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Abstract:

Pneumonia is a severe respiratory disease that can pose a significant threat to patients. Since the novel coronavirus
(COVID-19) began to spread globally, the pneumonia it causes has led to millions of deaths worldwide. Early diagnosis
of pneumonia is a critical step in its treatment, and pulmonary imaging examinations are the most essential tools for
diagnosing the condition. While previous papers have summarized the utilization of deep learning in pneumonia image
diagnosis, the rapid evolution of deep learning models and algorithms needs a more systematic review of both classical
and contemporary models. In this paper, the author employs a systematic review to provide a comprehensive analysis
and evaluation of deep learning models for pneumonia imagery, as well as a comparison of these models. It introduces
classic models used for processing pneumonia images and also presents the latest research methods. A systematic
summary of these deep learning models can help people better understand and learn about deep learning models
related to pneumonia imagery, learn from past mistakes, and thereby enhance the precision of deep learning models for

pneumonia diagnosis.

Keywords: Pneumonia, Deep Learning, Image Analysis, Medical Imaging, Diagnosis.

1. Introduction

Respiratory diseases have long been one of the major
health challenges globally, with pneumonia being a com-
mon and severe condition that presents a major risk to
human well-being. The World Health Organization reports
that pneumonia is among the top causes of mortality for
children under five years of age worldwide and is also a
frequent cause of mortality among adults. With the out-
break and spread of COVID-19, the diagnosis and treat-
ment of pneumonia have received unprecedented atten-
tion. The cases of pneumonia caused by COVID-19 have
not only placed immense pressure on healthcare systems
but have also intensified the demand for effective diagnos-
tic tools.

Lung imaging examinations, particularly chest X-rays
and CT scans, act as a critical component in diagnosing
pneumonia. However, traditional imaging diagnostics rely
on the subjective judgment of radiologists, which can be
time-consuming and potentially affected by the radiolo-
gists* lack of experience or heavy workload. Therefore,
the development of a rapid, accurate, and automated meth-
od for diagnosing pneumonia is of particular importance.
Deep learning, as a subdivision of artificial intelligence,
has achieved revolutionary progress within the domain
of visual identification and analysis. By neural network
coaching which can recognize complex patterns, deep

learning models have demonstrated significant promise
within the domain of medical image processing. Over the
past few years, deep learning technology has been exten-
sively utilized to the automated detection and sorting of
pneumonia, thereby enhancing the speed and accuracy of
diagnosis.

While deep learning has been explored for diagnosing
pneumonia through image analysis, the ongoing evolution
of algorithms and the introduction of novel models ne-
cessitate a thorough review and assessment of both estab-
lished and contemporary approaches. This paper employs
a systematic review to provide a comprehensive perspec-
tive, analyzing and comparing deep learning models used
for pneumonia image analysis. By reviewing and assess-
ing the performance and characteristics of these models,
we can better understand the current application of deep
learning in pneumonia diagnosis, identify the limitations
of existing models, and explore future research directions.
This not only helps to avoid repeating past mistakes but
also lays the foundation for the development of more pre-
cise and efficient pneumonia detection models. Through
these efforts, the author hope to provide stronger technical
support in the fight against pneumonia, especially pneu-
monia caused by COVID-19.
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2. Main Researches

2.1 Overview of Pneumonia
2.1.1 Definition and Typing of Pneumonia

Pneumonia is an infectious lung disease caused by various
pathogens, including bacteria, viruses, and fungi. It can be
separated into different types depending on the classifica-
tion of pathogen causing the lesions:

1)Bacterial pneumonia: caused by bacterial infection.
Common bacteria include pneumococcus, Haemophilus
influenzae, etc.

2)Viral pneumonia: caused by viral infection. Common
viruses include COVID-19, influenza virus, respiratory
syncytial virus, etc.

3)Fungal pneumonia: caused by fungal infection. Com-
mon fungi include Candida, Aspergillus, etc.

2.1.2 Epidemiology of pneumonia

Pneumonia is a common respiratory infection, and its epi-
demiological characteristics include the following aspects:
1)Types of pathogens: Pneumonia, a disease of the lungs,
can arise from a range of infectious agents such as bac-
teria, viruses, fungi, and parasitic organisms. The most
common pathogens are bacteria and viruses.

2)Susceptible groups: Pneumonia commonly affects peo-
ple of all ages, but the elders, children and People with
compromised immune systems are more likely to get
pneumonia.

3)Routes of transmission: The transmission of pneumonia
typically occurs via the inhalation of respiratory droplets.
When an individual with an infection coughs, sneezes, or
speaks, pathogens may be emitted and disseminated to
others via airborne droplets. Some pathogens can also be
spread through contact.

4)Seasonal changes: Different types of pneumonia may
occur at different rates during different seasons. For exam-
ple, pneumonia caused by the influenza virus is generally
more common in the winter.

2.1.3 Diagnostic methods for pneumonia.

1. General diagnostic methods of pneu-
monia.

1)X-ray examination: X-ray is one of the most common
ways to check for lung diseases. Doctors can look at X-rays
to determine whether there are abnormalities in the lungs.
X-rays can be used to detect pneumonia, tumors, emphy-
sema and other diseases.

2)Chest CT scan: A chest CT scan can provide more de-
tailed images and can display some small structures and
abnormalities more clearly, helping doctors make a more
accurate diagnosis.

3)Clinical symptoms and signs: Including the patient’s
clinical symptoms and signs, such as fever, cough, chest
pain, shortness of breath, etc. Doctors can determine the
possibility of lung disease by asking the patients about
their medical history, physical examination, etc.
4)Laboratory tests: Laboratory tests include blood tests,
sputum cultures, respiratory secretion tests, etc., which
can help doctors understand the patient’s condition and
pathogens, and assist in the diagnosis of lung diseases.

2. Difficulties in diagnosing pneumonia.

1)Reliance on professional knowledge and experience:
Traditional methods usually rely on the professional
knowledge and experience of doctors to analyze and di-
agnose images, so the results may be affected by the doc-
tor’s personal ability and experience, so there is a certain
degree of subjectivity and uncertainty in the diagnosing.
2)Limitations of manual feature extraction: Traditional
methods often require doctors to manually extract features
from images, which may be incomplete or inaccurate and
fail to capture all changes in lung diseases, resulting in
lower diagnostic accuracy.

3)The speed is slow: Traditional methods usually require
doctors to manually analyze images, which is slow. Espe-
cially when a large number of images need to be analyzed,
it will increase the time cost of diagnosis and delay treat-
ment opportunities.

2.2 Research on deep learning model in pneu-
monia image analysis

U-Net: U-Net is a popular convolutional neural network
architecture developed from Alexnet and has been exten-
sively utilized within the realm of image segmentation
which can be seen in Figure 1. It was originally proposed
in 2015 by Olaf Ronneberger, Philipp Fischer and Thomas
Brox. The model captures contextual information by con-
tracting paths and expanding them for precise localization
and segmentation. U-Net can generate segmentation maps
directly from original images through an end-to-end train-
ing method while retaining the detailed information of the
image. It is particularly suitable for handling small sam-
ples and category imbalance problems in medical images.
Since its proposal, U-Net and its derived models have
achieved remarkable results within the domain of medical
image analysis, especially in tumor detection and organ
segmentation.

E Mique, Jr and A Malicdem use a Deep Residual U-Net
Architecture for lung image segmentation [1]. They in-
troduced a lung image segmentation method based on the
deep residual U-Net (ResUnet) architecture to improve
the detection accuracy of lung diseases. The researchers
used 562 chest X-ray (CXR) images and their correspond-
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ing lung mask images to train the model, 70% of the data
was allocated to the training set, while the remaining 30%
was designated for the test set. After training for 40 train-
ing epochs and 16 batch sizes, the model achieved a high
score of 0.9860 on Dice coefficient, showing segmen-
tation results that are highly similar to real lung masks.
The success of this study demonstrates that the model can
effectively segment lung regions from CXR images, pro-
viding a powerful computer-aided tool for early detection
and diagnosis of lung diseases.

Dominik Miiller, Ifiaki Soto Rey, and Frank Kramer have
crafted and assessed a methodology for the automated de-
lineation of areas affected by COVID-19 within CT scans,
leveraging the 3D U-Net architecture as referenced in [2].
Given the low sensitivity and limited resources of RT-
PCR screening methods, they developed this method to
support clinical decision-making through ad hoc creation
of distinct random image patches for small datasets, mul-
tiple data preparation techniques and extensive image en-
hancement strategies. was used to train the model, thereby
reducing the risk of overfitting. After 5-fold cross-valida-
tion on a dataset of CT scans of 20 COVID-19 patients,
the model achieved a Dice similarity coefficient of 0.956
on lung segmentation and 0.761 on infected area segmen-
tation. It exhibited a high accuracy and robustness under
limited data conditions. Their work provided a potential
decision support tool for quantitative assessment and dis-
ease surveillance of COVID-19 in clinical settings.

These models using U-Net are efficient and have achieved
good results on different datasets.
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Figure 1:Development of U-Net
ResNet: ResNet is a deep convolutional neural network
that solves the vanishing gradient problem in deep net-
work training by introducing residual blocks and skip
connections, allowing the network to effectively train
with more than hundreds or even thousands of layers.
This architecture improves the performance of the model
significantly, enabling it to achieve breakthrough leads

to multiple tasks within the realm of computer vision,
including image classification, object detection, and se-
mantic segmentation, have been significantly advanced by
the proliferation of deep learning, thereby enhancing its
application across a multitude of domains.

Marwa M. Eid and Yasser H. Elawady proposed an inno-
vative approach to pneumonia detection using chest X-rays
by integrating computational techniques [3]. The authors
proposed a method that employs deep residual neural
networks (ResNets) for feature extraction from CXR,
combined utilizing an enhancement algorithm, and sup-
port vector machine (AdaBoost-SVM) for classification.
The study aims to improve upon the limitations of current
pneumonia diagnostic methods, which are often expensive
and not widely accessible, especially in developing coun-
tries. The research demonstrates that the proposed scheme
achieves superior precision in classifying pneumonia,
offering a significant advancement in clinical outcomes
and potentially transforming the efficiency of pneumonia
detection globally.

Another example is that TALIBI ALAQOUI Youssef et al.
proposed an architecture named ResNet Chest [4].This is
a novel deep learning architecture based on ResNet 50,
designed for the automatic identifying pneumonia through
the analysis of chest X-ray images by employing classifi-
cation techniques. The authors highlighted the importance
of early pneumonia detection, noting its potential life-sav-
ing implications, especially for vulnerable populations
such as children and the elderly. The proposed model
leverages convolutional neural networks to automatically
identify infected cases from chest X-rays, achieving an
accuracy of 97.65%. The study emphasized the advan-
tages of deep learning in medical imaging, particularly
in enhancing the precision and efficiency of diagnosing
pneumonia. The authors also discussed the challenges of
training CNNs on small datasets and propose solutions to
improve model performance, including the use of dropout
and batch normalization techniques. The paper conclud-
ed by underscoring the significant impact of integrating
advanced technical approaches like “ResNetChest” into
healthcare systems to assist medical professionals in com-
bating pneumonia.

It can be seen that ResNet is a very promising model. The
author look forward to more efficient methods to help di-
agnose pneumonia.

MobileNet: MobileNet is an efficient deep learning model
designed for mobile and embedded devices. It reduces the
computational load and model size by using depth wise
separable convolutions, allowing the model to maintain
high accuracy while operating on resource-constrained
environments. It is widely used in image recognition and
classification tasks on mobile devices. In traditional con-
volutional neural networks, convolution operations usual-
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ly process the spatial information and depth information
of the image in the same time, but MobileNet reduces
computational costs by decomposing the convolution step
into two steps. One is depth wise convolutions, which
process the spatial information of each input channel indi-
vidually. The second is pointwise convolutions, and they
merge information between different channels.

Zhenjia Yue and colleagues conducted a comparative
analysis to evaluate the diagnostic accuracy of five preva-
lent deep learning models on a dataset that included lung
X-ray images with and without pneumonia [5]. Their find-
ings indicated that the MobileNet model outperformed the
others in terms of diagnostic efficacy.

Mana Saleh Al Reshan et al. did something similar [6],they
compared five different models as well, and the best re-
sult is obtained by MobileNet. Its accuracy of predicting
COVID is 94.23.

Abdelbaki Souid conducted a study on the typing and
prediction of lung pathologies from images obtained via
chest X-ray. using a modified MobileNet V2 model [7].
They employed transfer learning and leveraged meta-
data to enhance the model’s performance. Utilizing the
NIH Chest-Xray-14 database, the proposed method was
compared against other cutting-edge techniques for the
categorization of pathological conditions. The contest was
primarily based on the AUC statistics. The study found a
significant improvement in model performance attaining
an AUC score of 0.811 and exceeding an accuracy rate
of 90%. They concluded that dataset resampling greatly
enhanced the model’s performance and highlighted the
potential of creating a model suitable for low computing
power devices, making it feasible for integration into
smaller 10T devices.

Fatchul Arifin et al. discussed the development of a rapid
and accurate COVID-19 detection system using Convolu-
tional Neural Network (CNN) models [8], specifically the
Single Shot Detection MobileNet, for deployment in mo-
bile applications. The study aims to address the need for a
fast, portable, and cost-effective early detection system for
COVID-19. The researchers used the COVID-19 Radiog-
raphy Database from Kaggle.com, which includes chest
X-ray images of patients with COVID-19, normal images
of lung, and images of people with viral pneumonia. After
preprocessing the dataset, divided it into training and test-
ing sets, and then used it to train two CNN models: SSD
MobileNet V1 and V2. Both models successfully detected
COVID-19 with a mean overall accuracy of 93.24%, with
the V2 model outperforming V1 with an average accuracy
of 87.5% compared to 83.7%. The study concludes that
the SSD MobileNet V2 model is better suited for mobile
application implementation due to its higher accuracy and
computational efficiency.

VGGNet: VGGNet is a popular convolutional neural

network architecture originally proposed by the Visual
Geometry Group of the University of Oxford. The core
feature of VGGNet is that it uses multiple 3x3 small con-
volution kernels and builds a deep network by stacking
shallower layers. It uses more convolution layers and pa-
rameters than other popular networks, such as GoogleNet
and Inception. The two most common versions of VGG-
Net are VGG-16 and VGG-19, which contain 16-layer
and 19-layer network structures respectively.

Shagun Sharma and Kalpna Guleria presented a NN with
VGG16 model [9]. Their publication introduces a deep
learning framework designed for the identification of pneu-
monia through the analysis of chest X-ray imagery, lever-
aging the VGG-16 model and neural network techniques.
The study emphasized the importance of early pneumonia
detection, especially in regions with limited healthcare
infrastructure. They utilized two datasets for training and
testing the model, with the first dataset including 5,856
images and the second containing 6,436 images. The mod-
el secured an accuracy of 92.15%, with a recall value of
0.9308, precision at 0.9428, and an F1-score of 0.937 on
the initial dataset. For the second dataset, it achieved an
accuracy of 95.4%, a recall and precision of 0.954, and an
F1-score of 0.954. The results demonstrate that the VGG-
16 model with neural networks outperforms other models
like SVM, KNN, Random Forest, and Naive Bayes for
both datasets, indicating its effectiveness in pneumonia
detection.

Wenjun Tan et al. proposed a new algorithm used VGG16
for diagnosing COVID-19 [10]. They evaluated the al-
gorithm using the publicly available CT image dataset
known as COVID-CT-Dataset, achieving an overall accu-
racy rate of 97.87%.

Sunil L. Bangare et al. discussed a deep learning model
for the detection and classification of pneumonia using
Convolutional Neural Networks (CNN) and the VGG16
architecture [11]. The study aims to address the challenge
of diagnosing pneumonia, which is often caused by pol-
lution and can lead to life-altering conditions if misdiag-
nosed. The researchers applied a dataset of 20,000 CXR
images and achieved an accuracy of 95% in their model’s
performance. The proposed CNN model demonstrated
effectiveness in detecting not only pneumonia but also
COVID-19 and viral pneumonia from chest X-ray pho-
tographs. The research underscored the potential of deep
learning in enhancing medical diagnosis and the impor-
tance of early and accurate detection of lung infections.
Zhi-Peng Jiang et al. proposed an improved version of the
VGG16 model, named IVGGL13, for classifying pneumo-
nia in CXR images [12]. The study addressed the chal-
lenge of applying deep learning to medical image recogni-
tion, particularly with limited and imbalanced datasets.
They leveraged open-source chest X-ray images obtained
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from the Kaggle platform, employing data augmenta-
tion techniques to mitigate the dataset’s constraints. The
IVGG13 model, which reduces the network depth of
VGG16, demonstrated superior performance over other
CNN models, including LeNet, AlexNet, GoogleNet, and
the original VGG16. The results showed that data aug-
mentation significantly improved model accuracy, and the
IVGG13 model achieved an accuracy of approximately
89%, outperforming other models in medical image rec-
ognition tasks.

Kania Ardhani Putri et al. introduced an innovative ap-
proach for boosting the classification accuracy of pneu-
monia by integrating Genetic Algorithms (GA) with
Deep Convolutional Generative Adversarial Networks
(DCGANS), which were then combined with the VGG-
16 model, as referenced in [13]. The study addressed
diagnostic challenges in regions with a limited number
of radiologists by leveraging deep learning techniques.
The DCGANSs are employed to generate synthetic X-ray
images of pneumonia, thus augmenting the dataset and
improving the model’s accuracy through data augmenta-
tion. The GA is utilized to optimize the hyperparameters
for the classification task. The research demonstrates that
the integration of GA-tuned DCGANSs with the VGG-16
model significantly increases the accuracy of pneumonia
classification from chest X-ray images. The initial accu-
racy of VGG16 was 89.50%, which improved to 95.50%
after optimization and DCGAN augmentation, with an F1-
Score improvement to 94.75%.

The research paper titled “Pneumonia detection based on
transfer learning and a combination of VGG19 and a CNN
built from scratch” presented a deep learning approach for
the categorization and detection of pneumonia from chest
X-ray images [14]. The authors, Oussama Dahmane et
al. proposed a model that combines a pre-trained VGG19
model with the custom-designed CNN. The dataset, con-
sisting of 5,000 samples, was provided by the Guangzhou
Women and Children’s Medical Center in China, facing
an imbalance of 4,273 pneumonia cases against 1,583
healthy instances. To enhance accuracy, preprocessing
techniques like CLAHE and BBHE were utilized, and due
to data imbalance, specific training techniques were em-
ployed. The model achieved over 99% accuracy, demon-
strating the effectiveness of the proposed architecture that
leverages both a feature extractor (pre-trained VGG19)
and a designed CNN for classification. The research
underscores the promise of transfer learning and deep
learning within the medical imaging field, particularly for
disease detection in areas where access to specialized ra-
diologists is scarce.

It can be seen that VGGNet plays a significant role in lung
diseases and is applied in various models.

GoogleNet: GoogleNet, also called inception, It is an

influential deep learning architecture proposed by Goo-
gle researchers. Its unique Inception module can capture
image features at different scales and enhance the perfor-
mance of models by merging the output of convolution
and pooling of multiple sizes. The Inception network has
been iteratively improved in multiple versions, including
the introduction of batch normalization and combination
of residual connection and other technologies, making it
efficient and accurate in tasks including applications like
categorizing images, pinpointing targets, and segmenting
visuals. It is very important for subsequent deep learning.
Narayana Darapaneni et al. proposed Inception C-Net
model which provided an accuracy of 93.6 percent on a
small dataset and that too with data agumentation [15].
Mohammad Farukh Hashmi and colleagues have put forth
a deep learning framework, as documented in [16], aimed
at identifying pneumonia through the analysis of chest
X-ray images. The proposed model, which employs trans-
fer learning and data augmentation, combines predictions
from multiple state-of-the-art deep learning models in-
cluding ResNet18, Xception, InceptionVV3, DenseNet121,
and MobileNetV3. The model demonstrated high accura-
cy, achieving 98.43% accuracy on the test and 99.76 AUC
score on the dataset .The study suggests that the proposed
model could assist radiologists in the diagnosis process
by providing a quick and accurate pneumonia diagnosis.
It can be seen that Inception is also very useful in the field
of lung disease images.

Deep learning models are developing rapidly, and excel-
lent models are proposed everyday. Below some of the
latest deep learning models for pneumonia images will be
described. T. S. ARULANANTH et al. modified DenseN-
et-121 Deep-Learning Model for classifying the paediatric
pneumonia [17].Their modifications contained the incor-
poration of Input Normalization, max pooling, as well as
dropout layers to increase the model’s overall accuracy.
The model’s improvement was notably affected by the in-
clusion of batch normalization, a method that standardizes
the layer activations by adjusting and scaling the data to
achieve a mean of zero and a standard deviation of one.
As a result of these enhancements, the model achieved
an impressive classification accuracy, reaching 97.03%.
MUDASIR ALI et al. introduced a deep learning method
for detecting pneumonia fromchest X-ray images [18].
Six deep learning models were implemented and evaluat-
ed in the study, including Convolutional Neural Network
, InceptionResNetV2, Xception, VGG16, ResNet50,
and EfficientNetV2L. Each model is trained utilizing the
Adam optimization algorithm, while data augmentation
strategies are implemented to bolster the model’s capac-
ity for generalization and to enhance its robustness. The
study used a dataset containing 5,856 chest X-ray images
classified into normal and pneumonia categories. The
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model is trained on the training set, evaluated on the test
set, and the performance of the model is verified through
cross-validation. The EfficientNetV2L model performed
the best among all models, with an accuracy of 94.02%,
showing its efficiency and accuracy in pneumonia detec-
tion. Geethu Mohan and associates have introduced a deep
learning model, as referenced in , which is engineered to
categorize chest X-Ray (CXR) images into three distinct
groups: those depicting Covid-19 pneumonia, those show-
ing other forms of viral or bacterial pneumonia, and those
that appear normal [19]. For their research, they employed
two publicly accessible CXR datasets and trained three
separate neural network models, which included VGG16,
Inception Resnet (IR), and a bespoke Convolutional Neu-
ral Network (CNN). Upon assessment on a balanced data-
set, the CNN model achieved the most noteworthy results,
with an accuracy, sensitivity, specificity, and F1 score
reaching 97%, 98.21%, 96.62%, and 98%, respectively.
The Gradient-weighted Class Activation Mapping (Grad-
CAM) technique was employed to ensure the model’s
reliance on legitimate pathology markers. The research
underscores the potential of Al in enhancing the efficiency
of Covid-19 screening and diagnostics. R. Sasikala et al.
proposed a deep learning model [20]: NASNet (Neural
Architecture Search Network), for early-stage pneumonia
detection through chest X-rays. The model, pre-trained on
ImageNet, is designed to address the shortage of radiol-
ogists in rural India by providing a reliable and efficient
tool for pneumonia diagnosis. With approximately 2.6
million trainable parameters, the NASNet model demon-
strates high precision, recall, and F1 score, outperforming
other state-of-the-art models and offering a portable solu-
tion that can even run on mobile phones. Deep learning
research on pneumonia is developing rapidly. Now there
are newer and better models to help hospitals diagnose
and treat lung diseases. This is a very good momentum.

3. Dataset and Evaluation

3.1 Datasets

Datasets are the most important resources in deep learn-
ing. A good data set can not only train the model better,
but also better judge the quality of the model. The follow-
ing are examples of data sets used by some deep learning
models used for diagnosing the pneumonia.

NIH Chest X-ray Dataset: NIH Chest X-ray Dataset (NIH
CXR) is a publicly available data set provided by the Na-
tional Institutes of Health (NIH), containing more than
100,000 chest X-ray images covering a variety of lung
diseases, including pneumonia, tuberculosis , lung cancer,
etc. The images in the dataset are annotated by profession-
al radiologists, ensuring the accuracy of the information.
This large and diverse dataset is suitable for training and

validating deep learning models, especially in automated
pneumonia detection and chest disease classification. The
NIH CXR data set can be downloaded for free through the
NIH official website or partner websites such as Kaggle.
The corresponding data usage terms must be followed
when using it. This compilation of data has evolved into a
pivotal asset within the domain of medical image analysis,
fostering the advancement and creative evolution of perti-
nent technological solutions.

RSNA Pneumonia Detection Challenge Dataset: The
RSNA Pneumonia Detection Challenge Dataset is a public
data set provided by the Radiological Society of North
America (RSNA) to promote research on automated de-
tection and diagnosis of pneumonia. The dataset contains
approximately 30,000 chest X-ray images from various
patients, including front and side views, showing varying
degrees of pneumonia from healthy to severe. Images in
the dataset are annotated as normal or showing signs of
pneumonia, providing researchers with a rich resource for
developing, training, and testing pneumonia detection al-
gorithms. This data set is particularly suitable for training
deep learning models such as convolutional neural net-
works (CNN) to improve the accuracy and efficiency of
pneumonia detection.

The COVID-19 Image Data Collection is a curated re-
pository aimed at aggregating and disseminating medical
imaging data pertinent to COVID-19 cases. This dataset,
which typically contains chest X-ray and CT scan images,
is used to study and understand the imaging manifesta-
tions of COVID-19, as well as to develop and evaluate
algorithms and models for automatic identification and
clinical diagnosis of pneumonia caused by COVID-19.
Image data may come from different medical institutions
and research projects, and they are used to the training of
models of deep learning to identify COVID-19-specific
lung lesion characteristics, such as ground-glass opaci-
ty, lung consolidation, etc. The COVID-19 Image Data
Collection provides the global research community with
a valuable resource, helping physicians and scientists bet-
ter understand this disease and improve its detection and
treatment.

Kaggle Pneumonia Detection Dataset: Kaggle Pneumonia
Detection Dataset is a publicly available dataset on the
Kaggle platform, specifically used for developing and
testing pneumonia detection algorithms. This collection
of data encompasses a vast array of chest X-ray images,
labeled as either normal or indicative of pneumonia. The
compilation features a wide spectrum of pulmonary condi-
tions, including but not limited to bacterial and viral pneu-
monia. It serves as an apt resource for the development
and verification of deep learning algorithms, particularly
convolutional neural networks, designed to autonomously
detect and categorize images of pneumonia. The Kaggle
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platform offers an interactive space for the scientific com-
munity and tech professionals to access data, exchange
code, brainstorm methodologies, and engage in compe-
titions and collaborative projects centered around these
datasets. Harnessing the Kaggle Pneumonia Detection
Dataset can significantly enhance the precision and effi-
cacy of pneumonia identification systems, thereby greatly
contributing to the progression of research and practical
applications within the medical imaging sector.
Pneumonia Segmentation Dataset: Pneumonia Segmenta-
tion Dataset is a dataset focused on pneumonia image seg-
mentation, aiming to provide chest X-ray images in which
the pneumonia-affected areas are accurately annotated.
This dataset typically contains images of normal and
pneumonia-affected lungs, with pneumonia regions (e.g.,
ground-glass opacities, lung consolidation, etc.) accurate-
ly delineated in the images so that they can beneficial to
develop and evaluate image segmentation approaches.
The images in the dataset can be used to train deep learn-
ing models, such as convolutional neural networks , to
automatically identify and segment pneumonia-affected
areas, which is of great value for automated pneumonia
detection and quantitative analysis. The Pneumonia Seg-
mentation Dataset supports researchers and developers to
improve automatic detection systems for pneumonia and
increase the accuracy and efficiency of disease diagnosis.

3.2 Evaluation

A variety of metrics are employed to assess the caliber of
a predictive model. Below is a list of traditional bench-
marks for evaluating the performance of deep learning
models:

1)Accuracy: Reflecting the ratio of correctly classified
instances to the overall sample size, accuracy is a funda-
mental metric in classification tasks.

2)Precision: This metric concentrates on the ratio of true
positive predictions to the total number of positive predic-
tions made by the model.

3)Recall (Sensitivity): It measures the model’s effective-
ness in identifying all positive instances within the data.
4)F1 Score: The F1 Score, the harmonic mean of precision
and recall, is a crucial metric for evaluating model perfor-
mance, particularly in scenarios with class imbalance.
5)ROC Curve: This curve illustrates the trade-off between
the true positive rate and the false positive rate at various
threshold settings, offering a comprehensive view of mod-
el performance.

6)AUC (Area Under the Curve): The AUC quantifies the
model’s discriminative ability; a higher AUC indicates su-
perior model performance.

7)Confusion Matrix: This matrix delineates the correlation
between predicted and actual labels, encompassing true

positives (TP), false positives (FP), true negatives (TN),
and false negatives (FN).

8)Mean Squared Error (MSE): In regression analysis,
MSE calculates the average of the squares of the errors, or
deviations between the predicted and actual values.
9)Mean Absolute Error (MAE): MAE computes the aver-
age of the absolute values of the errors, providing a mea-
sure that is less influenced by outliers compared to MSE.
10)Cross-Entropy Loss: This metric gauges the diver-
gence between the predicted probability distribution and
the true distribution of the data, commonly utilized in
classification problems.

4. Conclusion

This paper provides a comprehensive review of the ad-
vancements in the field of pneumonia image analysis
using deep learning, with a particular focus on the need
for rapid and accurate diagnostic methods during the
COVID-19 pandemic. The paper discusses various deep
learning models, including U-Net, ResNet, MobileNet,
VGGNet, and GoogleNet, which have demonstrated sig-
nificant performance in processing chest X-ray and CT
scan images. The study emphasizes the importance of
data augmentation techniques in enhancing the generaliz-
ability and robustness of these models and highlights the
potential of deep learning in medical image analysis, es-
pecially in settings with limited resources. The author also
discusses different datasets such as the NIH Chest X-ray
Dataset, RSNA Pneumonia Detection Challenge Dataset,
COVID-19 Image Data Collection, Kaggle Pneumonia
Detection Dataset, and Pneumonia Segmentation Dataset,
which serve as invaluable resources for training and vali-
dating deep learning models. Additionally, the paper out-
lines various metrics for evaluating model performance,
including accuracy, precision, recall, F1 score, ROC
curve, AUC value, confusion matrix, mean squared error
(MSE), mean absolute error (MAE), and cross-entropy
loss. In the domain of pneumonia image analysis, while
deep learning models have shown promise, several limita-
tions must be acknowledged. Potential dataset biases may
skew the generalization of models, and the complexity of
some models could restrict their clinical applicability due
to high computational demands. The lack of interpretabil-
ity in deep learning models, often referred to as “black
boxes,” poses a significant challenge in the medical con-
text where transparent decision-making is vital. Addition-
ally, inaccuracies in dataset labeling and inconsistencies
in image quality can impair model training and evaluation
outcomes. The transition from test set performance to
real-world application may also introduce unforeseen
challenges, particularly regarding variations in medical
imaging equipment and protocols. Current models are pre-
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dominantly tailored to pneumonia, necessitating further
investigation into their effectiveness across a spectrum
of pulmonary diseases. The review may not encompass
all recent research methodologies, which could introduce
a selection bias. Furthermore, ethical and privacy issues
surrounding the utilization of medical imaging data must
be carefully managed to ensure responsible data practices.
Addressing these limitations in future research is essential
to improve model diversity, enhance interpretability, and
ensure that models are both effective and responsible in
real-world clinical applications.

References

[1]E Mique, Jr and A Malicdem. Deep Residual U-Net Based
Lung Image Segmentation for Lung Disease Detection. In IOP
Conference Series: Materials Science and Engineering (\Vol.
803, No. 012004). I0P Publishing. https://doi.org/10.1088/1757-
899X/803/1/012004Fangfang. Research on power load
forecasting based on Improved BP neural network. Harbin
Institute of Technology, 2011.

[2]Dominik Miller, Ifiaki Soto Rey and Frank Kramer.
Automated Chest CT Image Segmentation of COVID-19 Lung
Infection based on 3D U-Net. arXiv:2007.04774 [cs, eess, g-bio].
[3]Marwa M. Eid and Yasser H. Elawady. Efficient Pneumonia
Detection for Chest Radiography Using ResNet-Based SVM.
European Journal of Electrical Engineering and Computer
Science, 5(1), 1-12.

[4]TALIBI ALAOUI Youssef, BERRAHOU Aissam, DOUGE
Khalid, BELABED Imane, JAARA El Miloud. Classification
of chest pneumonia from x-ray images using new architecture
based on ResNet. In 2020 IEEE 2nd International Conference
on Electronics, Control, Optimization and Computer Science
(ICECOCS) (pp. 978-1-7281-6921-7/20/$31.00).

[5]Zhenjia Yue, Liangping Ma, and Runfeng Zhang. Comparison
and Validation of Deep Learning Models for the Diagnosis of
Pneumonia. Computational Intelligence and Neuroscience,
2020, Article 1D 8876798.

[6]Reshan, M.S.A., Gill, K.S., Anand, V., Gupta, S., Alshahrani,
H., Sulaiman, A., & Shaikh, A. (2023). Detection of Pneumonia
from Chest X-ray Images Utilizing MobileNet Model.
Healthcare, 11(11), 1561.

[7]1Soud, A.; Sakli, N.; Sakli, H. Classification and Predictions of
Lung Diseases from Chest X-rays Using MobileNet V2. Appl.
Sci. 2021, 11, 2751.

[8]Arifin, F.; Artanto, H.; Nurhasanah; Gunawan, T.S. FAST
COVID-19 DETECTION OF CHEST X-RAY IMAGES
USING SINGLE SHOT DETECTION MOBILENET
CONVOLUTIONAL NEURAL NETWORKS. Journal of
Southwest Jiaotong University, Vol. 56 No. 2, Apr. 2021, pp.
236-248. DOI: 10.35741/issn.0258-2724.56.2.19.

[9]Sharma, S.; Guleria, K. A Deep Learning based model for the
Detection of Pneumonia from Chest X-Ray Images using VGG-

16 and Neural Networks. Procedia Computer Science 218 (2023)
357-366. ISSN: 1877-0509. DOI: 10.1016/j.procs.2023.01.018.
[10]Tan W, Liu P, Li X, LiuY, Zhou Q, Chen C, Gong Z, Yin
X, Zhang Y. Classification of COVID-19 pneumonia from chest
CT images based on reconstructed super-resolution images and
VGG neural network. Health Inf Sci Syst. 2021;9:10.
[11]Bangare, S. L., Rajankar, H. S., Patil, P. S., Nakum, K. V., &
Paraskar, G. S. (2022). Pneumonia Detection and Classification
using CNN and VGG16. International Journal of Advanced
Research in Science, Communication and Technology, 2(3), 771-
778.

[12]Jiang, Z.-P.; Liu, Y.-Y.; Shao, Z.-E.; Huang, K.-W. An
Improved VGG16 Model for Pneumonia Image Classification.
Appl. Sci. 2021, 11, 11185.

[13]Putri, K. A., & Al Maki, W. F. (2024). Enhancing Pneumonia
Disease Classification using Genetic Algorithm-Tuned DCGANs
and VGG-16 Integration. Journal of Electronics, Electromedical
Engineering, and Medical Informatics Multidisciplinary: Rapid
Review: Open Access Journal, 6(1), 11-22.

[14]Dahmane, O., Khelifi, M., Beladgham, M., & Kadri, I.
(2021). Pneumonia detection based on transfer learning and
a combination of VGG19 and a CNN built from scratch.
Indonesian Journal of Electrical Engineering and Computer
Science, 24(3), 1469-1480.

[15]Darapaneni, N., Gupta, T., Paduri, A. R., Banerji, A.,
Sharma, S., Sharma, D., & Gupta, N. (2020). Inception C-Net
(IC-Net): Altered Inception Module for Detection of Covid-19
and Pneumonia using Chest X-rays. In 2020 15th IEEE
International Conference on Industrial and Information Systems
(ICITS) (pp. 393-398). IEEE.

[16]Hashmi, M. F., Katiyar, S., Keskar, A. G., Bokde, N. D., &
Geem, Z. W. (2020). Efficient Pneumonia Detection in Chest
X-ray Images Using Deep Transfer Learning. Diagnostics, 10(6),
417

[17]Arulananth, T. S., Wilson Prakash, S., Ayyasamy, R. K.,
Kavitha, V. P., Kuppusamy, P. G., & Chinnasamy, P. (2024).
Classification of Paediatric Pneumonia Using Modified
DenseNet-121 Deep-Learning Model. IEEE Access, 12, 35716-
35727.

[18]Ali, M., Shahroz, M., Akram, U., Mushtaq, M. F., Carvajal
Altamiranda, S., Apricio Obregon, S., de la Torre Diez,
l., & Ashraf, I. (2024). Pneumonia Detection Using Chest
Radiographs With Novel EfficientNetV2L Model. IEEE Access,
12, 34691-34706.

[19]Geethu Mohan, M. Monica Subashini, Shuba Balan,
Shreyansh Singh. (2024). A multiclass deep learning algorithm
for healthy lung, Covid19 and pneumonia disease detection from
chest Xray images. Discover Artificial Intelligence, 4(20).
[20]Nalluri Sravani, and R. Sasikala. “A deep neural architecture
for SOTA pneumonia detection from chest X-rays.” International
Journal of System Assurance Engineering and Management,
January 2024, Vol. 15(1), pp. 489-502.





