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ABSTRACT: Paediatric pneumonia is a leading cause of morbidity and mortality worldwide, necessitating accurate and timely
diagnosis. This study explores the application of Generative Al for categorising paediatric pneumonia using chest radiographs.
Leveraging deep learning techniques, including Generative Adversarial Networks (GANs) and Variational Autoencoders (VAES),
we enhance image quality, generate synthetic training data, and improve model generalizability. The proposed framework integrates
Al-driven feature extraction, convolutional neural networks (CNNs), and attention mechanisms to improve diagnostic accuracy. The
results demonstrate significant improvements in classification performance compared to traditional methods, with a focus on
interpretability and clinical usability.
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INTRODUCTION

Pneumonia remains a leading cause of mortality among children worldwide, and accurate diagnosis through chest radiographs is
essential. However, variability in radiographic interpretation and limited access to expert radiologists present challenges. Generative
Al offers a transformative approach by generating high-quality synthetic images for model training and enhancing image clarity. This
study investigates the role of Al in pneumonia classification, addressing data scarcity, improving model generalization, and reducing
misdiagnosis rates. The integration of generative models with deep learning classifiers ensures robustness and reliability in paediatric
pneumonia detection.

METHODOLOGY
This research adopts a hybrid Al framework that combines Generative Adversarial Networks (GANs) and Variational Autoencoders
(VAEs) for data augmentation, followed by Convolutional Neural Networks (CNNs) and Transformer-based classifiers for
pneumonia categorization.
1. DATA PREPROCESSING
e Dataset: The study utilizes the Chest X-ray dataset (Pneumonia vs Normal) from reputable sources such as NIH and
Kaggle.
e Preprocessing Steps:
o Normalization and resizing of images.
o Noise reduction using Gaussian filtering.
e Contrast enhancement with histogram equalization.
e Data augmentation through GANs and VAEs.

2. GENERATIVE Al FOR DATA AUGMENTATION
Generative Adversarial Networks (GANs) Approach
GANs consist of a generator (G) and a discriminator (D) working adversarially:
e Generator Function: G(z; 6g) where z is the random noise input (typically sampled from a normal or uniform
distribution), and 0g are the learned weights and biases of the generator network.
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e Discriminator Function: D (x; 6d) where x is either a real image from the training data or a synthetic image
produced by the generator, and 8d are the learned weights and biases of the discriminator network.

e Loss Function: The minimax loss function for GANs is typically: min G max D V(D,G) = Ex~pdata(x)[log
D(X)] + Ez~pz(2)[log(1 - D(G(2)))]

Where,

e G is generator network and is D is the discriminator network

e Actual data samples obtained from the true data distribution pdata(x)pdata(x) are represented by x.

e Random noise sampled from a previous distribution pz(z)pz(z) (usually a normal or uniform distribution) is
represented by z.

e D(x) represents the discriminator’s likelihood of correctly identifying actual data as real.

e D(G(2)) is the likelihood that the discriminator will identify generated data coming from the generator as
authentic.

The generator aims to minimize the loss, while the discriminator tries to maximize its classification accuracy.

Real Data Samples

Condition

Discriminator Is it correct?

Generated
fake samples

Generator
Fine tune training

Latent random variable

How GAN WORK

Let’s understand how the generator (G) and discriminator (D) complete to improve each other over time:
1. Generator’s First Move
G takes a random noise vector as input. This noise vector contains random values and acts as the starting point for G’s
creation process. Using its internal layers and learned patterns, G transforms the noise vector into a new data sample, like
a generated image.

2. Discriminator’s Turn
D receives two kinds of inputs:
¢ Real data samples from the training dataset.
e The data samples generated by G in the previous step.

3. Adversarial Learning
e If the discriminator correctly classifies real data as real and fake data as fake, it strengthens its ability slightly.
o If the generator successfully fools the discriminator, it receives a positive update, while the discriminator is
penalized.

4. Generator’s Improvement
Every time the discriminator misclassifies fake data as real, the generator learns and improves.
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5. Discriminator’s Adaptation
The discriminator continuously refines its ability to distinguish real from fake data. This ongoing duel between the
generator and discriminator enhances the overall model’s learning process.

Training Progression
e Astraining continues, the generator becomes highly proficient at producing realistic data.

o Eventually, the discriminator struggles to distinguish real from fake, indicating that the GAN has reached a
well-trained state.

e At this point, the generator can be used to generate high-quality synthetic data for various applications.

Variational Autoencoders (VAES) Approach
VAEs are used for data enhancement by learning a probabilistic distribution of chest X-ray images:

Variational Autoencoders (VAES) are a generative model that learns a probabilistic distribution of data. In the case of chest
X-ray images, VAESs can be used for data augmentation, anomaly detection, and generating synthetic images that resemble
real ones.

Encoder Function
The encoder compresses an input chest X-ray image x into a latent representation z, learning a probability distribution over
the latent space. It maps x to a mean p and a standard deviation o, which define a Gaussian distribution:

q4(z1x) =N(zlu(x), 52(x))

where:
o u(x)u(x) and o(x)o(x) are learned by the encoder neural network.
e  The reparameterization trick is used to sample zz:z=p+c-€,e~N(0,I)z=p+o-€,e~N(0,1)

Decoder Function
The decoder reconstructs the input by generating an approximation x from the latent variable z:
po(x|z) =f(2)
where:
o f9(z)fB(2) is a neural network that reconstructs an image from z.
e The output is typically modeled as a Bernoulli or Gaussian distribution.

Loss Function
The VAE loss function consists of two components:
1. Reconstruction Loss: Ensures the generated image X is close to the original xx.
Typically, Mean Squared Error (MSE) or Binary Cross-Entropy (BCE) is used:
Lrecon=Eq¢(zIx) [~logpB(x12)]
2. KL Divergence Loss: Encourages the learned latent distribution to be close to a standard normal distribution:
LKL=DKL(gg(zIx)lIp(z))=21j=1}d(1+logaj2—142—a;2)

Thus, the total loss is:

Lrecon+SLKL
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where B is a weight that balances reconstruction accuracy and latent space regularization.
3. Pneumonia Classification Using CNN and Transformers
CNN-Based Feature Extraction
e Convolutional layers extract spatial features from X-ray images:
F)=W*x+b
e Pooling layers reduce dimensionality while retaining significant information.
o Fully connected layers classify features into pneumonia or normal categories.

Transformer-Based Attention Mechanism
e  Attention mechanism assigns weights to important features: where Q, K, V are query, key, and value matrices.
A = softmax (QK T/ Vdk)
e Vision Transformer (ViT) segments images into patches and processes them as tokens through self-attention layers.
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4. Training and Optimization
e Loss Function: Cross-entropy loss for classification.
e  Optimizer: Adam optimizer with learning rate tuning.
e Evaluation Metrics:

e Accuracy
e  Precision
e Recall
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e Fl-score
e Area Under Curve (AUC)

Results: The proposed model demonstrates superior performance in pneumonia classification:
e Baseline CNN Accuracy: 85%
e GAN + CNN Accuracy: 92%
e VAE + Transformer Accuracy: 94%
e AUC Score: 0.97 The inclusion of generative models significantly enhances classification accuracy, especially
in datasets with limited labeled images.

S, AW

Discussion
e Advantages:
e  Overcomes data scarcity through synthetic augmentation.
e Enhances model robustness and generalization.
e  Provides explainability with attention heatmaps.

e Challenges:
¢  GAN-generated images may introduce artifacts.
e Computationally intensive training.
e Ethical considerations in synthetic image use.

CONCLUSION

Generative Al, when integrated with deep learning classifiers, significantly improves paediatric pneumonia classification on chest
radiographs. This research validates the potential of Al-driven diagnostic tools in reducing misdiagnosis rates and assisting healthcare
professionals. Future work will focus on real-world deployment, federated learning for privacy-preserving Al, and multi-modal Al
integration for holistic diagnosis.

REFERENCES

1. Krishna Nand Keshavamurthy, Carsten Eickhoff, and Krishna Juluru.Weakly supervised pneumonia localization in chest x-
rays using generative adversarial networks.Medical Physics, 48(11):7154-7171, 2021.

2. Ujjwal Baid, Satyam Ghodasara, Michel Bilello, et al. The RSNA-ASNR-MICCAI brats 2021 benchmark on brain tumor
segmentation and radiogenomic classification, 2021.

3. Spyridon Bakas, Hamed Akbari, Aristeidis Sotiras, et al. Advancing the cancer genome atlas glioma mri collections with
expert segmentation labels and radiomic features.Scientific Data, 4:170117, 2017.

4. Christoph Baur, Benedikt Wiestler, Shadi Albarqouni, and Nassir Navab.Deep autoencoding models for unsupervised
anomaly segmentation in brain MR images.In the 21st MICCAI Brainlesion Workshop, volume 11383, pages 161-169.
Springer, September 2018.

716 “Corresponding Author: Santosh Kumar Volume 08 Issue 02 February 2025
Available at: www.ijcsrr.org
Page No. 712-717


https://doi.org/10.47191/ijcsrr/V8-i2-16
http://sjifactor.com/passport.php?id=20515
http://www.ijcsrr.org/
http://www.ijcsrr.org/

International Journal of Current Science Research and Review

ISSN: 2581-8341
Volume 08 Issue 02 February 2025

L

LJCSRR

DOI: 10.47191/ijcsrr/V8-i2-16, Impact Factor: 8.048

IJCSRR @ 2025 WWW.ijcsrr.org
5. Christoph Baur, Benedikt Wiestler, Shadi Albarqouni, and Nassir Navab.Bayesian skip-autoencoders for unsupervised

10.

11.

12.

13.

14,

15.

16.
17.

18.

19.

20.

hyperintense anomaly detection in high resolution brain mri.In the 17th ISBI, pages 1905-1909. IEEE, April 2020.
Christoph Baur, Benedikt Wiestler, Shadi Albargouni, and Nassir Navab.Scale-space autoencoders for unsupervised
anomaly segmentation in brain MRI.In the 23rd MICCAI, volume 12264, pages 552-561. Springer, October 2020.
Christoph Baur, Stefan Denner, Benedikt Wiestler, Nassir Navab, and Shadi Albargouni.Autoencoders for unsupervised
anomaly segmentation in brain MR images: A comparative study.Medical Image Analysis, 69:101952, 2021.

Finn Behrendt, Marcel Bengs, Debayan Bhattacharya, Julia Kriiger, Roland Opfer, and Alexander Schlaefer.Capturing inter-
slice dependencies of 3d brain MRI-scans for unsupervised anomaly detection.In the 5th MIDL. PMLR, July 2022.

Finn Behrendt, Debayan Bhattacharya, Julia Kriiger, Roland Opfer, and Alexander Schlaefer.Patched diffusion models for
unsupervised anomaly detection in brain MRI .https://doi.org/10.48550/arXiv.2303.03758, 2023.

Marcel Bengs, Finn Behrendt, Julia Kriiger, Roland Opfer, and Alexander Schlaefer. Three-dimensional deep learning with
spatial erasing for unsupervised anomaly segmentation in brain MRI.International Journal of Computer Assisted Radiology
and Surgery, 16(9):1413-1423, 2021.

Xiaoran Chen, Suhang You, Kerem Can Tezcan, and Ender Konukoglu.Unsupervised lesion detection via image restoration
with a normative prior.Medical Image Analysis, 64:101713, 2020.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova.BERT: pre-training of deep bidirectional transformers
for language understanding.In the 17th NAACL-HLT, pages 4171-4186. ACL, June 2019.

Prafulla Dhariwal and Alexander Quinn Nichol.Diffusion models beat gans on image synthesis.In the 34th NeurlPS, pages
8780-8794, December 2021.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, et al.An image is worth 16x16 words: Transformers for image
recognition at scale.In the 9th ICLR, May 2021.

Alessandro Fontanella, Grant Mair, Joanna M. Wardlaw, Emanuele Trucco, and Amos J. Storkey.Diffusion models for
counterfactual generation and anomaly detection in brain images. https://doi.org/10.48550/arXiv.2308.02062, 2023.
Jonathan Ho, Ajay Jain, and Pieter Abbeel.Denoising diffusion probabilistic models.In the 33th NeurlPS, December 2020.
Fabian Isensee, Marianne Schell, Irada Pflueger, et al. Automated brain extraction of multisequence mri using artificial neural
networks.Human Brain Mapping, 40(17):4952-4964, 2019.

Andreas Lugmayr, Martin Danelljan, Andrés Romero, Fisher Yu, Radu Timofte, and Luc Van Gool.Repaint: Inpainting
using denoising diffusion probabilistic models.In the 33rd CVPR, pages 11451-11461. IEEE, June 2022.

Felix Meissen, Georgios Kaissis, and Daniel Rueckert.Challenging current semi-supervised anomaly segmentation methods
for brain MRI.In the 24th MICCAI Brainlesion Workshop, volume 12962, pages 63—74. Springer, September 2021.

Bao Nguyen, Adam Feldman, Sarath Bethapudi, Andrew Jennings, and Chris G. Willcocks.Unsupervised region-based
anomaly detection in brain MRI with adversarial image inpainting.In the 18th ISBI, pages 1127-1131. IEEE, April 2021.

Cite this Article: Kumar, S. (2025). Generative Al in the Categorisation of Paediatric Pneumonia on Chest Radiographs.
International Journal of Current Science Research and Review, 8(2), pp. 712-717. DOI: https://doi.org/10.47191/ijcsrr/V8-i2-

16

717

“Corresponding Author: Santosh Kumar Volume 08 Issue 02 February 2025

Available at: www.ijcsrr.org
Page No. 712-717


https://doi.org/10.47191/ijcsrr/V8-i2-16
http://sjifactor.com/passport.php?id=20515
http://www.ijcsrr.org/
http://www.ijcsrr.org/
https://doi.org/10.48550/arXiv.2303.03758
https://doi.org/10.48550/arXiv.2308.02062
https://doi.org/10.47191/ijcsrr/V8-i2-16
https://doi.org/10.47191/ijcsrr/V8-i2-16

