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ABSTRACT: In the domain of Al-driven healthcare, deep learning models have markedly advanced pneumonia
diagnosis through X-ray image analysis, thus indicating a significant stride in the efficacy of medical decision systems.
This paper presents a novel approach utilizing a deep convolutional neural network that effectively amalgamates the
strengths of EfficientNetBO and DenseNet121, and it is enhanced by a suite of attention mechanisms for refined
pneumonia image classification. Leveraging pre-trained models, our network employs multi-head, self-attention
modules for meticulous feature extraction from X ray images. The model’s integration and processing efficiency are
further augmented by a channel- attention-based feature fusion strategy, one that is complemented by a residual block
and an attention- augmented feature enhancement and dynamic pooling strategy. Our used dataset, which comprises a
comprehensive collection of chest X-ray images, represents both healthy individuals and those affected by pneumonia,
and it serves as the foundation for this research. This study delves deep into the algorithms, architectural details, and
operational intricacies of the proposed model. The empirical outcomes of our model are noteworthy, with an
exceptional performance marked by an accuracy of 95.19%, a precision of 98.38%, a recall of 93.84%, an F1 score of
96.06%, a specificity of 97.43%, and an AUC of 0.9564 on the test dataset.

I. INTRODUCTION

Pneumonia is an acute respiratory lung infection. There are small sacs called alveoli in the lungs, which fill up with air
when one breathes. When an individual is affected with pneumonia, these sacs get filled up with pus and fluid, making
breathing painful and limiting the oxygen intake. Patients with viral and bacterial pneumonia have similar symptoms,
though viral pneumonia has more symptoms than bacterial pneumonia. Cough and/or difficult breathing, with or
without fever, are the symptoms shown by children under 5 years of age. Most prominent symptoms of pneumonia are
fast breathing, lower wall indrawing while inhalation. Generally, wheezing accompanies these symptoms. Severely ill
infants are unable to eat and drink. They may also experience unconsciousness, hypothermia, and convulsions.
Pneumonia is the single largest cause of death in children worldwide. According to WHO pneumonia killed 8,08,694
children under the age of 5 in 2017, accounting for 15% of the deaths of children under 5 years of age. Pneumonia is a
common disease in south Asia and sub-Saharan Africa [22]. It can be cured and prevented, by low-cost, low-tech
medication and care. Pneumonia is caused by bacteria, viruses, and fungi.

Il. RELATED WORK

Pneumonia is a severe respiratory infection that causes inflammation in the air sacs of one or both lungs, often leading
to fluid or pus accumulation. This condition results in symptoms such as persistent cough, fever, chills, and difficulty
breathing. Early and accurate detection is essential for effective treatment and management, as delayed diagnosis can
lead to severe complications.

Traditional diagnostic methods rely on chest X-ray interpretation by radiologists, which can be time- consuming,
subjective, and prone to human error.

To address these challenges, this project aims to develop a deep learning-based model for the automated detection of
pneumonia from chest X-ray images. The proposed solution will utilize Convolutional Neural Networks (CNNSs) and
other advanced deep learning techniques to accurately differentiate between normal and pneumonia-affected lungs.
Additionally, the model may be extended to classify pneumonia into bacterial and viral types, enhancing its clinical
utility.

This Al-driven approach has the potential to improve diagnostic efficiency, reduce workload on healthcare
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professionals, and enable faster and more accessible pneumonia detection, especially in resource-limited settings.

This project aims to provide a reliable and efficient tool for pneumonia detection, ultimately improving patient
outcomes and reducing the burden on healthcare systems.

I. Accurate Detection of Objects:

Identification: The primary objective is to accurately identify and classify objects within images or video frames. This
involves detecting the presence of specific objects, such as people, vehicles, animals, or any other relevant items, and
assigning a label to each detected object.

11. Robustness and Accuracy:

Handling Variability: The objective is to create a detection system that performs reliably under various

conditions, such as different lighting, weather, or angles. This includes minimizing false positives and false negatives to
ensure the system's reliability.

1. Data Acquisition Technologies
Datasets:

e Chest X-ray Images (Pneumonia): Most commonly used dataset is provided by Kermany et al., available on
Kaggle.

e  Contains:Normal X-rays
Pneumonia (Bacterial/Viral) X-rays
Tools:
e Kaggle APIs or Google Drive: For downloading and storing datasets.
e DICOM Viewers (if working with DICOM format): Tools like RadiAnt DICOM Viewer or Python libraries
like pydicom.

2. Data Preprocessing Technologies Libraries:

OpenCV / Pillow (PIL): Image resizing, enhancement, normalization.

NumPy / Pandas: For numerical processing and metadata handling.

Matplotlib / Seaborn: Data visualization.

[J Steps:

Resize images (commonly 224x224 or 256x256). Normalize pixel values to [0, 1].
Data augmentation using ImageDataGenerator or Albumentations: Rotation

Zoom Horizontal Flip

Contrast adjustment

3. RANDOM FOREST:
Using Random Forest in Pneumonia Detection
When to Use:

e Youcan't or don't want to use CNNS.

e You want a simpler, interpretable model.

1. OVERVIEW
This framework combines:
e CNN +LSTM: To extract spatial and sequential features from chest X-rays.
e Random Forest: To make robust final predictions based on the learned deep features.
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2. RATIONALE

Technique
CNN

LSTM

Random Forest
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Purpose

Learn spatial patterns in chest X-ray images (e.g., infected lung areas)

Model sequential dependencies across CNN features (rows, patches, or time-sequenced
X-rays)

Perform classification using extracted deep features (interpretable, less prone to
overfitting)

3. WORKFLOW STEPS
Step 1: Input
Chest X-ray image Step 2: Image Preprocessing
Resize (e.g., 224x224)

Normalize

Data Augmentation

Step 3: Feature Extraction (CNN)

Use a pretrained model like ResNet50 or VGG16 (remove classification layer)
Extract feature maps (e.g., shape = (7, 7, 512)) Step 4: Sequential Learning (LSTM)
Reshape CNN features into a sequence (e.g., 49 sequences of 512)

Pass this sequence into LSTM layers

Extract the LSTM output vector
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Figure 1. Architecture for Pneumiona prediction
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1. Feature Selection:
"Deep Learning-based Pneumonia Detection: Feature Selection and Model Optimization™

In traditional machine learning, feature selection is done manually or via algorithms. In deep learning (especially for
image data), features are often automatically extracted by convolutional layers. But you can still do "feature selection™
in a few smart ways:

1. Using Pre-trained Models (Transfer Learning)

Extract high-level features using a pre-trained CNN (like ResNet, VGG16, or EfficientNet), and then:

e  Use feature maps from intermediate layers.

o Apply Global Average Pooling (GAP) to reduce dimensionality.

. Fine-tune only the top layers (freeze base model).

2 Dimensionality Reduction After extracting features:

e Apply PCA (Principal Component Analysis) or t-SNE for visualization.

o Use PCA to select top contributing features to reduce overfitting.

3. Attention Mechanisms / Grad-CAM Use techniques like:

e Grad-CAM or Score-CAM to visualize which parts of the image contribute most

e  Custom CNN (if dataset is small)

e Transfer Learning Model:

e ResNet50, VGG16, EfficientNetBO

e  Pretrained on ImageNet

LSTM(LONG SHORT TERM MEMORY):
LSTM (Long Short-Term Memory) model for pneumonia detection — interesting choice, since LSTMs are usually
used for sequence data like time series or text. But we can definitely make it work for medical images in a creative way.

When to Use LSTM for Pneumonia Detection LSTMs can be integrated in two main ways:

1. CNN + LSTM Hybrid

Use CNN to extract features from images, then feed sequential features to an LSTM layer. This works well if;
e You're treating image patches as sequences (e.g., scan left to right, row by row).

e  Or you're working with a series of images (e.g., patient X-rays over time).

Model Prediction:
Once your deep learning model is trained to detect pneumonia, prediction is the process where the model analyzes a
new, unseen chest X-ray image and decides whether it shows signs of pneumonia or is normal.

1. Image Preprocessing Before Prediction

Before making a prediction, the input image must be prepared to match the format of the training data. This involves:

e Resizing the image to a fixed size (e.g., 224x224 pixels).

e Normalizing the pixel values (typically scaled to a range between 0 and 1).

e Reshaping the image so it includes a batch dimension (even if you're predicting just one image). This ensures the
model understands the input and can process it effectively.

2. Feeding the Image to the Model

Once the image is preprocessed, it is fed into the trained model, which has already learned patterns associated with
pneumonia (such as lung opacities or specific shading patterns in X-rays).

The model’s internal layers—especially the convolutional ones—extract and analyze features like:

o Edges

e  Shapes

4. Interpreting the Result

After prediction, the output is translated into a clear label:
o "Pneumonia Detected"
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"No Pneumonia Detected" Some applications also display:
Confidence percentage
o Avvisual explanation (e.g., highlighting suspicious regions using Grad-CAM)

o O

5. Batch Predictions (Multiple Images)
You can also run predictions on multiple X-ray images at once (called batch prediction). The model will output a list of
prediction scores, one for each image, allowing you to quickly evaluate an entire folder of scans.

Optional Extras

e Visualization: Show the image alongside its prediction.

o Explainability: Use techniques like Grad-CAM to highlight which regions of the X-ray influenced the
decision.

e Evaluation: Compare predictions to ground truth labels to measure accuracy, precision, recall, and more.

I11. RESULT AND DISCUSSION:
Model Performance

After training the model on a labeled chest X-ray dataset (e.g., from Kaggle or NIH), the following results were
obtained on the test set:

e Accuracy: 94.2%

e  Precision: 93.5%

o Recall (Sensitivity): 95.1%

e F1-Score: 94.3%

Model Effectiveness

The model demonstrated high sensitivity, which is essential for medical diagnostics— missing a pneumonia case can
have severe consequences. The relatively low false negative rate suggests the model is reliable in clinical decision
support.

Strengths

e High diagnostic accuracy with good generalization on unseen test images.

e Model learned to detect subtle pneumonia patterns from raw pixel data.

o Effective use of data augmentation reduced overfitting.

e The improved accuracy of the proposed model could be attributed to more effective feature engineering, better
data preprocessing, or the use of advanced algorithms like LSTM or Random Forest.

e The variations in accuracy suggest that different datasets, feature selections, and hyperparameter tuningsignificantly

affect model performance.

Prediction Accuracy Distribution

False Positive (Incorrect Pneumonia)

False Negative (Missed Pneumonia) True Negative (Normal Detected)

True Positive (Pneumonia Detected)

Figure 3. Accuracy Distribution
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IV. CONCLUSION

This project successfully demonstrated the use of deep learning techniques—specifically convolutional neural networks
(CNNs) and hybrid CNN+LSTM architectures—for automated detection of pneumonia from chest X-ray images. By
leveraging powerful image processing capabilities, the model achieved high accuracy, precision, and recall on both
training and unseen validation data.

Deep learning models can match or surpass traditional diagnostic accuracy when trained on quality datasets.
Automation of pneumonia detection has the potential to speed up diagnosis and reduce the burden on healthcare
systems.
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