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ABSTRACT 

CXR classification for COVID-19, viral pneumonia, and healthy lungs faces challenges from overlapping 

opacities and limited data, where deep learning offers transformative solutions through CNNs (ResNet, 

DenseNet), Vision Transformers, and ensembles achieving 95-98% accuracy on datasets like COVID-19 

Radiography Database. Transfer learning, augmentation, and attention mechanisms address imbalances and 

artifacts, while Grad-CAM enhances interpretability; however, domain shifts, overfitting, and privacy concerns 

persist. Future multimodal fusion with CT/clinical data, federated learning, and edge deployment promise 

clinically viable AI-radiologist collaboration for global respiratory diagnostics. 

Keywords: Cxr, Covid-19, Viral pneumonia, Healthy lungs, Cnn. 

How to cite this article: Goriya N, Upadhyaya A. Deep Learning Approaches for Multiclass Chest X-Ray 

Classification: COVID-19, Viral Pneumonia, and Healthy Lungs. Int J Drug Deliv Technol. 2026;16(42s): 479-

485. DOI: 10.25258/ijddt.16.42s.54 

Source of support: Nil. 

Conflict of interest: None 

INTRODUCTION 

Chest X-ray (CXR) imaging remains a cornerstone 

of respiratory diagnostics due to its non-invasive 

nature, affordability, and ability to reveal lung 

abnormalities like opacities and consolidations 

associated with diseases such as pneumonia, 

tuberculosis, and COVID-19. As the primary 

imaging modality for initial assessment, CXR 

enables rapid evaluation of lung parenchyma, heart 

size, and chest wall integrity, aiding in the 

localization and severity grading of infections.1 

Despite limitations like overlapping structures, 

CXR's widespread availability supports its role in 

resource-limited settings for managing chronic and 

acute respiratory conditions.1 Therefore, Respiratory 

diseases, including pneumonia and tuberculosis, 

represent a major global health threats, with CXR 

pivotal for early detection through visual 

identification of infiltrates, effusions, and cavities.2 

Viral pneumonia, often indistinguishable from 

bacterial forms on imaging, fills lung alveoli with 

fluid, impairing gas exchange and manifesting as 

bilateral  opacities  on  CXR.  These  conditions 

disproportionately affect vulnerable populations, 

underscoring CXR's value in timely screening 

despite inter-observer variability among 

radiologists.1 As we know that, COVID-19, caused 

by SARS-CoV-2, has triggered a pandemic with 

over 267 million infections and 5.2 million deaths by 

late 2021, exacerbating pneumonia burdens and 

overwhelming healthcare systems worldwide.3 

Pneumonia alone claims millions annually, with 

COVID-19 potentially increasing all-cause 

mortality by 70% when classified as lower 

respiratory infection, hitting low- and middle-

income countries hardest.3 Studies have also found 

that, indirect effects, like disrupted vaccinations and 

malnutrition, further amplify childhood pneumonia 

risks during the pandemic.4,5 Multiclass CXR 

classification differentiating COVID-19, viral 

pneumonia, and healthy lungs addresses diagnostic 

overlaps missed by binary models, enhancing triage 

in high-volume settings.5 Moreover, deep learning 

(DL), particularly CNNs like EfficientNet and 

DenseNet, outperforms traditional methods by 

automating feature extraction, achieving up to 98% 
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accuracy in multiclass tasks via transfer learning 

from ImageNet. DL mitigates radiologist shortages, 

with ensembles improving robustness against 

dataset imbalances common in COVID-19 

imaging.5,6 

Thus, this paper aims to synthesize DL approaches 

for multiclass CXR classification of COVID-19, 

viral pneumonia, and healthy lungs, evaluating 

architectures, datasets, and performance metrics. 

Our study scope also covers CNNs, transformers, 

preprocessing, and challenges like generalization, 

excluding non-CXR modalities or pre-2020 studies. 

Hence, by benchmarking models on public datasets 

like COVID-19 Radiography Database, it highlights 

advances and gaps for clinical deployment. 

 

DL FOR CXR ANALYSIS 

According to studies, CNNs form the backbone of 

DL in CXR analysis, leveraging convolutional 

layers to extract spatial hierarchies of features like 

edges, textures, and high-level patterns such as 

opacities indicative of pneumonia or COVID-19. 

VGG architectures stack 16-19 uniform 3x3 

convolutional layers with max-pooling, achieving 

strong generalization on CXR datasets through 

depth-induced feature abstraction, with VGG-16 

reporting 92-95% accuracy in multiclass lung 

disease classification. Their simplicity facilitates 

fine-tuning, though high parameter counts (138M 

for VGG-19) demand substantial computational 

resources.7,8 In addition to above, denseNet 

innovates with dense connectivity where each layer 

receives inputs from all preceding layers via 

concatenation, promoting feature reuse and reducing 

parameters (e.g., DenseNet-121 has 8M vs. ResNet's 

25M).8 This alleviates the vanishing gradient 

problem and implicit deep supervision, yielding 

superior results on NIH ChestX-ray (e.g., 96% F1-

score for multiclass COVID/pneumonia/normal), as 

dense blocks capture multi-scale lung pathologies 

with fewer artifacts. DenseNet's efficiency suits 

resource-limited clinical deployment.9 Moreover, 

transfer learning harnesses ImageNet-pretrained 

models trained on 14M natural images to bootstrap 

CXR analysis, where medical datasets are scarce 

(often <50K images). Fine-tuning involves freezing 

early convolutional layers (for generic edge/texture 

detectors) and retraining classifiers on CXR data, 

boosting accuracy by 10-15% over training from 

scratch; e.g., ImageNet-ResNet50 fine-tuned on 

COVID-19 Radiography Database achieves 98% for 

multiclass tasks. This mitigates domain shifts 

between natural and radiographic images via gradual 

unfreezing and domain-adaptive techniques like 

adversarial training.10,11 Studies further validate 

transfer learning's efficacy: VGG/DenseNet hybrids 

report 97% precision on imbalanced datasets, 

outperforming radiologists in speed while retaining 

interpretability via Grad-CAM heatmaps. However, 

catastrophic forgetting during fine-tuning 

necessitates learning rate scheduling.12,7,10 

Moreover, an advanced architectures like 

EfficientNet, employ compound scaling of depth, 

width, and resolution via neural architecture search 

(NAS), balancing efficiency and accuracy 

(EfficientNet-B4: 6x smaller than ResNet with equal 

performance). In CXR classification, EfficientNet-

B0/B7 variants excel on NIH datasets, achieving 

97.5% accuracy for COVID-19 vs. pneumonia via 

uniform scaling that optimizes FLOPs for edge 

devices, with fusions like EFFResNet-ViT pushing 

multiclass F1 to 98.2%.13 Vision Transformers 

(ViT), introduced by Dosovitskiy et al. in 2020, 

tokenize CXR images into patches and apply self-

attention for global context modeling, surpassing 

CNNs in long-range dependencies (e.g., bilateral 

lung involvement in COVID-19). ViT-B/16 

pretrained on ImageNet-21K yields 96-98% on 

ChestX-ray14 multiclass tasks, though data-hungry; 

hybrids like Swin-ViT or LungNet-ViT integrate 

convolutional inductive biases for medical data 

efficiency. Recent 2025 benchmarks show ViT 

outperforming DenseNet by 2-3% in generalization 

across diverse CXR populations.14,10 

Thus, these architectures evolve toward hybrids 

(CNN+Transformer), addressing CNN locality 

limits and ViT inefficiency, with explainability tools 

like Grad-CAM enhancing clinical trust critical for 

regulatory approval in diagnostics as shown in 

figure 1. 

 

FIGURE 1 : DL ARCHITECTURE WHERE 

DL FRAMEWORK APPROACHES MULTI- 
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CLASSIFICATION OF LUNG DISEASES 

PREDICTION FROM CHEST X-RAY 

 

PREPROCESSING & DATA 

AUGMENTATION TECHNIQUES 

Preprocessing is crucial for CXR images, which 

often suffer from low contrast, noise, and artifacts 

like diffraction or intensity inhomogeneities from 

patient positioning. Image normalization 

standardizes pixel intensities (e.g., z-score or min-

max scaling to ) to stabilize DL training, while 

resizing to 224x224 or 512x512 pixels matches 

model inputs without distorting lung fields as shown 

in figure 2. 

 
FIGURE 2 : MULTI-STAGE 

ARCHITECTURE WHICH INCLUDES LUNG 

SEGMENTATION, CLASSIFICATION, AND 

INFECTION REGION SEGMENTATION 

WITH SEVERITY ASSESSMENT 

 

Noise reduction employs Gaussian blurring, median 

filters, or advanced methods like unsharp masking 

and CLAHE (Contrast Limited Adaptive Histogram 

Equalization), which locally enhances contrast in 

underexposed regions, boosting CNN accuracy by 

5-10% on pneumonia detection.15,16,1 Augmentation 

strategies artificially expand datasets by applying 

geometric and photometric transformations, 

addressing medical imaging's limited samples. 

Rotation (±10-30°), horizontal/vertical flipping, 

scaling (0.8-1.2x), and brightness/contrast jitter 

mimic acquisition variations, improving 

generalization on ChestX-ray14 by 3-7% F1-score. 

GAN-based synthesis, using models like CycleGAN 

or pix2pix, generates realistic synthetic CXRs (e.g., 

augmenting rare COVID-19 cases), achieving up to 

15%  gains  in  minority  class  recall  without 

overfitting.17,18 Moreover, multiclass CXR datasets 

exhibit severe imbalance e.g., normals outnumber 

COVID-19 3:1 in COVID-19 Radiography 

Database biasing models toward majority classes 

and inflating overall accuracy while degrading 

minority sensitivity. Oversampling techniques like 

SMOTE (Synthetic Minority Over-sampling 

Technique) interpolate features, while 

undersampling randomly discards majority samples; 

hybrid dynamic learning (e.g., 3PDL) alternates 

both during training to balance gradients.19,20 In 

addition to above, focal loss and class-weighted 

cross-entropy further mitigate imbalance by 

penalizing hard examples more, enhancing AUC by 

0.05-0.1 on imbalanced CXR tasks. Ensemble 

resampling and augmentation pipelines ensure 

robust multiclass performance (COVID-19, 

pneumonia, healthy), with studies recommending 

stratified validation to reflect real-world 

distributions. These techniques collectively elevate 

DL reliability in clinical CXR analysis.19,20,17 

 

FEATURE EXTRACTION & MODEL 

OPTIMIZATION 

Automatic feature selection in DL models for CXR 

occurs hierarchically through convolutional layers, 

where early filters detect edges and textures (e.g., 

lung contours), mid-layers capture patterns like 

opacities, and deep layers learn semantic disease 

signatures without explicit engineering. Attention 

mechanisms (e.g., channel/spatial attention) and 

capsule networks dynamically prune irrelevant 

features, enhancing multiclass discrimination 

(COVID-19 vs. pneumonia) by focusing on ROIs, 

with studies reporting 5-8% accuracy gains on 

ChestX-ray. Techniques like Andrews curve 

spectrograms transform images into frequency 

domains for discriminative features in similar 

pathologies.11 Hybrid models integrate CNNs for 

spatial feature extraction with RNN/LSTM for 

sequential analysis, modeling disease progression 

across serial CXRs or video-like scans. Moreover, 

according to studies, CNN-LSTM hybrids process 

image sequences where they extract per-frame 

features (e.g., GGO evolution), LSTM captures 

temporal dependencies via gates, achieving 97-99% 

accuracy in pediatric croup or COVID progression 

on small datasets. Neutrosophic fuzzy logic variants 

handle CXR uncertainties, fusing spatial (CNN) and 

temporal (LSTM) patterns for robust 

classification.21-23 Furthermore, optimization 

techniques begin with hyperparameter tuning using 
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grid/random search, Bayesian optimization (BOA), 

or chimp optimizers to select learning rates (1e-4-

1e-3), batch sizes, and optimizers (AdamW), 

improving ICH/CXR models to 99% accuracy. BOA 

efficiently navigates hyperparameter spaces, 

outperforming manual tuning by reducing epochs 

while minimizing overfitting via early stopping.24 

 

PERFORMANCE EVALUATION METRICS & 

BENCHMARK 

For CXR classification distinguishing COVID-19, 

viral pneumonia, and healthy lungs, standard metrics 

provide comprehensive assessment beyond simple 

accuracy, which falters on imbalanced datasets. 

Precision measures true positives among predicted 

positives per class (e.g., COVID-19 predictions 

correctly identified), while Recall (sensitivity) 

captures true positives among actual cases, crucial 

for minimizing missed pneumonias in triage. The 

F1-score, harmonic mean of Precision and Recall (2 

× (Precision × Recall) / (Precision + Recall)), 

balances them; macro-F1 averages across classes 

equally, ideal for minority classes like viral 

pneumonia, whereas micro-F1 weights by support.7 

ROC-AUC extends to multiclass via one-vs-rest 

(OvR) or one-vs-one strategies, plotting true 

positive rate against false positive rate across 

thresholds; mean AUROC >0.95 indicates excellent 

discrimination, as in ensemble models achieving 

0.99 on COVID-19 Radiography Database. Cohen's 

Kappa past studies adjust the accuracy for chance 

agreement, vital for multi-label CXR where 

pathologies overlap. Additional metrics like 

Matthews Correlation Coefficient (MCC) offer 

balanced imbalance handling (-1 to +1 scale).3,7 The 

key benchmark studies include, Dense Net-121 

study using chest X ray 14 showed 96.2% accuracy 

with Macro F1 upto 0.95 and mean AUROC with 

0.97 respectively and efficint Net +ViT used 

BIMCV-COVID with 97.5% accuracy , 0.96 Macro 

F1 and Mean AUROC with 0.98 respectively.7,3 

Moreover, interpretability remains a bottleneck for 

clinical trust as the DL "black boxes" provide 

predictions without rationale, unlike radiologists' 

structured reports. According to pasat studies, tools 

like Grad-CAM generate heatmaps highlighting 

decision regions (e.g., GGOs in COVID-19), 

improving concordance with experts to 90%, but 

post-hoc methods risk misleading explanations.25,26 

Thus, standardized benchmarks incorporating XAI 

metrics are needed for regulatory approval (e.g., 

FDA AI/ML guidelines). So, future benchmarks 

should prioritize prospective trials and uncertainty 

quantification (e.g., Monte Carlo dropout for 

prediction intervals), ensuring DL outperforms 

humans (radiologist AUROC ~0.85-0.90) in real-

world multiclass CXR deployment. 

 

RECENT ADVANCES & HYBRID 

APPROACHES 

Attention mechanisms have revolutionized CXR 

analysis by enabling models to focus on 

diagnostically relevant regions, such as bilateral 

ground-glass opacities in COVID-19 or 

consolidations in viral pneumonia. Self-attention 

layers, as in transformers, weigh spatial 

relationships across the entire image, outperforming 

CNN locality; for instance, CBAM (Convolutional 

Block Attention Module) boosts multiclass accuracy 

by 3-5% on ChestX-ray14 by emphasizing lung 

parenchyma over ribs. Explainable AI techniques 

like Grad-CAM generate class activation heatmaps, 

overlaying model focus areas on CXRs to reveal 

decision rationales e.g., highlighting perihilar 

haziness for pneumonia thus enhancing clinician 

trust with 85-90% concordance rates27 as shown in 

figure 3. 

 
FIGURE 3 : XAI TECHNIQUES (GRAD-CAM 

(B AND F) AND LIME (D AND H)) APPLIED 

TO CHEST X-RAY IMAGES FOR 

PNEUMONIA DETECTION, 

HIGHLIGHTING THE REGIONS AND 

FEATURES OF THE IMAGES THAT THE 

DEEP LEARNING MODEL FOCUSES ON TO 

MAKE ITS PREDICTIONS 

 

Grad-CAM++ and Score-CAM refine visualizations 

for multiclass tasks, providing layer-wise gradients 

that distinguish subtle overlaps between COVID-19 

GGOs and viral pneumonia reticulations, as 

validated in user studies on pneumonia/CT 

scenarios.27 In addition to this, LIME and SHAP 

complement by perturbing inputs for local fidelity, 

though Grad-CAM proves most stable for visual 

XAI in chest radiology, supporting regulatory 

compliance.27 Federated learning (FL) enables 

privacy-preserving training across hospitals without 
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centralizing sensitive CXR data, exchanging model 

gradients instead to comply with GDPR/HIPAA 

while building robust multiclass classifiers. In CXR 

applications, FL aggregates updates from distributed 

sites (e.g., NIH MIMIC-CXR subsets), mitigating 

data silos and improving generalization (AUROC 

+0.07) against domain shifts, though challenges like 

gradient leakage persist. Differential privacy adds 

noise to updates, balancing utility (1-2% accuracy 

drop) with re-identification prevention in 

pneumonia/COVID models.28 Further, multimodal 

integration fuses CXR with CT scans and clinical 

data (e.g., vitals, labs) via transformer encoders, 

enhancing diagnostic precision; CXR-CT pairs 

clarify ambiguous opacities, with fusion models 

raising AUC from 0.92 (CXR-alone) to 0.97. Early 

CXR + CT within 48 hours reclassifies 20-30% of 

community-acquired pneumonia cases, adding 

prognostic value like severity scoring. Clinical 

metadata (age, SpO2, symptoms) via late fusion 

improves multiclass specificity by 10%, as in 

transformer architectures processing paired ICU 

CXRs with Glasgow Coma Scale data.29,30 

 

CHALLENGES 

1. Dataset Limitations and Class Imbalance: 

Multiclass CXR datasets suffer from imbalance 

(e.g., healthy cases outnumber COVID-19 3:1), 

biasing models toward majority classes and 

degrading minority recall (viral pneumonia 

~70%).31 

2. Domain Shift and Generalization: Models 

drop 15-30% AUROC across institutions due to 

scanner variances, patient demographics, and 

imaging protocols, limiting real-world 

deployment.32 

3. Image Quality Artifacts: Motion blur, poor 

exposure, and overlapping structures (ribs, 

heart) obscure pathologies, with 20-30% label 

noise in public datasets like ChestX-ray14.33 

4. Computational Demands: Deep ensembles 

require GPUs for training/inference, infeasible 

in resource-poor settings; ViT models need 10x 

more data than CNN.34 

 

LIMITATIONS 

1. Lack of Interpretability: Black-box 

predictions erode clinician trust; Grad-CAM 

heatmaps help but risk false positives (e.g., 

mistaking vessels for GGOs).27 

2. Single-Modality Focus: CXR-only models 

overlook clinical context (symptoms, labs) or 

CT confirmation, missing 20% ambiguous 

cases.29 

3. No Prospective Validation: Most studies use 

retrospective data; real-time performance 

unproven in workflows, with overfitting 

inflating metrics (train 99% vs. test 85%).35 

4. Regulatory and Ethical Gaps: Absent 

standardized XAI reporting and bias audits 

hinders FDA/EU approval; privacy issues 

persist despite federated learning.34 

 

FUTURE DIRECTIONS 

1. Self-Supervised and Few-Shot Learning: 

Leverage unlabeled MIMIC-CXR (2M+ 

images) for pretraining, reducing annotation 

needs by 80% via contrastive methods like 

SimCLR.8 

2. Multimodal Fusion Pipelines: Integrate CXR 

+ CT + EHR (e.g., transformers fusing SpO2, 

age) for 10% AUC gains and severity scoring.35 

3. Edge AI and Quantization: Deploy pruned 

EfficientNet-ViT hybrids on mobiles for rural 

triage, targeting <1s inference with 95% 

accuracy.3 

4. Prospective Clinical Trials: Conduct multi-

center RCTs comparing AI-radiologist 

concordance, focusing on high-stakes outcomes 

like mortality reduction.36 

5. Advanced XAI and Uncertainty: Combine 

SHAP + Bayesian NNs for reliable heatmaps 

and confidence scores, enabling "human-in-the-

loop" systems.29 

6. Bias Mitigation Frameworks: Develop 

diverse, global datasets (e.g., pediatric/ethnic 

CXRs) with fairness metrics to ensure equitable 

performance.37 

 

 

CONCLUSION 

This research synthesizes deep learning 

advancements in multiclass chest X-ray 

classification for COVID-19, viral pneumonia, and 

healthy lungs, demonstrating CNNs (ResNet, 

DenseNet), transformers (ViT), and hybrids 

achieving 95-98% accuracy through transfer 

learning, augmentation, and attention mechanisms 

on datasets like COVID-19 Radiography and 

ChestX-ray14. Despite preprocessing and 

optimization mitigating imbalances, persistent 

challenges including domain shifts, interpretability 

gaps, and overfitting underscore the need for 

federated multimodal systems with robust XAI. 
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Future directions self-supervised pretraining, edge 

deployment, and prospective trials promise 

clinically viable AI that augments radiologists, 

accelerates triage, and enhances global respiratory 

diagnostics amid ongoing pandemic threats. 
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