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Abstract

Pneumonia is a medical condition affecting 100 million people globally, and rates are predicted to reach epidemic
levels within the next several decades. As a result of the air sacs in both or even one lung becoming inflamed, the
patient may experience fever, chills, and trouble breathing. Coughs with pus may also occur. Various organisms can
cause pneumonia, including bacteria, viruses, and fungi. Early detection of pneumonia can allow the severity of the
purulent material to be reduced. The ability of computer-aided detection techniques to reliably diagnose pneumonia
has made them popular among scientists. We used a pre-trained Inception V3Net, Squeeze Excitation-based deep
Convolutional Neural Network (SE-CNN) that was trained on the Kermany dataset and the RSNA Pneumonia
Detection Challenge dataset in this study. In early-stage detection, the suggested technique beat previous state-of-the-
art networks, achieving 91% precision in severity rating. Furthermore, our network's accuracy, recall, f1-score, as well
as quadratic weighted kappa were reported to be 91.56%, 91%, and 90%, respectively. In terms of processing time
and space, our suggested framework is simple, precise, and effective.

Keywords: Deep learning, CNN; Fused & Excitation block; Pneumonia; Squeeze Excitation based deep
Convolutional Neural Network

1. Introduction

Throughout history, numerous outbreaks and chronic illnesses have resulted in significant loss of life and caused major
crises that required significant time and effort to overcome. When discussing diseases that occur within a population
during a specific timeframe, the terms "epidemic" and "outbreak™ are commonly used. Worldwide, more than 1 million
people contract pneumonia each year, unfortunately resulting in 50,000 deaths annually. Factors such as age, smoking,
alcohol consumption, and malnutrition can all contribute to an individual's risk of developing pneumonia. While
pneumonia can affect people of all ages, it poses a greater risk to those with weakened immune systems, particularly
infants under the age of two and adults aged 65 and older [1]. Fortunately, with prompt diagnosis and treatment,
pneumonia can be effectively managed as a disease. Pneumonia is a potentially fatal microbial infection that damages
the lungs, and it is caused by the bacteria called “Streptococcus pneumonia”. As per the World Health Organization
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(WHO), pneumonia accounts for one-third of all deaths in India. Expert radiotherapists examine chest X-rays to
determine pneumonia.

The best approach for detecting pneumonia is presently chest X-rays [1]. But the diagnosing pneumonia from chest
X-ray images is hard even by a specialist. A pneumonia X-ray is blurry and is often misinterpreted as an illness or
benign anomaly. Pneumonia detection through X-ray images is often uncertain due to the possibility of confusion with
other diseases and benign abnormalities. As a result, this lack of clarity has led to significant subjectivity in the
diagnostic decisions made by radiologists, resulting in variations in the diagnosis of pneumonia. Because of specialist
misclassifications, some patients are given incorrect drugs [2-4]. In low-resource countries, there are also fewer
qualified radiologists, particularly in rural areas, which can lead to subjective judgments in the radiology diagnosis of
pneumonia. As a result, there is a high need for Computer-Aided Diagnosis systems that may help radiologists easily
distinguish between various pneumonia types from chest X-ray images (Figure 1) + (CAD) has emerged as a
prominent study subject in machine learning in recent years. The CAD system is mainly developed to reduce the
double reading cost and detection error and to enhance radiologists’ performance. Thus, it saves the patient’s life. The
complexity of pneumonia and the large amount of available data from examinations of pneumonia infections leads to
develop CAD. Existing CAD systems have previously been shown to aid in the identification of breast cancer,
mammography, lung nodules, and other medical conditions. Because of the efficiency of deep learning techniques in
analyzing clinical images, Computer-Aided Designs are used mostly for categorizing illness [5].

pre-trained Computer-Aided Design models on large datasets help to immensely improve image classification tasks.
The use of deep learning (DL) and machine learning (ML) to identify chest X-rays is gaining traction because a variety
of ML models can be trained on a huge amount of data, and they are simple to implement. Artificial intelligence is a
vital tool that plays a critical role in resolving many intricate computers vision challenges. One specific type of
artificial intelligence, DL models, particularly convolutional neural networks (CNNs), are utilized for different image
classification tasks. The performance of these models is optimal only when presented with a vast amount of data.
Obtaining a large quantity of labeled data for biomedical image classification is challenging and costly because it
necessitates the involvement of skilled medical professionals to manually classify each image, which is a time-
intensive task. To overcome this obstacle, transfer learning is used. A common approach in deep learning is to transfer
the knowledge learned from a pre-trained model on a large dataset to solve a problem with a smaller dataset. This
involves applying the network weights obtained from the pre-trained model. For biomedical image classification,
CNN models trained on massive datasets such as ImageNet, which contains more than 14 million images, are often
utilized. Numerous studies have investigated deep machine learning algorithms for identifying pneumonia.

Most of the studies have reported high classification performance, as indicated by accuracy, recall, precision, and F1-
measure. However, it should be noted that most of these classification models were trained and tested on relatively
small datasets. Due to this dataset size limitation, the proposed models serve more as a proof-of-concept for pneumonia
detection, and therefore necessitate re-evaluation with larger datasets to validate their efficacy. Thus, a novel automatic
CAD is created and developed in this work to aid the radiologist in accurately recognizing potential suspicious lesions.
In this research, we consider building DL based classification models to detect pneumonia. Some of the existing
models of CAD for the breast image classification process are described in section 2

1.1 Key Highlights
This paper finds an effective DL model for classifying pneumonia in which following are the objectives.

Develop a deep-learning model for the effective detection and classification of pneumonia

With the help of chest X-ray images, DL model has been performed

Usage of fused and excitation block of squeeze network effectively detects the pneumonia

Experiment evaluation has been conducted in which the proposed system outperforms over various measures.
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Figure 1: Examples of two x-ray images (a) healthy lung and (b) pneumonic lung

Organization of paper: Section 1 gives the overview of pneumonia and related information, Section 2 depicts the
literature review, Section 3 depicts the overall methodology, Section 4 depicts the performance analysis and finally
ends with conclusion in Section 5.

2. Related Works

Exploration of Machine Learning methods in identifying thoracic disorders has gotten a lot of interest recently in the
field of medical picture categorization research. Lakhani et al (2017) [6] suggested a technique for identifying TB in
the lungs based on the architectures of two separate DCNNs, AlexNet and GoogleNet. Huang et al. devised a lung
nodule categorization system for diagnosing lung cancer. [7] used deep learning techniques as well. In their study [8],
Islam et al. evaluated various types of CNN for finding anomalies in chest X-rays using Openl dataset [9.]. Varshini
et al suggested a strategy to classify abnormal and normal chest X-rays based on CNN models, as proposed by Wang
etal. (2017) [10]. According to his findings, pre-trained CNN models and supervised classifier algorithms are highly
useful for diagnosing lung diseases, particularly pneumonia, based on X-ray images. Rashman et al. [11] developed a
technique for diagnosing bacterial and viral pneumonia with the use of digital x-rays. The authors first provide a
comprehensive analysis of developments in pneumonia diagnosis and then describe the authors' method. For transfer
learning, AlexNet, Residual networks, etc were utilized. For this study, Kumar et al. obtained X-ray images of
pneumonia patients with afflicted and unaffected chests and used Convolutional Neural Networks (CNNSs) in various
configurations to perform an ML-based binary classification task. Based on the fine correlation between minimal level
loss and accuracy, the paper compares results from different simple CNN frameworks and selects the most accurate
design. A chest X-ray cannot be used to treat bacterial, fungal, viral, or community-acquired pneumonia, but it can
serve as a valuable diagnostic tool for detecting bacterial, fungal, viral, and community-acquired pneumonia. Table 1
depicts the overall summary of authors on pneumonia detection.

Table 1: Related Works over pneumonia detection

S.No Ref. Techniques Benefits Limitations

1 [13] Pre-trained CNN for Fast-learning techniques A negative transfer from
classification based on can be applied even to ImageNet can occur if the
ImageNet. deep CNNs. CXRs are not the same as

CNN since CNN has been
pretrained on a different

dataset.

2 [14] Disease identification with | The localization of Use only frontal radiographs
121-layer CNNs based on pathology by density for diagnosis, since lateral
localization produces a reasonable views are not usually needed

amount of information for diagnosis.
outcome.

3 [15] Genetic classifiers Specificity of 0.86 and The test considers less people
distinguish between UIP AUC of 0.86 are excellent | for testing. the sensitivity is
and non-UIP using logistic | values. 0.63 which is low.

regression.
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4 [16] An additive model that is The technique they have the precise rationale for the
easily understandable was developed can result in predictions remains unclear
used for pneumonia comprehensible and (different factors: overfitting,
identification. accurate output. variable correlation, etc.).

5 [17] Pretrained CNNs used for We created and analyzed Using data mining, ground-
heatmap localization based | a large and diversified truth labels were attained,
on a CXR-based dataset for | dataset of frontal CXRs of | which were determined by the
thoracic diseases 32,718 patients (108,948 | judgment of a single

unigue CXRs). radiologist. There may be
ambiguities in how diseases
are seen on CXRs, which
could lead to errors in the
ground truth.

6 [18] An ensemble pathology When it comes to disease | Each model requires a lot of
detection model was localization, deep CPU time to train and is a
constructed using Mask ensemble learning challenge. Work exclusively
RCNN and RetinaNet. provides an excellent uses frontal CXRs and does

MAP. not utilize lateral CXRs,
which is a drawback.

7 [18] It applied a four-layer-CNN | An accuracy of 93% is Despite the importance of
for the identification of achieved using a simple experimental analysis
pneumonia. CNN architecture. accuracy, Precision and recall

are not included in the study.

Sain et al. [19] created a CNN model for classification and diagnosing pneumonia in chest X-ray Images. For
diagnosis, they use several data augmentation approaches, changes in the learning rate, and annealing to minimize
overfitting and reduce generalization error due to the short dataset size. The author was inspired to design a strategy
for properly recognizing the presence/absence of pneumonia from chest images after reviewing the above-mentioned
pieces of literature on the subject.Research has previously emphasized that CNNs can be used as deep learning
frameworks to diagnose pneumonia, according to the literature. In the case of negative transfers with a high level of
uncertainty, however, optimizing transfer learning methods can be difficult since the models are typically pre-trained
in a classifier with large numbers of images, such as the ImageNet. Models are trained on many pictures. Using transfer
learning for designs that need more training time can likely help the model converge faster. To address these issues,
the study proposed a Squeeze Excitation network-based deep Convolution Neural Network (SE-CNN) architecture
for extracting characteristics from chest X-ray pictures and classifying them to determine if a person has pneumonia.
To see how the amount of the dataset affects SE-CNN performance, the suggested SE-CNNs are trained using both
the original and supplemented datasets, and the results are shown. The findings show that, when compared to their
larger architectural counterparts, smaller SE-CNN designs may attain state-of-the-art accuracy while also having
shorter training periods and reduced computing costs.

3. Proposed Work

First, we'll go through the recommended architectures for classifying chest X-ray images to diagnose pneumonia in
this part. It is an issue of binary classification. The SENet blocks are connected back-to-back, and the last two blocks
are used as side outputs. The second SENet's side output (feature map of the second SENet) is downsampled (average
pooling). The side output from the third SENet block is concatenated with the downsampled features. The softmax
classifier is fed these results as shown in architecture Figure 2.
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Figure 2: representation of proposed pneumonia detection framework
3.1 Squeeze- Excitation block

After initial aggregated features maps are created for each transformation (F,.), channel descriptors are derived from
the input X, converting it to features maps U where U €2 R*W*C Using this descriptor, each level of the network
can use the global receptive field to incorporate a global distribution of feature replies. To accomplish this, a simple
self-gating mechanism (after aggregation) is used. A set of modulation weights is generated for each channel from the
embedded image. Feature maps U are weighted and input into SE blocks ( Figure 3) so that the output can be
immediately fed into the following layers [21].

Fo. (W) %

H' FJ'.I‘ H F.i-rufr (9}

X U

R —

W' W
[ ¥ ( 8l ( .

Figure 3: Architecture of Squeeze-and-Excitation Block

137
Doi: https://doi.org/10.54216/FPA.160110

Received: July 15, 2023 Revised: November 15, 2023 Accepted: April 28, 2024


https://doi.org/10.54216/FPA.160110

Fusion: Practice and Applications (FPA) 10l 16, No. 01. PP. 133-151, 2024

| INPUT (BxHXWxC)

T"_"_1_""""""""""7
1 ]
! GAP Bx1x1xC) | Sgueeze
1 1
.'"_"_l_"""""""""_"n
] 1
X FC Bxlx1lxClr '
1
I RelU Bx1x1xCl) 1 Excitation
1 1
! FC (Bxlx1lxC) !
1 1
' Sigmoid Bx1x1xC) .
1 1
1
e
: Y :
! ><4_ :Scalmg
1

OUTPUT (BxHXWxC)

Figure 3(a): Blocks of Squeeze-and-Excitation

The Squeezenext baseline architecture is constructed using bottleneck modules implemented in four stages, which
includes a squeeze stage, an excitation scaling stage, and an output stage, as well as a four-stage block configuration.
This architecture achieves a favorable balance between accuracy and size when compared to the Squeezenet baseline
architecture. Figure 3 (a) depicts the configuration of the Squeezenext baseline architecture.

Squeeze-and-Excitation blocks are computational units based on mappings of inputs X €2 RWU™XW'XC) o feature
mappings U €2 R¥>WXC F, denotes convolutional operator V = [v,, v, .....v,] represents filter Kernels. outputs U =
[wy; ugs e uc],

U= vk X =3, vE X5 (1)

Here * denotes convolution, v, = [v}; vZ i vE], X = [xb; x%::; x¢ Jand U €2 RHXW>C, v; is 2D spatial
kernel that denotes a single v channel acting on the matching X-channel. Because the output is computed by adding
the results of all channels together, we can take advantage of bias-free notation here. Channel interdependencies are
effectively incorporated into v,, although they also interact with the localized correlation calculated through the filters.
Since the output is derived from summating over all channels, there is implicit incorporation of channel dependence
into v, though the local spatial correlation is also gathered through the filters, so they are also closely interconnected.
Explicit modeling of channel interactions strengthens the ability of the network to learn convolutional features,
enabling later transformations to take advantage of information that was unexplored before [22]. so tune filter
responses can be provided in two stages, squeezing and excitement, before getting into the next transformation. Figure
2 shows the construction of a SE block.

3.2 Squeeze: Global Information Embedding

Looking at the output features first, we can determine whether channel dependencies exist. Due to the limited receptive
fields of the learned filters, each output unit of the transformation cannot use any context outside it. By generating
channel-specific data via global average pooling, we can compress the spatial information of the globe into the
description of a particular channel. A statistic ze 2 R is created by decreasing U through its spatial dimension T x K,
such that, ‘z’ is computed by c-th element
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1
H xXW

Ze = qu(uc) = ?:1 Z?V:luc(i’j) (2

3.3 Excitation: Adaptive Recalibration

With the information obtained we follow up the squeeze operation with a second operation that aims to fully capture
channel-wise dependencies (Figure 4). The function needs to meet two requirements to fulfill this objective: first, it
must be flexible and secondly, because multiple channels should be put together, it must learn a no mutually exclusive
relationship. A gating system is used with sigmoid activation to obtain these requirements:

5 = Fox(2,W) = 0(g(2,W)) = a(W,6(W2)) @)

[ [
here & denotes the ReLU [23] function,W; e R~ C and W, € R°*+ . Two Fully Connected layers (FC) form the
bottleneck for parameterizing the gating mechanism. The model will be simplified and generalized by reducing the
dimensionality to r and increasing the channel dimension of the transformation output U via a dimensionality reduction
layer. It is possible to derive the block's ultimate output by rescaling U with activations s:

X; = scle(uc: Sc) = ScUc (4)

where X = [X;, X5, ...X.] and F.(u., s.) gives the channel-wise multiplication value between the feature map
U, €2 R™W and the scalar s,

= s

| I.tceT-ﬁun | | Incephion Hx T

X

zlobal poohng
Inception Module 1x1xC
FC 1x1 HE
r
ReLU 1x1x2
r
FC 1xlwC
Sigmoid 1x1%C

I:E"::’lE HXFxC

X

SE-Inception Module

Figure 4: This diagram illustrates the schemas of the Left: SEInception module, Right: original Inception module.
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Figure 5: The Residual module and the SEResNet module (left and right).

A traditional design, such as VGGNet [24], would insert the SE block after each non-linear convolution. The SE block
is quite adaptable, allowing it to be used for transformations than standard convolutions directly. The SE blocks of
Inception networks is builds first [25]. For instance, changing F, to a complete Inception module as shown in Fig. 3
and repeating this process for every module would result in a SE Inception network. The non-identity branch of a
residual module represents the SE block transformation F..in Figure 5. Additional SE blocks can be used to build
residual nets (Fig. 4). Convolutional nuclei, where each neuron serves as a nucleus, act before aggregation with the
identity branch. When a kernel is symmetric, a convolution operates as a correlation. An image is sliced into tiny
pieces called receptive fields by the convolutional kernel:

P, @) = X Bay le(x,y) e (w,v) ®)
An example of a convolutional outcome feature vector isFf = [£¥(1,1), ... (ff(p, @), .. fF(P, Q).

As long as their relative positions to each other are preserved, property placement in the pooling layer becomes less
important. Downsampling is a fun local activity. It takes identical data from the surrounding region of the receiving
field and generates the dominant response in that area.

Zt = gy (Ff) (6)

Equation (2) depicts the pooling operation, with Z¥ representing the feature-map of the pooling of I layer for the k™"
input feature-map F;*and gp(.) denoting the pooling operation type. The pooling technique allows for the extraction
of a mixture of characteristics that are insensitive to slight distortions and translational shifts. Equation (7) defines the
activation function of a convoluted feature map.

T = ga(F/) ()

Convolution is used to get the F¥ output, it is subsequently allocated to the function of the activation g,(.), This
introduces non-linearity and results in the transition T/*for the Ith layer.
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In Softmax, a vector of values is converted into a vector of probability, with the probability that each pixel will have
that value significantly correlated to the vector's relative scale. This concept is then expanded into a multiclass
universe. When there are multiple classes, Softmax assigns each one a decimal probability. The decimal probabilities
sum must equal 1.0. This additional restriction makes training converge more quickly than otherwise. In the Softmax
layer, the ANN is used before the output layer. There must be the same no of nodes in the Softmax layer as in the
output layer.

exp (z;) (8)

softmax(z;) = 5 exp )

3.4 Validation and Confusion Metrics

The performance analysis of the classification model is clearly defined using a ‘confusion matrix.' The factors in that
matrix can be summarized as follows,

e TP (True Positives): Number of chest images of pneumonia/ normal that are marked as images of non-
pneumonia/ hormal.

e TN (True Negatives): Images of pneumonia/ normal chest are known as images of non-pneumonia/ normal.
e FP (False Positives): Number of images categorized as pneumonia/ normal that are non-pneumonia/ normal.

e False Negatives (FN): Number oof pneumonia/ normal chest marked as pneumonia/ normal.

TP1
TP1+FP1

Precision = X 100% (©)]

2xPrecision*Recall
F —measure = ———— (10)
Precision+Recall

Recall = — 1 11
€Cat = Tp1 + FN1 an

Accuracy = — TPATVT % 100% (12)
TP1+FP1+FN1+TN1

From True Labels and Expected Labels, the Confusion Graph creates a Graph of the Confusion Matrix. Expected
Labels returns the Confusion Matrix as a Graph. According to the confusion matrix, the rows are the actual
classification, while the columns are the anticipated classification. Off-diagonal cells result in incorrectly classified
cases, while diagonal cells result in incorrectly classified cases. Each cell in the confusion matrix of the softmax
classifier shows the number of observations for every feature attribute. Confusion matrix rows intimates the actual
class, and columns represents the anticipated class. Rightly identified examples are represented by diagonal cells,
while incorrectly identified examples are represented by off-diagonal cells. As can be seen from the diagonal part of
the confusion matrix, pneumonia/normal pictures are clearly defined. Figure 6 depict the confusion matrix of the
proposed model in which out of 5856 images from that dataset, TP = 183, FP=52, FN = 7and TN = 383.

The training and testing methods are based on the SE-CNN classification, which was determined from the Kermany
and RSNA datasets. For validation 60%-40%, 70%-30%, 80%-20%, and 90%-10%of the data is used for training and
for testing respectively. The Confusion Matrix is displayed in 6 (a)-6 respectively and their matrices tables are shown
in 2 (a)-2 (d).
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92.85%
7.15%

90.32%
9.68%

Figure 6 (a) : Classification table 60 : 40 (1080 : 720) (normal : Pneumonia 300 : 420)

Table 6 (a): Metrics

Metrics Values
Sensitivity 93.33%
Specificity 92.85%
Precision 90.32%
Recall 91.2%
Accuracy 90.16%

89.58%
10.42%

91.52% 87.75%
8.42% 12.25%

Figure 6 (b): Classification table 70: 30 (1260 : 540) (normal : Pneumonia 300 : 240)

Table 6 (b): Matrics

Metrics Values

Sensitivity 90%
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Specificity 89.58%
Precision 91.52%
Recall 87.75%
Accuracy 89.91%

86.48%
13.52%

88.89%
11.11%

86.22%
13.78%

88.68%
11.32%

Figure 6 (c): Classification table 80 : 20 (1440 : 360) (normal : Pneumonia 180 : 180)

Table 6 (c): Matrics

Metrics Values

Sensitivity 88.89%
Specificity 86.22%
Precision 86.48%
Recall 88.68%
Accuracy 84.82%

Doi: https://doi.org/10.54216/FPA.160110

94.84%
5.16%

94.12%
5.88%
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94.73% 91% 91.56%
5.27% 9%

Figure 6 (d): Classification table 90:10 (1628:180) (normal : Pneumonia 95: 85)

Table 6 (d): Matrics

Metrics Values
Sensitivity 94.84%
Specificity 94.12%
Precision 94.73%
Recall 91%
Accuracy 91.56%

4. Comparative analysis

A comparison of the proposed models is presented in this section. The computations were performed on a Kaggle
kernel with four CPUs and 17 GB of RAM and two CPUs and 14 GB of RAM. The evaluations are presented following
the comparison of the suggested models. Two publicly available X-ray pneumonia data sets were analyzed. The
Kermany dataset contains 5856 chest X-ray scans representing a wide age range for both adults and children, with the
respiratory conditions "Pneumonia” and "Normal™ equally distributed. As part of the Kaggle challenge, the RSNA
donated the second dataset. This paper evaluated the accuracy, sensitivity, specificity, precision, recall, f1-score,
quadratic weighted kappa indices, detection rate, TPR, FPR and confusion matrix applied to the SE methodology used
in this case by calculating accuracy, precision, recall, f1-score, quadratic weighted kappa indices, and confusion
matrix. The model's performance was also tracked by plotting loss and accuracy curves across the number of epochs.

Table 2: performance values of the proposed classifier

Classes 60 : 40 70:30 80:20 90:10
Sensitivity 93.33 90 88.89 94.84
Specificity 92.85 89.58 86.22 94.12
Precision 90.32 91.52 86.48 94.73
Recall 91.2 87.75 88.68 91
F1-score 89 90 92 91
Accuracy 90.16 89.91 84.82 91.56
Macro average 87 88 92 89
Weighted 90 91 91 90
average

The model was evaluated using the validation set, which comprises 60%-40%, 70%-30%, 80%-20%, and 90%-10%
chest photography photos. We calculated the macro average, the weighted average of accuracy, recall, and f1-score to
measure performance using study's classification approach. For two classes, we calculated the macro average, the
weighted average of accuracy, f1-score, and recall. According to Table 2, Macro Average and Weighted Average are
the suggested system assessments for accuracy, recall, and F1-score. Figure 7 depict the evaluation performance plot
across various classes.
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Figure 7: Performance evaluation plot of two classes

According to the best state-of-the-art performance metric for multiclass pneumonia, we use quadratic weighted kappa
as our metric for severity rating prediction. In this paper, the Quadratic Weighted Kappa indices for a multi-label
classification system are examined and found to be 91.56 %. This method allows for varied weightings of disputes,
making it very useful for determining order codes. Figure 8. depicts the Quadratic Weighted Kappa curve as a function
of the number of epochs. The suggested method's training and validation accuracy were both determined to be 91.56
%. Figure 9 depict the accuracy and error plot of the proposed model.
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In Table 3, we compare the accuracy and recall of the current study with that of previous studies that have examined
classes four and five, and the results range from 37 to 89 % and 30 to 90%, respectively. According to our SE-CNN
pneumonia classification, our approach was more accurate and recall was higher than prior computer-aided diagnostic
systems. In the identification of pneumonia, we were able to reach a 91.56 % accuracy rate. With respect to recall and
specificity proposed model gains better performance (98% and 97%). Figure 9(a,b,c) shows various models over
accuracy, sensitivity and recall.

Table 3: Comparison analysis of various models
Reference Classifier Accuracy Recall Sensitivity
[26] NN 84 90 93
[27] SVM 82 82.50 91
[28] CNN 75 30 94
[29] CNN 89 76.6 93
[30] Googlenet 45 - 88
[31] Googlenet & 57.2 - 87
Alexnet
[32] AlexNet, VGG19, 37.43, 50.03, 63.2 - 92
InceptionNet V3
[33] Ensemble CNN 83.9 - 94
Proposed system InceptionV3 Net — 91.56 96 97
SE

Doi: https://doi.org/10.54216/FPA.160110

Received: July 15, 2023 Revised: November 15, 2023 Accepted: April 28, 2024

146


https://doi.org/10.54216/FPA.160110

Fusion: Practice and Applications (FPA) 10l 16, No. 01. PP. 133-151, 2024

Values

Accuracy Recall

Values

Sensitivity
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Table 4 depict the overall analysis of different models over specificity, precision, and F1-score. Figure 10(a,b,c) shows
different models over measures in which proposed model outperforms ( specificity: 96, precision:88, F1-score:95).

Table 4: Overall analysis of different models over proposed method

Reference Classifier Precision Specificity F1-score
[26] NN 82 92 82
[27] SVM 80 87 78
[28] CNN 73 81 86
[29] CNN 87 82 79
[30] Googlenet 40 93 83
[31] Googlenet & 55 85 84
Alexnet
[32] AlexNet, VGG19, 33.43,47.03, 60.2 79 87
InceptionNet V3
[33] Ensemble CNN 80 77 91
Proposed system InceptionV3 Net — 88 96 95
SE
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Table 5 depict the total analysis of different models over detection rate, TPR and FPR. Figure 11(a,b,c) shows different
models over measures in which proposed model performs better than other models ( detection rate: 93, TPR: 88,

FPR:12).

Table 5: Overall analysis of different models over proposed method

Reference Classifier Detection rate TPR FPR
[26] NN 81 76 24
[27] SVM 79 73 27
[28] CNN 72 69 31
[29] CNN 86 81 19
[30] Googlenet 39 28 72
[31] Googlenet & 54 48 52
Alexnet
[32] AlexNet, VGG19, 37.43,58.03, 57.2 48 52
InceptionNet V3
[33] Ensemble CNN 84 79 21
Proposed system InceptionV3 Net — 93 88 12
SE
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Figure 11: Models vs Measures over a) detection rate, b) TPR, c) FPR

The findings reveal that the suggested approach is extremely efficient. It has been demonstrated that implementing
the recommended strategy for early tumor identification improves clinical practice quality and accuracy. The
suggested approach for tumor monitoring has been developed to assist pathologists in determining the specific tumor
area and kind of tumor.

5. Conclusion

Timely identification of pneumonia is vital for selecting appropriate treatment and preventing the disease from posing
a risk to the patient's life. Although chest radiographs are the most used tool for diagnosing pneumonia, they are
subject to inter-class variability and rely on the clinician's expertise in identifying early signs of pneumonia. To aid
medical professionals, this study has developed an automated CAD system that utilizes deep transfer learning-based
classification to categorize chest X-ray images into two categories: "Pneumonia™ and "Normal." An SE-CNN model
for early-stage identification of pneumonia was provided in this research. To increase the network's performance,
numerous adjustments were made to the pre-trained Inception V3Net network and preprocessing was used. As a result,
our network was able to detect pneumonia at an early stage, better than current state-of-the-art networks, when trained
on the Kermany dataset and RSNA Pneumonia Detection Challenge dataset. When compared to the existing
classification approach, the suggested classification method had the highest accuracy of 91.56%. Further, we found
that our network had 91.56 % accuracy, 91 % fl-score, 91 per cent recall, and 91.96 per cent quadratic weighted
KAPPA, respectively. These experimental findings indicate that our approach can be used in clinical settings for
pneumonia detection.
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