learning systems. In other words, deep networks are heavily reliant on big data to avoid 

overfitting [20]. Unfortunately, many application domains do not have readily available big data 

because of the data being inaccessible, or the data being rare or expensive to collect and label. 

To cope up with the limited availability of labeled data for a current task, the knowledge learned 

in another task of different domain where data is abundantly available, can be utilized [21]. 

Moreover, in order to achieve a higher generalization ability and also to reduce the 

computational costs, the concept of transfer learning is exploited [22]. A deep transfer learning 

based framework for the detection and classification of breast cancer was proposed by Khan et 

al. [23]. Fauw et al. devised a clinically applicable diagnosis and referral for retinal disease that 

utilizes transfer learning [24]. 

 

Much work has already been done on chest X-ray data specifically on pneumonia classification. 

Khatri et al. [25] used the earth mover’s distance to identify infected pneumonia lungs using chest 

X-Ray images. Rajpurkar et al. [26] devised a deep CNN called CheXNeXt to detect fourteen 

different pathologies including pneumonia. Rahib et al. [27] and Okeke et al. [28] used CNN 

models for pneumonia classification. Cohen et al. [29] and Rajaraman et al. [30] employed 

customized DenseNet-121 and VGG16 respectively, and reported assuring results. Saraiva et al. 

[31] and Ayan et al. [32] used deep learning based methods for pneumonia diagnosis. Rahman et 
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al. achieved an accuracy of 98% for pneumonia classification using deep transfer learning on 

DenseNet201 architecture [33]. Vikash et al. [34] proposed a transfer learning based approach 

that ensembled multiple pretrained network using majority voting. Hashmi et al. [35] came up 

with a weighted classifier based approach that combines prediction from five state-of-the-art 

pretrained CNN models. 

 

In this work, a transfer learning based framework is applied for pneumonia classification on the 

chest X-ray dataset that was made publicly available by Kermany et al. [36]. The prior works on 

this dataset discussed in Section 3.1 implies better performance for deep learning models that 

are pre-trained compared to the others. For this study, an existing convolutional neural network 

architecture (DenseNet), which is originally designed for classification task in natural image 

dataset (ImageNet), is adapted along with the pretrained weights of the network, and 

subsequently fine-tuned for X-ray dataset for pneumonia diagnosis. Thus, the framework uses 

deep transfer learning which extracts the features from the X-ray image that aids in identifying 

whether it is a case of pneumonia. Further, experiments were performed to find out the optimal 

number of dense blocks that should be finetuned for the transfer learning without losing on the 

performance. 

1.2 Organization of the thesis 

The thesis in its entirety is organized into six chapters. Chapter 1 provides an introduction to the 

thesis. Chapter 2 furnishes background information on CNN and transfer learning. Chapter 3 

deals with the database description. Chapter 4 is primarily concerned with the methodology. 

Chapter 5 discusses the experimental findings and paves the road for Chapter 6 which concludes 

the thesis. 
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Chapter 2 
 
 

Chapter 2  

Background 

 In this chapter, we first discuss about the convolutional neural networks (CNNs) and DenseNet 

architecture. The discussion is then further extended to transfer learning. Finally, the 

performance metrics used in evaluating the models in the experimental studies are briefly 

explained. 

2.1 Convolutional Neural Network 

Recent advancement in deep learning has made a huge impact in the biomedical field. Deep CNN 

has pronounced its name for providing with higher generalization performances than other 

machine learning paradigms and has yielded state of the art models producing remarkable 

performance for many difficult problems, especially in the area of image classification and 

segmentation [6]–[8], [27]. CNNs are designed to learn spatial hierarchies of features 

automatically through backpropagation algorithm. Multiple basic building blocks such as 

convolution, pooling and fully connected (FC) layers are used to construct CNN [37]. The task of 

the convolutional layer is to apply convolution operation on the input image with the learnable 

filters in a moving window fashion, thereby creating the input volume for the next layer. The size 

of the filter is usually 3 ×  3, 5 × 5 or 7 ×  7. The output 𝑌𝑖
(𝑙)

 of convolutional layer 𝑙 consists of 

𝑚1
𝑙  feature maps of size 𝑚2

(𝑙)
× 𝑚3

(𝑙)
. The 𝑖𝑡ℎ feature map, represented as  𝑌𝑖

(𝑙)
 is calculated 

according to Eq. (1), where 𝐵𝑖
(𝑙)

 represents the bias matrix, 𝐾𝑖,𝑗
(𝑙)

 represents the filter associated 

with 𝑖𝑡ℎ output feature map 𝑌𝑖
(𝑙)

 and convolves on previous layer’s 𝑗𝑡ℎ feature map 𝑌𝑗
(𝑙−1)

, ∗ 

denotes the convolution operation and 𝑓 is the activation function. 

𝑌𝑖
(𝑙)

= 𝑓 (𝐵𝑖
(𝑙)

+ ∑ 𝐾𝑖,𝑗
(𝑙)

∗ 𝑌𝑗
(𝑙−1)

𝑚1
(𝑙−1)

𝑗=1

) (1) 
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The convolution layer can overwhelmingly increase the size of the input tensor for the next layer. 

That is where the pooling layer comes in. It reduces the resolution of the feature maps and keeps 

important feature and information intact [38]. In addition, it decreases the number of parameters 

[39]. The pooling layer (𝑙) is characterized by two parameters: the spatial size of the filter, 𝐹(𝑙) 

and the step or stride, 𝑆(𝑙). It receives input data in the size of 𝑚1
(𝑙−1)

× 𝑚2
(𝑙−1)

× 𝑚3
(𝑙−1)

 and 

produces an output volume of 𝑚1
(𝑙)

× 𝑚2
(𝑙)

× 𝑚3
(𝑙)

. Briefly, the size reduction of the pooling layer 

is shown in Eqs. (2), (3) and (4). 

𝑚1
(𝑙)

= 𝑚1
(𝑙−1)

 (2) 

𝑚2
(𝑙)

= (𝑚2
(𝑙−1)

− 𝐹(𝑙))/𝑆(𝑙) + 1 (3) 

𝑚3
(𝑙)

= (𝑚3
(𝑙−1)

− 𝐹(𝑙))/𝑆(𝑙) + 1 (4) 

A FC layer is applied to a single vector obtained by flattening the features from the previous layer 

and provides the final predictive values for each label [37]. The 𝑖𝑡ℎ output 𝑌𝑖
(𝑙)

of the FC layer 𝑙 is 

shown in Eq. (5), where 𝑤, 𝑦 and 𝑏 represents the weight vector, feature vector, and bias 

respectively. 

𝑌𝑖
(𝑙)

= 𝑓(𝑍𝑖
(𝑙)

) with 𝑍𝑖
(𝑙)

= ∑ 𝑤𝑖,𝑗
(𝑙)

𝑦𝑗
(𝑙−1)𝑚1

(𝑙−1)

𝑗=1 + 𝑏𝑖
(𝑙)

  (5) 

A CNN comprises an input layer, an output layer and multiple hidden layers. The hidden layers of 

a CNN typically consist of a series of convolutional layers that is subsequently followed by pooling 

layers and FC layers. 

2.2 DenseNet 

In a conventional CNN, a non-linear transformation 𝐻𝑙 is applied to produce the output of the 𝑙𝑡ℎ 

layer 𝑥𝑙 from the previous layer’s output 𝑥𝑙−1, 

𝑥𝑙 = 𝐻𝑙(𝑥𝑙−1) (6) 

where 𝐻 is defined as a convolution followed by a rectified non-linearity (ReLU) and a dropout 

[40], [41].  
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In order to alleviate the training of a very deep network and to address the issue of the vanishing 

gradient, residual block is introduced ResNets [42]. The identity mapping of the input is added to 

the output of a layer and the output 𝑥𝑙 is given by 

𝑥𝑙 = 𝐻𝑙(𝑥𝑙−1) + 𝑥𝑙−1 (7) 

The reuse of features permits the direct gradient to flow to earlier layers. Here, 𝐻 is realized by 

2 or 3 repeated blocks which is composed of Batch Normalization (BN) [43], ReLU and 

convolution. DenseNet [44] provides a more sophisticated connectivity pattern to further 

improve information flow between layers. Here, the outputs of all preceding layers are used as 

the input for the current layer: 

𝑥𝑙 = 𝐻𝑙([𝑥0, 𝑥1, … , 𝑥𝑙−1]), (8) 

where [𝑥0, 𝑥1, … , 𝑥𝑙−1] represents a single tensor obtained by concatenating the outputs of the 

previous layers. This enables even the last layer to get input from the first layer and all layers get 

direct gradient flow from the loss function. 

Here, 𝐻𝑙(∙) represents the sequence: BN-ReLU-Conv(1×1)-BN-ReLU-Conv(3×3). Each function 𝐻𝑙 

produces 𝑘 feature maps which is called the growth rate of the network. The 𝑙𝑡ℎ layer in such 

case has 𝑘0 + 𝑘 × (𝑙 − 1) input feature maps. Here, the number of channels in the input layer is 

represented by 𝑘0. A very pivotal difference between DenseNet and other existing architectures 

is that DenseNet can achieve state-of-the-art results even with very narrow layers i.e. less 

number of feature-maps per layer (e.g. 𝑘= 12) [44]. 

Even though each layer produces only 𝑘 feature maps, it has considerably more inputs than other 

network architectures because of the dense connectivity. A 1×1 convolution is introduced as 

bottleneck layer before the 3×3 convolution to reduce the number of input feature-maps, and 

this improves the computational efficiency as noted in [42], [45].  

 

Figure 2.1 A deep DenseNet with three dense blocks (Huang et al [44]) 
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To facilitate pooling the network is divided into multiple densely connected dense blocks as 

demonstrated in Figure 2.1. The spatial dimensionality of the feature maps is reduced by 

introducing transition layers between two adjacent blocks. It is composed of a 1×1 convolution 

that preserves the number of feature maps, followed by a 2×2 pooling operation. 

To make the model more compact, compression factor 0 < 𝜃 ≤ 1 is introduced. This allows the 

transition layers to generate ⌊𝜃𝑚⌋ output feature maps, where 𝑚 is number of the feature-maps 

produced by the previous dense block. 

 

The standard DenseNet architecture uses four dense blocks with 224×224 input images. The 

initial convolution layer consists of 2×𝑘 convolutions of size 7×7 and stride 2, where 𝑘 is the 

growth rate. The standard network configurations are shown in Figure 2.1. The growth rate, 𝑘,  

for all the networks is 32. The first “conv” layer with filter size 7×7 corresponds to Conv-BN-ReLU. 

Rest of the “conv” layer represents the sequence BN-ReLU-Conv. The particular variant used in 

this current study is DenseNet-121 which is discussed in Chapter 4. 

Table 2.1 DenseNet architectures (Huang et al. [46]) 

 

2.3 Transfer Learning 

Transfer learning focuses on transferring the knowledge from one domain to other. It is a 

machine learning methodology that consists of adopting features learned on the source problem 
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and leveraging them on a new but similar target problem [21]. The conception of transfer 

learning comes from educational psychology. For example, a person who has learned to ride a 

bicycle would find it easier to learn riding a motorbike than others, because both the bicycle and 

the motorbike are two wheelers, and the two tasks require some shared common knowledge. 

Some intuitive examples of transfer learning are shown in Figure 2.2. Transfer learning takes 

inspiration from the sheer ability of human beings to transfer knowledge from one domain to 

another and aims on leveraging the knowledge acquired from the source domain to improve the 

learning in a target domain. It can also help to learn a new task in target domain with limited 

number of labeled examples. The transferred knowledge, however, might not always bring 

positive effect to a new task. If two domains do not share very much in common, knowledge 

transfer from one to other could fail. For example, knowledge of playing a piano would not 

facilitate the learning process to riding a bicycle. 

 

Figure 2.2 Intuitive examples about transfer learning 

In machine learning theory, independent and identically distributed (i.i.d). assumption is often 

made for training datasets which implies that the training data must be i.i.d. with the test data. 

This hypothesis is relaxed in Transfer learning. This works as a motivation to utilize transfer 

learning against the problem of insufficient training data [47]. Since the training data and test 

data are not required to be i.i.d. for transfer learning, and the model in target domain does not 

need to be trained from scratch. Therefore, the demand of huge training data is significantly 

reduced and the computation cost for training in the target domain is also decreased. 
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Pan and Yang [48] used domain, task, and marginal probabilities to propose a framework for 

better understanding the transfer learning. A domain is represented by 𝐷 = {𝜒, 𝑃(𝑋)}, which 

consists of two parts, namely the feature space 𝜒 and the marginal probability distribution 𝑃(𝑋) 

where 𝑋 =  {𝑥1, . . . , 𝑥𝑛}  ∈  𝜒. A task can be represented by 𝑇 = {𝑦, 𝑓(𝑥)} where 𝑦 is label space 

and 𝑓(𝑥) is target prediction function. 𝑓(𝑥) can also be considered as a conditional probability 

function 𝑃(𝑦|𝑥). Then, the transfer learning can be formally defined as follows: 

Given a source domain 𝐷𝑠  with a corresponding source task 𝑇𝑠 and a target domain 𝐷𝑡 with a 

corresponding task 𝑇𝑡, transfer learning is the process of improving the target predictive function 

𝑓𝑡(∙) by using the related information from 𝐷𝑠  and 𝑇𝑠, where 𝐷𝑠 ≠ 𝐷𝑡  or 𝑇𝑠 ≠ 𝑇𝑡. Homogeneous 

transfer learning refers to the case where 𝜒𝑠 = 𝜒𝑡, conversely 𝜒𝑠 ≠ 𝜒𝑡 is the case of 

heterogeneous transfer learning. 

 

In transfer learning, a model that was previously trained for a specific task is taken as the starting 

point to solve another task. In other words, instead of going through the lengthy process of 

training a new model with randomly initialized weights, which requires substantial amount a time 

and computation resources, pre-trained models are used as the starting point for the new task. 

In this work, deep learning model, pre-trained on ImageNet [49] dataset, was used for 

pneumonia classification. In order to achieve further improvements, the pre-trained model was 

fine-tuned. The details related to fine-tuning are discussed in Chapter 4. 

2.4 Performance Metrics 

The model in each experiment was tested on the test dataset after the completion of the training 

phase. The performance was validated using the accuracy, recall, precision, F1 score, and area 

under the curve (AUC) score. All the performance metrics used in this work are discussed below. 

 

In the below-mentioned definitions and equations, while classifying healthy and pneumonia 

patients, true positive (TP) denotes the number of pneumonia images identified as pneumonia, 

true negative (TN) denotes the number of normal images identified as normal (healthy), false 

positive (FP) denotes the number of normal images incorrectly identified as pneumonia images, 
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and false negative (FN) denotes the number of pneumonia images incorrectly identified as 

normal. 

 

In the context of statistical analysis, Recall is referred to as the True Positive Rate or Sensitivity. 

It calculates the proportion of actual positives which are correctly classified (e.g. the percentage 

of pneumonia that are correctly identified as pneumonia). Recall is the ratio of true positives to 

the summation of true positives and false negatives. 

𝑹𝒆𝒄𝒂𝒍𝒍 =
𝑻𝑷

𝑻𝑷 + 𝑭𝑵
 (9) 

Precision also referred to as the positive predictive value is the proportion of positive test results 

that are true positives. A small precision value for example of the order of 15% or below, indicates 

that many of the positive results from this testing procedure are false positives. Thereby 

indicating the fact that, it will be necessary to follow up any positive result with a more reliable 

test to obtain a more accurate assessment as to whether the null hypothesis holds or not. 

Precision is the ratio of the true positives to the summation of true positives and false positives.  

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 =
𝑻𝑷

𝑻𝑷 + 𝑭𝑷
 (10) 

Accuracy can be defined as a systems degree of veracity and is defined as 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =
𝑻𝑷 + 𝑻𝑵

𝑻𝑷 + 𝑭𝑷 + 𝑻𝑵 + 𝑭𝑵
 (11) 

A measure that combines precision and recall is the harmonic mean of precision and recall, the 

traditional F1-measure or balanced F1-score. F1-score is a factor in which the Recall and Precision 

scores are evenly weighted. F1-score is an important measure while considering two class 

problems, and often outscores the measure of Accuracy. F1-score is calculated as follows- 

𝑭𝟏 = 𝟐. (
𝑹𝒆𝒄𝒂𝒍𝒍 ∗ 𝑷𝒓𝒆𝒄𝒆𝒔𝒊𝒐𝒏

𝑹𝒆𝒄𝒂𝒍𝒍 + 𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏
) (12) 

 

ROC curve and AUC score: The receiver operating characteristics (ROC) curve is a probability 

curve. It is the plot of sensitivity (true positive rate) against false positive rate as the binary 

classifier’s discrimination threshold is varied. The area under the ROC curve (AUC) represents the 

degree of separability. 
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Chapter 3 
 
 

Chapter 3  

Dataset Description 

The dataset [36] used in this study comprised a total of 5,856 chest X-ray images divided into two 

sub-sets: a training set and a test set, each having two categories: Normal  and Pneumonia (see 

Table 3.1). Each image in the dataset was two dimensional and consisted three channels. The 

bacterial and viral pneumonia were combined into a single category: pneumonia. There was no 

case of viral and bacterial co-infection. All chest X-ray images were taken during the routine 

clinical care of the patients. Two expert physicians then graded the diagnoses for the images 

before being approved for training the AI system. Additionally, the dataset was also checked by 

a third expert to account for any grading errors. Figure 3.1 shows two chest X-ray images, one 

from the normal class and the other from the pneumonia class. 

Table 3.1 Distribution of the experimental dataset in its original form 

 Training  Test  Total 

Normal  1,349 234 1,583 

Pneumonia  3,883 390 4,273 

 

Figure 3.1 Chest Xray with (a) healthy lungs and (b) pneumonia infected lungs 

3.1 Prior work on the public dataset 

Haloi et al. [50] developed an advanced pneumonia grading system for X-ray images. The system 

uses a deep CNN trained with end-to-end transfer learning with online random augmentation 
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which provides radiologist-level accurate confidence values for diseases prevalence as the 

output. Sousa et al. [51] proposed an approach for classification of pneumonia using chest X-ray 

images on mobile devices. The method employed pre-trained CNN together with a quantization 

process making use of the TensorFlow Lite platform (with MobileNetV1 and MobileNetV2) to 

reduce the processing requirement as well as the computational cost. 

 

Islam proposed a scalar-on-image classification model that adopts the ideas of functional data 

analysis [52]. The model treats images as functional measurements and selects basis functions 

by exploiting the underlying covariance structures. These basis functions are used in 

approximating the image profiles and corresponding regression coefficient. The regression model 

is then applied to classify pneumonia against normal as well as viral pneumonia against bacterial 

pneumonia. 

 

Multiple deep learning based works for pneumonia classification on this dataset are available in 

literature. Okeke et al. [28] constructed a CNN model from scratch and achieved a validation 

accuracy of 93.73%. M.Togacar et al. [53] extracted features from multiple deep learning models 

and the classifier achieved an accuracy of 96.84%. Vikash et al. [36] used a majority voting based 

ensemble model on top of multiple pretrained network and achieved 96.4% accuracy. 

 

A weighted classifier was devised by Hashmi et al. [35] that combines the predictions from the 

five pretrained state-of-the-art deep learning models namely ResNet18, Xception, InceptionV3, 

DenseNet121, and MobileNetV3. Each of the pretrained model was individually finetuned for 

pneumonia classification. Then a part of the dataset which was kept aside was used to find the 

optimal weight for each of the classifiers. The weighted classifier outperformed all the individual 

models. A partial data augmentation technique was used to increase the size of the training 

dataset and to reduce the class imbalance. The weighted classifier achieved 98.43% accuracy. 
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Chapter 4 
 
 

Chapter 4  

Methodology 

In this work, transfer learning was employed for the detection of pneumonia from chest X-rays 

and a set of finetuning experiment was evaluated which is detailed in Chapter 5. The network 

architecture used for the convolutional base is DenseNet121 which consists of four dense blocks 

with transition layers in between, as shown in Figure 4.1.  

 

Figure 4.1 Schematic of DenseNet121 architecture 

4.1 Data Preprocessing 

Each image from the dataset was preprocessed according to requirement of the deep neural 

network used. The two important steps involved were: resizing and normalization. The standard 

DenseNet121 architecture requires the input images to be of size 224 × 224, but the dataset 

consisted images of varying sizes. Hence, all the images were resized to fulfill the requirement. 

As an additional preprocessing step, RGB values in each image were normalized to be in range 

[0,1], in order to meet the expectation of the base architecture. 
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4.2 Oversampling 

Since the ratio of two classes in the training and the test set was not consistent, the training and 

the test set was combined which yielded in 1,583 normal and 4,273 pneumonia samples. After 

shuffling samples in each of the classes, the dataset was split into training, validation and test 

sets with cardinality of 70%, 15% and 15% respectively. After such reorganization the resultant 

training dataset consisted of a total of 1,109 images of the normal (healthy) case and 2,991 

images of the pneumonia case which makes the dataset highly imbalanced. 

 

A highly unbalanced dataset can adversely affect the training process that leads to a bias during 

the prediction phase of the trained model [54]. This means an instance not previously seen by 

the model is more likely to be classified as the majority class (pneumonia in this case). One way 

to handle this is to balance out the bias by providing the minority class (normal in this case) with 

a higher weightage for prediction, based on the cardinality of the two classes. However, this may 

lead to incorrect predictions if the model was actually able to learn the feature correctly even 

with the imbalance in the dataset [55], [56].  

 

In the regression model study treating images of the current dataset as functional 

measurements, Islam [52] drew a random sample of equal size from each class of this dataset so 

as to get a new balanced set of 2,600 images and then split it into training and test set. While this 

approach could help in avoiding data imbalance, a considerable amount of data is discarded and 

unutilized. For the training of a data hungry deep learning models, it might not be wise to discard 

data especially when there is a limited amount of data available.  

 

While working with this same dataset for the weighted CNN classifier, Hashmi et al. [35] 

combined the training and test set, and made three splits: one for training the individual 

classifiers, one for training the weights associated with the classifier, and one meant for testing 

the individual and weighted classifiers. To handle the imbalance in the dataset, they used 

transformations on the images belonging to normal class in training set and added them back in 

the training set along with the original images to increase the size of the normal class and make 
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it comparable in size with the pneumonia class. In has become increasingly common in training a 

deep learning model to oversample the minority class so as to handle the class imbalance and 

then it is followed by augmentation transformations to incorporate variance in input feature 

space [20]. In this work, images form the normal class were oversampled so as to match the 

cardinality of the pneumonia class in the input training batches. 

4.3 Data Augmentation 

Adequate training of a deep neural network requires big data. Parameters are undermined when 

the training data lacks sufficient variance and the trained network generalizes poorly. Data 

augmentation solves this problem by applying geometric transformations on existing images 

while preserving their labels. The augmentation step aids in extracting more information from 

the training dataset and thus helps the network to avoid overfitting [20].  

Table 4.1 Setting used for the augmentation operation 

Transformation Setting 

Vertical Shift -0.2 to 0.2 

Horizontal Shift -0.2 to 0.2 

Shear 0.2 in each direction 

Rotation  -45° to 45° 

 

The settings used in image augmentation are shown in Table 2.1. The resultant images after 

applying various augmentation transformation on a single original image are shown in Figure 4.2. 

While the figure demonstrates only one augmentation operation performed to the base image 

in each case, during training of the network multiple of these techniques were randomly applied 

to generate the augmented image. 

 

Figure 4.2 Example of resultant image after applying augmentation techniques 
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4.4 Feature extraction 

In the context of deep learning, the most common manifestation of transfer learning is described 

as a workflow in Table 4.2. The first and second step refer to the feature extraction process. The 

idea here is to reuse the representations learned by the network on a previous task so as to 

extract meaningful features from the images of the new dataset. Hence, the convolutional base 

is set to run only in inference mode, with no weight updates at this stage.  

Table 4.2 Deep transfer learning workflow 

1. Take a previously trained model and freeze its convolutional base. It 

would run in inference mode to work as a feature extractor.  

2. Add a new trainable classifier layer on top of the frozen layers. It will 

learn to translate the old feature maps into predictions for the new 

dataset.  

3. Train the new classifier on the new dataset. 

4. To achieve further improvement, perform finetuning which refers to 

unfreezing the entire or part of the model and re-training it with a very 
low learning rate on the new dataset. 

 

In this work, DenseNet121 was used as the convolutional base. And the existing classifier, which 

was meant for classification of ImageNet natural images consisting of 1000 classes, was replaced 

with a new classifier that will handle the binary classification of the pneumonia dataset. The new 

classifier is trained from scratch with the pretrained model working in inference mode so as to 

adapt the feature maps learned previously into new dataset.  

 

It does not require to train the entire model from scratch because the base convolutional 

network already learned the kernels to extract the features that are generic for image 

classification. However, the classifier of the pretrained model could not be reused since it is 

specific to the previous classification task and is trained to work for a different set of classes. A 

pictorial representation of the states of the different part of the DenseNet121 during feature 

extraction phase is shown in Figure 4.3. 
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Figure 4.3 Pre-trained DenseNet121 running in feature extraction mode 

4.5 Fine-Tuning the model 

After training the new classifier with the extracted features obtained by running the pretrained 

network in inference mode, further enhancement for the model on the new task is achieved by 

making a few of the top layers of a frozen model base trainable and then jointly training both the 

new classifier and the last layers of the base model.  

 

During the fine-tuning process, the learning rate needs to be very low since a large learning rate 

might drastically change the weights of the network leading to quick overfitting thereby losing 

the knowledge it learned from the previous training on source domain. Very slow update allows 

the network to fine-tune the feature maps so that they become more relevant for the current 

task in hand. Thus, the goal here is to achieve meaningful improvements by incrementally 

readapting the pretrained features to the new dataset. 
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Figure 4.4 Fine-tuning of pre-trained DenseNet121 

The finetuning of top 2 dense blocks of DenseNet121 is depicted in Figure 4.4. DenseNet121 

consists of four dense blocks. In the current work, a number of experiments on finetuning the 

pretrained DenseNet121 model were performed with top 𝑛 number of dense blocks set to 

trainable, where 𝑛 ∈ {1,2,3,4}. The results are reported in next chapter.  
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Chapter 5 
 
 

Chapter 5  

Experimental Results 

In this section, we discuss about the experimental setup, evaluation results and analyze the 

performance of each of the models trained under different finetuning setups.  

5.1 Experimental setup 

This chapter deals with pneumonia classification experiments and evaluation of the model which 

is trained following different techniques. The chest X-ray image dataset from [57] was 

reorganized as discussed in Section 4.2 and was used for all the experiments. The Keras open-

source deep learning framework with TensorFlow in the backend was used to load the 

architecture of DenseNet121 and the existing multiclass classifier was replaced with a binary 

classifier to create a new model from the base model. The network was then trained using 

multiple experimental setup which is discussed below. In each setup, the pre-processed and 

normalized chest X-ray images were used for the training. Data oversampling and augmentation 

techniques were employed to address the imbalance in dataset and to avoid overfitting. For the 

training, Adam optimizer [58] was used along with the binary crossentropy loss function. All these 

configurations were chosen based on empirical trials. All the computation work was done on 

Google Colaboratory that provides with a 12GB of RAM, NVIDIA Tesla T4 16 GB GPU, and Intel(R) 

Xeon(R) CPU @ 2.20GHz processor. 

 

While constructing the new model on top of Densenet121, the weights of the convolutional base 

was initialized with the ImageNet pretrained weights. And the weights of the newly added 

classifier were randomly initialized. The output tensor of the base model was passed through a 

global average pooling layer to obtain the feature vector, followed by a dropout layer for 

regularization with a rate of 0.5, and finally the fully connected classifier layer. The transfer 

learning process is then carried out in two steps: (a) training of the classifier while the 
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convolutional base is set to work in inference mode only and (b) fine-tuning the entire or part of 

the network. 

 

The transfer learning experiment was run in four variants: (i) Model1: Finetune top 1 dense block, 

(ii) Model2: Finetune top 2 dense blocks, (iii) Model3: Finetune top 3 dense blocks, and (iv) 

Model4: Finetune all 4 dense blocks.  

5.2 Result in Terms of Testing Accuracy and Testing Loss 

Figure 5.1 shows the accuracy and loss curves obtained while training the models for 100 epochs 

both for training and validation sets. The learning rate during training of the classifier and the 

finetuning were kept at 1e-5 and 1e-6 respectively. The validation accuracy in most cases is higher 

than the training accuracy because both batch normalization and dropout affect the training 

accuracy, and these are disabled by the network while evaluating the validation set. The vertical 

dashed line indicates the epoch where finetuning starts. 

 
Figure 5.1 Training accuracy and training loss curves for the finetune variants 
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Table 5.1 summarizes the testing accuracy and testing loss for each variant of finetuning. All test 

images were pre-processed in the same way the training images were processed to follow the 

size and normalization requirement of the network. The test accuracy increased as more dense 

blocks were included for finetuning. The maximum testing accuracy and the minimum testing 

loss was attained when top 3 dense blocks were finetuned. And inclusion of all four dense blocks 

for finetuning caused a slight decline in test accuracy.  

Table 5.1 Final testing accuracy and testing loss of the finetune variants 

Experiment variant Testing Accuracy Testing Loss 

Finetune top Dense block 93.28% 0.1396 

Finetune top 2 Dense blocks 95.90% 0.1038 

Finetune top 3 Dense blocks 97.61% 0.0876 

Finetune all 4 Dense blocks 97.04% 0.0957 

5.3 Comparison with the baseline 

Table 5.2 compares the performance of the four models, in terms of accuracy, sensitivity and 

specificity on the test dataset, with the baseline obtained and reported by Kermany et al. [36] 

using transfer learning on Inception V3 architecture that was pretrained on the ImageNet 

dataset. All the models in this study attains better values for each of the performance metrics, 

except the sensitivity of Model1. 

Table 5.2 Performance comparison with the baseline 

Experiment variant Testing Accuracy Sensitivity Specificity 

Finetune top Dense block 93.28% 91.89% 97.05% 

Finetune top 2 Dense blocks 95.90% 96.10% 95.36% 

Finetune top 3 Dense blocks 97.61% 98.60% 94.94% 

Finetune all 4 Dense blocks 97.04% 97.66% 95.36% 

Kermany et al [36] 92.80% 93.20% 90.10% 

5.4 Performance analysis of the models 

To assess the variability in prediction for each of the models, 95% confidence interval (CI) were 

computed using bootstraps with two thousand resampling where samples of random sizes were 
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drawn with replacement from the test dataset. To dichotomize the predictions of the models, a 

threshold of 0.5 was used. The mean, lower limit and the upper limit of 95% CI for the models 

are shown in Table 5.3. 

Table 5.3 95% confidence intervals for the testing accuracy 

Experimental model Lower Limit Mean Upper Limit 

Model1 0.9169 0.9328 0.9487 

Model2 0.9487 0.9590 0.9715 

Model3 0.9658 0.9761 0.9852 

Model4 0.9590 0.9704 0.9806 

 

Further, in order to assess the performance of one model against another, McNemar's test [59] 

was used to evaluate whether there were significant differences. Contingency matrices 

constructed for the test for each consecutive pair of models are shown in Figure 5.2. It was found 

that the p-value for first two consecutive pair of models was well under 0.05. The p-values of 

Model1 against Model2 and Model2 against Model3 were 0.000003 and 0.000488 respectively. 

While the inclusion of the all four dense blocks for finetuning caused a slight decline in test 

accuracy for Model4 compared to Model3, it was not statistically significant (p-value 0.143463). 

 
Figure 5.2 Contingency matrices for consecutive pair of models 

Figure 5.3 shows the receiver operating characteristics (ROC) curves of the models. To assess the 

performance of the models on AUC metric, DeLong’s test for two correlated ROC curves was used 

[60], [61]. The AUC score 0.992 (95% CI 0.9874-0.9963) of Model2 was better compared to 

Model1’s at 0.988 (95% CI 0.9817-0.9923) with p-value = 0.00334. Model3 achieved AUC of 0.995 

(95% CI 0.9917-0.9983). Although it was only slightly higher than that of Model2, the difference 
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was statistically significant (p-value = 0.003182). The AUC score for Model4 was 0.993 (95% CI 

0.9876-0.9985), which was a small decline from what Model3 had, but it was not statistically 

significant (p-value = 0.248).  

 

Figure 5.3 Receiver operating characteristics (ROC) curves for the finetune variants 

While the actual differences in the AUC score for models were negligible, it is worth remembering 

that this metric might not be apt for performance evaluation in this case because the test dataset 

is imbalanced with higher number of pneumonia cases than the normal cases. 

 
The precision-recall curves are usually more informative in case of imbalanced test set. Figure 5.4 

shows the precision-recall curves for all the models. The dashed line represents the baseline for 

a random predictor with no skill. The area under the curve for the models shows a very negligible 

difference and attains maximum value for Model3 where top 3 dense layers are finetuned. 

 

Figure 5.4 Precision-Recall curves for the finetune variants 
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For further evaluation, confusion matrix on the test dataset for each of the models were 

obtained. It can be inferred that the Model3 has the least false negative rate by comparing the 

confusion matrices in Figure 5.5. 

 

Figure 5.5 Confusion matrix for the finetune variants 

Finally, accuracy, precision, recall, and F1 score for all the models were computed from the 

respective confusion matrices. Table 5.4 compares the accuracy, precision, recall and F1 score 

for the four models. It is evident that Model3 outperforms Model1 and Model2 in all four 

evaluation metrics. Model4 gets a tiny improvement in precision over Model3 but at the same 

time recall is decreased. In this case, it can be deduced that Model3 is better than Model4 by 

comparing the F1 score that combines precision and recall. 

Table 5.4 Accuracy, precision, recall, and F1 score for the finetune variants 

Experiment variant Accuracy Precision Recall F1 Score 

Finetune top Dense block 0.9328 0.9883 0.9189 0.9523 

Finetune top two Dense blocks 0.9590 0.9825 0.9610 0.9716 

Finetune top three Dense blocks 0.9761 0.9814 0.9860 0.9837 

Finetune all four Dense blocks 0.9704 0.9827 0.9766 0.9797 

5.5 Comparison with existing methods 

Cohen et al. [29] used a DenseNet-121 based model that attained 92.8% accuracy. Rajaraman et 

al. [30] reported a test accuracy of 96.2% for customized VGG16 to detect pneumonia. Saraiva et 

al. [31] and Ayan et al. [32] used deep learning based methods and achieved an accuracy of 94.4% 

and 87% respectively. Rahman et al. compared the performance of deep transfer learning on 

AlexNet, ResNet18, DenseNet201 and SqueezeNet. The DenseNet201 model attained the highest 

accuracy of 98% for pneumonia classification [33]. Vikash et al. [34] used a majority voting based 
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ensemble model on top of multiple pretrained network and achieved an 96.4% accuracy. Hashmi 

et al. [35] achieved a 98.43% accuracy with their weighted classifier that combine prediction from 

five state-of-the-art pretrained CNN models. The Model3 of this study attained comparable 

results with other existing methods and in many cases surpassed them. All these results are 

summarized in Table 5.5. 

Table 5.5  Comparison with existing methods (all measures in percentage) 

Experiment variant Accuracy Precision Recall F1 Score AUC 

Cohen et al. [29] 92.8 90.1 93.2 91.62 99.0 

Rajaraman et al. [30] 96.2 97 99.5 98.23 99.0 

Saraiva et al. [31] 94.4 94.3 94.5 94.40 94.5 

Ayan et al. [32] 87 91.3 89.1 90.19 87.0 

Rahman et al. [33] 98 97.0 99.0 97.99 98.0 

Vikas et al. [34] 96.4 93.28 99.6 96.34 99.34 

Hashmi et al [35] 98.43 98.26 99.00  98.63 99.76 

Model3 97.61 98.14 98.60 98.37 99.5 

 

5.6 Discussion 

The underlying architecture for each variant of the finetuning experiment was same. In each case 

the convolutional base was initialized with pretrained weights and the newly added classifier was 

trained for 20 epochs. And in the next 80 epochs, finetuning was performed for up to top 𝑛 

number of dense blocks, where 𝑛 ∈ {1,2,3,4}. The performance of the classifier for the models 

in this study got better as 𝑛 increased but only up to 𝑛 = 3. There was a small decline in values 

of performance metrics evaluated on the test dataset when the fourth dense block was included 

for finetuning, but it was not statistically significant. This indicates that in deep transfer learning, 

the finetuning phase does not need to be extended all the way down to the layers at the lowest 

level. As supported by the results of this study, a model that performs finetuning of enough 

number of layers, can achieve a performance equivalent to another model that implements 

finetuning for all the existing layer in the underlying architecture. Thus, finetuning only up to the 

optimal number of layers, instead of carrying it out for all the layers, can save us computational 

cost without compromising the performance.  
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The optimal number of layers, that requires finetuning, is expected to vary based on the 

underlying network architecture and also the kind of the new task being learned by the network. 

For pneumonia classification on DenseNet121 architecture, the optimal number of top dense 

blocks to finetune is found to be three in this study. Therefore, while applying transfer learning 

in future for another similar image classification task on the same architecture, it would be a 

good strategy to start with top three dense blocks, and then the optimal number of layers can be 

established by including a few top layers of fourth dense block or excluding a few bottom layers 

of third block for the finetuning process. 

 

Furthermore, lower layers of deep CNNs learn the generic features that generalize to almost all 

types of images. As we go higher up, the learned features are increasingly more specific to the 

dataset on which the model is trained [62]. These low-level spatial features are better learned 

with big data because the network gets to explore through enough variation of input feature 

space enabling it to capture the underlying characteristics [63]. And finetuning these lower layers 

during transfer leaning without slow enough learning rate, can alter these low-level kernels 

causing it to overfit on the small dataset of the new task being learned. In this study we learned 

that finetuning the lower layers does not significantly change the performance of the classifier. 

Such outcome, thus, corroborates that the lower layers in a pre-trained network carries the 

knowledge of extracting generic features which carries important information for other similar 

tasks, and it might be best for the transfer learning to use them unaltered. 
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Chapter 6 
 
 

Chapter 6  

Conclusion 

In this work, a deep transfer learning based framework was applied for automatic detection of 

pneumonia in chest X-ray images. A state-of-the-art deep learning network (DenseNet) was 

employed for this study. Transfer learning and data augmentation were used to solve the 

problem of overfitting which is prevalent in case of insufficient training data. Further, the 

finetuning experiments were performed up to different levels of dense blocks in the network and 

it was found that finetuning the top three dense block yields best performance and no further 

gain was achieved when fourth dense block was included. In transfer learning involving deep 

learning network, generally only a top few layers are finetuned to avoid the computation cost 

and reach a desired level of performance. Many work in literature uses the approach to finetune 

the entire network in an attempt to extract the last bit of improvement [35]. This study suggests 

that finetuning the entire network might not be the best approach for the target task.  

6.1 Limitations and scope for future work 

Since the finetuning experiments were run only on the pneumonia dataset, this study cannot 

affirm that optimal number of dense blocks to be finetuned remains same for similar transfer 

learning tasks. In future, it would be interesting to study (i) how much of low-level spatial 

characteristics needs to be preserved for a given target task, and (ii) how the optimal number of 

layers, that should be finetuned, depends on the underlying network architecture and target task. 

Also, the dense blocks in the network were set to trainable or untrainable during finetuning in 

the current study. Future work can be devoted to find out how the performance of the network 

changes when all the dense blocks are finetuned but with the dense blocks assigned with 

decreasing rate of weight updates as we go lower in the network. 
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