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Abstract–The detection of pneumonia and COVID -

19 through chest X-ray image analysis using deep 

learning presents a critical advancement in medical 

diagnostics. This study offers a nuanced comparative 

investigation of two distinctive machine learning 

approaches: a foundational Convolutional Neural 

Network (CNN) model entirely from first principles 

and an innovative hybrid model that integrates 

sophisticated neural network architectures. While 

the traditional CNN model, constructed without 

leveraging pre- existing architectures, establishes a 

crucial baseline for understanding inherent 

challenges in medical image classification, the 

proposed hybrid model strategically employs state-

of-art pre-trained networks – ResNet50 and 

MobileNetV2 – to extract and refine feature 

representation through advanced transfer learning 

techniques. The hybrid framework’s distinctive 

contribution lies in its multifaced neural network 

integration, methodically combining a Long Short – 

Term memory (LSTM) network for capturing 

intricate temporal dependencies with an Artificial 

Neural Network (ANN) classification layer. This 

architecture approach enables precise pathological 

differentiation between pneumonia, COVID – 19, 

and normal chest radiographic presentations by 

synthesizing spatial, sequential, and structural 

analytical dimensions. Rigorous performance 

evaluation substances the hybrid model’s superior 

diagnostic capabilities, demonstrating significant 

improvements across critical performance metrics 

including accuracy, precision, recall, and F1-score. 

The research not only illuminates the potential 

solution for expeditious and accurate respiratory 

condition detection, particularly valuable in 

healthcare settings with constrained computational 

resources. 

I. INTRODUCTION 

Pneumonia and COVID-19 are severe respiratory 

diseases that pose significant threats to global 

health. Pneumonia, an infection that inflames the  

 air sacs in one or both lungs, can be caused by 

bacteria, viruses, or fungi, leading to symptoms 

such as fever, cough, and difficulty breathing. 

COVID-19, caused by the SARS-CoV-2 virus, 

shares similar respiratory symptoms but can also 

lead to severe complications, including acute 

respiratory distress syndrome (ARDS) and multi-

organ failure. Early and accurate detection of these 

diseases is crucial for timely medical intervention, 

reducing mortality rates, and preventing further 

transmission. However, conventional diagnostic 

methods, such as polymerase chain reaction (PCR) 

testing for COVID-19 and sputum culture for 

bacterial pneumonia, are time-consuming and may 

not be widely accessible, especially in resource-

limited settings. As a result, there is a growing 

demand for automated, efficient, and accurate 

diagnostic systems to aid in the detection and 

classification of these respiratory diseases. Deep 

learning, particularly convolutional neural 

networks (CNNs), has shown immense potential in 

the field of medical image analysis. The ability of 

deep learning models to learn intricate patterns 

from X-ray images has made them valuable tools 

for diagnosing pneumonia and COVID-19. Unlike 

traditional machine learning approaches that rely 

on handcrafted features, deep learning 

automatically extracts features, reducing the 

dependency on domain expertise. In this project, 

we aim to leverage CNN architectures, including 

ResNet50 and MobileNetV2, to extract 

meaningful features from chest X-ray images. 

These extracted features are then processed using 

long short-term memory (LSTM), a type of 

recurrent neural network (RNN), to capture 

sequential dependencies and enhance 

classification performance. Additionally, an 
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artificial neural network (ANN) is employed for 

final classification, ensuring that the system 

effectively differentiates between normal, 

pneumonia, and COVID-19 cases. Beyond model 

development, the deployment aspect of the project 

involves creating a user-friendly interface using 

Flask. The Flask-based web application allows 

users to upload chest X-ray images for real-time 

diagnosis, ensuring that the system is accessible to 

healthcare professionals and patients. MongoDB is 

integrated for storing user data, including uploaded 

images and diagnostic results, enabling efficient 

data management. The web interface provides a 

seamless experience, displaying results with 

probability scores and classification labels. By 

incorporating a web-based solution, this project 

bridges the gap between deep learning research 

and practical medical applications, making AI-

powered diagnosis more accessible. As the world 

continues to battle respiratory diseases, leveraging 

artificial intelligence for early detection can 

significantly impact healthcare outcomes. This 

project not only contributes to medical imaging 

research but also offers a practical tool for aiding 

clinicians in decision-making. With further 

improvements, such as integrating explainability 

techniques and expanding dataset diversity, the 

system can be refined to provide even more 

reliable predictions. Ultimately, the goal is to 

develop a robust, efficient, and deployable deep 

learning model that enhances the early detection of 

pneumonia and COVID-19, improving patient care 

and public health response. 

II. LITERATURE SURVEY 

[1] This research by M. Berrimi, S. Hamdi, R. Y. 

Cherif, A. Moussaoui, M. Oussalah, and M. 

Chabane explores the potential of deep learning 

models in COVID-19 detection from medical 

images. The authors utilized VGG16, ResNet50, 

and InceptionV3 architectures with transfer 

learning approaches. The initial layers of the 

model, which capture generic features, are 

retained, while the final layers are modified to 

classify the images as COVID-19 positive, 

negative, or other respiratory infections. The study 

demonstrated that transfer learning-based deep 

learning models effectively classified COVID-19 

cases from X-ray and CT scans, highlighting the 

importance of feature extraction from pre-trained 

architectures. 

 

 

  

[2] This study by A. Mahapatra, S. Pahad Singh, 

and T. Kar focuses on transfer learning-based 

COVID-19 detection using radiological images. 

The researchers applied three optimizers—Adam, 

SGD, and RMSprop—to each model to assess 

performance variations. The optimizers influence 

model training by adjusting the learning rate and 

convergence, impacting the final prediction 

accuracy. Results showed that the selection of an 

optimizer plays a crucial role in model 

performance, with Adam showing faster 

convergence and better generalization in most 

cases. 

[3] This research by A. C. Mazari and H. Kheddar 

titled "Deep Learning and Transfer Learning-based 

Models for COVID-19 Detection using 

Radiography Images" utilizes a standard 

Convolutional Neural Network (CNN) and two 

Transfer Learning models—ResNet50 and 

MobileNetV2. The transfer learning models 

leverage pre-learned features, adapting them to 

new medical data. The study concluded that 

transfer learning is beneficial for medical image 

classification, but small and diverse datasets lead 

to performance degradation, requiring additional 

data augmentation or fine-tuning techniques. 

[4] This study by D. Hernandez, R. Pereira, and P. 

Georgevia, "COVID-19 detection through X-Ray 

chest images," developed a custom CNN aiming to 

leverage historical data to create a baseline model, 

which is then refined using COVID-19 images to 

improve specificity. The custom CNN struggled 

with overfitting due to the small size of the 

COVID-19 dataset. The researchers found that 

custom CNN models need larger and more diverse 

datasets to generalize well, and suggested that 

transfer learning or hybrid approaches may 

mitigate overfitting and improve robustness. 

[5] This research by M. Frid-Adar, R. Amer, O. 

Gozes, J. Nassar, and H. Greenspan, "COVID-19 

in CXR: From Detection and Severity Scoring to 

Patient Disease Monitoring," developed a deep 

learning model to simultaneously detect and 

localize pneumonia in chest X-ray (CXR) images. 

The model generates localization maps that 

highlight pneumonia-affected areas, enabling the 

calculation of a "Pneumonia Ratio" to indicate 

disease severity. The model demonstrated high 

accuracy in detecting pneumonia and assessing  
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severity, providing a quantitative measure for 

disease monitoring. However, its reliance on DRRs 

for comparison may limit direct clinical 

application.  

[6] This study by J. Li, D. Zhang, Q. Liu, R. Bu, 

and Q. Wei, "COVID-GATNet: A Deep Learning 

Framework for Screening of COVID-19 from 

Chest X-Ray Images," proposes a novel neural 

network model called COVID-GATNet, which 

combines DenseNet and Graph Attention Network 

(GAT). DenseNet provides efficient feature 

extraction by creating direct connections between 

any two network layers in each dense block, while 

GAT uses an attention mechanism to weigh the 

importance of different features. The model 

achieved promising results in controlled datasets, 

but struggled with generalization, suggesting a 

need for more diverse and high-quality training 

data to improve robustness. 

[7] This research by R. Pillai, N. Sharma, R. 

Chauhan, G. Verma, and R. Gupta, "Detection & 

Diagnosis of COVID-19 from CXR Images 

Through VGG19 Transfer Learning Model," 

employs the VGG19 transfer learning model to 

classify chest X-ray (CXR) images and 

differentiate COVID-19-infected cases. The model 

achieves a high accuracy rate of 94.85%, 

showcasing its potential for real-world biomedical 

applications in detecting and stratifying COVID-

19 cases. The model showed strong classification 

performance, but its reliance on a single imaging 

modality limits broader diagnostic applications. 

Integration with clinical and multi-modal data 

could improve reliability. 

[8] This study by S. Asif, Y. Wenhui, H. Jin, and S. 

Jinhai, "Classification of COVID-19 from Chest 

X-ray Images Using Deep Convolutional Neural 

Network," employs the Inception V3 deep 

convolutional neural network (DCNN) model 

combined with transfer learning to detect COVID-

19 pneumonia from chest X-ray images. The 

model achieved a classification accuracy of over 

98%, with training accuracy at 97% and validation 

accuracy at 93%. Despite high accuracy, the 

model's generalizability to real-world clinical 

settings is limited due to class imbalance. Future 

work should focus on dataset diversity and bias 

mitigation. 

 

[9] This research by A. Ajad, T. Saini, and K. M. 

Niranjan, "CV-CXR: A Method for Classification 

and Visualization of COVID-19 Virus Using CNN 

and Heatmap," utilizes single models including 

DenseNet, EfficientNet, and ResNet. The study 

implements adaptive histogram equalization to 

enhance image contrast, making it easier for the 

model to identify relevant features. The models 

demonstrated strong feature extraction capabilities 

but are susceptible to overfitting. The researchers 

suggest that strategies like data augmentation and 

external validation can enhance performance. 

[10] This study by A. Husain and V. P. 

Vishwakarma, "DeepCoNet: LSTM-Based 

Detection of COVID-19 Using Chest X-ray 

Images," presents a COVID-19 detection method 

using deep Long Short-Term Memory (LSTM) 

networks. This approach leverages recent 

advancements in deep learning methodologies. 

The LSTM network is trained on the dataset, 

focusing on learning patterns and features 

associated with COVID-19 in X-ray images. While 

LSTM-based detection enhances pattern 

recognition, its dependency on training data 

quality affects robustness. The researchers suggest 

that additional dataset expansion and hybrid 

approaches could improve performance. 

III. EXISTING SYSTEM 

The current healthcare landscape relies 

predominantly on conventional methodologies for 

diagnosing pneumonia and COVID-19 from chest 

X-ray imagery, necessitating substantial 

radiologist involvement. Many deployed systems 

utilize rudimentary machine learning algorithms 

such as SVM (Support Vector Machine) or basic 

neural network structures, which demonstrate 

insufficient accuracy and inability to identify 

sophisticated patterns embedded within 

radiographic images. The present implementation 

incorporates a rudimentary CNN framework with 

merely three convolutional layers coupled with 

max pooling and fully connected layers, proving 

inadequate for differentiating between pathologies 

with subtle visual distinctions. Standard CNN 

architectures fail to extract the nuanced features 

essential for precise diagnostic outcomes. 
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Image preprocessing remains elementary, limited 

to basic normalization without employing diverse 

augmentation strategies that could enhance model 

robustness. Despite attempts to leverage GPU 

acceleration, computational resource allocation 

remains substandard, creating inefficiencies 

throughout both training and inference workflows. 

These shortcomings underscore the critical need 

for implementing sophisticated deep learning 

methodologies capable of delivering both 

enhanced diagnostic precision and expedited 

processing times in clinical settings. 

IV. PROPOSED SYSTEM 

The proposed system introduces a sophisticated 

hybrid architecture that synergistically combines 

multiple deep learning approaches to enhance 

diagnostic accuracy and efficiency. At its core, the 

system leverages a dual-backbone feature 

extraction mechanism where ResNet50 and 

MobileNetV2 operate in parallel, each extracting 

complementary feature sets from chest X-ray 

images. ResNet50 excels at capturing fine-grained 

anatomical details through its deep residual 

connections, while MobileNetV2 contributes 

efficient feature extraction with significantly 

reduced computational overhead, resulting in 

accelerated training and inference times. This 

parallel feature extraction approach ensures robust 

representation learning that surpasses traditional 

CNN implementations. The system incorporates a 

sequential processing pipeline where extracted 

features are channeled through Long Short-Term 

Memory (LSTM) networks, a specialized variant 

of Recurrent Neural Networks (RNNs). These 

LSTM layers effectively capture temporal 

dependencies and contextual relationships within 

the feature space, enabling the model to analyze 

sequential variations in the extracted features that 

might correspond to disease progression patterns. 

This temporal modeling capability is particularly 

valuable for distinguishing between COVID-19 

and pneumonia cases, which often present with 

subtle evolutionary differences in radiographic 

manifestations. The architecture culminates with a 

fully connected Artificial Neural Network (ANN) 

that performs the final classification task, 

categorizing each image into COVID-19, 

pneumonia, or normal cases. 

The ANN incorporates regularization techniques to 

prevent overfitting and employs a strategic two-phase 

training methodology: initially freezing the CNN 

backbones while training the LSTM and ANN 

components, followed by fine-tuning select CNN 

layers to optimize overall performance. For practical 

deployment, the system is implemented as a Flask-

based web application with an intuitive user 

interface. Healthcare professionals can upload chest 

X-ray images through this platform and receive 

diagnostic classifications in real-time, significantly 

reducing the time required for preliminary screening. 

The application displays classification results with 

confidence scores, providing valuable decision 

support for radiologists and clinicians. This 

comprehensive integration of advanced deep learning 

techniques with accessible deployment mechanisms 

represents a significant improvement over 

conventional diagnostic approach. 

 

 

Algorithms: 

Convolutional Neural Networks (CNNs): excel at 

extracting critical diagnostic features from chest X-

ray images, making them invaluable for medical 

image classification tasks. Their specialized 

architecture enables comprehensive analysis of 

radiographic patterns through hierarchical feature 

learning. The convolutional layers systematically 

detect relevant anatomical structures and 

pathological indicators by examining spatial 

relationships within lung fields. This capability 

allows CNNs to identify subtle variations in tissue 

density, infiltrates, consolidations, and effusions that 

characterize different respiratory conditions. 

Fig:[1] Architecture 
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CNNs can capture diagnostic markers that might 

be overlooked in standard visual assessment, 

potentially improving detection sensitivity for 

early-stage pathologies. 

Hybrid Model: It integrates a dual CNN backbone 

combining ResNet50's depth and MobileNetV2's 

efficiency for comprehensive feature extraction. 

ResNet50 captures intricate pulmonary 

abnormalities through its residual connections, 

while MobileNetV2 provides computational 

economy without sacrificing diagnostic sensitivity. 
These features are subsequently processed through 

LSTM networks that identify sequential patterns 

and relationships not observable through static 

feature analysis alone. The architecture culminates 

in a fully connected neural network layer that 

performs the final classification, categorizing 

images into COVID-19, pneumonia, or normal 

cases. The entire pipeline employs a strategic two-

phase training approach with selective layer 

freezing to optimize performance while 

minimizing computational demands. 

Methodology: 

The methodology for our proposed chest X-ray 

analysis system follows a systematic approach 

through several key phases: 

Data Acquisition: The chest X-ray dataset is 

sourced from Kaggle, which contains a 

comprehensive collection of thoracic radiographs 

categorized into three distinct classes: normal 

(healthy lungs), COVID-19, and pneumonia. This 

curated dataset provides the foundation for 

developing an automated diagnostic support 

system. 

Image Processing: Raw radiographs undergo 

standardization through our preprocessing 

pipeline, where images are uniformly resized to 

224×224 pixels and normalized by rescaling pixel 

values to a range of 0-1. The dataset is strategically 

partitioned into training and validation subsets 

using an 80-20 split to ensure robust performance 

assessment. 

Performance Analysis: Comprehensive evaluation 

metrics including accuracy, precision, recall, and 

F1-score are calculated to assess diagnostic 

capability across the three classes. We generate 

confusion matrices to visualize classification 

performance and analyze model errors. 

 

 

Training and validation metrics are plotted to track 

performance improvements across both training 

phases. 

Clinical Integration: The optimized model is 

implemented within a Flask-based web application 

that serves as the system's backend. The Flask 

framework handles HTTP requests, processes 

uploaded radiographs through the trained model, 

and returns diagnostic predictions among the three 

categories. We utilize MongoDB as our database 

solution to efficiently store and manage patient 

records, examination histories, and diagnostic 

results. The frontend interface is developed using 

HTML, CSS, and JavaScript to create an intuitive 

user experience for healthcare professionals. 

Advantages : 

The proposed chest X-ray classification system 

excels through its dual-backbone CNN 

architecture (ResNet50 and MobileNetV2) 

combined with LSTM networks, enabling superior 

feature extraction and temporal pattern recognition 

across diagnostic categories. The two-phase 

training strategy with selective fine-tuning 

optimizes performance while preventing 

overfitting, resulting in high diagnostic accuracy 

for COVID-19, pneumonia, and normal cases. 

V. RESULT 

 

Fig:[2] Upload Interface 
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Fig:[3] Pneumonia Detected 

Fig:[4] COVID-19 Detected 

Fig:[5] Normal Lungs 

The system enhances diagnostic efficiency by 

identifying COVID-19, pneumonia, and normal 

cases with high reliability. It overcomes limitations 

associated with traditional diagnostic methods by 

offering a fast and automated approach. The 

evaluation results validate the system’s accuracy, 

usability, and practical significance in medical 

diagnostics. By utilizing CNN and Hyrbid models, 

the application ensures precise predictions while 

maintaining computational efficiency. Challenges 

such as dataset constraints and variations in image 

quality were considered during implementation. 

Overall, this system improves accessibility to AI-

driven diagnostic tools, aiding healthcare 

professionals in early disease detection. 

VII. FUTURE SCOPE 

 Incorporating a broader and more diverse dataset 

with X-ray images from various demographics and 

medical conditions will enhance the system’s 

generalizability. Additionally, region-specific 

datasets and multilingual support can make the 

application more accessible worldwide. 

Combining X-ray imaging with other medical data, 

such as patient symptoms and lab test results, can 

improve diagnostic accuracy. This multi-modal 

approach can aid in distinguishing complex cases 

that may not be easily identified through imaging 

alone. 
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