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Abstract. Pneumonia is a potentially fatal bacterial illness that affects one or both
lungs in humans and is frequently caused by the bacterium Streptococcus pneumoniae.
According to the World Health Organization, pneumonia accounts for one in every
three fatalities in India (WHO). Expert radiotherapists must evaluate chest X-rays
used to diagnose pneumonia. Thus, establishing an autonomous method for identifying
pneumonia would be advantageous for treating the condition as soon as possible,
especially in distant places. Convolutional Neural Networks (CNNs) have received
a lot of interest for illness categorization due to the effectiveness of deep learning
algorithms in evaluating medical imagery. Furthermore, features gained by pre-trained
CNN models on large-scale datasets of X-ray pictures are extremely effective in image
classification tasks. Several Convolutional Neural Networks were seen to categorize
xX-ray pictures into two groups, pneumonia and non-pneumonia, using various parameters,
hyperparameters, and number of convolutional layers modified by the authors. The
study analyzes six different models. The first and second models each include two and
three convolutional layers. VGG16, VGG19, ResNet50 and Inception-v3 are the other
four pre-trained models.

Keywords: Convolutional Neural Networks, Pneumonia detection, medical imaging
VGG Net and ResNet
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Annortauus. [THeBMOHUMS-Oyn agaMHBIH Oip HeMece €Ki OKIECiHe ocep CTeTiH
JKoHE KeOiHece CTPENTOKOKK OaKTepHsChIHAH TYBIHAAFAaH OIMIC OKEJCTiH
OakTepusIIbIK aypy. JyHHEKY3UTiK AeHCAyNbIK CaKTay YHBIMBIHBIH MAJIiMETi OOHBIHIIIA
(JATY), opOip yuriH mii emim cebernrici - mHeBMOHHS. ToxipuOelni paanorepaneBTTep
MMHEBMOHHUSHBI ~ JUArHOCTUKAajay  YIIiH  KOJJAHBUIATBIH  Keyle  KYBICHIHBIH
pentrenorpadusicbln  Oara-naybl Kepek. Ocbulaiiiia, THEBMOHHUSHBI aHBIKTAYIbIH
aBTOHOMJIBI OMICiH KYpy OVJI aypymel, ocipece IIaiFail >kepiepic epTe eMacy YIIiH
truimal Oonap exi. KonBomro-1ust nbik HeHpoHAbIK keniiep (CNN) menauiuHalbiK
KeCKiHAep/i Oarayiay Ke3iHAE TEPEeH OKBITy aJITOPUTMICPIHIH  THIMIUTITIHE
OaifaHBICTBl aypyJIap/bl CaHaTTapra Oeyre YiKeH KbI3bIFYIIbUIBIK —TYIBIPIBL.
CoHbIMEH Karap, ayKbIMJIbl PEHTICHIK JIEpeK Tep IJKUBbIHBIHJA aJJbIH ajia
nmaiteraganran CNN ynrisiepi apKpUIbl albIHFAH CHITATTa Majap KeCKiHIEpIi JKIKTey
TarcelpManapbeiHa ete THimMal. bipHele KOHBOMIO NUSUIBIK HEWPOH/BIK XKelli apTypii
napaMeTpiep/i, TUIeprnapaMeTpiepai >KOHE aBTOpiap YCHIHFAH KOHBOIIOIHSIIBIK
KabaTTapblH CaHBIH KOJIJIaHA OTBHIPHIN, PEHTTEH COYJIENepiH IMHEBMOHHs Oap >KoHE
MTHEBMOHUS JKOK JICT €Ki TOIKA KIKTCHTiHI OalKanibl. ¥ ChIHBUIBII OTBIPFaH 3€PTTCY
MTHEBMOHUSIHBI aHBIKTAy MOCEJIEC YIIIH alThl TYPJi TepeH OKbITY MOJAEIIH TalIaiIbl.
BipiHmi »oHe eKiHIII MOJENbACP OPKAWMCHICHI €Ki JKOHE YII KOHBOJIOLUSIIBIK
kabartapapl KaMmTuael. COHBIMEH KaTap, aligblH-aja MambIKTaHasipeuirad VGG16,
VGG19, ResNet50 sxone Inception-v3 Mojenbaepi KapachblpbuIaIbl.

TyiiiH ce31ep: KOHBOIIOMMOHIL HEUPOHIBIK KEJIIEP, THEBMOHUSHBI aHBIKTAY,
MenurHaIBIK Oetineney, VGG Net xone ResNet

Hoiiexce3 ymin: X.A. I'ampu, b.C. OmapoB, Bohdan Haidabrus. Pentrenmik
CypeTTe MHEBMOHISHBI aHBIKTAYIBIH TEPEH OKY OMICTEPiH CaIBICTHIPMAIBI Tanmay //
XAJIBIKAPAJIBIKAKITAPATTBIK-KOMMYHUKALUAJIBIK TEXHOJIOTI'UAJIAP
JKYPHAJIBL. 2022. Tom. 3. Is. 4. Hemipi 12. 70-83 OGer (opsic Timinne). DOI:
10.54309/1J1CT.2022.12.4.006.
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Annoranus. [THeBMOHNUS SBISETCS MOTEHIIMAILHO CMEPTEIbHBIM OaKTepHaTbHBIM
3a0o0MeBaHUEeM, KOTOpOEe TOpakaeT OJHO WM 00a IJIerKUX 4YeloBeKa M YacTo
BbI3bIBaeTCs OakTepueld Streptococcus pneumoniae. [lo nmanabiM  BceemupHo#
OpTaHu3alyy 37paBO OXPAHCHUS, HA THEBMOHHUIO TPHUXOIMTCS KaXIbld TPETHil
cmeprenbHblii ucxon B UWumum (BO3). OnbiTHBIE paguioTepaneBThl  JIOJDKHBI
OIIEHWBAaTh PEHTIeH Tpyd HOW KIETKH, MCIONB3YyeMbI s  JHarHOCTHUKH
mHeBMOHMH. TakuM  00pa3oMm, coO3JaHHEe aBTOHOMHOTO METO/a  BBISBJIICHUS
MMHEBMOHHM OBbIIO OBl BBITOAHO ISl CKOPEWIIEro JIeYeHusl 3a00JIeBaHusl, 0COOEHHO
B OTHAJIEHHBIX paiioHax. Ceprounsle HelipoHHble ceTh (CNN) BbI3Baqu OOIBLION
HHTEpeC JUIA KaTeropusanuu Oosie3Hell m3-3a  3((QEKTUBHOCTH  alITOPUTMOB
IyOOKOT0 OOydYeHHsS TpU OICHKE MEIUIIMHCKHX wm3o00pakeHuit. Kpome Toro,
(yHKUMYM, TONy4YCHHBIE TpeABapHTeNbHO 00yueHHBIMH Moaemsimu CNN  Ha
KpYITHOMacIITaOHBIX Ha0Opax JaHHBIX PEHTICHOBCKUX CHHUMKOB, YpPE3BBIYAHHO
¢ (deKkTHBHB B 3aJavax KiIacCUPUKAIUN H300paXeHW. bbUTI0 3aMedeHo, dYTo
HECKOJIbKO CBEPTOYHBIX HEHPOHHBIX CEeTeH KIACCHPUIHUPYIOT PEHTTCHOBCKHE
CHHMKHM Ha JIBE TpYIIbI, MHEBMOHUIO W HE IMHEBMOHHIO, HCIIONB3YysS Ppa3IHYHbBIC
napa-MeTpbl, THIIEpIIapaMeTphl u KOJINYECTBO CBEPTOYHBIX CJIOEB,
MOIU(UIIMPOBAHHBIX aBTOpPaMH. B HccienoBaHny aHATU3UPYIOTCS MIECTh PAa3IMYHBIX
mozeneld. Kakmas w3 mepBoil m BTOpPOW MOJENeH BKIIOYaeT B ceOs JBa W TpHU
ceeprounbix ciosd. VGG16, VGG19, ResNetS0 u Inception-v3 — 3T0 yeThIpe apyrue
MpeaBapUTEIbHO 00yUCHHbBIE MOJICITH.

KuaroueBrble ci10Ba: cBepTOYHBIE HEUPOHHBIC CETH, 0OHAPY)KEHNE TTHEBMOHUH,
MenuirHckast Busyanm3arusi, VGG Net u ResNet

Jas  umtupoBanusi: X.A. Tampu, b.C. Owmapos, Bohdan Haidabrus.
CpaBHUTENBHBI ~ aHATU3 METOAOB  TJIyOOKOro  OOydeHHsl Ul BBISIBICHHUS
IHEBMOHMH HA  PEHTTEHOBCKHX wu300paxenmsx //  MEXJIYHAPO/IHBIN
KYPHAIJI NHOOPMAILIMMOHHbBIX )41 KOMMYHUKAILIMOHHBIX
TEXHOJIOT'MH. 2022. Tom. 3. Is. 4. Homep 12. Ctp. 70-83 (Ha pycCKOM SI3bIKE).
DOI: 10.54309/1J1CT.2022.12.4.006.

Introduction

1.In recent years, Computer Aided Designs (CAD) have emerged as the dominant
study topic in machine learning. Existing CAD systems have previously been shown to
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help the medical field, especially in the identification of breast cancer, mammography,
lung nodules, and so on. Significant characteristics are of the utmost relevance when
using Machine Learning (ML) algorithms to medical pictures. As a result, most earlier
methods employed hand-crafted features for constructing CAD systems based on image
analysis (Dev Kumar Das,2013). However, the handcrafted features with limits that varied
depending on the job were incapable of providing many useful features. Deep Learning
(DL) models, notably Convolutional Neural Networks (CNNs), have been used to extract
valuable features in picture classification applications (Ali Sharif Razavian, 2014). This
feature-extraction procedure necessitates transfer learning approaches, in which pre-
trained CNN models learn generic features on large-scale datasets like ImageNet, which
are then transferred to the needed job. The availability of pre-trained CNN models such
as AlexNet, VGGNet, Inception, ResNet, and DenseNet (Alex Krizhevsky, 2012; Karen
Simonyan, 2014; Chollet, 2016; Kaiming, 2016; Gao Huang, 2017) greatly facilitates
the method of important feature extraction. Furthermore, classification using high-rich
extracted features improves picture classification performance (Heba Mohsen, 2017).

For performance comparison, VGG16, VGG19, ResNet50, and Inception-v3 were
used. One of the most difficult challenges in constructing deep networks is vanishing
gradient. During back propagation in the vanishing gradient issue, the gradients become
infinitesimally tiny, resulting in the loss of integral information. As a result, the network's
accuracy reaches a plateau and subsequently begins to deteriorate. The models utilized
in this article used several strategies to tackle the vanishing gradient problem. Deep
network training has several constraints, including the need for a big dataset, the usage
of a significant number of computational resources to achieve high performance, and
the tedious process of fine-tuning each parameter and hyper-parameter to produce the
best results.

The following sections comprise the research paper:

Section 1 presents the topic and discusses its significance. Section 2 describes the
work's approach, including the architecture of a basic CNN model and the specific
models provided in this research. This section also goes over the dataset that was used
to train and evaluate the six models. Section 3 displays the outcomes of each model, and
Section 4 ends the investigation. Section 5 contains a list of references.

Methodology

The article includes several phases, beginning with the import of the dataset from
Kaggle. The dataset had been preprocessed. Following that, the dataset was partitioned
into train and test sets, each of 5216 and 624 pictures. The six models, each with a
distinct architecture, were trained using the training dataset (Szegedy et al., 2017). Each
model was trained for 20 epochs, using 32 and one training and testing batch sizes,
respectively. The validation accuracy of models 1, 2, VGG16, VGG19, ResNet50,
and Inception-v3 was calculated after training and testing. In Figure 1 a pneumonia
deep learning-based screening structure is introduced, where the program uses a deep
learning algorithm to predict whether the images of the lung of the suspected patient are
normal or affected with pneumonia.
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Figure 1 — “Medical image prediction framework”

Dataset

The dataset was obtained from Kaggle and is titled as "Chest X-Ray Images
(Pneumonia)". This 1.16 GB dataset comprises 5216 training photos and 624 testing
images. The images in this collection are grayscale and 64 X 64 in size. The dataset
contains three types of images: normal, bacterial, and viral pneumonia (Mooney, 2018)

and samples of it are depicted on Figure 2:

Normal Bactenal Pneumonia Viral Pneumonia

Figure 2 — “Displays the "Chest X-Ray dataset (pneumonia)," which includes three types of images:
normal, bacterial, and viral”

Overview of deep learning models for pneumonia detection

CNN Architecture

Figure 3 depicts CNN, a feed-forward neural network. It has four processing layers:
the convolutional layer, the pooling layer, the flattening layer, and the fully connected
layer (Albarqouni et al., 2016). The subheadings below provide a full discussion of each

layer in the CNN architecture.
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Figure 3 — “CNN architecture”

Convolutional layer

The incoming picture is transformed into a matrix. The convolution process is
performed between the input matrix and a 3X3 feature detector/filter/kernel, yielding
a feature map (Xu et al., 2015). This procedure decreases the image's size, making it
easier to process. This also results in information loss, but the feature detector retains
the essential components of the image (Rubin et al., 2018). Multiple feature detectors
are used to the input matrix to create our first convolutional layer, which is a layer of
feature maps. This layer is subjected to further pooling and flattening before being input
into the fully-connected layer.

Activation functions

All six models employed two separate activation functions. These are the activation
functions for ReLU and softmax. The most common activation function is the ReLU
function. The rectified linear function is a linear function that is applied to the feature
map-based convolutional layer. If the input is positive, the ReLU function returns one.
If not, the output is zero (Alex Krizhevsky, 2012). Because the ReLU function avoids
and corrects the vanishing gradient problem, neural network models that employ it are
easier to train and perform better than models that use other activation functions such as
sigmoid or hyperbolic tangent activation functions. The ReL U function (Kingma, 2014)
is denoted by f(x), as shown in Equation 1.

J(x)=max(0,x) (1)

Softmax is another extensively used activation function. The Softmax function
converts inputs or logits to a probability distribution. The sum of the distribution's output
probabilities equals one. Logits are the outputs of the network's logit layer or final layer.
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These are unprocessed forecast values ranging from minus infinity to infinity. The cost
function that is most employed with softmax is categorical cross entropy. In all six
models, the Softmax activation function was applied.

Pooling layer

The pooling layer's aim is to further downsample the input picture. To put it another
way, to lower the size of the input image (Karen Simonyan, 2014). The number of
picture parameters is minimized, lowering computing complexity. Maxpooling and
average-pooling are the sub-sampling techniques utilized in the models. Max-pooling
is a discretization method that uses samples. The 2X2 pooling layer operates over each
feature map, scaling its dimensionality with the 'MAX' function. Maxpooling chooses
the highest pixel value from the image window currently covered by the feature detector
(Xu et al., 2015). Max pooling assists models in recognizing the image's key elements.

Another subsampling approach is average pooling, which computes the average
value from the window of the picture now covered by the feature detector. Max-pooling
is beneficial for recognizing picture salient characteristics, but average pooling allows
the neural network to identify the entire image. In comparison to max-pooling, the
average pooling strategy preserves more information.

Fully connected layers

The combined feature map is smoothed out into a column before being sent into the
neural network (Ciresan et al., 2011). This allows the neural network to simply handle
the produced feature maps. The input picture is sent into the fully connected layer after
passing through the convolutional and pooling layers and the flattening layer. Input
forward propagates as weights are calculated. A prediction is made by the network.
We generate a cost function based on the prediction, which in this case is categorical
crossentropy. The cost function indicates how effectively a network performs. Back
propagation, weight tweaking, and feature mapping are used to improve the network
once the cost function is calculated.

This forward and back propagation process continues until the network is fully
optimized. The Adam optimizer was utilized in all six models (Shin et al., 2016). Adam
is a search engine optimization method. The Adam optimizer is used to repeatedly adjust
the network weights depending on the training data. The Adam optimizer is excellent
for networks, training on huge datasets or parameters, and it is simple to construct,
computationally efficient, and requires little memory.

Reducing overfitting

Dropout was used to decrease overfitting in models 2, VGG16, VGG19, and ResNet.
With a probability of 0.5, the dropout mechanism resets the output of each hidden
neuron to zero. Neurons with 0 initialization do not participate in forward or backward
propagation (Baldi et al.). As a result, complicated coadaptations of neurons are reduced
since each neuron must accomplish something meaningful without relying on other
neurons in the same layer. As a result, neurons are pushed to acquire several prominent
traits that are helpful when combined. Another method for reducing overfitting is data
augmentation. To avoid overfitting, the learning rate of the models was also adjusted.

The learning rate is a hyper-parameter that governs the amount to which the network's
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weights are adjusted in relation to the loss gradient. This hyper-parameter influences the
network's ability to converge to some local minima.

Model architecture

Model 1

The first trained model consists of two convolutional layers: the first has 32 feature
maps that use the ReL U function, and the second has 64 feature maps that use the ReLU
function. Following each convolutional layer, max-pooling layers of 2X2 dimensions
are employed. Behind these layers is a flattening layer. There are two dense layers used:
one with 256 output perceptrons and the other with two output perceptrons with the
softmax function. The learning rate has been decreased to 0.001. The Adam optimizer
was employed as the cost function, with categorical cross-entropy.

Model 2

The second model is made up of three convolutional layers: the first convolutional
layer has 32 feature maps that use ReLLU, the second convolutional layer has 64 feature
maps that use ReLU, and the third convolutional layer has 128 feature maps that use
ReLU. Following each convolutional layer, max pooling layers of 2X2 dimensions are
employed. The first dense layer contains 256 output perceptrons using ReLU and the
second dense layer has two output perceptrons using softmax function. A dropout layer
is also included. The model's learning rate is decreased to 0.0001. The Adam optimizer
was employed as the cost function, with categorical cross-entropy.

VGGI16 and VGG19

VGG16 is a CNN model created by K. Simonyan and A. Zisserman. It was one of
the most prominent models entered in the 2014 ILSVRC competition. On the ImageNet
dataset, this model achieves 92.7 % top-5 test accuracy. In all, the network contains 16
layers. VGG16 added numerous 3X3 kernel-sized filters one after the other, replacing
the previous models' enormous kernel-sized filters. The depth of the neural network
increases as the number of kernel layers increases. This allows the neural network to
identify and grasp more complicated features and patterns. Vggl6 is made up of 3x3
convolutional layers, 2x2 average-pooling layers, and fully linked layers. The neural
network's starting width is 64. After each pooling layer, the neural network's diameter
doubles. Each of the first two completely linked levels contains 256 channels, while
the third layer has two channels. The first two hidden layers use the ReLU activation
function, whereas the last layer uses the softmax activation function. After each 256
channel dense layer, dropout was applied. The network's learning rate is 0.0001. The
Adam optimizer was employed as the cost function, with categorical cross-entropy. The
representational depth of VGG16 is advantageous for classification accuracy.

Vggl9, a variation of VGGI16, is a 19-layer convolutional neural network that is
mostly used for image categorization. Its basic architecture is identical to VGG16's. The
sole variation in VGG19 is the use of two thick layers with 256 channels and a learning
rate of 0.00001.

ResNet50

ResNet is an image classification algorithm that stands for residual network. ResNet
from Microsoft obtained a top 5 error rate of 3.57 % on the ImageNet dataset and won
the ILSVRC classification challenge in 2015 (He et al., 2016). Convolutional layers in
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the network contain 3X3 filters, and downsampling is done directly by convolutional
layers with a stride of 2. The network's final layer is a fully linked layer with 256 and two
channels that use ReLU and softmax activation functions, respectively. The network's
learning rate is 0.000001. The Adam optimizer was employed as the cost function, with
categorical cross-entropy. ResNet employs shortcut connections to address the issues
of degraded accuracy and vanishing gradient that arise in deep neural networks. These
connections allow the network to bypass levels that it deems unnecessary for training.
This decreases training error and allows the network to converge faster than other
networks. Figure 4 demonstrates how shortcut connections function in the ResNet50
model.

b4
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| weight layer I identity
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Figure 4 — “Shortcut connection”

Inception-v3

Figure 5 depicts Inception v3, a convolutional neural network used for image
categorization. Inception v3 is a 42-layer CNN. It has several variations, including
inceptionv1/google net, inceptionv2, and inceptionv4. Inception v1 finished first in the
ILSVRC 2015 competition. GoogleNet/inception vl was released in 2015, and with
each subsequent version, more features were added. Inception vl introduced auxiliary
classifiers. Auxiliary classifiers were implemented to avoid or prevent each layer's
activation from descending to zero. Inception v2 introduced batch normalization. By
decreasing the internal covariate shift, this approach corrects the problem of vanishing
gradients and zero activations.

Additional factorization was originally utilized in Inception v3 to minimize the
amount of network connections/parameters while maintaining network performance.
The network's learning rate is 0.000001. The Adam optimizer was employed as the
cost function, with categorical cross-entropy. The fundamental architecture of the
inception-v3 network is seen in Figure 5.
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Figure 5 — “Inception-v3 architecture”
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Results

Evaluation Criteria

Six models were trained and evaluated using the Chest X-Ray Images (Pneumonia)
dataset, which included 5216 images for training and 624 images for testing. The
identical data preprocessing approach was utilized for all six models. Accuracy, recall,
and F1 are performance indicators used to examine and select the top performing
models. Choosing an acceptable performance metric for a classification assignment is a
significant difficulty. As assessment criteria Accuracy, Recall, and F1 score were used.
The accuracy measure is the model's validation or classification accuracy.

The recall is employed as a performance evaluation metric in the identification of
patients infected with bacterial pneumonia and viral pneumonia. If an actual positive
patient is anticipated to be negative, the outcome might be disastrous for the patient's
health. Whereas precision is an excellent metric to analyze scenarios with a high
false positive cost. A false positive implies that the model misidentified Chest X-Ray
Images that did not show bacterial or viral pneumonia infection as having bacterial
or viral pneumonia. Precision refers to how many observations are truly positive and
how accurate the model is. If the suggested model's accuracy is low, we may get the
erroneous diagnosis. The F1 score performance metric is superior than accuracy and
recall because it balances them for the unequal Normal, Bacterial Pneumonia, and Viral
Pneumonia class distributions with a high percentage of real negatives.

The Accuracy (Hemanth et al., 2014) is given by Equation 2 as follows:

t_pos + t_neg
Accuracy = ()
t_pos + t_pos + f_pos + f_neg
Recall and F1 score are given by Equation 3 and Equation 4:
Recall = — 2
el = t_pos + f neg )

precision * recall
F1=2x — “4)
precision + recall

The terms t pos, t neg, f pos, and f neg in the above formula stand for True Positive,
True Negative, False Positive, and False Negative, respectively. The recall is a
measurement of the total number of genuine, relevant results returned. When the cost
of false negatives is significant, model recall is critical. Sensitivity is another term for
recall. The F1 Score is, in general, the harmonic mean of accuracy and recall. If a
model's F1 Score is high, it suggests it has less false positives and false negatives. It is
calculated as a weighted average of recall and accuracy.

Analysis of CNN Models

For the purpose of simplifying the experimental result assessments, the three classes
of normal patients, bacterial pneumonia, and viral pneumonia have been united into one
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class called infected. As a result, the findings were classified as pneumonia expected
and normal. The confusion matrix offers information about the classifier's mistake. It is
used to describe the classification model's performance on test pictures when true values
are known. It is a summary of the production outcomes. The following are CNN model

confusion matrices:
Table 1 — “Confusion matrix of Model 1”

Predicted label
True Label 165 69
23 367
Table 2 — “Confusion matrix of Model 2”
Predicted label
True Label |192 42
6 384

The aforementioned confusion matrices are used to compute the recall and F1 Score
of CNN models. Based on the findings obtained while training and testing on the dataset,
a comparative analysis of performance metrics of two CNN models is shown below.

Table 3 — “Model 1 and 2 performance comparison”

Accuracy |Recall |F1 Score

Model 1 [8526% [|94% [89%
Model 2 [9231% [|98% [84 %

Model 1 exhibited 92.52 % training accuracy and 19.33 % training loss, respectively.
Model 1's validation accuracy is 85.26 %, but its validation loss is 38.36 %. Similarly, the
training accuracy and training losses for Model 2 are 96.30 % and 9.98 %, respectively.
Model 2 achieved validation accuracy and validation loss of 92.31 % and 25.23 %,
respectively. As a result, Model 2 has outperformed Model 1 since it has a better value
for each performance metric. Model 2 is not just a higher performing model; it is also a
consistent and efficient model, scoring above 90 % in all three performance categories
and having an extremely high recall of 98 %. Model 1 is more prone to overfitting than
Model 2.

Confusion matrices of pre trained models are given below:

Table 4 — “Confusion matrix of VGG16 model”

Predicted label
True Label 168 66
14 376

Table 5 — “Confusion matrix of VGG19 model”

Predicted label
True Label 182 52
20 370
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Table 6 - “Confusion matrix of Resnet50 model”

Predicted label
True Label 104 130
10 380
Table 7 - “Confusion matrix of Inception-v3 model”
Predicted label
True Label 116 118
63 327

Confusion matrices illustrate the error produced by the classifier models, and it is
noticed that Model 2 has a 6.7 % error (the lowest among all), while the error observed
in all other models is greater than 10 %, with ResNet50 having the highest error rate
of 21 %. Based on the findings obtained during training and testing on the dataset, a
comparative study of performance metrics of four pre-trained models (VGG16, VGG19,
ResNet50, and Inception-v3) is shown below.

Table 8 - “Performance comparison of pre trained models”

Accuracy Recall F1-score
VGGI16 87.18 % 96 % 90 %
VGG19 88.46 % 95 % 91 %
ResNet50 77.56 % 97 % 84 %
Inception-v3 70.99 % 84 % 78 %

Table 9 - “Values of accuracy and loss achieved by each model”

Training accuracy | Training loss Validation accuracy Validation loss
VGG16 95.61 % 12.03 % 87.17 % 37.94 %
VGG19 92.85 % 18.01 % 88.46 % 3429 %
ResNet50 94.29 % 14.32 % 77.56 % 68.36 %
Inception-v3 88.96 % 28.20 % 70.99 % 97.56 %

ResNet50 and Inception-v3 exhibit significant overfitting due to the big disparity in
training and validation accuracy. These two models have a high validation loss and a
low validation accuracy or classification accuracy. As a result, these two models perform
poorly.

VGG16 and VGG19, on the other hand, exhibit less overfitting. Their validation
accuracy is likewise excellent. The above comparison study shows that VGG19
surpasses all other models, having earned the greatest values for classification accuracy
and F1 Score. Its recall is lower than VGG16's, but it performs better overall. These
four models are deep neural networks with several layers. Given the reduced amount of
the dataset used for training and testing, their validation accuracy is lower than that of
the CNN models (shallow networks) mentioned above. Deep neural networks are likely
to outperform CNN algorithms when greater datasets are utilized (shallow networks).

Conclusion

This study contrasts six high-performance neural networks for real-time applications.
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In this study, recall is a significant performance assessor since it is required to reduce the
frequency of false negatives in the case of medical imaging. Model 2 recall is as high as
98 %, while VGG19 recall is equally high at 95 %. The f1 scores for the Model 2 and
VGG19 networks were 94 % and 91 %, respectively.

Because of their outstanding performance across all performance criteria, the Model
2 and VGG19 models may be efficiently employed by medical officials for early
identification of pneumonia in both children and adults. A huge number of x-ray pictures
may be analyzed fast to offer extremely precise diagnostic results, allowing healthcare
systems to deliver more efficient patient care and lower death rates.

To improve the classification accuracy of all models, it is planned to fine-tune each
parameter and

hyper-parameter in the future (Rajpurkar et al., 2017) proposed the ChexNet model,
a fast and accurate model suitable for real-time applications. The models given in this
study may be expanded to classify various illnesses with great accuracy, like CheXNet
did. The models' overall performance can be enhanced by using more datasets.
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